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Editorial on the Research Topic 
Cancer biomarkers: molecular insights into diagnosis, prognosis, and risk prediction


Cancer biomarkers represent a critical frontier in precision oncology, enabling more refined stratification of patients, earlier detection, improved therapeutic targeting, and more accurate prognostic estimation. This Research Topic assembles a Research Topic of 14 diverse yet thematically converging articles that reflect the state-of-the-art and evolving paradigms in biomarker science across a variety of tumor types.
Several studies in this Research Topic identify gene expression drivers of tumor progression and therapy resistance, such as DAP3 in hepatocellular carcinoma, HJURP in gastric cancer, and ANTXR1 in bladder cancer. DAP3 was shown to promote tumor proliferation, invasion, and resistance to apoptosis, with a predictive model constructed based on its expression (Yuan et al.). HJURP was found to modulate chemoresistance via the MYC/TOP2A axis in gastric cancer, supporting its candidacy as a dual biomarker and therapeutic target (Liu et al.). ANTXR1 expression correlated with stromal scores and poor prognosis in bladder cancer, positioning it as both a prognostic marker and a candidate for targeted therapy (Franco et al.).
Other contributions focus on prognostic and predictive biomarker models. A meta-analysis of over 9,000 patients demonstrated that a high glucose-to-lymphocyte ratio (GLR) is a negative prognostic factor across various solid tumors, especially hepatocellular, breast, and pancreatic cancers (Li et al.). In esophageal squamous cell carcinoma, machine learning identified ATF2, ALOXE3, and SLC27A5 as predictive of response to chemoradiotherapy and overall survival, integrating gene expression, immune profiles, and drug sensitivity data (Cui et al.). Additionally, an epidemiological modeling study on lung cancer burden in BRICS nations revealed escalating trends in China and India, underscoring the importance of integrating biomarker strategies into public health policies (Wang et al.).
Innovations in diagnostic approaches also feature prominently. In colorectal cancer, immunolipid magnetic beads targeting EpCAM and vimentin enabled sensitive and specific capture of circulating tumor cells (CTCs), with a high concordance to tissue-derived mutation profiles (Deng et al.). Plasma autoantibodies to COPT1 showed potential as early diagnostic biomarkers for non-small cell lung cancer (NSCLC), with combining IgG and IgM achieving an AUC of 0.784, further enhanced by CEA inclusion (Cao et al.). In rectal carcinoma, diffusion-weighted MRI and ADC mapping distinguished malignancy from radiation-induced proctitis and normal tissue with near-perfect sensitivity and specificity, though not linked to prognosis (Šarošković et al.).
The immune microenvironment and its modulation through intrinsic tumor pathways are also explored. One study evaluated cGAS/STING pathway activation across 15 checkpoint inhibitor-treated cohorts (Chen et al.). While STING activation correlated with improved survival in some datasets (e.g., melanoma and bladder cancer), it was paradoxically associated with poor outcomes in others (e.g., renal carcinoma), suggesting tumor-type-specific immune dynamics. This is echoed by work on circMIB1 in glioma, which functions as a competing endogenous RNA sponging miR-1290, thereby upregulating tumor suppressor genes involved in apoptosis and circadian rhythm regulation (Chen et al.). These insights contribute to our understanding of non-coding RNAs in modulating oncogenic pathways and immunogenicity.
Additional complexity is addressed in rare or diagnostically ambiguous tumors. A bioinformatic study identified overlapping gene signatures between acute myocardial infarction and non-small cell lung cancer (NSCLC). COL1A1 and PLAU were identified as key hub genes with diagnostic value. Repurposable drugs, such as zoledronic acid, emerged for connection with hub genes. These findings supported the usefulness of the protein-protein interaction network analysis to identify hub genes (Zheng et al.). A case report detailed the misdiagnosis of pulmonary Ewing sarcoma as NSCLC, corrected through molecular pathology revealing an EWSR1FLI1 fusion gene (Carter et al.). This led to a treatment shift to VDC + I.E., chemotherapy, surgery, and radiotherapy with excellent response, highlighting the vital role of molecular diagnostics and reference pathology centers. A comprehensive review article synthesized established and emerging biomarkers in colorectal cancer, including KRAS, BRAF, MSI, HER-2, RET, and ctDNA, providing a framework for integrating biomarkers into therapeutic algorithms and clinical trial design (Zhang et al.).
Taken together, these studies underscore the multifaceted role of biomarkers in guiding diagnosis, prognosis, and decision for personalized therapy. They also highlight persistent challenges, including biomarker standardization, cross-platform validation, and accessibility in clinical settings. Yet, the collective insights affirm that the integration of omics data, computational biology, and translational research is reshaping oncology toward a more precise and patient-centered practice. This Research Topic demonstrates that continued interdisciplinary collaboration is key to unlocking the full potential of biomarker-driven oncology.
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Introduction

The apparent diffusion coefficient (ADC) is a quantitative parameter that facilitates the detection and reliable differentiation of rectal cancer. MR differentiation between rectal carcinoma, post-radiation proctitis, and normal rectal wall with the ADC values and their comparison depending on the level of tumor markers and pathohistological characteristics of rectal carcinoma.





Methods

The retrospective study performed at the Oncology Institute of Vojvodina included 300 patients, 100 each with rectal cancer, post-radiation proctitis, and normal rectum. Mean ADC values were obtained by measuring the region of interest (ROI) of the rectal wall.





Results

Rectal cancer showed lower ADC values (0.665 ± 0.086 x 10-3mm2/s) compared to both post-radiation proctitis (1.648 ± 0.268 x 10-3mm2/s) and normal rectum (1.180 ± 0.110 x 10-3mm2/s) (p<0.001). No significant differences in ADC values were observed between different grades of rectal cancer (p=0.874; p>0.05), depending on the presence of metastases in the lymph nodes (p=0.357; p>0.05), different TN stage (p=0.196; p>0.05), local spread of the tumor (p=0.312; p>0.05), the presence of RAS mutation (p=0.829; p>0.05) and the value of tumor markers (p=0.923; p>0.05). ADC values below 1.013 x 10-3mm2/s with 100% sensitivity and 96% specificity indicate the presence of rectal cancer in relation to normal wall, with a positive predictive value of 96.1% and a negative of 100%. ADC values below 1.255 x 10-3mm2/s with 100% sensitivity and 95% specificity indicate rectal cancer in relation to post-radiation proctitis. ADC values above 1.339 x 10-3mm2/s with 87% sensitivity and 89% specificity indicate post-radiation proctitis in relation to normal wall.





Discussion

The ADC is a useful marker in differentiating between rectal cancer, post-radiation proctitis, and normal rectal wall with high sensitivity and specificity, but it cannot be used to distinguish the histological grades of rectal cancer, nor other pathohistological parameters.
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1 Introduction

Rectal cancer is the third most common malignancy and is currently one of the leading cause of cancer death in humans worldwide (1, 2). Despite advances in surgical techniques, chemotherapy regimens, and radiotherapy, which have led to reductions in recurrence and mortality rates, available treatment options still vary depending on tumor stage (2).

The prognosis of rectal cancer depends on several factors, among which are the pathohistological features of the tumor, the degree of differentiation, TNM classification, the level of tumor markers, the presence of molecular pathology and many others (3).

Diffusion-weighted imaging (DWI) with the apparent diffusion coefficient (ADC) gives us more precise data as a non-invasive functional MR technique sensitive to the movement of water molecules in tissues. It has high specificity in determining tissue cellularity, distinguishing recurrence after treatment or residual tumor tissue from fibrosis or necrosis (4).

With this research, we want to emphasize the importance of the apparent diffusion coefficient both in the diagnosis of rectal cancer and in differentiating tumoral thickening of the rectal wall from post-radiation proctitis, as well as its value in differentiating such findings from normal rectal wall. Also, the aim was to determine the difference in ADC values depending on the level of tumor markers and pathohistological characteristics of rectal carcinoma, with emphasis on tumor grade, local tumor status, infiltration of lymph nodes and the presence of RAS mutation. In order to find a valuable tool for differentiation between the conditions mentioned above, we calculated cut-off values.




2 Material and methods



2.1 Subject selection

This research was a retrospective study with a total of 300 patients, whose MR images are available in the database in the period from 2013 to 2023. Patients were divided into three groups:

1. The first group consisted of 100 patients with a pathohistologically confirmed diagnosis of rectal adenocarcinoma;

2. The second group consisted of 100 patients whose MR images showed thickening of the rectal wall from post-radiation proctitis, primarily as a result of irradiation of malignancy in other anatomical locations not including the rectum;

3. The third group consisted of 100 control subjects with normal findings of the rectum on MR images.

Inclusion criteria for patients in the first group were a pathohistologically confirmed diagnosis of rectal adenocarcinoma and the existence of the first diagnostic MRI scan of the pelvis done at the Oncology Institute of Vojvodina before any therapy (chemotherapy, irradiation or a combination of the above). Inclusion criteria for patients in the second group was the thickening of the rectal wall confirmed by MR imaging as a result of irradiation of other malignancies, excluding rectal malignancy (primarily of the uterus and prostate), while the only criterion for the control group was a normal finding of the rectum described on MR imaging. The inclusion criterion for all three groups was the existence of a DWI sequence with a corresponding ADC map as a standard part of the pelvic MR protocol.

The exclusion criteria for the first group were pelvic MRI scans not performed at the Oncology Institute of Vojvodina and the use of any type of therapy for rectal cancer before the MRI scan was performed. The exclusion criterion for the second group is inflammation of the rectal wall as a result of irradiation of primary rectal cancer, as well as inflammation of the wall as part of inflammatory bowel diseases (ulcerative colitis and Crohn’s disease).

The study was approved by the institutional ethical review board and the informed consent was waived due to the retrospective manner of the study.




2.2 Patient data

As part of the research, the data taken from the information system of the Oncology Institute of Vojvodina were pathohistological type of tumor, values of tumor markers at the time of diagnosis, as well as the possible presence of molecular pathology findings, i.e. findings of RAS gene mutation.




2.3 Imaging analysis

Magnetic resonance examinations were performed on two devices: 1.5T (Siemens Aera, Erlagen, Germany) and 3T (Siemens Trio Tim, Erlagen, Germany). All patients underwent the following sequences: T1W, T2W, TIRM coronal tomograms, T1W parasagittal and T2W sagittal tomograms, T1W/T2W transverse tomograms, along with a DWI sequence with an ADC map in the transverse plane. The ADC values for all three groups were measured on the PACS system (5). The DWI sequence was analyzed to define the tumor, which was displayed as a high signal intensity corresponding to the location of the tumor mass. The ROI was manually placed on the corresponding ADC map while comparing other morphological MR sequences to ensure that the ROI was placed at the location of the primary tumor. All measurements were performed by two independent readers in consensus.




2.4 Statistical analysis

SPSS software version 27.0 (SPSS Inc, IBM, Armonk, NY) was used for statistical data processing. The confidence interval is 95% with a significance level of p<0.05.

The differences in the ADC values between the three groups were compared by the Kruskal-Wallis test, and between individual groups by the Mann-Whitney U test (p=0.05), because all data are continuous with an abnormal distribution that was tested by the Kolmogorov-Smirnov test. The comparison between different degrees of tumor differentiation (grades) was performed with the ANOVA test, while the difference between the individual tumor grades was performed with the t-test. The Mann-Withney U test was used for analyzing differences in the values of the ADC depending on the presence of lymph node infiltration, while the t-test was used to examine the difference in the mean ADC values between groups with elevated and normal values of tumor markers, between groups depending on the presence of RAS gene mutation, as well as patients with locally confined (T1 and T2 stage) or locally advanced tumor (T3 and T4 stage). The ADC values were also analyzed in relation to different TN stage using the ANOVA test (M stage was generally not available). An analysis of the cut-off values for ADC between the examined groups (via the ROC curve) was performed, with the determination of its sensitivity, specificity, positive and negative predictive values (p<0.001).





3 Results



3.1 Demographic data

The research included 300 subjects, 100 patients with rectal cancer, 100 patients with post-radiation proctitis and 100 subjects with normal rectal wall. In the group of patients with rectal cancer, 73 men and 27 women were examined, among whom the mean age was 64.54 ± 10.74. The second group of patients with post-radiation proctitis included 27 men and 73 women, where the mean age was 62.52 ± 9.64. There were 26 men and 74 women in the group of subjects with normal wall, with the mean age of 59.47 ± 12.52 (Table 1).

Table 1 | Difference of mean ADC values between the study groups.


[image: Table comparing three groups: Carcinoma, Post-radiation proctitis, and Normal wall, each with 100 participants. Age and Apparent Diffusion Coefficient (ADC) values are listed with means and standard deviations. Carcinoma group: 64.54 ± 10.74 years, 0.665 ± 0.086 ADC. Post-radiation proctitis: 62.52 ± 9.64 years, 1.648 ± 0.268 ADC. Normal wall: 59.47 ± 12.52 years, 1.180 ± 0.110 ADC. The p-value is less than 0.001.]



3.2 Mean ADC values in relation to the study groups

By examining ADC values between the mentioned groups, it was determined that they differ significantly both in the whole sample and between individual groups (p<0.001) (Figure 1, Table 1). It was found that ADC values in patients with rectal cancer (Figures 2D–F, 3) were statistically significantly lower both in comparison to the group of patients with normal findings (Figures 2A–C) and in comparison to the group of patients with post-radiation proctitis (Figure 4). On the other hand, in the group of patients with post-radiation proctitis, it was determined that the ADC values were significantly higher compared to the group of patients with normal findings.

[image: Box plot comparing ADC values across three groups: rectal carcinoma, post-radiation proctitis, and normal rectal wall. Rectal carcinoma shows the lowest ADC values, while post-radiation proctitis shows the highest. The p-value is less than 0.001.]
Figure 1 | Comparison of mean ADC values between the study groups.

[image: Medical imaging panels labeled A to F. Panels A and D show cross-sectional MRI scans of pelvic structures. Panels B and E display blurry images with indistinct anatomical details. Panels C and F present enhanced MRI scans with quantitative analysis shown in overlays, including metrics such as mean, standard deviation, maximum, minimum, area, and pixel count.]
Figure 2 | Measurement of ADC values: normal rectal wall – (A) (T2W), (B) (DWI), (C) (ADC map with ROI); T2 stage of rectal cancer - (D) (T2W), (E) (DWI), (F) (ADC map with ROI).

[image: Medical imaging comprising MRI scans in two rows, labeled A to F. The first row (A, B, C) shows scans of a specific area with different contrasts and noted measurements. The second row (D, E, F) shows another area, also with varying contrasts and measurements. Each image focuses on anatomical structures with varying levels of detail and analysis highlighted in text overlays.]
Figure 3 | Measurement of ADC values: T3 stage of rectal cancer - (A) (T2W), (B) (DWI), (C) (ADC map with ROI); T4 stage - (D) (T2W), (E) (DWI), (F) (ADC map with ROI).

[image: MRI images in four panels labeled A, B, C, and D. Panel A shows a sagittal view with anatomical structures. Panel B displays an axial view highlighting a darker circular area in the center. Panel C presents a blurred axial view. Panel D includes a processed image with a data box showing statistical values such as mean, standard deviation, maximum, minimum, and area.]
Figure 4 | Measurement of ADC values: post-radiation proctitis - (A) (T2W sagittal plane), (B) (T2W axial plane), (C) (DWI) and (D) (ADC map with ROI).




3.3 Determining the cut-off mean ADC values to differentiate between study groups

Table 2. presents the estimated cut-off values for each examined group, including their corresponding sensitivity (Sn), specificity (Sp), positive predictive value (PPV), and negative predictive value (NPV) (p<0.001). The primary objective was to enhance both the sensitivity and specificity of the diagnostic test, thereby maximizing its practical utility in routine radiological practice. To accomplish this, multiple cut-off values with varying sensitivity and specificity profiles were utilized, aiming to improve the differentiation between the study groups.

Table 2 | Cut-off mean ADC values to differentiate between study groups.


[image: Table comparing groups with cut-off ADC values and diagnostic metrics: carcinoma versus normal wall (cut-off: 0.927, Sn: 100%, Sp: 100%), carcinoma versus post-radiation proctitis (cut-off: 1.013, Sn: 100%, Sp: 96%, PPV: 96.1%), and post-radiation proctitis versus normal wall (cut-off: 1.255/1.339, Sn: 100/87%, Sp: 95/89%). P-value is less than 0.001.]



3.4 Clinical and histopathological characteristics of patients with rectal cancer

The characteristics of the patients with rectal cancer are listed in Table 3. Patients with a pathohistological diagnosis of adenocarcinoma were included in the study. Among them there were no T1 category patients, within the T2 category (Figures 2D–F) there were 26 patients, T3 (Figures 3A–C) 54 and T4 (Figures 3D–F) 20 patients. Lymph nodes were not infiltrated in 37 patients (N0 category), 1-3 lymph nodes were infiltrated in 31 patients (N1 category), and 4 or more lymph nodes were infiltrated in 32 patients (N2 category).

Table 3 | Correlation between histological, clinical parameters and ADC values of patients with rectal cancer.


[image: Table showing comparison of various parameters with ADC values and p-values. Parameters include Sex, Histological grade, T category, N category, TN stage, Local tumor status, Lymph nodes, RAS status, and Tumor markers (CEA and CA 19.9). ADC values are given as mean ± standard deviation, measured in times ten to the power of minus three square millimeters per second. P-values vary for each parameter, indicating statistical significance levels.]



3.5 Mean ADC values in relation to the degree of differentiation of rectal cancer

In patients with rectal cancer, there were 5 patients with a well differentiated tumor (G1), 85 patients with a moderately differentiated tumor (G2) and 7 patients with a poorly differentiated tumor (G3), while data on tumor grade was not available for 3 patients. Examining the ADC values between the mentioned groups we did not reveal a statistically significant difference both in the whole sample (p=0.874; p>0.05) and between individual grades (Figure 5A). Statistical analysis showed that ADC values between G1 and G2 tumors do not differ significantly (p=0.865; p>0.05), nor between G1 and G3 tumors (p=0.677; p>0.05), nor between G2 and G3 tumors (p=0.636; p>0.05).

[image: Box plots titled A to F comparing apparent diffusion coefficient (ADC) values in various medical contexts. A shows ADC by tumor grades G1 to G3, p=0.874. B compares ADC by lymph node status, p=0.357. C presents ADC across various TN stages, p=0.196. D contrasts ADC in locally confined versus locally advanced tumors, p=0.312. E illustrates ADC based on RAS mutation status, p=0.829. F compares ADC in normal versus elevated tumor marker levels, p=0.923. Each plot features statistical spread and outliers, with axes labeled.]
Figure 5 | Comparison of mean ADC values depending on the: (A) different grades of rectal cancer; (B) presence of metastases in locoregional lymph nodes; (C) different TN stage; (D) local tumor status; (E) presence of RAS mutation; (F) level of tumor markers.
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Figure 6 | Analysis of the ROC curve of ADC values: (A) differentiation between rectal cancer and normal wall, as well as the differentiation of rectal cancer and post-radiation proctitis; (B) differentiation of post-radiation proctitis and normal wall.




3.6 Mean ADC values in relation to the presence of metastases in regional lymph nodes

In patients with rectal cancer, the absence of metastatic infiltration of locoregional lymph nodes (negative nodes - N0) was found in 37 (37%) patients, while positive lymph nodes (N1 and N2) with present metastases were found in 63 (63%) of patients. The analysis of mean ADC values between the two mentioned subgroups did not reveal a statistically significant difference (p=0.357; p>0.05) (Figure 5B).




3.7 Mean ADC values in relation to TN stage

Based on data on local tumor extension and lymph node involvement (TN stage), patients were classified into the following stages: 19 patients with T2N0, 6 with T2N1, 1 with T2N2, 15 with T3N0, 17 with T3N1, 22 with T3N2, 3 with T4N0, 8 with T4N1 and 9 patients with T4N2. Analysis of the mean ADC values did not reveal a statistically significant difference depending on the different TN stage (p=0.196; p>0.05) (Figure 5C).




3.8 Mean ADC values in relation to local tumor status

Among patients with rectal cancer, the percentage of locally confined tumors (T1 and T2) was 26%, in contrast to locally advanced tumors (T3 and T4) which comprised 74%. Data processing did not reveal a statistically significant difference between ADC values in locally confined and locally advanced tumors (p=0.312; p>0.05) (Figure 5D).




3.9 Mean ADC values in relation to the presence of RAS mutation

Among patients with rectal cancer, molecular pathology for the presence of RAS mutation was performed in 19 patients, where the absence of RAS gene mutation was found in 9 patients, while 10 patients had a mutation of the mentioned gene. By comparing the mean ADC values between the mentioned subgroups, we did not find a statistically significant difference (p=0.829; p>0.05) (Figure 5E).




3.10 Mean ADC values in relation to the level of tumor markers

Twenty two patients had CEA tumor marker values above the reference range, while 22 patients had normal values of the mentioned oncomarker. An elevated concentration of the CA 19-9 tumor marker was found in 15 patients, while 25 patients had values of the mentioned tumor marker within the reference range. By analyzing the difference between patients with normal and elevated values of tumor markers, we did not find a statistically significant difference in the mean ADC values of rectal cancer (p=0.923; p>0.05) (Figure 5F).





4 Discussion

This study is the only one in the available literature that combined the entire spectrum of findings on the rectal wall, from normal findings to post-radiation proctitis to rectal cancer. The ADC values were observed in the mentioned conditions, all with the aim of more confident differentiation of rectal wall thickening in comparison to a normal wall.

Examining ADC values between the study groups, rectal cancer showed lower ADC values compared to both post-radiation proctitis and normal rectum. In comparison, post-radiation proctitis showed higher ADC values than normal rectum. At the same time, this is not the case with inflammation of the intestinal wall in inflammatory bowel diseases, where some authors show lower ADC values in relation to a normal intestinal wall (6). The explanation of this phenomenon lies in the fact that the free movement of water molecules is limited in hypercellular tumors (1), while in post-radiation proctitis there is damage to stem cells and atrophy of the mucosa with inflammation of the interstitium and edema (7), which facilitates the mentioned movement of water molecules and for this reason, the values in post-radiation proctitis are significantly different from the normal rectal wall, while lower ADC values in inflammation in inflammatory bowel diseases can be explained by the increased density of inflammatory cells in the wall itself, which leads to restriction of the diffusion of water molecules. For this reason, post-radiation proctitis is a special type of inflammation that is pathophysiologically different from other types of intestinal inflammation.

During the last few years, there has been increasing interest in using quantitative DWI parameters, such as ADC values, as biomarkers to predict the outcome of rectal cancer in relation to TN-stage and pathohistological characteristics, such as the degree of tumor differentiation and the presence of lymph node metastases.

In our research, there was no difference in the mean ADC values between different degrees of differentiation of rectal cancer (Figure 5A), which is in agreement with the results of other researchers (8–10), while on the other hand, Sun et al. (11) report significantly lower ADC values in high-grade cancers of the rectum in relation to low-grade ones. A possible explanation for the different results could be the almost three times lower number of patients with G1 and G3 grades in our study, in contrast to the study by Sun et al. (11). Also, a study by Liu et al. (12) highlights the importance of tumor texture analysis in order to determine the prognostic assessment of ADC values. Additionally, heterogeneity is an important characteristic of malignant lesions that originates from variations in tumor cellularity, angiogenesis, extravascular and extracellular matrix, as well as areas of hemorrhage and necrosis within the tumor, which further implies that greater tumor heterogeneity can lead to significant variations in ADC values (12).

By analyzing the mean ADC values in relation to the presence of infiltration of locoregional lymph nodes, we did not find a statistically significant difference indicative of metastasis (Figure 5B), which is in agreement with the results of previous studies (8, 12). In addition to the nodal status (N stage), we examined the local tumor status according to the T stage (Figure 5D). We found no significant difference in ADC values between patients with locally confined tumors (T1 and T2) versus locally advanced tumors (T3 and T4), which correlates with the results of the study by Liu et al. (12). We additionally analyzed the presence of a difference in ADC values depending on the different TN stage, but we did not obtain statistically significant results (Figure 5C). All of the above tells us that ADC is not a good marker for distinguishing the local tumor status, but on the other hand, it facilitates the diagnosis because it shows clear signs of diffusion restriction from the early stages (T1 and T2) which are clearly present in locally advanced stages (T3 and T4).

To date, few studies have investigated the association of DWI parameters in rectal cancer with different RAS proto-oncogene mutation status. One such study, by Xu et al. (13), states that the ADC values are significantly lower in the “KRAS-mutant” group compared to the group with the “KRAS wild-type” gene. Therefore, lower ADC values in the mutated group may indirectly confirm the association between KRAS mutation and prognosis in rectal cancer. On the other hand, a meta-analysis by Surov et al. (14) did not prove a statistically significant difference in ADC values in relation to KRAS gene mutation, which is confirmed by the results of our research (Figure 5E).

The level of tumor markers is potentially an important factor affecting the prognosis of the disease. However, after the analysis, the mean ADC values in patients with normal tumor markers did not differ significantly from the values in patients with elevated markers (Figure 5F). Our results are in agreement with the study of Sun et al. (11), which had a similar number of patients in each of the subgroups.

The research has several limitations. One of the potential limitations is that the examinations were performed on two different MR machines, magnetic field strengths 1.5T and 3T, although a study by Caruso et al. (15) did not show a statistically significant difference in ADC values between MR machines of different field strengths. However, this study mentioned that a 3T MRI provides superior detection of potential tumor residue compared to a 1.5T MRI, as the latter may produce less reliable ADC values (15). Another important limitation of the study is the absence of a definitive pathohistological finding in patients with locally advanced tumors in whom there was no possibility of surgical treatment during the course of the disease, and the local stage (primarily T and N stage) was determined based on MR examination. Additionally, the limitation of the study is the absence of ADCmsi and ADCmin values. These should be considered in future research, as some studies suggest that these values may be useful in assessing the aggressiveness of rectal cancer (16, 17). One of the most significant limitations of this study is the small sample size of certain subgroups, which may be why in several comparisons only a trend of increasing or decreasing values was observed, without statistically significant differences. Expanding the subgroups with smaller sample sizes in our study could reveal a statistically significant difference.

The advantage of this study is the unified presentation of the association of ADC values in relation to various pathohistological characteristics of rectal cancer and additional genetic and serological markers. Within this study, ADC values were examined in rectal adenocarcinoma, post-radiation proctitis and patients with normal rectum with a large sample, thus covering the spectrum of conditions that can be differential diagnostic problems. It is important to note that few studies looked at the ADC through the prism of RAS mutations and levels of tumor markers with a unique presentation of ADC values in patients with post-radiation proctitis and normal rectal wall. The ADC values can potentially help detect local recurrence following surgery or evaluate changes after chemoradiation therapy. These insights are crucial for clinicians, as they guide decisions on further diagnostic and therapeutic procedures, especially when evaluating suspicious thickening of the rectal wall, which is reflected in ADC values. Recent studies have identified various biomarkers that are useful in the diagnosis and prognosis of different carcinomas (18–21). Therefore, further research should aim to identify analogous radiological or other biomarkers and evaluate their impact on patient survival. Additionally, expanding the participant cohort and incorporating genetic parameters, as well as other biochemical markers associated with colorectal cancer, are crucial (22). Moreover, it is essential to investigate the potential of ADC as a prognostic biomarker and assess its impact on patient survival.

The ADC is a useful marker in differentiating between rectal cancer, post-radiation proctitis, and normal rectal wall with high sensitivity and specificity, but it cannot be used to distinguish the histological grades of rectal cancer, nor other pathohistological parameters like local tumor status, lymph nodes metastasis, TN stage and mutation of RAS gene, neither the level of tumor markers.
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Case report: Pulmonary Ewing sarcoma disguised as non-small cell lung cancer
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Ewing sarcoma is the second most common primary malignant bone cancer in children and adolescents. This rare type of cancer is characterized by its high malignancy and therefore high risk of metastases. Typically, Ewing sarcomas originate from bones. However, extraosseous Ewing sarcoma such as pulmonary Ewing sarcoma can also be found. In this case report, we present a 55-year old male patient who was initially diagnosed with non-small cell lung cancer at his local district hospital. However, the diagnosis was changed to one of pulmonary Ewing sarcoma after subsequent histopathological and molecular pathological analysis performed in a reference pathology laboratory. After patient referral to a certified (according to the German Cancer Society) high-volume sarcoma center, multimodal chemotherapy was initiated based on recently published clinical data as opposed to the more commonly used treatment regimen in Europe. The patient responded well to treatment and underwent a complete surgical tumor resection followed by radiotherapy. In summary, this case report highlights the importance of a rigorous and timely histopathological examination of biopsy samples by a specialized cancer center to enable a correct diagnosis of the cancer type. Additionally, molecular pathology plays a crucial part in this analysis and allows the necessary differentiation between cancer types. Up to now, there is no international treatment guideline available for the treatment of Ewing sarcoma. Patients should be referred to specialist centers to allow the best possible treatment of the cancer type in view of current published clinical data. In the case of Ewing sarcoma, and in accordance with the most recent research, patients should be treated with vincristine, doxorubicin and cyclophosphamide plus ifosfamide and etoposide in combination with local treatment such as surgery and/or radiotherapy because this has been demonstrated to be the more effective therapy.
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1 Introduction



1.1 Ewing sarcoma

The Ewing’s sarcoma family of tumors (ESFT) includes four main types of cancer: osseous Ewing sarcoma, primary neuroectodermal tumors, Askin tumor (Ewing sarcoma originating from the chest wall) and extraosseous Ewing sarcoma such as pulmonary Ewing sarcoma (1, 2).

Although the average annual incidence in the population is only 2.9 per million, Ewing sarcoma is, nevertheless, still the second most common primary malignant bone cancer in children and adolescents (2). Patients mostly present in their second to third decade of life (3, 4).

This rare type of cancer is characterized by its high malignancy and therefore high risk of metastases (3). Despite multimodal treatment, long-term survival in metastatic disease occurs in only 20–25% of patients. Metastases are predominantly present in the lungs (70–80%) and bone/bone marrow (40–45%) and are associated with a dismal prognosis. In addition, recurrent disease is observed in 30–40% of patients with primary non-metastatic disease, increasing to 60–80% for patients with metastatic disease at initial diagnosis (3).

An important part of the diagnostic workflow is histopathological characterization. Ewing sarcomas are characterized by a solid growth pattern with monomorphic small cells displaying round nuclei (5). Most Ewing sarcomas stain positive with immunohistochemical testing for cluster of differentiation (CD) 99 (5). However, this marker is not specific for Ewing sarcoma (3). A definitive diagnosis of Ewing sarcoma is only possible by molecular pathology. Ewing sarcoma is characterized by an aberrant gene fusion. The rearrangement often includes the Ewing sarcoma breakpoint region 1 (EWSR1) which in most cases is joined with Friend leukemia integration 1 (FLI1) (6). The onco-fusion gene EWSR1::FLI1 can be detected by using a fluorescent in-situ hybridization (FISH)-based method and/or reverse transcriptase polymerase chain reaction (RT-PCR) detection (3, 7). In addition, the fusion gene can be detected with DNA or RNA sequencing. FISH-based detection is widely used for diagnostic purposes. However, in difficult cases RT-PCR is performed in addition for reliable diagnosis (8). In accordance with the World Health Organization the testing for molecular translocation is a requirement for diagnosis of Ewing sarcoma (9, 10).

Patients with pulmonary Ewing sarcoma often present with a few symptoms that mimic pneumonia with fever and dyspnea (11). As a consequence, further investigation is conducted with diagnostic imaging such as by computed tomography (CT). These scans of the chest often reveal a single well-defined mass with an inhomogeneous appearance. Calcifications and pleural effusions can also be seen. In some cases, the mass can extend to the chest wall and mediastinum with possible invasion of surrounding structures (11–13).




1.2 Therapeutic approaches

Therapeutic approaches for Ewing sarcoma combine chemotherapy, surgery and radiotherapy, while interdisciplinary sarcoma tumor boards help to facilitate decision making for optimal patient treatment (14). Importantly, there has been no successful introduction of new drugs for Ewing sarcoma in the last 40 years (3). A combination of surgery with neoadjuvant and adjuvant chemotherapy is the standard of care due to the high risk of metastases (3, 15). Radiotherapy (RT) is an important additional treatment pillar for the treatment of Ewing sarcoma as this cancer type has been found to be sensitive to RT (16). RT can be utilized in addition to surgery or as definitive treatment for local control of inoperable tumors.

The therapeutic approach to patients with Ewing sarcoma usually consists of a combination of different chemotherapeutic agents. Currently, there is no internationally standardized chemotherapeutic treatment for Ewing sarcoma. The regimen widely used in Europe according to the EURO-EWING 99 trial combines induction chemotherapy (vincristine, ifosfamide, doxorubicin und etoposide [VIDE] before local procedures) with consolidation chemotherapy according to risk (vincristine, actinomycin D, and ifosfamide or cyclophosphamide [VAI or VAC]). Alternatively, high-dose busulfan and melphalan can be used instead of consolidation chemotherapy for localized disease with preselected high-risk factors which leads to an improvement in event-free survival and overall survival (17).

The treatment regimen used mainly in the US is based on the Children’s Oncology Group AEWS0031 trial (18). The induction therapy consists of alternating cycles of vincristine, doxorubicin and cyclophosphamide (VDC) with ifosfamide and etoposide (IE) once every two weeks. The subsequent consolidation therapy after surgery includes alternating cycles of IE and vincristine and cyclophosphamide (VC). The cycles during consolidation therapy have been shown to be more effective when administered once every 2 weeks (18).

A recent open-label randomized phase 3 trial (EE2012) directly compared the two therapeutic regimens mentioned above. The trial managed to recruit a total of 640 patients between the ages of 2 and 49 years and allocated 320 patients to each of two groups. Group 1 was treated with the European treatment regimen. Group 2 was treated according to the American protocol. The primary outcome measured was event-free survival. At 3 years, event-free survival was 67% for patients receiving VDC and IE as opposed to 61% for patients treated with VIDE (HR 0.71 [95% 0.55-0.92]). Overall, the results showed a higher effectivity, reduced toxicity and shorter duration of treatment. The trial concluded that the dose-intensive chemotherapy with VDC and IE is more beneficial for patients newly diagnosed with Ewing sarcoma and should therefore be used as the standard of care (15).




1.3 Case highlights

In this case report we describe a 55-year old male patient who was initially diagnosed with non-small cell lung cancer (NSCLC) at his local district hospital. However, the diagnosis was changed to one of pulmonary Ewing sarcoma after subsequent histopathological and molecular pathological analysis in a reference pathology laboratory. After patient referral to a certified (according to the German Cancer Society DKG) high-volume sarcoma center, multimodal chemotherapy was initiated based on recently published clinical data as opposed to the more commonly used treatment regimen in Europe. The patient responded well to treatment and underwent complete surgical tumor resection followed by radiotherapy to reduce the risk of tumor relapse.





2 Case report



2.1 Patient history

A 55-year-old man presented with coughing and dyspnea to his general practitioner. Two months after symptom onset the patient was referred to his local district hospital due to his worsening symptoms. A CT scan of the chest revealed a large pulmonary mass (14 cm x 9.5 cm) in the left upper lobe with infiltration of the thoracic wall, the left subclavian and vertebral artery (Figures 1A, B). The mass resulted in a shift of the mediastinum to the right. The patient had no previous relevant medical history or family history of cancer.
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Figure 1 | Tumor regression as depicted by sequential contrast enhanced computed tomography (CT) and positron emission tomography (PET) before and during the various stages of treatment for Ewing sarcoma. (A, B) Pre-therapeutic PET/CT imaging. (C) CT imaging prior to start of Ewing sarcoma chemotherapy. (D) CT Imaging after 2.5 cycles of induction chemotherapy. (E) CT Imaging after induction chemotherapy. (F) Post-operative CT imaging.




2.2 Diagnosis

A transthoracic biopsy of the mass in the left upper lobe led to an initial diagnosis of NSCLC by the institute of pathology of the district hospital. The initial primary tumor site and size (T), regional lymph node involvement (N) and possible distant metastatic spread (M), referred to as the TNM staging for NSCLC, was defined as cT4 cN2 cM1a (PLE), according to the Union for International Cancer Control (UICC) IV A. A pre-therapeutic PET-CT scan (Figures 1A, B) was performed externally.

Reference pathology for molecular analysis of lung cancer was routinely sent from the district hospital to the institute of pathology at a university hospital. These results showed a small cell, solid growing tumor with immunohistochemical staining positive for CD56 as well as CD99. Additional immunostainings showed that the tumor was negative for AE1/3 cytokeratins, CK 7, BerEP4, CD34, CK5-14, p40, SOX 10, NUT, protein S100, chromogranin, synaptophysin and thyroid transcription factor (TTF-1). Nucleal expression of INI-1 was found to be intact.

Subsequent molecular pathological analysis was performed with next-generation sequencing (NGS) based on the Archer PanST V2 panel. The results clearly demonstrated a EWSR1::FLI1 (E7F5) fusion with breaking points at an RNA level after ESWR1 exon 7 and before FLI1 exon 5, thereby resulting in a diagnosis of a Ewing sarcoma (7).

After this diagnosis the patient was referred to the certified high-volume sarcoma center at the University Hospital Tübingen. Our interdisciplinary sarcoma tumor board recommended a complete CT body scan. This scan (Figure 1C) revealed a slight reduction in tumor mass when compared to the initial PET-CT performed in the local district hospital as mentioned above. However, the extent of the pulmonary mass was still large and metastases were present in the thoracic wall.




2.3 Treatment

Figure 2 offers an overview of the treatment described below.

[image: Timeline for pulmonary Ewing sarcoma treatment over 14 months. It includes PET-CT scan at diagnosis, induction with VDC and IE chemotherapy, CT scans before, during, and after induction, surgical resection, consolidation with VC and IE, a post-operative CT scan, and thoracic radiation.]
Figure 2 | Overview of the chemotherapy treatment as described in the text for the patient diagnosed with Ewing sarcoma. The time in months since first hospital admission and diagnosis are shown.

The patient received chemotherapy based on the initial diagnosis of NSCLC according to German guidelines for the treatment of NSCLC. Treatment consisted of two cycles of carboplatin (AUC 5), paclitaxel (175 mg/m2) and pembrolizumab (200 mg) due to the mediastinal shift and worsening dyspnea (19).

Shortly after the altered diagnosis and subsequent admission to the University Hospital Tübingen, our interdisciplinary sarcoma tumor board recommended initiation of a chemotherapeutic regimen according to the EWING 2012 trial (15). The patient was planned to receive 4.5 cycles of vincristine (1 day of 2 mg), doxorubicin (2 days of 37.5 mg/m2) and cyclophosphamide (1 day of 1200 mg/m2) followed by ifosfamide (5 days of 1800 mg/m2) and etoposide (5 days of 100 mg/m2). Figure 1D shows CT imaging after 2.5 cycles of induction chemotherapy.

After completion of 3 cycles of chemotherapy the patient underwent leukapheresis for a potentially necessary autologous blood stem-cell rescue.

The blood test showed a thrombocytopenia grade IV and a neutropenia grade IV. Consequently, the chemotherapeutic dose was reduced to 80% after 3.5 cycles. The patient completed the planned 4.5 cycles of chemotherapy. CT scans revealed a reduction in size of the pulmonary mass as well as no additional metastases (Figure 1E). Consequently, our interdisciplinary sarcoma tumor board recommended surgical tumor resection.

After completion of induction chemotherapy the patient underwent a left posterolateral thoracotomy with extended lobectomy of the left upper lobe with intrapericardial vessel resection. Additionally, a radical lymph node dissection was performed. The patient recovered well from surgery and there were no postoperative complications. The histopathological evaluation and molecular testing confirmed diagnosis of a EWSR1::FLI1 fusion Ewing sarcoma and resulted in postoperative TNM classification of ypT2b, pN0 (0/4 LN), L0, V0, Pn0, R0. The vital residual tumor within the surgically removed tissue was described with 10%.

The pulmonary vital capacity increased during the preoperative chemotherapy from 1.06L to 1.60L. Due to initial exertional dyspnea, surgical resection was performed two months after completion of induction chemotherapy. After surgery the vital capacity further increased to 2.07L thereby resulting in increased cardiorespiratory exercise capacity for the patient. The postoperative CT scans revealed no pulmonary mass and no detection of metastases (Figure 1F). Additionally, no brain metastases could be detected in MRI scans and no bone marrow infiltration was found in bone marrow biopsy.

Postoperatively, the patient received 2.5 cycles of consolidation treatment with VC/IE. This treatment regimen included vincristine (1 day of 2 mg) and cyclophosphamide (1 day of 1200 mg/m2) followed by ifosfamide (5 days of 1800 mg/m2 in 80%) and etoposide (5 days of 100 mg/m2 in 80%). The post-therapeutic imaging revealed no residual tumor burden.

After surgery and postoperative consolidation chemotherapy, the patient will undergo radiotherapy of the operative field to reduce the risk of tumor relapse.




2.4 Molecular genetic analysis

The molecular genetic analysis was performed by the Center for Human Genetics in Tübingen. Tissue obtained from the initial biopsy of the lung and from surgically resected tissue was analyzed (Figures 3, 4). Supplementary Table 1 offers an overview of the full gene list and list of biomarkers routinely described in the panel.
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Figure 3 | This figure highlights the work flow from sample receipt to the final medical report at the Centre for Human Genetics, Tübingen. Each FFPE block is examined by a pathology specialist before sequencing to verify the tumor entity and check for suitability with regard to tumor content. In the present case, a histological tumor content of 20% was determined. The bioinformatics pipeline has already been described elsewhere (26).

[image: Diagram showing the translocation fusion of chromosomes 11 and 22, resulting in a fusion gene. Chromosome 11 (red) and chromosome 22 (blue) undergo translocation, merging EWSR1 and FLI1 genes. The gene sequences indicate breakpoint DNA in introns 8 and 4, leading to a fusion gene with skipped exon 8. Introns are shown as lines, exons as blocks.]
Figure 4 | The left side of the figure shows the translocation event leading to the EWSR1-FLI1 fusion gene at the chromosomal level. In this case, the genomic breakpoints are located at chr22:29685464 - chr11:128643985 (HG19 reference genome). The right side of the figure shows the details at the gene level. Although the genomic breakpoint in the EWSR1 gene is located after exon 8, the eighth exon of the EWSR1 gene is removed during mRNA processing by HNRNPH1, thereby resulting in an inframe fusion protein consisting of the first 7 EWSR1 exons and exons 5-9 of the FLI1 gene (27, 28).

The surgically resected tissue included sufficient tumor cells to allow reliable results. NGS of the DNA from the biopsy tissue detected a EWSR1::FL1 fusion gene, which confirmed the initial diagnosis of Ewing sarcoma. In addition, an oncogenic mutation of the human telomerase reverse transcriptase (TERT) gene was found. The tumor displayed a low tumor mutational burden with 0.4 Var/Mb. Further analysis could not detect microsatellite instability or a deficit in homologous recombination.

A ESWR1 fusion gene is typical for patients with Ewing sarcoma (20). The gene fusion consists of the N-terminus of an RNA-binding protein (ESWR1 = ES breakpoint region 1) and the carboxyl terminal DNA-binding domain of an erythroblast transformation specific (ETS) family transcription factor. In most cases the translocation t(11;22) (q24;q12) results in jointure of ESWR1 from chromosome 22 with FLI1 from chromosome 11 (Figure 4). The mechanism causing this chromosomal translocation is currently unknown. EWSR1::FLI1 acts as a transcription factor to enable malignant transformation. Consequently, this influences the transcription of relevant downstream targets. In addition, it influences transcript degradation, alternative splicing and regulatory mechanisms for RNA abundance (6). The molecular mechanism by which the EWSR1::FLI1 fusion acts has not yet been fully characterized due to its complex nature. However, the fusion protein can act as both a transcriptional activator and a repressor. EWSR1::FLI1 can directly repress transcription by binding to wild-type ETS family binding sites in promoters and enhancers where it displaces normal transcription factors. Gene expression can also be negatively influenced indirectly by the activation of transcriptional repressors and by epigenetic mechanisms. Activation of gene expression by EWSR1::FLI1 occurs via the formation of new active gene enhancers at genomic GGAA microsatellite motifs. The recruitment of histone acetyl/methyltransferases increases chromatin accessibility and leads to the transcription of genes in previously epigenetically silenced regions of the genome (21). Although this fusion gene is tumor specific and seems to be a suitable drug target, there is no therapeutic agent approved by the Food and Drug Administration (FDA) or the European Medicines Agency (EMA) that addresses this specific defect. The complex structural features combined with the process of transcription are the main challenges for the development of small molecule inhibitors of EWS/FLI1 (22).

In addition, a mutation of the TERT gene was detected with NGS. Typically, within an aging organism the telomers are shortened during the cell cycle. TERT allows lengthening of the telomers and thereby continuous cell division. During carcinogenesis mutations of TERT can be acquired that result in an infinite capacity for replication. The TERT activity has been found to be crucial for cell transformation. The telomerase activity is influenced by regulation at different stages including gene transcription and mRNA splicing (23). The mutation influencing TERT activity detected in this patient is located in the TERT promoter region (c.-124C>T). This alteration results in an enhanced TERT promotor activity by the generation of a binding site for erythroblast transformation specific (ETS) transcription factors. The ESWR1:FLI1 fusion gene can potentially influence TERT activity via the binding site for ETS (24).





3 Discussion

This case report illustrates important aspects of the diagnosis and treatment of pulmonary Ewing sarcoma. The patient had no relevant medical history or family history of cancer. The initial symptoms leading to medical referral and diagnostic investigation were indistinct. The first histopathological examination of a transthoracic biopsy led to a diagnosis of lung cancer. Due to the severity of the symptoms and the size of the pulmonary mass chemotherapy was started before the results were obtained from the reference pathology laboratory. However, further examination of the tumor tissue in a certified reference pathology laboratory revealed a Ewing sarcoma. After diagnosis the patient was referred to our university hospital specialized and certified in sarcoma care.

The change of the initial diagnosis highlights the importance of ensuring the appropriate information is available in a timely manner for correct diagnosis and subsequent treatment. Indeed, molecular pathological confirmation, that is part of the diagnostic algorithm in specialized cancer centers, is indispensable for the confirmation of Ewing sarcoma. This further underlines the importance of such centers as molecular pathology is essential to differentiate tumors which can clinically present similarly and may need special knowledge to be correctly identified. In this case NGS allowed the identification of the ESWR1::FLI1 gene fusion and thereby resulted in the diagnosis of a pulmonary Ewing sarcoma.

Up to now, there are no worldwide international guidelines available for the treatment of Ewing sarcomas. Nevertheless, in Europe a guideline does exist for the treatment of Ewing Sarcoma (25). Over the past decades, two main chemotherapeutic protocols have been established. In the US chemotherapy consists of an induction therapy with VDC and IE followed by consolidation therapy with alternating cycles of IE and VC (18). In Europe induction chemotherapy with VIDE is followed by consolidation chemotherapy according to risk (VAI or VAC) (17). A recent clinical trial (EE2012) found treatment with VDC and IE to be superior to VIDE and VAC/VAI. The results indicated a higher effectivity (for both event-free survival and overall survival) and reduced toxicity for VDC plus IE chemotherapy compared to VIDE and VAC/VAI (15). In accordance with these findings our patient underwent induction chemotherapy with VDC and IE. The patient displayed only mild side effects even though the patient was over 50 years of age. The resulting thrombocytopenia and leukopenia being the main side effects led to a reduction of the dose of chemotherapy used.

In some cases, chemotherapy can be followed by high-dose chemotherapy and autologous blood stem-cell rescue (17). Patients with low histological response at a localized stage may respond to this treatment. In a metastasized setting high-dose chemotherapy followed by autologous blood stem-cell rescue is not used as first-line treatment. However, in a relapsed situation this therapeutic approach is more widely used.

The EE2012 trial included patients aged 2-49 years with the median age being 15 years (15). Patients mostly present in their second to third decade of life (3, 4). The patient described in this case report was 55 years of age when admitted to our hospital for treatment of Ewing sarcoma. Thus, he was older than the average person diagnosed with Ewing sarcoma and older than any patient treated in the AEWS0031 and EE2012 trials. Nevertheless, it is important to note that the VDC plus IE chemotherapy was well tolerated and elicited a good clinical response in this older patient.

After completion of the thoracic radiotherapy the patient will be subject to regular after-care with CT scans in 3-month intervals. Ideally, these follow-up appointments should be performed at a certified sarcoma center which is crucial for early detection of tumor relapse.




4 Conclusion

In summary, this case report highlights the importance of a rigorous and timely histopathological examination of biopsy samples by a specialized cancer center to enable a correct diagnosis of the cancer type. Additionally, targeted NGS and RNA fusion panel sequencing plays a crucial part in this analysis and allows the necessary differentiation between cancer types, in this case between NSCLC and pulmonary Ewing sarcoma.

Currently, there is no worldwide international treatment guideline available for the treatment of Ewing sarcoma. Therefore, it is imperative to incorporate recently published international clinical data when choosing the best therapeutic approach for Ewing sarcoma. Patients should be referred to specialist centers to allow the best possible treatment of the cancer type. In the case of Ewing sarcoma and in accordance with the most recent research, patients should be treated with VDC plus IE because it has been demonstrated to be the most effective therapy. Moreover, the therapeutic regimen is well tolerated by both younger and older patients.
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Background: Chemoradiotherapy is a crucial treatment modality for esophageal squamous cell carcinoma (ESCC). This study aimed to identify chemoradiotherapy sensitivity-related genes and analyze their prognostic value and potential associations with the tumor microenvironment in ESCC.Methods: Utilizing the Gene Expression Omnibus database, we identified differentially expressed genes between ESCC patients who achieved complete and incomplete pathological responses following chemoradiotherapy. Prognostic genes were then screened, and key genes associated with chemoradiotherapy sensitivity were determined using random survival forest analysis. We examined the relationships between key genes, infiltrating immune cells, and immunoregulatory genes. Additionally, drug sensitivity and enrichment analyses were conducted to assess the impact of key genes on chemotherapy responses and signaling pathways. A prognostic nomogram for ESCC was developed incorporating key genes, and its effectiveness was evaluated. Genome-wide association study data were employed to investigate chromosomal pathogenic regions associated with key genes.Results: Three key genes including ATF2, SLC27A5, and ALOXE3 were identified. These genes can predict the sensitivity of ESCC patients to neoadjuvant chemoradiotherapy and hold significant clinical relevance in prognostication. These genes were also found to be significantly correlated with certain immune cells and immunoregulatory genes within the tumor microenvironment and were involved in critical tumor-related signaling pathways, including the epithelial-mesenchymal transition and P53 pathways. A nomogram was established to predict the prognosis of ESCC by integrating key genes with clinical stages, demonstrating favorable predictability and reliability.Conclusion: This study identified three key genes that predict chemoradiotherapy sensitivity and prognosis and are involved in multiple tumor-related biological processes in ESCC. These findings provide predictive biomarkers for chemoradiotherapy response and support the development of individualized treatment strategies for ESCC patients.Keywords: esophageal squamous cell carcinoma, chemoradiotherapy sensitivity, neoadjuvant chemoradiotherapy, pathological complete response, immune microenvironment
INTRODUCTION
Esophageal cancer ranks as the seventh most common malignant tumor globally, with approximately 604,100 new cases diagnosed annually (Sung et al., 2021). Histopathologically, it is primarily classified into esophageal squamous cell carcinoma (ESCC) and esophageal adenocarcinoma, each differing markedly in pathogenesis, biological behavior, treatment, and prognosis. ESCC, accounting for about 85% of esophageal cancers, is predominantly found in East Asia and Africa (He et al., 2021). This type is highly invasive, and symptoms such as dysphagia often manifest in the disease’s late stages, leading to a dismal prognosis with a five-year survival rate between 15% and 25% (Shi et al., 2022).
At diagnosis, nearly 50% of patients exhibit tumor invasion beyond the primary lesion’s local area, with 70%–80% presenting regional lymph node metastasis. Locally advanced ESCC is defined as stage T2-4 or N1-3 with M0 (Thakur et al., 2021; Puhr et al., 2023). The standard treatment for this stage is neoadjuvant chemoradiotherapy (NCRT) followed by surgical resection. In the CROSS trial, the NCRT group achieved a significantly higher R0 resection rate (92% vs. 69%), negative lymph node resection rates (31% vs. 75%), and improved overall survival (OS, 49.4 vs. 24 months) compared to the surgery-only group in treating locally advanced ESCC (van Hagen et al., 2012). The NEOCRTEC5010 study, involving 451 patients, demonstrated that NCRT significantly enhanced the five-year OS rate (from 49.1% to 59.9%) over surgery alone (Yang et al., 2021a). Chen et al. further validated the superiority of NCRT over neoadjuvant chemotherapy followed by surgery, showing higher pathological complete response (pCR) rates, negative lymph node resection rates, and reduced mortality due to tumor progression or recurrence in the NCRT group (Wang et al., 2021). Approximately 20%–40% of patients with locally advanced esophageal cancer achieve pCR following NCRT (van Hagen et al., 2012; Yang et al., 2021a; Wang et al., 2021). pCR is closely associated with extended OS and reduced rates of distant recurrence (Noordman et al., 2018; Hirata et al., 2021). For ESCC patients achieving pCR after NCRT, the need for esophagectomy and treatment strategies should be reassessed (Noordman et al., 2018). Furthermore, given the poor prognosis of advanced ESCC, predicting patient outcomes from chemoradiotherapy in advance can inform treatment planning (Hirata et al., 2021). Thus, identifying sensitive, specific, and accurate biomarkers to forecast ESCC patients’ responses to chemoradiotherapy, especially their pCR status, is imperative. Previous studies suggested using clinical remission or imaging techniques to predict ESCC pCR post-NCRT (Squires et al., 2022; Liu et al., 2016). However, it remains unclear who benefits most from NCRT or chemoradiotherapy among ESCC patients.
In this study, we investigated the differentially expressed genes (DEGs) between patients who achieved pCR and did not achieve pCR (npCR) following NCRT, and screened key genes associated with the prognosis of ESCC. Subsequently, we assessed the relationships between these key genes and ESCC-related genes, infiltrating immune cells, and chemotherapy sensitivity. This analysis is intended to more accurately predict chemoradiotherapy sensitivity and prognosis, thereby enhancing treatment strategies for ESCC patients.
METHODS
Data source and preprocessing
According to the 6th edition of the American Joint Committee on Cancer TNM staging system, the Guangzhou cohort included patients with ESCC staged IIb-III who underwent NCRT prior to surgery from September 2007 to March 2012. The RNA-seq data for these patients are accessible in the Gene Expression Omnibus (GEO) database under accession number GSE45670. We monitored these patients until July 2023, selecting those who survived over 3 months after treatment to assess their survival outcomes. Another cohort, the Beijing cohort (GSE53624), comprised tumor and adjacent normal tissues from 119 ESCC patients. The Series Matrix Files for GSE45670 and GSE53624 were based on annotation platforms GPL570 and GPL18109, respectively.
We retrospectively included the real-world patients with stage II-III ESCC from Sun Yat-sen University Cancer Center. Tissue samples and pathological results of these patients were obtained by endoscopic biopsy prior to treatment. After pathological diagnosis, they received NCRT combined with esophagectomy. This study was approved by the Ethics Committee of the Sun Yat-sen University Cancer Center and conducted in accordance with the local legislation and institutional requirements.
Identification of key chemoradiotherapy sensitivity-related genes
The “limma” package (Ritchie et al., 2015) was utilized to identify DEGs between pCR and npCR patients, while univariate Cox regression analysis determined genes associated with survival. We then identified genes that were highly expressed in pCR patients and suggested a favorable prognosis, and those underexpressed in pCR patients and indicated a poorer prognosis. The random survival forest algorithm executed using the “randomForestSRC” package, selected genes based on their prognostic importance. Genes with a relative importance exceeding 0.7 were classified as key genes related to chemoradiotherapy sensitivity.
Analysis of immune cell infiltration in ESCC
Using the gene expression of each patient, the CIBERSORT deconvolution algorithm estimated the relative proportions of 22 immune cell types, including B cell subsets, T cell subsets, NK cells, and macrophages (Newman et al., 2015). We analyzed and compared the immune cell fractions in tumor and adjacent non-tumor tissues of ESCC patients employing the “CIBERSORT” and “ggpubr” R packages. Correlations between chemoradiotherapy sensitivity-related genes and immune cell fractions were examined using the “corrplot” R package.
Associations between key genes and immunoregulatory genes
To explore the associations between chemoradiotherapy sensitivity-related genes and immunoregulatory genes, we sourced gene encodings for immunomodulators from the TISIDB database (Ru et al., 2019), including 24 immunoinhibitors and 46 immunostimulators. After intersecting these with the ESCC gene expression profile, 60 genes encoding immunomodulators were retained. Pearson correlation analysis was conducted on the expression of immunoregulatory genes and chemoradiotherapy sensitivity-related genes. P < 0.05 was deemed statistically significant.
Drug sensitivity prediction
The Genomics of Drug Sensitivity in Cancer (GDSC) database records the responsiveness of cancer cells to drugs and molecular markers associated with drug response (Yang et al., 2013). Utilizing this pharmacogenomics database, the “oncoPredict” R package assessed the half-maximal inhibitory concentration (IC50) of chemotherapeutics for ESCC patients. We evaluated the impact of chemoradiotherapy sensitivity-related gene expression on chemotherapy sensitivity in these patients.
Expressions of key genes in pan-cancer
Employing the GEPIA database (http://gepia.cancer-pku.cn), we analyzed the differential expression of key chemoradiotherapy sensitivity-related genes in tumor samples and paired normal tissues across 32 cancer types, including ESCC.
Construction and assessment of nomogram
Cox regression analyses were performed on clinical factors to identify independent prognostic indicators. We constructed a nomogram incorporating these prognostic factors and chemoradiotherapy sensitivity-related genes using the “rms” R package, estimating the 1-, 3-, and 5-year survival probabilities for ESCC patients. The nomogram’s consistency and accuracy were validated with a calibration curve.
Functional enrichment analysis
Using the “fgsea” and “enrichplot” R packages and the annotated gene set ‘h.all.v2023.2.Hs.symbols.gmt’ from the Molecular Signatures Database, we performed fast gene set enrichment analysis (fGSEA) to identify potential pathways and biological functions differing among chemoradiotherapy sensitivity-related gene expression groups. Based on the Net enrichment score (NES) and P-value, we identified significantly enriched hallmark pathways and explored the mechanisms through which key genes influence these pathways.
Genome-wide association study (GWAS)
Utilizing data from 452,264 individuals in the United Kingdom Biobank and documented in the Gene Atlas database (http://geneatlas.roslin.ed.ac.uk/), which links 778 traits to 30 million variants, we pinpointed pathogenic regions associated with key genes by analyzing GWAS data.
Statistical analysis
Statistical analyses were conducted using R software (version 4.3.1) (https://www.r-project.org). Survival analysis was performed using the Kaplan-Meier method and comparisons were made using the log-rank test. Pearson correlation tests evaluated relationships between variables. P < 0.05 was considered statistically significant.
RESULTS
Identification of DEGs between pCR and npCR patients in ESCC
The Guangzhou cohort comprised 28 ESCC patients, including 39.3% (11/28) achieving pCR and 60.7% (17/28) exhibiting npCR. The clinicopathological features of these patients are summarized in Supplementary Table 1. Survival data for patients who underwent NRCT and surgical resection and survived at least 3 months after treatment was collected and performed Kaplan-Meier analysis to evaluate their survival probabilities in both groups. Patients who achieved pCR demonstrated a higher survival probability than those with npCR, particularly after 10 years (Figure 1A, n = 26). However, due to the limited sample size, the differences between the groups were not statistically significant. To identify key chemoradiotherapy sensitivity-related genes, we analyzed DEGs between pCR and npCR patients. We identified 1,726 DEGs, with 870 genes upregulated and 856 genes downregulated in npCR patients. The heatmap and volcano plot illustrating these DEGs are presented in Figures 1B, C.
[image: Panel A shows a Kaplan-Meier survival curve comparing two groups, with time in months on the x-axis and survival probability on the y-axis. Panel B is a heatmap detailing gene expression levels, with distinct color gradations representing expression variations. Panel C displays a volcano plot with log2 fold change on the x-axis and negative log10 p-value on the y-axis, highlighting differentially expressed genes in red and blue against a background of gray points.]FIGURE 1 | Identification of DEGs between pCR and npCR patients in ESCC. (A) Kaplan-Meier curve of pCR (n = 10) and npCR (n = 16) ESCC patients in the Guangzhou cohort. The heatmap (B) and volcano plot (C) of DEGs between pCR and npCR ESCC patients.
Identification of key genes in ESCC
To further identify key chemoradiotherapy sensitivity-related genes in ESCC, we conducted univariate Cox regression analysis using RNA-seq and prognostic data from the Beijing Cohort (Supplementary Table 1, n = 119). This analysis identified 126 prognosis-associated protein-encoding genes, comprising 52 associated with a good prognosis and 74 indicating a poor prognosis. After selecting genes highly expressed in pCR patients that indicate a good prognosis and genes lowly expressed in pCR patients indicating a poor prognosis, we identified 35 favorable and 40 unfavorable genes. Following random survival forest analysis, genes with a relative importance >0.7 were deemed key chemoradiotherapy sensitivity-related genes in ESCC. Ultimately, three genes, ATF2, SLC27A5, and ALOXE3, met the screening criteria and are illustrated in Figures 2A, B. Among these, SLC27A5 and ALOXE3 were not only highly expressed in pCR patients (P < 0.01 and P = 0.01, Figure 2C), but also significantly correlated with a favorable prognosis of ESCC (P < 0.001, Figures 2E, F). However, ATF2 was highly expressed in npCR patients (P = 0.001, Figure 2C) and was significantly associated with poor prognosis (P = 0.001, Figure 2D). By employing the X-tile software, the optimal expression level cut-off values of three genes were determined to be 12.5, 10.63 and 7.89, respectively.
[image: Panel A displays an error rate chart against the number of trees. Panel B shows a bar chart of variable importance for gene prediction, with ATF2 being the most important. Panel C is a box plot comparing gene expression levels of ATF2, SLC27A6, and ALOXE3 across three groups, showing significant differences. Panels D, E, and F present Kaplan-Meier survival curves for ATF2, SLC27A6, and ALOXE3, respectively, indicating survival differences between low and high expression groups. Significance p-values are noted in each panel with lower survival in high expression groups.]FIGURE 2 | Identification of key genes in ESCC. (A) The random survival forest analysis of chemoradiotherapy sensitivity-related genes in ESCC. (B) The variable relative importance of three genes >0.7 were identified as key genes in ESCC. (C) Expression levels of ATF2, SLC27A5, and ALOXE3 in pCR and npCR patients. (D–F) Kaplan-Meier survival analysis of ESCC patients with high- and low-expression of ATF2, SLC27A5, and ALOXE3.
By expanding the real-world sample (n = 50), we reanalyzed RNA-seq data from ESCC patients who underwent NCRT followed by surgery. Overall, their mean age was 58.2 years, 43 (86%) were male, 7 (14%) were female, 14 (28%) had stage II disease, and 36 (72%) had stage III disease. The expression of ATF in npCR patients was significantly upregulated compared with that in pCR patients, while the expression of SLC27A5 and ALOXE3 was significantly downregulated (Supplementary Figure 1A, B), which was consistent with our previous results.
Immune cell infiltration in ESCC
We analyzed immune cell infiltration between cancerous and normal tissues to assess immunological variations in ESCC. The proportions of infiltrating immune cells in each group were displayed in Figures 3A, B. Compared to normal tissue, cancerous tissue in ESCC showed increased infiltration of memory B cells, activated memory CD4+ T cells, resting NK cells, M0 macrophages, M1 macrophages, resting dendritic cells, and activated dendritic cells and decreased infiltration of naive B cells, CD8+ T cells, follicular helper T cells, regulatory T cells, activated NK cells, monocytes, activated mast cells, and eosinophils (Figure 3C). Correlations between infiltrating immune cells in ESCC were illustrated in Figure 3D. Further analysis of the associations between the expression of the three key genes and tumor immune cell infiltration revealed that ATF2 negatively correlated with the infiltration of memory B cells, monocytes, and resting dendritic cells, among others. SLC27A5 negatively correlated with the infiltration of memory B cells, resting memory CD4+ T cells, and M0 macrophages, among others. ALOXE3 negatively correlated with the infiltration of regulatory T cells, activated NK cells, and resting mast cells, among others (Figure 4A).
[image: Panel A and B display stacked bar charts representing the proportional composition of immune cell types, differentiated by color. Panel C shows a box plot comparing immune cell proportions between cancer and normal groups, using blue and red bars. Panel D illustrates a correlation matrix heatmap with various immune cell types, indicating relationships through color and size differentiation.]FIGURE 3 | Immune cell infiltration in ESCC. Percentage of 22 types of immune cells infiltration in the cancer (A) and normal tissue (B) in ESCC patients. (C) Comparison of the immune cells proportion between cancer and normal tissue in ESCC patients. (D) Correlations between immune cells in ESCC.
[image: Heatmap showing gene expression correlations. Three sections labeled A, B, and C display expression data for various genes. Colors range from blue to red, indicating lower to higher correlation values. Labels on the x-axis and y-axis denote different genes and gene groups related to immunity and inflammation.]FIGURE 4 | The relationship between key genes and immune cell infiltration and immunoregulators. The relationship of chemoradiotherapy sensitivity-related genes and infiltrating immune cells (A), immunostimulators (B), and immunoinhibitors (C) (*P < 0.05,**P < 0.01,***P < 0.001; red color represented positive correlation, blue color represented negative correlation; darker colors indicated stronger correlations).
Associations between key genes and immunoregulatory genes
Considering that cancer patients often exhibit immune abnormalities related to tumor immune escape mechanisms, and the necessity to tailor immunotherapy targets and strategies based on individual immune characteristics (Sadun et al., 2007), we explored the associations between three key genes and immunoregulators, including 24 genes encoding immunoinhibitors and 46 genes encoding immunostimulators. Results indicated that ATF2 was significantly positively correlated with TNFRSF25, TNFRSF14, and ADORA2A, and negatively correlated with CD40, CD70, ENTPD1, and HAVCR2. SLC27A5 was significantly positively correlated with CD274, and negatively correlated with TNFRSF9 and TGFBR1. ALOXE3 was significantly positively correlated with CD40 and TNFSF14, and negatively correlated with CXCL12 (Figures 4B, C, all p < 0.01).
Evaluation of drug-sensitivity prediction ability of key genes
The “pRRophetic” R package assessed the potential of key genes to predict drug sensitivity in ESCC patients. Compared with patients exhibiting higher expression of ATF2 and lower expression of SLC27A5 and ALOXE3, IC50 values for drugs including vinorelbine, paclitaxel, docetaxel, fluorouracil, cisplatin, oxaliplatin, erlotinib, gefitinib, and lapatinib, were lower in patients with decreased expression of ATF2 and increased expression of SLC27A5 and ALOXE3. Specifically, patients with higher ATF2 expression were significantly less responsive to erlotinib and gefitinib, whereas those with increased ALOXE3 expression were significantly more sensitive to vinorelbine, paclitaxel, docetaxel, fluorouracil, erlotinib, gefitinib, and lapatinib. Patients with higher SLC27A5 expression were more sensitive to oxaliplatin (Figures 5A–I, P < 0.05). This further confirmed the clinical utility of these key genes in ESCC patients.
[image: Box plots labeled A through I display expression levels of genes ATP2, SLC27A5, and ALDH2B3 across various samples. Each plot features two groups compared by statistical significance, marked by p-values. Outlier points are present. Color coding distinguishes group comparisons consistently throughout the plots.]FIGURE 5 | The evaluation of drug sensitivity. Drug sensitivity analysis of the low- and high-expression of ATF2, SLC27A5, and ALOXE3 groups. (A) Vinorelbine, (B) Paclitaxel, (C) Docetaxel, (D) Fluorouracil, (E) Cisplatin, (F) Oxaliplatin, (G) Erlotinib, (H) Gefitinib, and (I) Lapatinib.
Expressions of key genes in pan-cancer
Using the GEPIA database (http://gepia.cancer-pku.cn), we analyzed the differential expression of key chemoradiotherapy sensitivity-related genes in tumor samples and paired normal tissues across 32 cancers, including ESCC. The results showed that ATF2 is highly expressed in the tumor tissues of diffuse large B-cell lymphoma, esophageal carcinoma, pancreatic adenocarcinoma, stomach adenocarcinoma, and thymoma compared to normal tissues (Supplementary Figure 2A). However, the expressions of SLC27A5 and ALOXE3 were not significantly upregulated in esophageal cancer tissues compared to control tissues (Supplementary Figure 2B, C).
Construction and assessment of nomogram
We conducted Cox regression analyses on clinical factors to identify independent prognostic factors. Due to the limited number of TNM stage I cases (n = 6) in the Beijing cohort, we combined stages I and II for analysis. The nomogram was then constructed based on TNM staging and the expression levels of ATF2, SLC27A5, and ALOXE3 to quantitatively predict 1-, 3-, and 5-year survival probabilities, providing a reference for clinical decision-making in ESCC patients. The results showed that all three chemoradiotherapy sensitivity-related genes had a greater impact on prognosis prediction than TNM staging, with SLC27A5 contributing the most (Figure 6A). Calibration curves for 1-, 3- and 5-year OS demonstrated high consistency between the predictions and actual observations, underscoring the prognostic predictive power of these genes in ESCC (Figures 6B–D).
[image: Panel A presents a nomogram scoring system for survival prediction with variables including TNM stage, ATP2, SLC27A5, and ALOXE3, along with total points and survival probabilities for one, three, and five years. Panels B, C, and D display calibration plots comparing actual versus predicted overall survival rates for one, three, and five years, respectively, featuring diagonal reference lines and error margins.]FIGURE 6 | Construction and assessment of nomogram. (A) Construction of nomogram based on TNM staging and the expression of ATF2, SLC27A5, and ALOXE3. (B–D) Calibration curves of nomogram for OS prediction at 1-, 3- and 5- year in ESCC.
Gene set enrichment analysis (GSEA)
Utilizing hallmark gene sets from the Molecular Signatures Database, we conducted fast gene set enrichment analysis (fGSEA) to discern the differences in biological processes between high and low expressions of key genes. For the high-expression ATF2 group, the top three upregulated pathways were epithelial-mesenchymal transition (EMT), mitotic spindle, and myogenesis, while the top three downregulated pathways were oxidative phosphorylation, fatty acid metabolism, and KRAS signaling DN. Additionally, the p53 pathway was also downregulated (Supplementary Figure 3A, B). Conversely, the high-expression SLC27A5 group showed downregulation in the EMT pathway (Supplementary Figure 3C, D). Moreover, compared to the high-expression ATF2 group, the high-expression ALOXE3 group exhibited increased activity in the p53 pathway and the EMT pathway (Supplementary Figure 3E, F). These findings suggest that chemoradiotherapy sensitivity-related genes may influence ESCC progression by regulating the epithelial-mesenchymal transition and P53 pathways.
GWAS analysis
Using GWAS data, we identified the pathogenic regions of key genes in esophageal cancer (Supplementary Figure 4A, B). ATF2, SLC27A5, and ALOXE3 were found in the pathogenic regions of chromosomes 2, 19, and 17, respectively (Supplementary Figure 4C–E).
DISCUSSION
The high mortality rate of ESCC is associated with delayed diagnosis, tumor metastasis, treatment resistance, and recurrence (Sung et al., 2021; Thakur et al., 2021; Puhr et al., 2023). Owing to the advanced stage at diagnosis, nearly 50% of patients are not eligible for complete surgical resection. Evidence from several large clinical trials suggest that NCRT combined with esophagectomy is more effective than surgical resection alone (van Hagen et al., 2012; Yang et al., 2021a). However, due to tumor heterogeneity, therapeutic outcomes vary significantly among patients. Exploring the mechanisms of chemoradiotherapy sensitivity is crucial for improving ESCC prognosis. In this study, we investigated biomarkers and potential mechanisms of chemoradiotherapy sensitivity in ESCC patients. The findings could inform the development of precise treatment strategies for ESCC based on tumor molecular heterogeneity.
Our study revealed that ATF2 is not only linked to chemoradiotherapy insensitivity in ESCC, but also indicative of poor prognosis. Located on chromosome 2q32 (Ozawa et al., 1991), ATF2 has been shown in various cancer models to be overexpressed, phosphorylated, and mislocalized subcellularly. It interacts with oncogenic proteins such as JUN (Lopez-Bergami et al., 2010). Activation of the Rac1-P38-ATF2 signaling pathway in non-small cell lung cancer cells has been documented to upregulate the expressions of Cyclin A2, Cyclin D1, and MMP2 proteins, thus promoting tumor growth (Zhou et al., 2018). ATF2 also binds to the promoter of miR-3913-5p, negatively regulating its expression, which targets CREB5 directly. Overexpression of ATF2 enhances growth, migration, and invasion in colorectal cancer cells through this mechanism. The ATF2/miR-3913-5p/CREB5 axis is considered a potential therapeutic target for colorectal cancer (Dai et al., 2023). Furthermore, ATF2 upregulation in gastric cancer correlates with a worse clinical prognosis, and silencing ATF2 suppresses the malignant phenotype of gastric cancer cells. Notably, reducing ATF2 expression significantly increases the sensitivity to sorafenib therapy (Xu et al., 2023a). Additionally, ATF2 is implicated in platinum resistance in non-small cell lung cancer treatment and is targeted to restore chemotherapy sensitivity to platinum. Studies have confirmed that triptolide can enhance chemotherapy efficacy in drug-resistant cell lines by inhibiting the ATF2/cJUN function (Lo et al., 2015).
SLC27A5 encodes fatty acid transport protein 5. Reduced expression of SLC27A5 is closely associated with poorer OS in ovarian cancer patients (Chen et al., 2021). Moreover, expression levels of SLC27A5 are significantly lower in patients with hepatocellular carcinoma (Wang et al., 2022). SLC27A5 suppresses proliferation and migration of hepatocellular carcinoma cells in vitro. This effect is likely due to SLC27A5’s role in promoting cuproptosis in hepatocellular carcinoma via upregulation of FDX1, making it a potential target for cuproptosis induction in this cancer type (Li et al., 2023). Critically, SLC27A5 enhances the therapeutic efficacy of sorafenib in hepatocellular carcinoma by promoting sorafenib-induced ferroptosis through inhibition of the NRF2/GSR pathway. A deficiency in SLC27A5 correlates with resistance to sorafenib in these cells (Xu et al., 2023b). Additionally, the overexpression of SLC27A5 curtails the activation of KEAP1/NRF2 pathway and reduces TXNRD1 expression, which can augment the antitumor activity of sorafenib either genetically or pharmacologically by inhibiting the NRF2/TXNRD1 pathway (Gao et al., 2020).
ALOXE3 is a member of the mammalian lipoxygenase family, playing a role in lipid metabolism and acting as a regulator of ferroptosis (Yang et al., 2016; Yamamoto, 1992). In our study, high expression of ALOXE3 was linked to improved prognosis in ESCC and increased sensitivity to chemoradiotherapy. Compared to normal human brain tissue, ALOXE3 expression is significantly diminished in glioblastoma tissue. ALOXE3 deficiency not only enhances the survival and migration of cancer cells but also supports glioblastoma growth in immunodeficient nude mice. It is crucial for p53-mediated ferroptosis, with miR-18a downregulating its expression by targeting ALOXE3 directly, thus contributing to resistance against p53-induced ferroptosis in glioblastoma cells (Yang et al., 2021b). Transcriptional upregulation of ALOXE3 by YAP promotes lipid peroxide accumulation and induces ferroptosis, making the YAP-ALOXE3 signaling pathway a potential biomarker for predicting ferroptosis-induced responses in hepatocellular carcinoma cells (Qin et al., 2021). In breast cancer, SBFI26, an inhibitor of FABP5, induces ferroptosis by elevating levels of ferrous ions and lipid peroxidation, increasing the expression of ALOXE3, ALOX5, and ALOX15, thus driving ferroptosis in tumor cells (He et al., 2024). Furthermore, the novel ferroptosis inducer, talaroconvolutin A, has been shown to trigger ferroptosis and suppress colorectal cancer cell growth by modulating ALOXE3 expression and other genes (Xia et al., 2020).
In a previous clinical study, triprilizumab combined with NCRT and surgical resection was used to treat locally advanced ESCC, achieving pCR rate of 50% and an R0 resection rate of 98% (Chen et al., 2023). EC-CRT-001, a prospective clinical trial, enrolled patients with unresectable ESCC and treated them with concurrent chemotherapy, radiotherapy, and triplizumab immunotherapy. Results showed that 62% of these patients achieved a complete response, with a median response duration exceeding 1 year, and a 1-year OS rate of 78.4%. The combination of immunotherapy with definitive chemoradiotherapy offers a promising treatment strategy for patients with unresectable, locally advanced ESCC (Zhu et al., 2023). However, the potential synergistic mechanism between immunotherapy and chemoradiotherapy remains unclear. Our results indicated that key genes associated with chemoradiotherapy sensitivity were significantly correlated with immune cells and immunomodulatory genes, suggesting a potential mechanism for their synergistic effect in ESCC.
In our study, the EMT pathway was the most significantly upregulated pathway in the high-expression ATF2 group, and the most significantly down-regulated pathway in the high-expression SLC27A5 group. EMT is recognized as a complex and coordinated process crucial for cancer initiation and progression (Dongre and Weinberg, 2019). ATF2 binds to the promoter region of GLUT3, enhancing EMT in colorectal cancer by inducing GLUT3 expression (Song et al., 2022). Through promoter binding, ATF2 and endoplasmic reticulum stress induce the expression of CAP2, promoting EMT in liver cancer cells (Yoon et al., 2021). In conjunction with TGF-beta1, ATF2 induces EMT in pancreatic cancer cell lines (Xu et al., 2012). Additionally, via the c-Met/BVR/ATF-2 pathway, lncRNA NR2F2-AS1 activates the EMT process and fosters the development of non-small cell lung cancer (Liu et al., 2021). EMT increases malignancy in non-small cell lung cancer cells and reduces chemosensitivity to cisplatin and paclitaxel. EMT marker expression is elevated in cells chronically exposed to these agents or radiation, linking EMT to chemoradiotherapy resistance (Shintani et al., 2011). Similarly, EGFR activation triggers EMT, reducing cellular responsiveness to radiation and cetuximab in head and neck cancer (Holz et al., 2011). Inhibitors of the EMT signaling pathway may enhance the sensitivity of cancer cells to chemoradiotherapy (Shintani et al., 2011). Downregulation of Delta-like Ligand 4 inhibits EMT in cervical cancer, thereby enhancing radiosensitivity (Yang et al., 2020). The EMT signaling pathway could provide a potential direction for further exploration into the mechanism of chemoradiotherapy sensitivity genes in ESCC.
In this study, we evaluated the role of chemoradiotherapy sensitivity-related genes in ESCC through survival analysis, drug sensitivity analysis, and the development and validation of a nomogram. While our results underscored the potential clinical relevance of three key genes in ESCC, there are notable limitations. This was a retrospective study that did not delve into the underlying mechanisms. Future studies should involve independent prospective cohorts and both in vitro and in vivo experiments to confirm these findings and further explore the mechanisms. Additionally, although these three key genes can predict the response of ESCC to NCRT and are significantly associated with certain immune cells and immunoregulatory genes in the tumor microenvironment, their efficacy in ESCC treated with combined immunotherapy and NCRT remains to be established.
CONCLUSION
In conclusion, we identified three pivotal genes that are crucial in predicting both the sensitivity of ESCC to radiochemotherapy and the prognosis of patients. We investigated the associations between these genes and infiltrating immune cells and immunoregulatory genes. Furthermore, we explored the signaling pathways influenced by these genes in ESCC and analyzed the chromosomal regions implicated in their pathogenesis. The identification of these key genes may facilitate the optimization of individual treatment strategies and improve prognosis management in ESCC.
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Introduction: The critical role of circular RNAs as non-coding RNAs in glioma has been extensively investigated. Therefore, we aimed to explore the role and potential molecular mechanisms of circRNA-mind bomb homolog 1 (circMIB1) in gliomas.Methods: RNA sequencing was used to analyze the expression profiles of circRNAs in glioma tissues and normal brain tissues. Quantitative real-time polymerase chain reaction was implemented to examine the levels of circMIB1 in glioma cells and tissues. The circMIB1 was identified as a cyclic RNA molecule by DNA nucleic acid electrophoresis and ribonuclease R assay. The relationship between circMIB1 expression and the prognosis of glioma patients and its potential as a biomarker were analysed using Kaplan-Meier, Receiver operating characteristic curves, and Principal component analysis. Bioinformatics analysis predicted the miRNAs that bind to circMIB1 and their downstream targets, and analysed the functions of these genes.Results: Firstly, a novel circRNA molecule termed circMIB1 was identified and validated by RNA sequencing. The expression of circMIB1 was significantly downregulated in glioma cells and tissues, and was closely associated with the tumor grade and survival prognosis of patients with glioma. Hence, it may be useful as a biomarker for glioma. Secondly, it was predicted that circMIB1 binds to hsa-miR-1290 based on bioinformatics analysis, which was significantly upregulated in glioma cells and tissues, and correlated with the tumor grade and overall survival of patients. Thirdly, through a series of bioinformatics analyses identified six genes downstream of hsa-miR-1290 that were significantly associated with glioma expression and prognosis, these genes are associated with cell cycle, cell necrosis and cell circadian rhythms.Discussion: CircMIB1 may play a role in inhibiting glioma development through the hsa-miR-1290 competitive endogenous RNA interaction network, these findings provide new ideas and directions for the diagnosis and treatment of glioma.Keywords: CircMIB1, glioma, MiR-1290, ceRNA, prognostic, biomarker
INTRODUCTION
Gliomas are among the most common primary brain tumors, accounting for approximately 30% of all brain and central nervous system malignancies. Gliomas are highly aggressive and are linked to a high mortality rate, thus, these tumors have become a serious threat to human health (Chew et al., 2018). Although some progress has been made in the treatment of this disease, there is currently a lack of effective and noninvasive diagnostic methods (Cheng et al., 2020; Stupp et al., 2005). Consequently, gliomas represent a major source of both health-related challenges and economic burden due to their aggressive nature and the costs of ongoing treatment (Hervey-Jumper and Berger, 2014). In addition, complete removal of high-grade glioma (HGG) through surgery is typically difficult. Moreover, glioma stem cells exhibit enhanced self-renewal, division, and proliferation, and are often resistant to conventional therapies, such as chemotherapy and radiotherapy, contributing to tumor recurrence and poor prognosis (Ostrom et al., 2015). Therefore, elucidating the molecular regulatory mechanisms during glioma development and identifying molecular markers can further advance the genetic diagnosis of clinical glioma and improve therapeutic efficacy.
Circular RNA (circRNA) is a new type of non-coding RNA with a covalently closed circular structure (Acunzo et al., 2015). CircRNAs are resistant to ribonuclease R (RNase R) degradation due to their covalently closed circular structure, which enhances their stability in biological fluids such as blood compared to linear RNAs. Therefore, circRNAs have great application value in the field of noninvasive diagnostics, and have emerged as a new class of potential tumor markers (Zhang et al., 2016). Tang et al. found that gastric cancer tissue-derived circKIAA1244 could be used as a new circulating biomarker for gastric cancer (Tang et al., 2018). Moreover, Li et al. demonstrated that hsa_circ_002059 may be a novel and stable biomarker for the diagnosis of gastric cancer from patient tissue and plasma samples (Li et al., 2015). In recent years, numerous studies reported that the expression of circRNAs in gliomas differs significantly. The expression of certain circRNAs varies depending on the degree of malignancy (Lu et al., 2019), and these circRNAs play a crucial role in glioma development by regulating both oncogenes and tumor suppressor genes. This process affects the invasion and metastasis of tumors, as well as the staging and grading of tumors (Sun et al., 2020). Studies have shown that some circRNAs correlate with the pathological grading of glioma, as well as the survival rate of patients with glioma. For example, circCDK14 expression correlates with the World Health Organization pathological grading of glioma (Chen et al., 2022), and hsa_circ_0001649 may be an independent prognostic indicator for patients with glioma after surgery (Wang et al., 2018). In addition, some circRNAs in gliomas act as miRNA sponges, sequestering the activity of miRNAs and indirectly regulating the expression of target genes (Lei et al., 2019; Shi et al., 2019), others behave as RNA-binding proteins and regulate protein interactions (Lou et al., 2020; Du et al., 2016), and still others have been reported to be translatable (Yang et al., 2018; Zhang et al., 2018). Currently, the exact functions and molecular mechanisms of most circRNAs in glioma are unknown. There is also a need to determine the expression and mechanism of action of circRNAs involved in the pathogenesis of glioma. Further studies are warranted to confirm whether circRNAs can be used as therapeutic targets or diagnostic and prognostic markers for glioma.
The circRNA-miRNA-mRNA pathway plays an important role in the development and progression of glioma, though the full extent of its involvement and mechanisms remains under investigation. Most circRNAs can be used as sponges of miRNA to regulate gene expression; this is key to clarifying the molecular mechanism of circRNA (Zhong et al., 2018). Studies have shown that circHIPK3 can also promote glioma progression by acting on its downstream target miR-654 and further regulating the circHIPK3/miR-654/IGF2BP3 network pathway (Jin et al., 2018). Another study also showed that deletion of circ_0074026 promotes apoptosis by regulating miR-1304 to block cell growth, migration, and invasion, providing a new therapeutic target for patients with gliomas (Chen et al., 2020). However, there may be other circRNAs regulated by the competing endogenous RNA (ceRNA) network in gliomagenesis and progression that have not yet been identified.
This study was performed to further investigate the influence of differentially expressed circRNAs on the occurrence, development, and prognosis of glioma. Firstly, the differential expression of circRNAs in glioma tissues and normal brain tissues was screened using circRNA high-throughput sequencing technology. Secondly, the study of unreported low-expression circRNAs in gliomas (circMIB1) was planned. Thirdly, we sought to examine their correlation with clinicopathological features of patients with glioma and reveal the mechanism by which they inhibit gliomagenesis through the ceRNA regulatory network. The objective was to provide new directions and ideas for the diagnosis, prognosis prediction, and molecular-targeted therapy of glioma.
MATERIALS AND METHODS
Tissues specimens and cell lines
In this study, 76 primary glioma samples were collected from glioma patients, and 17 nontumor brain tissues were obtained from patients with brain trauma or epilepsy. These samples were obtained from the Department of Neurosurgery of Yiyang Central Hospital (Yiyang, China). Following surgical resection, all specimens were frozen in liquid nitrogen and stored at −80°C. All participants or their guardians provided written informed consent for their participation. This study was approved by the Ethics Committee of Yiyang Central Hospital (Ethics approval reference number: V2.02024JJ9575).
The normal human glial cell line HEB was acquired from the Cell Bank of the Type Culture Collection of the Chinese Academy of Sciences (Shanghai, China). Human glioma cell lines SF126 (a glioblastoma cell line), U251, and U87 (glioma cell lines) were obtained from the American Type Culture Collection (ATCC, Manassas, VA, USA). The cell lines were grown in Dulbecco’s modified Eagle’s medium supplemented with 10% fetal bovine serum (Gibco, USA) at 37°C and 5% CO2.
RNA sequencing and bioinformatic analyses
Five glioma samples and four non-tumor brain tissues were processed and RNA sequenced by Lc-Bio Technologies (Hangzhou, China). A larger sample size would be ideal to ensure statistical significance and biological reproducibility in future studies. Results were screened for significant differences in the expression of circRNAs using the edgeR software package (https://www.Bioconductor.org/) to identify differences with |log2fold-change (log2FC)| ≥1 and p-values < 0.05. The results showed significant differences in circRNA expression levels between glioblastoma (GBM) and non-tumor brain tissues.
Quantitative real-time polymerase chain reaction (qRT-PCR)
Total RNA isolation was performed using TRIzol reagent (Takara, Japan) according to the instructions provided by the manufacturer. Individual RNA samples (1 μg per sample) were converted to complementary DNA (cDNA) using the Prime Script RT kit (Takara) and the cDNA conversion step used a DNase (Takara) treatment to eliminate residual genomic DNA, and a RT-free control to check for genomic DNA contamination was used. While cDNA detected on an ABI Prism 7,500 Sequence Detection System (Applied Biosystems, USA) using the Hieff® qPCR SYBR Green Master Mix (Yeasen, China). Of note, glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was used as an endogenous control. The qRT-PCR was performed using primers obtained from Bioengineering Biologicals (Changsha, China). The relative quantitative expression levels of circRNAs, miRNAs, and mRNAs were compared with those of the endogenous reference and analyzed using the 2−ΔΔCT method. Divergent primers were used to detect post-splicing junctions of circRNAs, and convergent primers were used to detect linear mRNAs. The primer sequences used are described in Supplementary Table S1.
Nucleic acid electrophoresis
The cDNA and genomic DNA amplification products were separated by 2% agarose gel electrophoresis in tris-acetic acid-ethylenediaminetetraacetic acid buffer, the DNA was separated by electrophoresis at 120 V for 25 min, and the DNA sizes were compared with those of Marker L (50–5,000 bp) (Sangon Biotech, China). Ultraviolet light was used to detect the bands.
RNase R assay
Original RNA (2 μg) was added to 2U RNase R (GeneSeed, Guangzhou, China), and a large amount of linear RNA could be digested by incubation at 37°C for 30 min. The reverse-transcription reaction was carried out by inactivating RNase R at 70°C for 10 min. The other untreated group was tested for circMIB1 and MIB1 levels by qRT-PCR using an internal control (i.e., GAPDH) as the calculation standard.
miRNA binding site prediction
The miRNA bindig sites were predicted using Circular RNA Interactome (https://circinteractome.nia.nih.gov/), and data from the GEO database (GSE90603, https://www.ncbi.nlm.nih.gov/gds/). The screening criteria were |log2FC|≥1 and p-values < 0.05, totaling yielding 59 differential miRNAs.
Bioinformatic analyses of mRNA
The Cancer Genome Atlas (TCGA, https://portal.gdc.ancer.gov/) includes a total of 393 cases of GBM and 508 cases of low-grade glioma (LGG). RNA expression data of normal brain tissue from the Genotype-Tissue Expression (GTEx) were downloaded from the UCSC Xena database (https://xenabrowser.net/datapages/). RNA transcriptomes of glioma specimens were obtained from The Cancer Genome Atlas (TCGA; https://portal.gdc.cancer.gov/). Subsequently, the RNA-sequencing data were log2 transformed and normalized for transcription per kilobase (TPM) values, and RNA-sequencing data (RSEM values) to make the gene expression profiles of the different platforms comparable. The R “limma” package was used to analyze the differential mRNA expression in the glioma tissues and normal brain tissues.
We also used GEPIA2 (Gene Expression Profiling Interactive Analysis, version 2) (http://gepia2.cancer-pku.cn/#index) to perform survival analysis and disease-free status analysis of differentially expressed genes in glioma. The Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn/) was also utilized for validation. Furthermore, we performed Gene Ontology (GO) enrichment analysis and pathway analysis. Finally, using the R package ggplot2 (https://www.r-proje ct.org/) in R version 4.2.2, dot plots were plotted to visualize valid terms and significant pathways for the GO enrichment analysis (p < 0.05).
Statistical analysis
Data were analyzed using unpaired Student’s t-test or one-way analysis of variance (ANOVA) after confirming normal distribution of the data with the Shapiro-Wilk test, using GraphPad Prism eight software (GraphPad Software Inc, San Diego, CA, USA). All experiments were performed at least in triplicates. Pearson’s correlation coefficient was employed to examine correlations. Data are presented as the mean ± standard deviation. The p-values < 0.05 indicate statistically significant differences.
RESULTS
High-throughput sequencing to screen differentially expressed circRNAs
We performed circRNA high-throughput sequencing on four normal brain tissues and five glioma tissues. A total of 1,248 differentially expressed circRNA molecules were identified, of which 158 were upregulated and 1,090 were downregulated in glioma. The 652 differentially expressed circRNA molecules were recognized based on set criteria (|log2FC| ≥2 and p-values < 0.05), including 67 genes with upregulated expression and 585 genes with downregulated expression (Figure 1A). Sixty differentially expressed circRNA molecules were subsequently selected for cluster analysis based on statistical significance (|log2FC| ≥2 and p-values < 0.01), there was an overall decrease in circRNA expression abundance in cancer tissues compared to normal tissues. Consequently, we focused on circRNA molecules with downregulated expression and identified a significantly downregulated circRNA molecule, namely, hsa_circ_0000835 (circMIB1) (Figure 1B). Seven circRNA molecules with downregulated expression were randomly selected for RT-PCR validation. The validation results were consistent with the sequencing results, thereby confirming the findings (Figure 1C). Among all the validated genes, circMIB1 demonstrated the most significant expression difference in four normal brain tissues and five glioma tissues, and it has not been studied thus far in glioma (Figure 1D). Therefore, it was selected as the final target circRNA for further analysis.
[image: A set of four data visualizations related to gene expression. A) Volcano plot showing log2 fold change versus negative log10 p-value, highlighting upregulated and downregulated genes. B) Heatmap of gene expression clustering with a color scale indicating expression levels. C) Bar graph comparing relative mRNA expression in normal versus tumor tissues for specific genes. D) Bar graph of relative expression of hsa_circ_0000565 in different samples, divided into normal (green) and tumor (red) groups.]FIGURE 1 | High-throughput sequencing to screen differentially expressed circRNAs. (A) Volcano plot of diferentially expressed circRNAs. The green dots represent downregulated circRNAs, whereas the red dots represent upregulated circRNAs in glioma compared with non-tumor tissue. (B) Clustered heatmap of circRNAs exhibiting significant differential expression in glioma tissues and non-tumor brain tissues (|log2 fold-change| ≥2, p < 0.05). Red and green indicate upregulated and downregulated circRNAs, respectively; hsa_circ_0000835 is labeled in red. (C) Downregulated circRNAs in glioma tissue. (D) Expression of circMIB1 in four and five samples of non-tumor and tumor tissues, respectively. Data are presented as the mean ± SD.*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
Low expression of circMIB1 in glioma cells and tissues
We identified circMIB1 (hsa_circ_0000835) through the circBase database as being formed by reverse splicing of its parental gene MIB1 localized in exons 2–6 on chromosome 18 at positions 19,345,732–19,359,646, with a length of 679 bp (Figure 2A). MIB1 is an E3 ubiquitin ligase, which is widely expressed in adult brains and plays an important role in the morphogenesis of neurons. It interacts with certain proteins to form a network hub (Yoon et al., 2012), which plays a broad and powerful control role in the development of cells, tissues and organs (Mertz et al., 2015). However, the function of circRNAs derived from MIB1 in glioma remains unknown. The divergent and convergent primers were designed based on the characteristics of circMIB1. Using PCR analysis, we found that the divergent primers successfully amplified circMIB1 from cDNA of U251 cells, whereas genomic DNA (gDNA) did not. In contrast, the linear transcript MIB1 was amplified with the convergent primers. Agarose gel electrophoresis was used to verify that circMIB1 is indeed a circRNA molecule (Figure 2B).
[image: Diagram illustrating genetic research findings: Panel A shows a chromosome band and a circular diagram labeled "circMIB1." Panel B displays a gel electrophoresis image, with lanes marked cDNA and gDNA, highlighting hsa_circ_0000835 and GAPDH bands. Panels C and D present bar graphs comparing mRNA levels in U87 and U251 cell lines, respectively, under Mock and RNaseR conditions. Panel E shows a bar graph of relative circMIB1 expression levels across different cell types. Panels F and G feature scatter plots of relative circMIB1 expression levels in non-tumor vs tumor samples and WHO Grade II vs III gliomas. Statistical significance is noted with asterisks.]FIGURE 2 | Low expression of circMIB1 in glioma cells and tissues. (A) Schematic showing the circMIB1 derived from exons 2–6 circularization of MIB1. (B) PCR was performed to analyze the circular RNA characterization of the circMIB1 (hsa_circ_0000835) using the divergent and convergent primers for amplification from the cDNA and genomic DNA (gDNA) of U251 cells, respectively. (C, D) RT-PCR analysis of circMIB1 and linear MIB1 mRNA, in presence or absence of RNaseR treatment for 30 min. (E) The expression level of circMIB1 in glioma cell lines (U87, U251 and SF126) and normal brain glial cells (HEB) was quantified by qRT-PCR. (F, G) CircMIB1 levels in 76 glioma and 17 non-tumor brain tissues, and in 30 patients with I-II grade glioma and 46 patients with III-IV grade glioma. Data are presented as mean ± SD.*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
Following treatment of cDNA with ribonuclease R (RNase R), circMIB1 was found to be resistant to RNase R by qRT-PCR; however, its linear MIB1 was disrupted by RNase R in U87 and U251 cells, suggesting that circMIB1 is unaffected by RNase R and has a circular structure (Figures 2C,D). The expression of circMIB1 in normal brain astrocyte cell line HEB and malignant glioma cell lines U251, U87, and SF126 was evaluated. The expression of circMIB1 was significantly lower in malignant glioma cell lines versus normal brain astrocyte cells (Figure 2E). The downregulated expression of circMIB1 in glioma tissues was further investigated in a larger sample size using RT-PCR. The analysis showed that the expression levels of circMIB1 were significantly lower in 76 GBM tissues compared with 17 normal brain tissues. Among 76 glioma tissues of different grades, circMIB1 expression had significantly lower expression in high-grade tissues versus low-grade tissues (p < 0.05) (Figures 2F, G). These data indicated that circMIB1 has a circRNA profile and is lowly expressed in glioma.
CircMIB1 expression correlates with patient clinical characteristics and haspotential as a diagnostic marker for gliomas
To investigate whether circMIB1 levels were associated with clinical features of gliomas, patients with glioma were grouped according to age, sex, and clinical stage; and 76 patients with gliomas were divided into two groups based on the median circMIB1 levels. We found that circMIB1 expression was not statistically correlated with the age and sex of patients with glioma and was strongly associated with the clinical stage (p < 0.005). Higher clinical stages were linked to lower expression levels of hsa_circ_circMIB1 (Table 1). According to the log-rank test statistic for survival curves, the survival rate of 76 glioma patients with high expression of circMIB1 was 81.6%, whereas the survival rate of patients with low expression was 47.4%. Thus, the survival rate of glioma patients with high circMIB1 expression was significantly longer than that of patients with low circMIB1 expression. This observation suggested a positive correlation between circMIB1 expression and the overall survival time of patients with glioma (95% confidence interval: 0.6326–0.9543, p < 0.0001) (Figure 3A). Similarly, the Kaplan–Meier curve analysis showed that patients with low circMIB1 expression were associated with a higher recurrence rate and shorter time to recurrence (95% confidence interval: 0.8213–0.9511, p < 0.0001) (Figure 3B). The same receiver operating characteristic (ROC) curve without adjustment (e.g., age, gender, or tumour type) for other factors showed that circMIB1 could differentiate between non-glioma patients and glioma patients with an area under the curve (AUC) of 0.928 (95% confidence interval:0.855-0.9871; p < 0.0001) (Figure 3C). Similarly, CircMIB1 has a relatively low ability to distinguish between LGG patients and HGG patients, with AUC of 0.7028 (95% confidence interval: 0.5571–0.8395; p < 0.01) (Figure 3D). Principal component analysis of circMIB1 expression levels was performed to validate the above results, and the results showed that circMIB1 expression levels could effectively differentiate between non-glioma patients and those with glioma (Figure 3E), as well as between patients with LGG and those with HGG (Figure 3F). These results indicate that circMIB1 has potential value as a biomarker for glioma, which needs to be further investigated.
TABLE 1 | Correlation of circMIB1 expression levels with clinicopathological parameters in glioma patients.
[image: Table displaying CircMIB1 expression with categories: Age, Gender, and Grade. It includes case numbers, high and low expression counts, chi-squared values, and p-values. The p-value for Grade III-IV is significant at 0.005.][image: Figure A shows a Kaplan-Meier plot for overall survival, separating low and high groups, with a significant log-rank p-value. Figure B presents disease-free survival with similar group separation and significance. Figure C is a ROC curve differentiating non-tumor from tumor with AUC of 0.9260. Figure D displays a ROC curve distinguishing Grade I-II from Grade III-IV with AUC of 0.7028. Figure E and Figure F are PCA plots showing scatter distributions of non-tumor versus tumor, and I-IV grade groups, respectively, with axes labeled as principal components.]FIGURE 3 | CircMIB1 expression correlates with patient clinical characteristics and has potential as a diagnostic marker for gliomas. (A) Overall survival curve, based on the circMIB1 levels, plotted with the Kaplan–Meier method and analyzed using the rank test. (B) Disease-free survival curve, based on the circMIB1 levels, plotted with the Kaplan–Meier method and analyzed using the rank test. (C) ROC curve of glioma tissue and non-tumor tissue. (D) ROC curve of grade I-II tumor from grade III-IV tumor. (E) PCA plot consisting of the circMIB1 levels in glioma tissue and non-tumor tissue. (F) PCA plot consisting of the circMIB1 levels in grade I–II tumor from grade III–IV tumor. Data are presented as the mean ± SD. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
Downstream miRNA prediction of circMIB1 in glioma
CircMIB1 may be involved in the development of glioma through miRNA sponging, thus preventing the inhibitory effect of miRNA on its target genes. To explore the downstream target genes of circMIB1, we first analyzed differentially expressed miRNAs in glioma using GSE90603 RNA-sequencing data from the GEO database (https://www.ncbi.nlm.nih.gov/gds/), and identified 59 differentially expressed miRNA (p < 0.05, |log2FC| ≥2) using R language analysis. Subsequently, we predicted downstream miRNAs of circMIB1 by searching a bioinformatics database (Circular RNA Interactome), and performed Venn analysis of these target miRNAs with differential miRNAs in the GEO database. This led to the identification of two miRNAs (hsa-miR-1290 and hsa-miR-330-5p) (Figure 4A). Notably, hsa-miR-1290 was upregulated, whereas hsa-miR-330-5p was downregulated. Of note, hsa-miR-330 inhibits the growth of gliomas, this is not consistent with the normal logic of regulation. Consequently, hsa-miR-1290 was selected for subsequent analysis in this study (Figure 4B). Differential analysis and survival analysis using CGGA (http://www.cgga.org.cn/) prediction combined with miRNAs. Differential and survival analyses were conducted using the CGGA (http://www.cgga.org.cn/) prediction combined with miRNAs. The results showed that hsa-miR-1290 exhibited significant differential expression in different grades of glioma, and the expression levels of hsa-miR-1290 increased with the grade of tumor (p < 0.01) (Figure 4C). Nonetheless, there was no significant difference in expression in patients depending on sex and age (Figures 4D, F). Kaplan–Meier curve analysis revealed that the survival of patients with glioma was significantly lower in those with high hsa-miR-1290 expression versus those with low hsa-miR-1290 expression. These findings suggested a negative correlation between hsa-miR-1290 levels and the overall survival time of patients with glioma (p < 0.05) (Figure 4E).
[image: A series of scientific data visualizations: A) A Venn diagram showing overlap between circInteractome database and circular RNA interaction, highlighting 37 and 24 unique entries, respectively. B) A volcano plot illustrating gene expression changes; significant upregulation and downregulation are marked. C and D) Box plots displaying gene expression across different conditions or groups. E) A survival curve comparing two groups with a significant p-value of 0.02. F) Another set of box plots similar to C and D, indicating variability in gene expression across additional conditions.]FIGURE 4 | Downstream miRNA prediction of circMIB1 in glioma. (A) Predicted target miRNA of circMIB1 based on data obtained from the Circular RNA Interactome and GEO databases. (B) Volcano plot of differentially expressed miRNAs predicted to interact with circMIB1. (C) Differential analysis of miR-1290 expression in different grades of gliomas. (D) Analysis of miR-1290 expression differences between glioma patients of different genders. (E) Total survival curve of miR-1290 level. (F) Analysis of miR-1290 expression differences between glioma patients of different ages.
CircMIB1 target genes and their expression and survival prognostic value
We further investigated the potential prognostic value of the ceRNA network in glioma, through miRTarBasesearch (https://mirtarbase.cuhk.edu.cn/), TargetScan8.0 (https://www.targetscan.org/), and the miRWalk (http://mirwalk.umm.uni-heidelberg.de/) to predict the target genes of miR-1290. A total of 25 differentially expressed target genes were identified by the Venn analysis (Figure 5A). We initially analyzed the expression levels of these target genes in normal and tumor tissues using the R “limma” package, which showed that 11 genes were downregulated in glioma tissues (Figure 5B). We further performed survival analysis and disease-free status analysis of differentially expressed genes in glioma using the GEPIA2 to explore the prognostic value of these target genes. The findings revealed that patients with glioma with high expression of adducin 2 (ADD2), CST telomere replication complex component 1 (CTC1), SRC kinase signaling inhibitor 1 (SRCIN1), RAR related orphan receptor A (RORA), vacuolar protein sorting four homolog A (VPS4A), and unc-51 like autophagy activating kinase 2 (ULK2) had a longer survival than those with low expression (Figures 5C–H). Moreover, high expression of ataxin 1 (ATXN1), collagen type XXVII alpha one chain (COL27A1), interphotoreceptor matrix proteoglycan 1 (IMPG1), N-myc downstream regulated 1 (NDRG1), and THAP domain containing 6 (THAP6) offered some advantages in terms of survival (Supplementary Figure S1). Similarly, disease-free survival was found to be longer in patients with glioma with high expression of ADD2, CTC1, SRCIN1, RORA, VPS4A, and ULK2 than in those with low expression (Figures 5C–H). These results suggest that downstream target genes that bind to miR-1290 are associated with survival and prognosis in glioma patients.
[image: A sequence of images showcases data analysis for gene expression. Panel A displays a Venn diagram depicting gene overlap among three datasets. Panel B presents a clustered box plot highlighting expression differences across various tissues. Panels C to H feature Kaplan-Meier plots comparing overall and disease-free survival, differentiated by high and low expression levels, across multiple cohorts. Each plot includes axes denoting months and survival probability, with distinct curves for comparison.]FIGURE 5 | Exploring CircMIB1 downstream genes and their expression and survival prognosis analysis. (A) Predicted target mRNA of miR-1290 using data obtained from the miRTarBasesearch, miRWalk, and TargetScan 8.0 databases. (B) Differential mRNA expression in glioma tissue and normal brain tissue. (C) Overall survival and disease-free survival in ADD2. (D) Overall survival and disease-free survival in CTC1. (E) Overall survival and disease-free survival in SRCIN1. (F) Overall survival and disease-free survival in RORA. (G) Overall survival and disease-free survival in VPS4A. (H) Overall survival and disease-free survival in ULK2.
Functional analysis of six downstream target genes of circMIB1
To further investigate the function of circMIB1 downstream target genes, we used the CGGA (http://www.cgga.org.cn/) to validate the expression and prognostic analyses associated with six such genes. We found significant differences in the expression levels of ADD2, CTC1, SRCIN1, RORA, and ULK2 genes in gliomas of different grades, excluding VPS4A (Figures 6A–F). In addition, these genes were generally expressed at higher levels in isocitrate dehydrogenase-mutant (IDH-mutant) gliomas relative to IDH-wild-type gliomas, and were also generally expressed at higher levels in gliomas with chromosome 1p19q deletion than in gliomas without chromosome 1p19q deletion. This evidence implied that the expression of these genes correlates with both the grade of glioma, glioma IDH mutation, and chromosome 1p19q deletion (Supplementary Figure S2).
[image: Panel A to F shows box plots and survival curves for six gene expressions in primary glioma grouped by IDH status and age. Panel G presents a circular flow chart illustrating gene set enrichment of differentially expressed genes in glioma. Panel H displays a bubble chart indicating pathways enriched in co-expressed genes, with size representing pathway impact and color indicating significance level.]FIGURE 6 | Functional analysis of six downstream target genes of circMIB1. (A) Expression and survival analysis of CDD2 in glioma tissues of different grades. (B) Expression and survival analysis of CTC1 in glioma tissues of different grades. (C) Expression and survival analysis of RORA in glioma tissues of different grades. (D) Expression and survival analysis of SRCIN1 in glioma tissues of different grades. (E) Expression and survival analysis of ULK2 in glioma tissues of different grades. (F) Expression and survival analysis of VPS4A in glioma tissues of different grades. (G) GO functional analysis of six downstream target genes. (H) KEGG functional analysis of six downstream target genes.
Furthermore, survival analysis revealed that patients with glioma with high expression of ADD2, CTC1, SRCIN1, VPS4A, ULK2, excluding RORA, had a longer overall survival than those with low expression (Figures 6A–F). Subsequently, we performed GO and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses of these genes. Based on the GO enrichment analysis of the dataset, the functions of these genes were mainly related to the cell cycle, and were highly correlated with glioma (Figure 6G). In addition, the KEGG analysis showed that these genes were mainly closely related to the circadian rhythm and apoptotic necrosis (Figure 6H). This provided an alternative explanation for the mechanism underlying the inhibition of glioma by circMIB1. The above results indicate that circMIB1 is involved in the progression of glioma by potentially targeting downstream mRNAs through miR-1290. These data provide suggestions for further investigation of the biological mechanism of circMIB1 involved in the development of glioma.
DISCUSSION
Gliomas are the most common malignant brain tumors, pathologically characterized by a high degree of morphological and genetic complexity and heterogeneity (Chen et al., 2017). Patients with glioma are linked to a high rate of recurrence, a low survival rate, and a dismal prognosis (Xu et al., 2020; Tom et al., 2019). Therefore, in-depth study of the pathogenesis of glioma and identification of biomarkers and new therapeutic targets are necessary. In recent years, it has been found that circRNA is significantly differentially expressed in glioma (Lu et al., 2019; Sun et al., 2020). Such molecules affect tumor invasion and metastasis, as well as staging and typing, and plays a crucial role in the development of glioma (Liu et al., 2022). In this study, we found that circMIB1 is lowly expressed in glioma tissues and cells, and demonstrated that it correlates with survival prognosis of patients with glioma and has some potential as a biomarker. Moreover, we revealed the molecular mechanism underlying the regulation of the ceRNA network by circMIB1. Furthermore, we emphasized that circMIB1 is closely related to the cell cycle, cellular necrosis, and circadian rhythms, and that it may be a target for the treatment of glioma.
Accumulating evidence suggests that the development of glioma is closely related to the differential expression of circRNAs. Yuan et al. found that 2,038 circRNAs were abnormally expressed between GBM and matched normal brain tissue (Yuan et al., 2018). We similarly found 1,248 differentially expressed circRNA molecules in glioma tissues by high-throughput sequencing, with >87% (n = 1,090) of the circRNAs significantly downregulated. In addition, it was shown that the majority of circRNAs were negatively correlated with tumor proliferation and more opportunistically involved in glioma progression (Bachmayr-Heyda et al., 2015). Therefore, this study focused on circRNAs with downregulated expression. Next, we observed that circMIB1 expression was downregulated and most significantly differentially expressed in glioma cells and tissues by RNA sequencing. CircMIB1 is an emerging molecule that has not been studied and reported in gliomas and other diseases, but its parental protein, MIB1, is an E3 ubiquitin ligase required for the activation of the Notch pathway, and dysregulation of Notch signalling has been associated with cell transformation and tumourigenesis in various types of cancer (Li et al., 2018). Moreover, it has been demonstrated that MIB1 plays an important role in the development of a variety of tumors. For example, in lung cancer, MIB1 is involved in epithelial–mesenchymal transition, cell migration and cell survival (Wang et al., 2022), MIB1 aslo can be used as a marker for the proliferation and prognosis of LGG in children (Gorodezki et al., 2024). Therefore, we predicted that circMBI1 might be involved in the development of gliomas, which was subsequently validated by expanding the sample size by RT-qPCR, and found that circMBI1 expression levels in glioma tissues were significantly downregulated compared with those in normal brain tissues. Therefore, we conjecture that it is important to investigate the mechanism of circMIB1 involvement in glioma development and to determine its role in disease progression and prognosis.
The potential influence of circRNAs on the pathological grading and prognosis of glioma has attracted extensive attention in cancer biology (Sun et al., 2020). The expression levels of hsa_circ_0001649, Circ-ITCH and circNALCN are correlated with the WHO pathological grading of gliomas, and may be an independent prognostic indicator for postoperative patients with glioma (Wang et al., 2018; Liu et al., 2021; Chen et al., 2021). Similarly, our findings showed that circMIB1 was not statistically correlated with age and gender of glioma patients, but was strongly associated with the clinical stage of patients. Notably, these molecules, including circMIB1, will likely be able to assist in diagnosing the clinical staging of gliomas in the future. Additionally, Kaplan-Meier curve analysis, without considering the influence of other factors, showed that glioma patients with high circMIB1 expression had significantly longer survival and lower recurrence rates than those with low expression. These results suggest that circMIB1 expression reflects the degree of malignancy of the tumour and correlates with the survival and prognosis of glioma patients. Hence, this evidence may provide a basis for the clinical treatment of glioma. Recent studies have increasingly focused on the use of circRNAs as cancer diagnostic biomarkers due to their high tolerance to ribonuclease R and high cellular stability (Zou et al., 2020), Zhou et al. found that hsa_circ_ 0004214 has diagnostic value and may be a promising biomarker for glioma (Zhou et al., 2023). We further verified that circMIB1 may be a suitable molecule to be used as a diagnostic biomarker for glioma based on the results of ROC curves and principal component analysis, but the magnitude of its potential remains to be investigated by us further.
Interestingly, circRNAs function as mRNA ‘sponges’, and negatively regulate miRNAs by absorbing and specifically binding to them, thereby increasing the expression of miRNA-associated target genes (Wang et al., 2020; Liu et al., 2022). A study suggested that overexpression of circHIPK3 promotes the proliferation and invasive ability of glioma cells through sponge miR- 124-3p upregulation of signal transducer and activator of STAT3 levels (Hu and Zhang, 2019). Another study also showed that circPTN promotes glioma growth and stemness by sponging miR-145-5p and miR-330-5p, this results in increased expression of NES, CD133, SOX9 and SOX2, which promotes self-renewal of glioma stem cells and regulates gliomagenesis (Chen et al., 2019). Previous studies reported that hsa-miR-1290 is significantly upregulated in glioma cells and tissues and is strongly associated with patient survival and tumor grade (Zhao et al., 2022). Thus, we consider hsa-miR-1290 a downstream regulatory molecule of circMIB1, which in turn inhibits glioma cell growth and affects patient prognosis.
In particular, circRNAs also regulate miRNA sponges and downstream RNA-binding proteins, which participate in and influence the circulatory pathways of glioma progression (Qu et al., 2015). However, the potential function of circRNAs as a ceRNA network and their involvement in glioma warrant further investigation. Hence, we constructed a circRNA-miRNA-mRNA network by bioinformatics analysis, and identified six genes as the central downstream genes in the circMIB1 regulatory axis (i.e., ADD2, CTC1, SRCIN1, VPS4A, ULK2, and RORA). These downstream target genes were differentially expressed in different grades of glioma, exhibited good tumor suppression, and were significantly associated with survival and recurrence rates in patients with glioma. Among these predicted targets, SRCIN1 possesses tumor-suppressive properties in breast cancer and lung cancer inhibiting cell migration and proliferation (Dong et al., 2020; Guo et al., 2019). VPS4A acts as a tumor suppressor by regulating the secretion and uptake of extracellular miRNAs in human hepatocellular carcinoma cells (Wei et al., 2015). ULK1/2 inhibits the actin assembly and hinders breast cancer cell contraction and migration (Liang et al., 2023), Selective splicing of genes in the intronic protein family, including ADD2, leads to alterations in cellular function during pathogenesis are associated with cancer (Kiang and Leung, 2018).
In addition, it has been suggested in the literature that differentially expressed circRNAs are drivers of brain tumors or neurological disorders and are enriched in a variety of cancer-associated signaling pathways (Yuan et al., 2018). Thus, we further explored the functions of the six key genes downstream of circMIB1 and the affected signaling pathways. Results of the GO analysis showed that these six target genes may be associated with the cell cycle, and that disruption of cell cycle regulation is a major mechanism for glioma development and progression (Mason and Cairncross, 2008). Hence, these six genes may be involved in the regulation of the cell cycle, thereby inhibiting tumor development and progression. In addition, KEGG analysis revealed that target genes are mainly involved in pathological processes, such as circadian rhythms and apoptotic necrosis. Studies have found that GBM has a problem with cellular rhythms, and that the circadian gene CSNK1E is a potent target for the treatment of GBM. The growth of GBM can be effectively inhibited by using a CSNK1E inhibitor, which leads to massive death of GBM cells (Varghese et al., 2018). These findings reveal that downstream target genes are closely associated with cancer development and may be involved in different network mechanisms during glioma formation, potentially involving the regulation of circMIB1.
Collectively, our data illustrate that circMIB1 may play an inhibitory role in glioma pathogenesis. Importantly, circMIB1 has the potential to serve as a biomarker for glioma and may play a regulatory role through the ceRNA network. Nevertheless, this study had some limitations. Firstly, the sample size of our cohort study was relatively small and not comprehensive, hence, subsequent studies involving larger sample sizes are warranted. Secondly, functional tests of circMIB1 have not yet been performed in vitro and in vivo, circMIB1 inhibits glioma growth by participating in the cell cycle, apoptosis, or other pathways, and these functional validation studies would make the findings more reliable. Thus, the present findings only provide a direction to further explore the regulatory pathways underlying the effects of circMIB1 on gliomas. Therefore, in-depth study of the role and exact mechanism of circMIB1 in glioma is our research focus in the future.
In conclusion, we demonstrated that circMIB1 is lowly expressed in glioma tissues and cells, and that its expression is closely related to the survival prognosis of patients. Thus, circMIB1 may be able to serve as a target for glioma diagnosis and treatment. In addition, circMIB1 may also regulate the differential expression of downstream hsa-miR-1290 and related target genes, which are further involved in glioma progression. Further understanding of the specific role of circMIB1 in tumour grading and treatment through ceRNA networks will provide new perspectives and approaches for early diagnosis and treatment of gliomas.
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Introduction: A growing body of evidence suggests a potential connection between myocardial infarction (MI) and lung cancer (LC). However, the underlying pathogenesis and molecular mechanisms remain unclear. This research aims to identify common genes and pathways between MI and LC through bioinformatics analysis.Methods: Two public datasets (GSE166780 and GSE8569) were analyzed to identify differentially expressed genes (DEGs). Common DEGs were enriched using Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG). Hub genes were identified and their diagnostic performance was evaluated. Gene co-expression networks, as well as regulatory networks involving miRNA-hub genes and TF-hub genes, were also constructed. Finally, candidate drugs were predicted.Results: Among the datasets, 34 common trend DEGs were identified. Enrichment analysis linked these DEGs to key biological processes, cellular components, and molecular functions. Eight hub genes (CEBPA, TGFBR2, EZH2, JUNB, JUN, FOS, PLAU, COL1A1) were identified, demonstrating promising diagnostic accuracy. Key transcription factors associated with these hub genes include SP1, ESR1, CREB1, ETS1, NFKB1, and RELA, while key miRNAs include hsa-mir-101-3p, hsa-mir-124-3p, hsa-mir-29c-3p, hsa-mir-93-5p, and hsa-mir-155-5p. Additionally, potential therapeutic drugs were identified, with zoledronic acid anhydrous showing potential value in reducing the co-occurrence of the two diseases.Discussion: This study identified eight common signature genes shared between NSCLC and AMI. Validation datasets confirmed the diagnostic value of key hub genes COL1A1 and PLAU. These findings suggest that shared hub genes may serve as novel therapeutic targets for patients with both diseases. Ten candidate drugs were predicted, with zoledronic acid showing potential for targeting dual hub genes, offering a promising therapeutic approach for the comorbidity of lung cancer and myocardial infarction.Keywords: non-small cell lung cancer (NSCLC), acute myocardial infarction (AMI), differentially expressed genes (DEGs), hub genes, bioinformatics analysis
1 INTRODUCTION
Lung cancer (LC), a leading cause of cancer-related death globally (Shtivelman et al., 2014), encompasses small cell lung cancer (SCLC) as well as non-small cell lung cancer (NSCLC), which includes lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LSCC), and large cell carcinoma (Sahu et al., 2023). NSCLC accounts for approximately 85% of all LC diagnoses (Stolz et al., 2022). Though studies in epidemiology have clearly demonstrated that cigarette smoke (CS) exposure contributes to the risk of NSCLC (Hecht, 1999), and many studies have focused on identifying specific targets for NSCLC, such as PIK3CA (Yamamoto et al., 2008), PDGFRA (Ramos et al., 2009), EPHA2 (Psilopatis et al., 2022), etc., the precise etiology and pathogenesis remain elusive.
Myocardial infarction (MI) is a form of cardiac injury caused by inadequate blood supply and oxygen deprivation (Murphy and Goldberg, 2022), usually associated with the ongoing development of arterial plaque over time. The main pathological characteristic is the impairment of endothelial function (Zhang et al., 2024). Acute myocardial infarction (AMI) is the main factor contributing to deaths among cardiovascular diseases, with increasing incidence and fatality rates (Huang et al., 2024). Studies have revealed associations between MI and processes such as pyroptosis, apoptosis, and PAN apoptosis (Chang et al., 2024).
There are certain associations between MI and LC. Firstly, these two diseases share common risk factors such as smoking (Ambrose and Barua, 2004) and personality type (Nagano et al., 2001). In terms of epidemiology, patients with lung malignancies show an increased incidence of cardiovascular (CV) events (Mitchell et al., 2023). Additionally, recent studies have shown that the heart, especially myocardial mesenchymal stromal cells, releases extracellular vesicles with tumor characteristics after MI, and their tumor-promoting effects have a greater impact on LC (Caller et al., 2024). This provides further evidence for the link between MI and LC. The side effects of NSCLC treatment also have a certain impact. Platinum is associated with the occurrence of AMI, and tyrosine kinase inhibitors have shown certain cardiotoxicity (Chang et al., 2023). It is reported that the incidence of vascular events in patients with NSCLC treated with immune checkpoint inhibitors cannot be ignored (Giustozzi et al., 2021). It is worth noting that NSCLC and AMI share some common pathogenesis. As for the inflammatory response, the occurrence and development of AMI is closely related to abnormal inflammatory cells (Sun et al., 2024) and persistent inflammation will increase the risk of lung cancer (Elsayed, 2024). In addition, oxidative stress (Di Carlo and Sorrentino, 2024; Guo et al., 2024), vascular remodeling and endothelial dysfunction (Li et al., 2023; Meng et al., 2021) are involved in the pathogenesis of both diseases. However, the specific pathogenesis and molecular mechanisms underlying the association between MI and LC have not yet been fully understood.
Microarray technology and network-based analysis provide valuable insights into gene expression profiles across various cancers. In this research, we performed a bioinformatics analysis to detect shared molecular mechanism-based biomarkers (CEBPA, TGFBR2, EZH2, JUNB, JUN, FOS, PLAU, COL1A1) between NSCLC and AMI, validating their correlation and identifying candidate drugs targeting hub genes. These hub genes may be involved in the onset and progression of AMI and NSCLC through inflammatory response, oxidative stress, apoptosis, and related signaling pathways. In NSCLC and AMI, COL1A1 is involved through EMT and arterial dissection, while PLAU contributes through tumor invasiveness and macrophage function, each separately. Notably, COL1A1 and PLAU are dual targets of zoledronic acid anhydrous, a drug proven in previous experiments to reduce cancer mortality and the incidence of cardiovascular events. Our study suggests that zoledronic acid anhydrous has promising potential in the combined treatment of AMI and NSCLC. This study offers insights into the formulation of dual-purpose preventative and therapeutic approaches. The research process is illustrated in Figure 1.
[image: Flowchart illustrating the analysis process of two datasets: Acute Myocardial Infarction (GSE166780) and Non-small Cell Lung Cancer (GSE8569). Steps include identifying differentially expressed genes, protein-protein interaction networks, functional enrichment analysis, cluster analysis, identification of hub genes, and further analysis for diagnostics, enrichment, network construction, drug prediction, and protein interactions.]FIGURE 1 | Flowchart of the study.
2 MATERIALS AND METHODS
2.1 Data collection
The Gene Expression Omnibus (GEO) is the largest and most comprehensive public gene expression data resource (https://www.ncbi.nlm.nih.gov/geo/). We used the keywords “lung cancer” and “myocardial infarction” to identify datasets related to NSCLC and MI. The selected datasets were based on the following criteria: they must cover both cases and controls, samples must be from human subjects, and they must provide original information for subsequent analysis. Finally, we chose the NSCLC-related dataset GSE8569 and the AMI-related dataset GSE166780 for subsequent research. Furthermore, we included the NSCLC-related dataset GSE75037 and the AMI-related dataset GSE34198 for validation. Detailed information on these datasets is provided in Table 1.
TABLE 1 | Clinical characteristics.
[image: Table comparing four datasets: GSE166780, GSE8569, GSE75037, and GSE34198. It includes sample counts, ages, percentage female, ancestry details, and source names. GSE166780 and GSE34198 involve peripheral blood cells, while the others involve lung tissue. Statistical data includes mean ages, percentage females, ancestry (Asian, European, American Indian or Alaska Native), and p-values. Tumor and normal tissues are from the same patient where applicable, and data are shown as mean with standard deviation. Some data points are not available.]2.2 Identification of differentially expressed genes (DEGs)
The online analysis tool GEO2R was utilized to identify DEGs, using screening criteria of |log2(FC)| > 1 and p < 0.05. DEGs specific to NSCLC and AMI were obtained by comparing gene expression profiles between NSCLC cancer cells and normal cells, as well as between peripheral blood samples from AMI patients and normal peripheral blood samples. The Venn diagram tool of the Xiantao Academic Platform (https://www.xiantaozi.com) was used to find the common DEGs of the two diseases. The results were visualized using volcano plots, box plots, and Venn diagrams.
2.3 Enrichment analysis of DEGs
First, the common DEGs were converted to gene IDs, followed by gene enrichment analysis. Gene Ontology (GO) analysis, encompassing biological processes (BP), molecular function (MF), and cellular component (CC), is a widely used gene annotation bioinformatics tool. Kyoto Encyclopedia of Genes and Genomes (KEGG) provides comprehensive information on genomes, biological pathways, diseases, and chemicals. Using the clusterProfiler package in RStudio, we conducted GO functional enrichment and KEGG pathway analyses on the common DEGs. The ggplot2 package was used to visualize the data. The filtering condition was set at p < 0.05.
2.4 Protein-protein interaction (PPI) network construction
We used the STRING database (https://cn.string-db.org/) to construct a PPI network for the co-expressed DEGs in NSCLC and AMI. The minimum interaction score was set to 0.400 and the FDR stringency for filtering was set to 0.500 to identify interactions among protein-coding genes. Then, we processed the data using Cytoscape 3.10.2, clustered the gene network using the “MCODE” plug-in, identified key subnetwork modules, and performed cluster analysis. Hub genes were determined using the cytohubba method (Degree, EPC, MCC, and MNC). We constructed a hub gene expression network using the GeneMANIA database (http://www.genemania.org/).
2.5 Diagnostic significance of hub genes
We further investigated the importance of key genes as potential biomarkers. The receiver operating characteristic (ROC) curve was employed to assess the sensitivity and specificity of our selected target genes. The area under the ROC curve (AUC) was used to evaluate the results.
2.6 Construction of miRNA-hub gene network and TF-hub gene network
The online database NetworkAnalyst 3.0 (https://www.networkanalyst.ca/) was used to construct the miRNA-hub and TF-hub networks of hub genes to describe the associations between hub genes, miRNA, and TF. The selected TF-gene interaction database was ENCODE, using criteria of peak intensity signal <500 and the predicted regulatory potential score <1. The miRNA-gene interaction data were collected from miRTarBase.
2.7 Drug prediction based on hub genes
We searched DGIdb (https://dgidb.genome.wustl.edu), a database for exploring known and potential drug-gene interactions, to identify candidate drugs associated with the hub genes.
2.8 Statistical analyses
Statistical analyses were performed using SPSS version 27. Clinical characteristics were compared using Student’s t-test, Pearson Chi-Square test or Fisher’s exact test, as appropriate. A two-sided p-value of less than 0.05 was considered statistically significant.
3 RESULTS
3.1 Identification of DEGs
The AMI-related dataset GSE166780 contains 8 normal and 8 AMI samples, while the NSCLC-related dataset GSE8569 includes 69 NSCLC and 6 normal samples. We compared the gene expression of AMI and normal samples in GSE166780 and identified 3060 AMI DEGs, including 1,498 upregulated genes and 1,223 downregulated genes (Figures 2A, C). Similarly, we compared the gene expression of normal and NSCLC samples in GSE8569 and identified 678 NSCLC DEGs, including 182 upregulated genes and 359 downregulated genes (Figures 2B, D). Through the Venn diagram, 13 co-upregulated DEGs and 21 co-downregulated DEGs were filtered out (Figures 2E, F). The co-expressed genes and their corresponding p-values are listed in Table 2.
[image: Panel of six images displaying data visualizations: (A) and (B) show volcano plots with red and blue dots noting gene expression changes; (C) and (D) contain box plots representing data distribution from different datasets; (E) and (F) feature Venn diagrams illustrating data set overlaps in different color-coded sections.]FIGURE 2 | (A, B) Visualization of DEGs of GSE166780 and GSE8569 using volcano plots, blue represents downregulation, red represents upregulation (|log2(FC)|>1, p < 0.05) (C, D) Visualization of GSE166780 and GSE8569 using box plots (E) Co-expressed upregulated differentially expressed genes (DEGs) of GSE166780 and GSE8569 (|log2(FC)|>1, p < 0.05) (F) Co-expressed downregulated DEGs of GSE166780 and GSE8569 (|log2(FC)|>1, p < 0.05).
TABLE 2 | Differential expression genes.
[image: Table displaying data on differentially expressed genes (DEG) with columns for acute myocardial infarction (AMI) and non-small cell lung cancer (NSCLC). Each condition lists p-values and log2 fold change (L2FC) for various genes, with significant values highlighted. Abbreviations note P as p-value and L2FC as log2 fold change.]3.2 Functional annotation analysis of DEGs
GO and KEGG analysis were conducted on 34 co-expressed DEGs in NSCLC and AMI, and the outcomes are depicted in Figure 3. Concerning the BP, DEGs were significantly concentrated in “response to oxidative stress” and “response to reactive oxygen species.” In terms of CC, DEGs were enriched in “RNA polymerase II transcription regulator complex,” “focal adhesion,” and “cell-substrate junction.” For MF, DEGs are enriched in “DNA-binding transcription activator activity, RNA polymerase II-specific,” and “DNA-binding transcription activator activity.” KEGG analysis revealed that DEGs were enriched in “Human T-cell leukemia virus 1 infection” and “Relaxin signaling pathway.”
[image: Four bubble plot charts labeled A, B, C, and D compare different datasets' gene expression profiles. Each chart features bubbles of varying sizes and colors, representing the magnitude and direction of gene expression changes across multiple pathways or genes. The y-axis lists several gene names or pathways, while the x-axis indicates a value scale. Red bubbles suggest upregulation, and blue indicates downregulation, with a color gradient showing intensity. The scale bar on each chart displays the color-coding for upregulation and downregulation in red and blue, respectively.]FIGURE 3 | Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis of DEGs (A) Biological Processes (B) Cellular Component (C) Molecular Function (D) KEGG.
3.3 PPI network analysis, cluster analysis, and identification of hub genes
We analyzed 34 shared DEGs using the STRING online database (Figure 4) and imported the data into Cytoscape for visualization. After removing isolated points, the PPI of the shared DEGs is illustrated in Figure 5A, with 27 nodes and 53 edges. Additionally, we employed the MCODE plug-in to identify crucial gene cluster modules and discovered 2 clusters. Cluster 1 contains 6 nodes and 14 edges with a score of 5.6. Cluster 2 includes 3 nodes and 3 edges with a score of 3 (Figures 5B, C). To identify hub genes, we used the CytoHubba plug-in. By taking the intersection of the four algorithms, we identified 8 hub proteins: CEBPA, TGFBR2, EZH2, JUNB, JUN, FOS, PLAU and COL1A1 (Figure 6). In the NSCLC and AMI datasets, EZH2, COL1A1 and PLAU were upregulated, and CEBPA, TGFBR2, JUN, JUNB and FOS were downregulated.
[image: A complex protein-protein interaction network diagram showing various nodes connected by lines. Each node, representing a protein, is labeled with abbreviations like MCAM, PTK2, and CD47. Lines of different colors and thicknesses indicate the types and strengths of interactions between these proteins. The layout is interconnected, with clusters suggesting functional relationships or pathways.]FIGURE 4 | Protein-protein interaction (PPI) network of common DEGs.
[image: Diagram showing three interconnected gene networks labeled A, B, and C. Network A features multiple nodes connected by lines, forming a large circular pattern. Network B has a hexagonal layout with interconnecting lines among nodes. Network C displays three nodes connected in a triangular pattern. Each network is differentiated by color, with varied shades of yellow and green.]FIGURE 5 | (A) PPI network of common DEGs visualized using Cytoscape (B, C) MCODE plugin shows that cluster 1 contains 6 nodes and 14 edges with a score of 5.6. Cluster 2 contains 3 nodes and 3 edges with a score of 3.
[image: Four diagrams labeled A, B, C, and D display interconnected nodes in a circular pattern, representing different networks. Nodes vary in color from yellow to red, indicating varying attributes, possibly intensity or importance. Each diagram shows a unique arrangement and connection between nodes, highlighting distinct network structures.]FIGURE 6 | Identification of hub genes (A–D) The top 10 genes in the PPI network were sorted by Degree, MCC, EPC, and MNC respectively. The 8 hub genes identified are CEBPA, TGFBR2, EZH2, JUNB, JUN, FOS, PLAU, COL1A1.
3.4 Enrichment analysis of hub genes
GO and KEGG analyses were conducted (Figure 7). The hub genes were mainly related to “integrated stress response signaling,” “cellular response to salt,” “cellular response to metal iron,” “response to reactive oxygen species” “cellular response to inorganic substance,” “myeloid leukocyte differentiation,” “cellular response to transforming growth factor beta” in BP terms. In CC terms, they were predominantly associated with the “RNA polymerase II transcription regulator complex.” In MF terms, they were mainly related to “DNA-binding transcription activator activity, RNA polymerase II-specific,” “DNA-binding transcription activator activity,” “SMAD binding,” “RNA polymerase II-specific DNA-binding transcription factor binding,” and “DNA-binding transcription factor binding.” In KEGG analysis, they were enriched in “Relaxin signaling pathway,” and “Osteoclast differentiation.”
[image: Four panels (A, B, C, D) show dot plots of gene ontology enrichment. Each panel displays various biological processes with enrichment scores on the x-axis and process names on the y-axis. Dot size represents gene counts, and color indicates log p-values. Panel A has processes like "neutrophil activation"; B includes "wound healing"; C shows "cell-cell signaling"; D highlights "viral process". A color scale bar for log p-values is included.]FIGURE 7 | GO and KEGG analysis of Hub genes (A) Biological Processes (B) Cellular Component (C) Molecular Function (D) KEGG.
3.5 PPI analysis of hub genes
Based on GeneMANIA, PPI analysis was performed on 8 hub genes and 20 cross genes (Figure 8). Among them, predicted accounted for 32.57%, physical Interactions for 28.18%, co-expression for 28.02%, shared protein domains for 10.32%, co-localization for 0.73% and genetic interactionsfor 0.18%. The primary biological roles of this network pertain to the myeloid dendritic cell activation, response to cadmium ion, dendritic cell differentiation, regulation of DNA binding, RNA polymerase II transcription regulator complex, response to reactive oxygen species and transcription regulator complex.
[image: Network diagram showing interconnected nodes labeled with gene names like ATF2, JUND, and MAPK8. Lines represent different types of interactions, categorized by colors and patterns. A legend at the bottom categorizes networks and functions such as "Physical interactions" and "Regulation of RNA biosynthesis."]FIGURE 8 | PPI analysis of hub genes using GeneMANIA.
3.6 Diagnostic significance of hub genes
According to the ROC curve developed by the eight candidate hub genes, we evaluated the specificity and sensitivity of each gene for diagnosis (Figure 9). We calculated the AUC of each item, among which the AUCs of COL1A1, JUN, EZH2, FOS, PLAU, CEBPA, TGFBR2, and JUNB in the NSCLC-related dataset were 0.925, 0.879, 0.937, 0.935, 0.906, 0.853, 0.957, and 0.957, respectively. The AUCs of COL1A1, JUN, EZH2, FOS, PLAU, CEBPA, TGFBR2, and JUNB in the AMI-related dataset were 0.625, 0.922, 0.922, 0.859, 0.859, 1.000, 0.984, and 0.859, respectively. These genes have high diagnostic value for both NSCLC and AMI. Among them, the AUC of EZH2 and TGFBR2 were greater than 0.9 in both diseases, showing high diagnostic efficacy. In the validation dataset of NSCLC, the AUCs of COL1A1, CEBPA, PLAU, JUNB, JUN, TGFBR2, FOS, and EZH2 were 0.946, 0.794, 0.725, 0.836, 0.859, 0.985, 0.862, and 0.905, respectively. In the validation dataset of AMI, the AUCs of COL1A1, CEBPA, PLAU, JUNB, JUN, TGFBR2, FOS, and EZH2 were 0.739, 0.570, 0.860, 0.671, 0.716, 0.679, 0.592, and 0.642, respectively. In both validation datasets, COL1A1, PLAU, JUNB, JUN, TGFBR2, and EZH2 maintained high diagnostic efficacy.
[image: Four ROC curve panels labeled A, B, C, and D show the performance of various genes in terms of sensitivity and specificity. Each curve represents a different gene with corresponding AUC values: COL1A1, JUN, EZH2, FOS, PLAU, CDKN2A, TGFBR2, and EGF. Panels show different combinations, with Panel A having high specificity and Panel D having varied performance.]FIGURE 9 | Diagnostic Receiver operating characteristic (ROC) curves of 8 co-expressed hub genes (A) ROC curve of the hub gene in the GSE8569 dataset. (B) ROC curve of the hub gene in the GSE166780 dataset. (C) ROC curve of the hub gene in the GSE75037 dataset. (D) ROC curve of the hub gene in the GSE34198 dataset.
3.7 Construction of TF-hub gene network and miRNA-hub gene network
We used NetworkAnalyst 3.0 software to construct the TF-Hub genes and miRNA-Hub genes regulatory networks. The TF-Hub network consists of 100 nodes and 121 edges, and the miRNA-Hub network has 358 nodes and 407 edges. We found that in the TF-Hub network, SP1 interacts with TGFBR2, FOS, PLAU, and COL1A1. ESR1 regulates FOS, JUN, and JUNB. CREB1 regulates PLAU, JUN, and FOS. ETS1 interacts with COL1A1, TGFBR2, and PLAU. Notably, NFKB1 and RELA simultaneously regulate COL1A1, JUNB and PLAU (Figure 10A). In the miRNA-Hub network, hsa-mir-101-3p interacts with 4 genes, including JUN, EZH2, TGFBR2 and FOS. Hsa-mir-124-3p targets EZH2, COL1A1, and CEBPA. Hsa-mir-29c-3p targets JUN, FOS, and COL1A1. Hsa-mir-93-5p targets JUN, TGFBR2, and EZH2. Hsa-mir-155-5p targets JUN, JUNB, and FOS (Figure 10B).
[image: Two network diagrams labeled A and B, depicting complex interconnected nodes. Diagram A shows nodes predominantly in red with extensive branching connections. Diagram B features a combination of red and blue nodes, indicating varied groupings, with denser connectivity and a legend identifying node categories.]FIGURE 10 | (A) TF-Hub genes network, circles are hub genes, and squares are TFs. (B) miRNA-Hub genes network, circles are hub genes, and squares are miRNAs.
3.8 Identification of drug candidates
To investigate gene-drug interactions, 8 validated hub genes were submitted to the DGIdb database, and the results were visualized in Cytoscape (Figure 11). A total of 145 drugs were identified, and the top ten were CGP-37157, OICR-9429, EPZ005687, EPZ011989, HESPERETIN, PROTEIN KINASE A INHIBITOR, JQEZ5, SKLB-03220, EBI-2511, CPI-1205 (Table 3). It is worth noting that zoledronic acid anhydrous and antibiotic are connected with two hub genes.
[image: Network diagram illustrating interconnected nodes. Central red nodes are linked to multiple blue and green nodes, creating several clusters. The layout shows a web-like structure with various branching lines.]FIGURE 11 | Analysis of hub genes on DGibd, a sum of 145 drugs were discovered. Red indicates hub genes, yellow indicates the top ten drugs, green indicates drugs connected with two genes, and blue indicates other potential drugs.
TABLE 3 | The top ten drugs selected by DGIdb according to the score ranking.
[image: Table listing various drugs, their interaction type, interaction score, and target gene. Drugs include CGP-37157 and OICR-9429. Interaction types are mostly inhibitors. Interaction scores range from 2.91 to 26.25. Target genes include CEBPA and EZH2.]4 DISCUSSION
Previous studies have demonstrated an inverse relationship between cardiovascular disease and cancer. The mechanism behind this relationship is not fully understood. Still, it may be associated with circulating microRNAs, extracellular vesicles, cardiac-derived mediators, along with pathways associated with inflammatory responses, clonal hematopoiesis, and oxygen deprivation (Aboumsallem et al., 2020). Several studies have indicated an increased risk of cancer in patients with MI (Hasin et al., 2016; Rinde et al., 2017). Research into the common mechanisms between MI and cancer has gained attention recently (Yuan et al., 2023; Meijers et al., 2018). However, limited studies have explored the shared genetic underpinnings between NSCLC and AMI at the genetic level. Our study has examined the molecular biological roles and common pathways of NSCLC and AMI, offering insights for the development of dual-purpose prevention and therapy strategies.
In this study, we utilized bioinformatics tools to identify 34 common DEGs between an NSCLC dataset and an AMI dataset. GO analysis of these DEGs revealed their association with “response to reactive oxygen species,” “response to oxidative stress,” “RNA polymerase II transcription regulator complex,” “focal adhesion,” “cell-substrate junction,” “RNA polymerase II-specific DNA binding transcription factor binding,” “DNA-binding transcription activator activity, RNA polymerase II-specific.” KEGG analysis revealed that these DEGs were linked to pathways involving “Human T-cell leukemia virus 1 infection,” and “Relaxin signaling pathway.”
We developed a PPI network of DEGs and detected 8 hub genes, namely, CEBPA, TGFBR2, EZH2, JUNB, JUN, FOS, PLAU and COL1A1. In both datasets, EZH2, COL1A1 and PLAU were upregulated, while CEBPA, TGFBR2, JUN, JUNB and FOS were downregulated.
COL1A1 encodes the pro-α1 chain of type I collagen, a fibrillogenic collagen found abundantly in bone, cornea, dermis, and tendon. It has been recognized as a predictive biomarker for LUAD, and its increased expression has been observed in LC tissue samples, consistent with our findings (Dong et al., 2023). EMT and fibroblast-myofibroblast-myofibroblast transition (FMT) are involved in the initiation and progression of cancer (Ribatti et al., 2020), and studies have demonstrated that fibroblasts with high levels of COL1A1 are related to EMT (Wang et al., 2022). This means that highly expressed COL1A1 may participate in the onset and progression of LC by participating in the EMT process. Spontaneous coronary artery dissection (SCAD) constitutes a non-atherosclerotic etiology for AMI (Saw et al., 2017). Studies have linked COL1A1 to the formation of arterial dissection (Zekavat et al., 2022), which may explain the association between AMI and COL1A1. Some studies have also pointed out that type I collagen’s effective deposition is crucial for the healing process after MI (Nong et al., 2011). More research is still needed to elucidate the underlying mechanism.
CEBPA contributes to the development, expansion, metabolic functions, and immune responses (Newman and Keating, 2003). It has been reported to be downregulated in various solid tumors, including liver, breast cancer, and LC (Lourenco and Coffer, 2017), similar to our findings. CEBPα is reported to act as a key factor in preserving the stability of the epithelial cell layer by suppressing the transcription of vital mesenchymal markers, which in turn stops the initiation of tumors driven by the EMT process (Lourenco et al., 2020). Studies have shown that therapeutic upregulation of CEBPA leads to inactivation of immunosuppressive myeloid cells and has effective anti-tumor responses in different tumor models and cancer patients (Hashimoto et al., 2021). Furthermore, some scholars have demonstrated that JAM-A activates CEBPα and induces the transcription of the claudin-5 gene, which plays a key role in maintaining the vascular barrier (Kakogiannos et al., 2020). However, there are a few reports that deviate from this trend (Zhu et al., 2024), and it is reported that CEBPA can promote LOXL2 and LOXL3 transcription and stabilize BCL-2, thereby enhancing the proliferation and metastasis of LC cells in vitro (Fan et al., 2024). In short, the function of CEBPA in the genesis and progression of tumors still needs further confirmation. In cardiac research, studies have revealed that the C/EBP family’s transcription factors (TFs) are activated in the epicardium upon receiving developmental prompts and injury indicators. They collaborate with HOX, MEIS, and Grainyhead TFs to clarify the genomic program directing embryonic gene transcription in the epicardium (Huang et al., 2012). However, the relationship between CEBPA and AMI has not been fully elucidated.
FOS is a member of the FOS gene family. The protein encoded by FOS can form the TF complex AP-1 with the Jun family proteins through the leucine zipper and is vital in signal transduction, cell proliferation, and differentiation (Li et al., 2024). A study has shown that the levels of c-fos and c-jun in tumor tissues of NSCLC cases are lower than those in adjacent normal tissues (Levin et al., 1994). It is reported that FOS is downregulated in cases of heart failure (HF) after MI as well (Hu et al., 2023). Our results similarly found that FOS was downregulated in both diseases. However, some reports show the opposite. As a target for miR-101A, overexpression of FOS can lead to aggravated myocardial fibrosis after MI (Pan et al., 2012), and inhibition of Fos/AP-1 can reduce inflammatory response and cardiac dysfunction (Zhuang et al., 2022). At the same time, miR-29b-3p mitigates cardiac fibrosis following infarction by directly targeting FOS (Xue et al., 2020). Studies have also found that focusing on c-fos may be a supplementary treatment approach to hinder and diminish metastasis in LUAD patients carrying SNP BRMS1v2 A273V/A273V (Liu et al., 2022). Therefore, the association between the FOS gene and the two diseases requires further study.
JUN is a potential oncogene of avian sarcoma virus 17. Dysregulation of the mitogen-activated protein kinase (MAPK) signaling pathway is critical in the progression of LC and several other cancer types (Braicu et al., 2019). The c-Jun N-terminal kinase (JNK) pathway, one of the MAPK pathways, is involved in various cellular functions in tumor development, including proliferation, differentiation, survival, and apoptosis (Johnson and Lapadat, 2002). Mesothelin (MSLN) promotes the level and activation of MET through the JNK signaling pathway, enabling cancer cells to disrupt tight junctions and the integrity of the blood-brain barrier (BBB), thus penetrating the barrier (Xia et al., 2024). Studies have also demonstrated that c-Jun is essential for coordinating the developmental processes of cardiac cells during their early stages (Su et al., 2023). Activation of JNK has been linked to myocardial injury, left ventricular remodeling (LVR), and HF after MI (Plotnikov et al., 2023). In our study, JUN was downregulated in both AMI and NSCLC, which may be related to these mechanisms and thus supporting these findings to a certain extent.
EZH2 is an important catalytic protein and is part of the polycomb repressive complex 2 (PRC2) family. In our study, EZH2 was upregulated in both diseases. Previous studies have demonstrated that EZH2 is elevated in ischemic hearts (Zhao et al., 2021). In the context of MI, inhibition of EZH2-induced cardiac recruitment and enhanced activity of non-classical monocytes accelerates the resolution of inflammation and reduces infarct scar expansion, thereby contributing to decreased cardiac remodeling and dysfunction after MI (Rondeaux et al., 2023). Exosomal miR-25-3p from mesenchymal stem cells reduces MI by inhibiting EZH2 (Peng et al., 2020). EZH2 is a target of SETD1A, which maintains cancer stem cell properties by triggering Wnt/β-catenin pathway activity (Wang R. et al., 2021). It has been proposed that inhibition of EZH2 combined with inhibition of PI3K is a possible combination therapy against LC with PIK3CA alteration or overexpression (Chen et al., 2022). Previous studies have shown that BMSC-exo-miR-30b-5 can regulate the development of NSCLC by targeting EZH2 (Wu et al., 2023).
PLAU is a urokinase plasminogen activator known for its role in cancer invasiveness, positioning it as a central figure in cancer metastasis and related invasion processes, including attachment, movement, and infiltration (Han et al., 2005; Sliva, 2008). Our results showed that PLAU was upregulated in both diseases. PLAU is closely associated with mutations in the tumor suppressor gene TP53, which prevents the occurrence of anoikis (Barta et al., 2020). PLAU has been associated with a wide range of biological and pathological mechanisms, covering chemotaxis, adhesion processes, migration and growth (Chavakis et al., 2002). Overexpression of PLAU positively regulates the growth and colony formation of NSCLC cells (Zheng et al., 2024). Elevated PLAU levels in macrophages accelerate atherosclerosis and blockage of the coronary arteries (Cozen et al., 2004).
TGFBR2, a central component of the TGF-β pathway, is often deleted during carcinogenesis in numerous cancer types, including NSCLC (Wang et al., 2007), and functions as an effective tumor suppressor in NSCLC (Lo Sardo et al., 2021). We found that TGFBR2 was downregulated in NSCLC and AMI. Masaki Ikeuchi et al. revealed that activation of TGF-β provides protective benefits against early ischemic heart damage. However, if its expression persists, the beneficial effects may be compromised, leading to LVR and failure after MI (Ikeuchi et al., 2004). Conversely, a study has demonstrated the potential benefits of targeting TGFBR2 in alleviating MI-like symptoms in vivo and in vitro (Wang X. et al., 2021).
JUNB belongs to the family of activator protein-1 (AP-1) TFs and binds to specific sequences in the cis-regulatory domains of target genes, regulating multiple biological mechanisms encompassing cell division, cell growth, and programmed cell death. It has been reported that JUNB exhibited a substantial decrease in its mRNA and protein levels in cardiac tissues of HF mice (Yan et al., 2018). However, another study demonstrated that during early myocardial ischemia (EMI), JUNB increases in the nuclei of cardiomyocytes in both in vivo models and in human myocardium (Aljakna et al., 2018). The andrographolide can inhibit tumor growth and invasion of NSCLC by upregulating HLJ1, a novel tumor suppressor, through activation of JUNB (Lai et al., 2013). In this study, JUNB was downregulated in both diseases. In conclusion, research on the relationship between JUNB and these two diseases is limited, and more follow-up studies are needed.
GeneMANIA-based PPI analysis indicated that the primary biological functions of the hub genes and their interconnected genes are related to the myeloid dendritic cell activation, response to cadmium ion, dendritic cell differentiation, regulation of DNA binding, RNA polymerase II transcription regulator complex, response to reactive oxygen species and transcription regulator complex. Reactive oxygen species (ROS)-induced cardiomyocyte injury is critical for the pathogenesis of various heart diseases and involves multiple genes, TFs, and oxidation-sensitive signaling pathways (Li et al., 2013). MI and LC are both associated with oxidative stress. The cross-linking of cysteine residues 1,078 and 2,991 is essential for the redox control of the cardiac ryanodine receptor (RyR) (Nikolaienko et al., 2023). NOP56 and mTOR cooperate to maintain homeostasis in response to oxidative stress and significantly enhance cell death in KRAS mutant tumor cells (Yang et al., 2022).
ROC curve analysis was employed to assess the diagnostic efficacy of key genes, revealing their high diagnostic value for both NSCLC and AMI. Among these, EZH2 and TGFBR2 exhibited AUCs greater than 0.9 in both diseases. These findings underscore the significant roles of COL1A1, JUN, EZH2, FOS, PLAU, CEBPA, TGFBR2, and JUNB in the development of NSCLC and AMI. Subsequently, we used validation datasets to verify the diagnostic efficacy of hub genes and COL1A1, PLAU, JUNB, JUN, TGFBR2 as well as EZH2 maintaining high diagnostic efficacy. This further screened out genes with greater diagnostic value.
NetworkAnalyst was used to construct related miRNA-hub networks and TF-hub networks. The five most active miRNAs interacting with hub genes are hsa-mir-101-3p, hsa-mir-124-3p, hsa-mir-29c-3p, hsa-mir-93-5p, and hsa-mir-155-5p. The 6 TFs that predominantly interact with hub genes are SP1, ESR1, CREB1, ETS1, NFKB1, and RELA. These miRNAs and TFs could be correlated with the initiation and progression of NSCLC and AMI.
Previous studies have linked many of these miRNAs to the development of LC and AMI. For instance, miR-101-3p downregulation in cancer-associated fibroblasts (CAFs) increases vascular endothelial growth factor A (VEGFA) secretion, promoting LC metastasis via the Akt/eNOS pathway (Guo et al., 2021). Conversely, overexpression of miR-101a-3p can enhance cardiac function after MI (Li et al., 2019). In NSCLC, miR-124-3p markedly suppresses metastasis via exosomal transport and intracellular PI3K/AKT signaling (Zhu et al., 2023). Inhibition of miR-124-3p may activate the FGF21/CREB/PGC1α pathway, reducing cardiomyocyte apoptosis and improving oxidative stress and inflammatory responses (Wei et al., 2021). miR-29c-3p suppresses the activity of Mitochondrial fission regulator 1 (MTFR1), thereby inhibiting the progression of lung adenocarcinoma via the AMPK/mTOR signaling pathway (Li et al., 2021). miR-93-5p is often overexpressed in NSCLC and acts as an oncogene by inhibiting the tumor suppressor activities of PTEN and RB1 (Yang et al., 2018). The suppression of miR-155-5p rejuvenates senescent mesenchymal stem cells, thereby augmenting their cardioprotective effects post-myocardial infarction (Hong et al., 2020). Also, it can mediate the inhibition of radiotherapy in NSCLC (Zhu et al., 2019). In conclusion, these miRNAs are closely associated with both NSCLC and AMI.
There are also studies proving that predicted TFs are related to NSCLC and AMI. For example, HIF1α-SP1 interaction can promote the development of NSCLC (Wu et al., 2022). KN-93 enhances fatty acid oxidation in MI via the HDAC4-SP1 axis (Zhao et al., 2024). ESR1 expression serves as an independent prognostic indicator in metastatic NSCLC (Atmaca et al., 2014). ESR1 encodes the nuclear receptor ERα, which leads to a reduction in infarct size, inflammatory response, and oxidative stress in animal models (Puzianowska-Kuznicka, 2012). Inactivation of CREB1 may confer cisplatin resistance in metastatic NSCLC (Kim et al., 2019). ETS1 mediates the initiation of gene expression patterns that result from the RAS/MAPK signaling pathway (Plotnik and Hollenhorst, 2017). The rs28362491 ins/del variation of the NFKB1 gene is linked to a higher likelihood of MI and increased severity of coronary artery disease (Luo et al., 2020). MUC3A interacts with RELA to activate the NFκB pathway (Sun et al., 2021). In summary, these TFs could contribute to the onset and progression of the two diseases.
We used DGibd to predict dual-use drugs for AMI and NSCLC. A total of 145 candidate drugs were retrieved, of which the top ten scores were CGP-37157, OICR-9429, EPZ005687, EPZ011989, HESPERETIN, PROTEIN KINASE A INHIBITOR, JQEZ5, SKLB-03220, EBI-2511, and CPI-1205. Notably, zoledronic acid anhydrous and antibiotic target two hub genes. Zoledronic acid anhydrous targets PLAU and COL1A1, which are the two genes with the highest diagnostic value identified in our study. This offers a new perspective on the dual-use treatment of the two diseases. Some studies proved that zoledronic acid anhydrous may affect COL1A1 expression. Specifically, treatment with bisphosphonates, including zoledronic acid anhydrous, inhibits expression levels of the COL1A1 chains of type-I collagen in oral fibroblasts (Ravosa et al., 2011). A study indicates that women who received zoledronic acid treatment experienced fewer vascular events, lower cancer rates, and a tendency towards reduced mortality (Reid et al., 2020). This greatly confirms our view that zoledronic acid can be used in a dual-use treatment strategy for NSCLC and AMI. Zoledronic acid has also been reported to boost the effectiveness of immunotherapy in NSCLC (Zheng et al., 2022). This is a significant finding, as it suggests that zoledronic acid anhydrous could be a valuable adjunct to current immunotherapeutic approaches, potentially improving patient outcomes. Additionally, some antibiotics have been shown to affect COL1A1 expression. The transgenes integrated at the COL1A1 locus have demonstrated strong transgenerational inheritance of epigenetic alterations caused by fetal exposure to doxycycline (Wan et al., 2013), which is a tetracycline antibiotic. Scholars also found that the expression of COL1A1 was significantly reduced in the rabbit model of benign tracheal stenosis treated with penicillin (Enyuan et al., 2018). However, it is reported that antibiotics can decrease the efficacy of immune checkpoint inhibitors in NSCLC treatment (Qiu et al., 2022). Therefore, the role of antibiotics in NSCLC remains to be determined. Evidence also suggests that among the top ten ranked drugs, some possess the potential for application in the treatment of both diseases. Some scholars have discovered that hesperetin regulates the inflammatory response caused by AMI in mouse models (Meng et al., 2018). Protein kinase A (PKA) inhibition enhances susceptibility to ferroptosis in NSCLC cells and could improve the efficacy of ferroptosis inhibitors in the treatment of NSCLC patients (Shan et al., 2023). The effects of these drugs on the two diseases warrant further investigation. Our results provide further ideas for drug therapy of the two diseases.
In summary, we comprehensively analyzed public databases and gene expression microarray data from NSCLC and AMI patients and healthy controls. We identified eight common signature genes (CEBPA, TGFBR2, EZH2, JUNB, JUN, FOS, PLAU, COL1A1) and their co-regulated pathways between NSCLC and AMI. All eight common signature genes have high diagnostic value, among which EZH2 and TGFBR2 perform well. In the validation datasets, COL1A1, PLAU, JUNB, JUN, TGFBR2, and EZH2 retain their high diagnostic effect. Undoubtedly, detecting shared hub genes and pathways in NSCLC and AMI provides new insights into potential therapeutic targets for patients with both diseases and this finding may facilitate the diagnosis of LC-related MI. Among these genes, COL1A1 may be involved in the occurrence and progression of the two diseases by participating in the EMT process and the formation of arterial dissection separately. Meanwhile, the association of PLAU with these two diseases may be related to tumor invasiveness and macrophage activity, respectively. We also constructed miRNA-hub and TF-hub networks, in which five miRNAs and 6 TFs were found to be active in the network. These miRNAs and TFs are implicated in various cellular processes, including cell proliferation, differentiation, apoptosis, and immune responses, which are critical to the development and progression of both NSCLC and AMI. Furthermore, we predicted potential drugs based on common targets and obtained ten candidate drugs, providing more treatment options for related diseases. It is worth emphasizing that zoledronic acid targets two hub genes simultaneously and has shown in past experiments that it can reduce the risk of both cancer and cardiovascular disease. Therefore, our research suggests that zoledronic acid anhydrous may have great therapeutic prospects as a treatment for the comorbidity of lung cancer and myocardial infarction.
However, this study’s limitations involve the need for further experimental validation of the shared hub genes and pathways identified in AMI and NSCLC. There is no specific relationship among the selected datasets. If patients with AMI who also have NSCLC were included as the research subjects, the results might be more representative. Additionally, the diagnosis of NSCLC and AMI should not rely solely on these signature genes and pathways but also needs to consider clinical symptoms and laboratory tests. Also, the availability of extensive and valuable public datasets for AMI and NSCLC is somewhat limited, highlighting the need for additional data in future studies to substantiate our findings.
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Background

Glucose-to-lymphocyte ratio (GLR) plays an important role in the prognosis of various tumors. The aim of this study was to comprehensively evaluate the prognostic value of GLR in solid tumors through the meta-analysis.





Methods

A comprehensive search of eligible studies was performed by scrutinizing the Pubmed, Embase and Web of science databases until May 30, 2024. The pooled hazard ratios (HRs) with 95% confidence intervals (CIs) were calculated to evaluate overall survival (OS), disease-free survival (DFS) and recurrence free survival (RFS).





Results

A total of 22 studies from 14 articles involving 9472 patients were included in the study. The pooled analysis showed that cancer patients with high GLR was significantly associated with unfavorable OS (HR:1.48,95% CI:1.34-1.63) and DFS/RFS (HR:2.20,95% CI:1.66-2.92). Subgroup analysis further showed that high GLR had better predictive value in liver cancer (HR:2.66, 95%CI:1.80-3.93), breast cancer (HR:2.13, 95%CI:1.10-4.13) and pancreatic cancer (HR:1.92, 95%CI:1.30-2.84).





Conclusions

GLR can be used as an effective prognostic marker in patients with solid tumors.





Keywords: glucose-to-lymphocyte ratio, tumor, prognosis, meta-analysis, survival





Introduction

According to the World Health Organization, cancers have become the leading cause of human death (1). In China, colorectal, stomach, esophagus and liver cancers are also commonly diagnosed as the leading causes of cancer deaths (2). Despite tremendous progress in the prevention and treatment of cancer, the incidence and mortality of cancers continue to rise (3). Many cancer patients are diagnosed at advanced stages and miss the best time for treatment. Many effective prognostic markers have been used for cancers, but their clinical application is not satisfactory. Therefore, there is an urgent need to identify new and more effective prognostic markers for cancers.

Inflammatory, immune and nutritional status influence tumor biological behavior (4–6). Multiple immunoinflammatory or nutritional indicators have been used to assess the prognosis of patients with tumors (7–9). However, these indicators only reflect inflammation, immune and nutritional status, and do not embody the body’s metabolic status. Tumor prognosis is not only related to inflammation, immunity and nutritional status, but also closely associated with glucose metabolism (10). Therefore, a new prognostic marker that can indicate both inflammatory immune status and metabolic status is needed.

Glucose-to-lymphocyte ratio(GLR) composed of glucose and lymphocyte as a new prognostic marker, is believed that it can effectively reflect the body’s glucose metabolism and inflammatory immune status (11). GLR was found to play an important role in tumor prognosis. Navarro et al. suggested that preoperative GLR was an independent predictor of overall survival(OS) and disease-free survival (DFS) in gallbladder cancer (12). Yang et al. showed that GLR can independently predict the prognosis of patients with colorectal cancer (13). Yılmaz et al. found that GLR was a new prognostic biomarker in advanced hepatocellular carcinoma (14). Hannarici et al. revealed that GLR was found to be independently prognostic factor for both recurrence free survival (RFS) and OS in metastatic gastric cancer (15). Park et al. reported that elevated preoperative GLR was associated with aggressive tumor characteristics and was an independent predictor of poor OS in patients with pancreatic cancer (16). Ni et al. displayed that high GLR represented adverse prognosis in renal cell carcinoma patients (17). Yang et al. disclosed that GLR was independent prognostic factors for patients with non-small cell lung cancer (18). Zhang et al. proved that GLR had predictive value for the survival of patients with breast cancer (19). Liu et al. demonstrated that elevated preoperative GLR was remarkably associated with poorer prognosis in patients with esophageal cancer and melanoma (20). However, due to the limited number of patients in a single study, the reliability of the conclusions was insufficient. Therefore, we conducted a meta-analysis to synthesize and clarify the applicability of GLR as a prognostic marker in solid tumors.





Material and methods




Search strategy

Articles in electronic databases (Pubmed, Embase and Web of science) were retrieved until May 30, 2024. We used the following keywords: “glucose to lymphocyte ratio” OR “glucose-to-lymphocyte ratio”. Language restriction was not set. The titles, abstracts, full texts, and the possible references were screened to identify qualified studies.





Inclusion and exclusion criteria

Three researchers independently conducted the literature search. The inclusion criteria were as follows: (1) investigated the relationship between GLR and survival outcomes in solid tumors. (2) provided sufficient data to calculate the hazard ratios (HRs) and 95% confidence intervals (CIs). The exclusion criteria were as follows: (1) insufficient data to calculate the 95% CIs and HRs; (2) abstracts, case reports, reviews and letters.





Data extraction and quality assessment

The relevant information was extracted, such as the name of the first author, year of publication, country, cancer type, sample size, treatment methods, analysis types and survival outcomes. We assessed the quality of each study according to the Newcastle–Ottawa Quality Assessment Scale (NOS) (21). The multivariate analysis was preferred because it considered the confounding factors.





Statistical analysis

All data analysis was performed using the STATA version 12.0 software (Stata Corporation, College Station, TX, USA). HRs and their corresponding 95% CIs were used to analyze the pooled data. A fixed effects model was used when I (2) was <50%. A random effects model was used when I (2) was >50% (22). The subgroup analysis was performed to further explore the prognostic value of GLR in solid tumors. Meta-regression was used to explore the sources of heterogeneity. Sensitivity analysis was used to test the stability of the results. Begg’s test, Egger’s test and trim-and-fill method were used to assess publication bias (23, 24). P<0.05 denoted statistical significance.






Results




Search results

Through a systematic literature search, we primarily identified a total of 80 articles. After removal of 62 duplicate publications, 18 articles remained. We further excluded 4 articles by browsing the titles and abstracts. Finally, we identified 22 studies from 14 articles published between 2019 and 2024 (9, 12–20, 25–28). The flow diagram of the literature search was shown in Figure 1.

[image: Flowchart depicting a research study selection process. Starting with 80 records identified from databases, 62 remain after duplicate removal. After screening titles and abstracts, 18 records stay with 3 excluded. 15 records are assessed for eligibility; 1 is excluded, leaving 14 for qualitative synthesis. Ultimately, 22 studies are included in the quantitative synthesis (meta-analysis).]
Figure 1 | Flow diagram of the literature search.





Study characteristics

The total number of patients in the included articles was 9472 (range: 110–1772 patients).18 studies were produced in China, 2 study were conducted in Korea and 2 study were from Turkey. 22 studies reported overall survival data, 1 study displayed disease-free survival data, and 3 studies covered recurrence free survival data. 10 different tumors were included, such as gastric cancer, gallbladder cancer, renal cancer, lung cancer, colorectal cancer, liver cancer, breast cancer, pancreatic cancer, esophageal cancer and melanoma. The NOS scores of the included studies ranged from 6 to 8 (mean: 6.5). The basic information was shown in (Table 1).

Table 1 | Basic information of the included articles.


[image: A table listing various studies on cancer types across different countries and years. Columns include study name, year, country, design, cancer type, sample size, analysis type, survival analysis, treatment methods, and NOS score. Data is from Turkey, Korea, and China with sample sizes ranging from 110 to 1772 and NOS scores between 6 and 8. Treatment methods involve surgery and non-surgery, and all analyses are multivariate.]




Association between high GLR and OS

22 studies from 14 articles explored the association between GLR and prognosis using OS. We used a random effects model to calculate the pooled HRs due to moderate heterogeneity (I2 = 86.3%). The results of the meta-analysis revealed that high GLR was significantly related to poor OS (HR:1.48,95% CI:1.34-1.63) (Figure 2).



[image: Forest plot illustrating hazard ratios (HR) with 95% confidence intervals (CI) for multiple studies on a timeline from 2019 to 2024. Each study is represented by a square, with the size proportional to its weight in the analysis. The overall HR is 1.48 with a 95% CI from 1.34 to 1.63, and an I-squared statistic of 86.3%, indicating heterogeneity. The HRs range from 1.05 to 15.25, with weights varying from 0.23% to 10.12%. Note indicates weights are from random effects analysis.]
Figure 2 | Forest plot assessing the relationship between GLR and OS.





Subgroup analysis and meta-regression for OS

We further conducted subgroup analysis based on cancer type, sample size, treatment method and country. The results were shown in (Table 2). We found that high GLR was an unfavorable prognostic marker in liver cancer (HR:2.66, 95%CI:1.80-3.93), breast cancer (HR:2.13, 95%CI:1.10-4.13) and pancreatic cancer (HR:1.92, 95%CI:1.30-2.84). Moreover, we also found that high GLR was associated with poor OS for the China group (HR: 1.37; 95% CI:1.25–1.51) and Turkey group (HR:2.18; 95% CI: 1.50–3.19). Regardless of the surgical or non-surgical group, high GLR indicated adverse prognosis. Meta-regression showed that sample size was the main source of heterogeneity.

Table 2 | Subgroup analysis for OS.


[image: A table presents a meta-analysis of factors affecting cancer studies. It includes columns for factors, number of studies, hazard ratio with confidence interval, p-value, heterogeneity (I² and p-value), and meta-regression (Tau², adjusted R², and p-value). The factors analyzed are country, treatment method, sample size, and cancer type, with specific data for each factor such as China, Korea, Turkey, non-surgery, surgery, and various cancer types like gastric, renal, and liver cancer. The table highlights heterogeneity and statistical significance across these categories.]




Association between high GLR and DFS/PFS

4 studies involving 616 patients documented the association between high GLR and prognosis using DFS/PFS. A fixed-effect model was used because of the obvious heterogeneity (I2 = 12.1%). The results showed that high GLR was correlated with adverse DFS/PFS (HR:2.20,95% CI:1.66-2.92) (Figure 3).

[image: Forest plot illustrating four studies analyzing hazard ratios (HR) with 95% confidence intervals (CI). Studies conducted by Hannarici (2023), Navarro (2019), Yılmaz (2021, 2022) are shown, with corresponding weights and HR values. The overall effect size is indicated at 2.20 HR with a confidence interval from 1.66 to 2.92. Heterogeneity is low with I-squared value of twelve point one percent, p equals zero point three three two.]
Figure 3 | Forest plot accessing the relationship between GLR and DFS/PFS.





Sensitivity analysis

Sensitivity analysis was implemented by removing one study. The results were consistent with the comprehensive analysis, confirming that the outcomes of the combined OS and DFS/PFS were stable (Figures 4A, B).

[image: Forest plots comparing meta-analysis results. Panel A shows random-effects estimates for studies from 2022 to 2024, with confidence intervals varying around a central estimate. Panel B shows fixed-effects estimates for selected studies, with wider intervals between 1.37 and 4.03.]
Figure 4 | Sensitivity analysis. (A) sensitivity analysis for OS. (B) sensitivity analysis for DFS/PFS.





Publication bias

Begg’s test and Egger’s test were used to evaluate the publication bias. P value of Begg’s test and Egger’s test for OS was 0.028 and 0.01 (Figure 5A), respectively. There was a degree of publication bias. However, we found that the comprehensive results were not affected through the trim-and-fill method (HR:1.258,95%CI:1.140-1.388) (Figure 5B). P values of Begg’s and Egger’s tests for DFS/PFS were 0.734 and 0.411, respectively (Figure 5C). P was more than 0.05 and no significant bias was observed.

[image: Panel A shows Begg's funnel plot with pseudo 95% confidence limits, plotting log hazard ratio against its standard error. Panel B is a filled funnel plot with pseudo 95% confidence limits, showing filled theta against its standard error. Panel C presents another Begg's funnel plot with pseudo 95% confidence limits, plotting log hazard ratio against its standard error. Each plot displays scattered data points within funnel-shaped confidence limits.]
Figure 5 | Publication bias. (A) publication bias for OS. (B) trim-and-fill method for OS. (C) publication bias for DFS/PFS.






Discussion

To our knowledge, this study was the first meta-analysis to comprehensively assess the prognostic value of GLR in solid tumors. Our results suggested that high GLR was significantly associated with unfavorable OS and DFS/PFS in solid tumors. Subgroup analysis further showed that high GLR had better predictive value in liver cancer, breast cancer and pancreatic cancer.

GLR was firstly established as an effective prognostic indicator for gallbladder cancer (12). Subsequently, its prognostic value was confirmed in other cancers. In non-neoplastic diseases such as acute pancreatitis, myocardial infarction and acute respiratory distress syndrome, GLR also was shown to play an important role (29–31). Blood glucose was thought to be involved in the development of inflammation (32). The disturbance of glucose metabolism or hyperglycemia was found to promote the proliferation of tumor cells and increase the risk of death in patients (33). As one of immune cells, lymphocyte played a vital role in anti-tumor immune defense. Lymphocytopenia in tumor patients predicted poor prognosis (34). By combining blood glucose level and lymphocytes, GLR overcame the limitations of using blood glucose level or lymphocytes alone, and can more effectively reflect the metabolic, inflammatory and immune status of tumor patients.

GLR had significant advantages in predicting the prognosis of tumor patients by evaluating the metabolic, inflammatory and immune status of tumor patients. However, the specific mechanism that GLR affected the prognosis of tumor patients remained unclear. We tried to explain the phenomenon by the composition of GLR.

Blood glucose is an important component of human plasma, and is a good indicator of the body’s metabolic and endocrine functions. The survival of cancer cells is dependent on glucose. Hyperglycemia can promote the proliferation, invasion and migration of tumor cells, and enhance drug resistance of tumor cells (35). Hyperglycemia is conducive to the metabolic adaptation of tumor microenvironment and the maintenance of local immunosuppression (36). Hyperglycemia accelerates cancer progression by increasing reactive oxygen species levels (37). Elevated blood glucose levels produce many free radicals, leading to inflammation and metabolic disorders (38). Inflammation can accelerate cancer progression and lead to adverse survival (39). Evidence suggests that high blood glucose levels are associated with poor survival outcomes in a variety of tumors (40).

Lymphocyte as the important part of immune system plays an indispensable role in anti-tumor immune defense. Lymphocytes can inhibit tumor progression by directly inhibiting tumor cell proliferation (41). In addition, lymphocytes can activate cell-mediated immune responses and stimulate cytokines to promote tumor lysis (42). The data shows that T cells are more effective in suppressing anti-tumor immune response under hypoglycemic conditions (43). Accumulating evidences suggest that lymphocytes can reflect the nutritional status of patients (44). Studies have shown that high lymphocyte levels in the blood benefit the prognosis of patients with tumors, while lymphocytopenia may predict poorer survival outcomes (45, 46).

A high GLR indicated high glucose levels and a low lymphocyte count. The high GLR reflected more obvious the inflammation of tumor patients and the worse immune function of tumor patients. Therefore, it was not difficult to understand that high GLR was associated with a poor prognosis in patients with solid tumors.

There were some limitations in the study. Firstly, all articles had small sample sizes. Secondly, the included articles were retrospective studies. Thirdly, all studies included in the meta-analysis were conducted in Asia. More studies from other regions were warranted. Fourthly, publication bias for OS existed in the study. Finally, due to the lack of data, we were unable to assess the relationship between GLR and some pathological features.

Although there were some defects, the study also had some strengths. Firstly, we firstly demonstrated the prognostic value of GLR in solid tumors by meta-analysis. Secondly, the combined results were stable through sensitivity analysis. Thirdly, the trim-and-fill method found that the results for OS were unaffected by the publication bias. Finally, as a convenient serum marker, GLR can dynamically monitor the prognosis and therapeutic effect of patients with solid tumors.

In conclusions, we demonstrated that high GLR was associated with unfavorable survival outcome in solid tumors. GLR can serve as an effective prognostic indicator for patients with solid tumors, especially for liver, breast and pancreatic cancers. It can help doctors better identify high-risk patients so they can treat them more effectively. However, due to the shortcomings, more prospective studies were needed to confirm our findings.
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Background

Lung cancer has become the malignant tumor with the highest morbidity and mortality in the world. This study aims to analyze the burden of lung cancer and risk factors associated with lung cancer in the BRICS from 1990-2021 and to project the burden of lung cancer in the BRICS from 2021-2035.





Methods

The Global Burden of Disease (GBD) 2021 database was searched to collect the incidence, prevalence, mortality, disability-adjusted life years (DALYs), and risk factors of lung cancer in the BRICS. Trends in lung cancer burden from 1990-2021 were analyzed using Joinpoint 4.9.1.0, and Bayesian age-period-cohort (BAPC) analyses were performed using R4.4.1 to project the disease burden of lung cancer from 2021-2035.





Results

AAPC(average annual percentage change) and EAPC(estimated average percentage change) of ASIR(age-standardized incidence), ASPR(age-standardized prevalence), ASMR(age-standardized mortality), and ASDR(age-standardized disability-adjusted life year) for lung cancer in Brazil, Russia, and Ethiopia 1990-2021 were less than 0. Egypt’s AAPC and EAPC for ASIR, ASPR, ASMR, and ASDR were all greater than 0 for 1990-2021, and China’s ASIR, ASPR, ASMR, and ASDR were all at the top of the BRICS in 2021. According to BAPC projection Brazil, Iran, Russia, and South Africa will have a decreasing trend in ASIR, ASPR, ASMR, and ASDR from 2021-2035. Egypt will have an increasing trend in ASIR, ASPR, ASMR, and ASDR from 2021-2035. With the exception of Ethiopia, the top tier level 1 and level 2 risk factors in the rest of the BRICS were behavioral factors and smoking factors, respectively.





Conclusion

The BRICS still have a heavy burden of lung cancer, and there are significant differences in the burden of lung cancer among the BRICS. At the same time, many BRICS lung cancer prevention and control measures are worth learning from other developing countries.





Keywords: lung cancer, GBD database, burden of disease, risk factors, BRICS




1 Introduction

Lung cancer, also known as primary bronchopulmonary cancer, refers to malignant tumors originating from the bronchial mucosa or glands that originate in the lungs (1). According to the global cancer statistics report released by the World Health Organization (WHO), in 2022, there were 2.5 million new cases of lung cancer globally, accounting for about one-eighth of all new malignant tumors, and 1.82 million deaths, accounting for about one-fifth of all malignant tumor deaths. Lung cancer has become the malignant tumor with the highest global morbidity and mortality and is the leading cause of cancer morbidity and mortality in men and the 2nd leading cause of cancer morbidity and mortality in females worldwide (1).

BRICS is an international cooperation organization comprising emerging markets and developing countries that aims to promote economic, political, and social cooperation among member countries and to advance the reform of the global governance system. BRICS initially consisted of five countries, Brazil, Russia, India, China, and South Africa. On January 1, 2024, with Saudi Arabia, Egypt, the United Arab Emirates, Iran, and Ethiopia becoming full members of BRICS, the number of BRICS member countries increased from five to ten, and BRICS achieved a historic expansion. Data show that after the expansion of the BRICS accounted for nearly half of the world’s population, nearly 30% of the world’s total economic output, and nearly 40% of the world’s total industrial value (2). The BRICS are facing many problems such as population aging, environmental pollution, imbalance of health resources, high smoking rates, and industrial pollution along with rapid economic and social development, which may lead to an increase in the incidence, prevalence, mortality, and DALYs of lung cancer. Therefore, an in-depth understanding of the burden of lung cancer and the main risk factors behind it in the BRICS, which can be used to optimize public health policies, rationalize the allocation of health resources, and evaluate the effectiveness of interventions, is of great significance in reducing the burden of lung cancer and improving public health.

GBD database covers the incidence rate, morbidity, mortality, and DALYs of lung cancer (3). Therefore, this study quantifies the overall burden of lung cancer in the BRICS based on the GBD database, provides focus and direction for lung cancer prevention and treatment in the relevant countries, and provides data support for health policy decision-makers to accurately and efficiently allocate healthcare resources, identify high-risk populations, and formulate prevention strategies.




2 Materials and methods



2.1 Data sources

The data of this study were based on the GBD 2021 database published by the Institute for Health Metrics and Evaluation at the University of Washington in the United States of America (4).




2.2 Research method

In this study, “tracheal, bronchial and lung cancers” (International Classification of Diseases (ICD) 10 codes: C33-C34.9, D02.1-D02.3, D14.2-D14.3, and D38.1) were selected as the classification criteria for lung cancer. ASIR, ASPR, ASMR, ASDR, and 95% uncertainty intervals (95% UI) for the BRICS(Brazil, Russia, India, China, South Africa, Saudi Arabia, Egypt, UAE, Iran, and Ethiopia) for the years 1990-2021 were extracted from the GBD database (5). And calculate the AAPC, EAPC, and 95% UI of the ASIR, ASPR, ASMR, and ASDR of the BRICS from 1990 to 2021. Simultaneously using BAPC to predict the ASIR, ASPR, ASMR, and ASDR of lung cancer from 2021 to 2035. The GBD2021 database categorizes disease risk factors at four levels, with level 1 covering three major categories of risk factors, including environmental/occupational risks, behavior risks, and metabolic risks, and the subsequent levels continue to be subdivided on this basis (6). In this study, we calculated the proportion of lung cancer deaths attributable to the corresponding risk factors to the total number of lung cancer deaths, the proportion of lung cancer DALYs attributable to the corresponding risk factors to the total lung cancer DALYs, and the change of both from 1990 to 2021, respectively.




2.3 Statistical methods

Use Excel 2023 and the tidyverse and reshape2 packages in R 4.4.1 for data organization. The joinpoint regression model is a collection of linear statistical models that were used to evaluate the trends in disease burdens attributable to lung cancer across time. This model’s calculating approach is to estimate the changing rule of illness rates using the least square method, avoiding the non-objectivity of typical trend analyses based on linear trends (7). In this study, Joinpoint 4.9.1.0 was used for AAPC analysis to describe the overall trend of disease burden. The EAPC value is calculated by a linear regression model and is widely used in the field of public health. Its role is to summarize the age-standardized rate trend in a specific time interval (8). This study used the GBDR package in R 4.4.1 for EAPC analysis.The BAPC model is based on the age period cohort analysis (APC) model. However, there is a linear relationship between the three factors in the APC model, which makes parameter estimation difficult. Therefore, a Bayesian model is added on the basis of the APC model. Bayesian model can estimate the prior information of unknown parameters and sample information to obtain the posterior distribution and infer the unknown parameters according to the posterior distribution. The model estimates the posterior edge distribution directly using the integrated nested Laplace approximation (INLA) algorithm. Because the expected effects of time adjacency may be similar, the second-order random walk (RW2) model is used to study the influence of age, period, and cohort, and estimate the number of cases, age-specific incidence, and standardized incidence (9). The BAPC package and INLA package in r.4.4.1 were used for BAPC analysis in this study (10).





3 Result



3.1 Burden of disease

The country with the highest lung cancer incidence among the BRICS in 2021 was China, with an ASIR of 44.0/100,000 (95% UI: 35.45, 53.35), which ranked 7th out of 204 countries and territories in the world in terms of ASIR, and the lowest was India, with an ASIR of 5.99 per 100,000 (95% UI: 4.92, 6.92), as shown in Figure 1. The ASIR for lung cancer in China, Egypt, India, and South Africa all showed an increasing trend (EAPC>0) compared to 1990. The largest increase was in Egypt, with an EAPC of 3.99 (95% CI: 3.42, 4.56), as shown in Figure 2, Table 1. The ASIR for lung cancer in the rest of the BRICS except China in 2021 was below the global average of 26.43/100,000 (95% UI: 23.90, 29.07).

[image: Four world maps labeled A, B, C, and D exhibit different metrics with color gradients. Map A shows incidence rates, with reds indicating higher values. Map B displays prevalence with darker reds showing higher rates. Map C presents death rates, with darker shades representing more deaths. Map D illustrates Disability-Adjusted Life Years (DALYs), with deeper colors signifying higher values. Each map uses a consistent color scale ranging from blue for lower values to dark red for higher values.]
Figure 1 | Burden of disease for lung cancer in 204 countries and territories in 2021. (A) ASIR; (B) ASPR; (C) ASMR; (D) ASDR.

[image: Line graphs show the incidence rates from 1990 to 2020 for several countries: Brazil, China, Egypt, Ethiopia, India, Iran, Russia, Saudi Arabia, South Africa, and the United Arab Emirates. Each graph displays trends for both genders combined, as well as males and females separately, indicated by different line styles and colors. There are noticeable variances in trends across countries and genders over the years.]
Figure 2 | Time trend of ASIR in lung cancer in BRICS from 1990 to 2021. The blue line and its surrounding area represent the projection curves and uncertainty intervals for males; The green line and its surrounding area represent the projection curves and uncertainty intervals for females; The red line and its surrounding area represent the projection curves and uncertainty intervals for both sexes in total.

Table 1 | ASIR and tends of lung cancer in BRICS.


[image: Table comparing age-standardized incidence per 100,000 population in 1990 and 2021 across various countries. It includes Brazil, China, Egypt, Ethiopia, India, Iran, Russia, Saudi Arabia, South Africa, United Arab Emirates, and Global averages. Columns detail the Effective Annual Percentage Change (EAPC) and Average Annual Percentage Change (AAPC) with 95% confidence intervals. Brazil shows a decrease, while China, Egypt, and India show increases from 1990 to 2021.]
The highest lung cancer prevalence in BRICS in 2021 was in China, with an ASPR of 57.95/100,000 (95% UI: 46.20, 70.78), which ranked 18th out of 204 countries and territories in terms of lung cancer ASPR, and the lowest was in India, with an ASPR of 6.32/100,000 (95% UI: 5.19, 7.30), as shown in Figure 1B. The ASPR of lung cancer in China, Egypt, India, and Iran showed an increasing trend (EAPC>0) compared with 1990. The largest increase was in Egypt, with an EAPC of 3.68 (95% CI: 3.17, 4.19), as shown in Figure 3, Table 2. The ASPR for lung cancer in 2021 in all BRICS except China was below the global average of 37.28/100,000 (95% UI: 33.76, 40.77).

[image: Line graphs showing prevalence trends for both sexes, male, and female from 1990 to 2020 in ten countries: Brazil, China, Egypt, Ethiopia, India, Iran, Russia, Saudi Arabia, South Africa, and UAE. Each graph features shaded and dashed lines representing the trends for different groups.]
Figure 3 | Time trend of ASPR in lung cancer in BRICS from 1990 to 2021. The blue line and its surrounding area represent the projection curves and uncertainty intervals for males; The green line and its surrounding area represent the projection curves and uncertainty intervals for females; The red line and its its surrounding area represent the projection curves and uncertainty intervals for both sexes in total.

Table 2 | ASPR and trends of lung cancer in BRICS.


[image: Table showing age-standardized prevalence per 100,000 population in 1990 and 2021 for various countries, along with EAPC and AAPC values. Key observations include significant changes in China, Egypt, and the Russian Federation, with different trends in each country's prevalence rates and related metrics over the years.]
The highest lung cancer mortality in BRICS in 2021 was in China with an ASMR of 38.98/100,000 (95% UI: 31.40, 47.06), which ranked 9th out of 204 countries and territories, and the lowest was in India with an ASMR of 6.23/100,000 (95% UI: 5.12, 7.19), as shown in Figure 1C. The ASMR of lung cancer in China, Egypt, India, and Iran showed an increasing trend (EAPC>0) compared with 1990. The largest increase was in Egypt, with an EAPC of 4.09 (95% CI: 3.51, 4.68), as shown in Figure 4, Table 3. The ASMR for lung cancer in the rest of the BRICS except China in 2021 was below the global average of 23.50/100,000 (95% UI: 21.22, 25.85).

[image: Line graphs displaying death rates from 1990 to 2020 across ten countries: Brazil, China, Egypt, Ethiopia, India, Iran, Russia, Saudi Arabia, South Africa, and the United Arab Emirates. Each graph shows trends for males, females, and both sexes combined using dashed and solid lines with gender-specific colors.]
Figure 4 | Time trend of ASMR in lung cancer in BRICS from 1990 to 2021. The blue line and its surrounding area represent the projection curves and confidence intervals for males; The green line and its surrounding area represent the projection curves and uncertainty intervals for females; The red line and its surrounding area represent the projection curves and uncertainty intervals for both sexes in total.

Table 3 | ASMR and trends in lung cancer in BRICS.


[image: Table comparing age-standardized rates per 100,000 for 1990 and 2021 across various countries, including Brazil, China, Egypt, Ethiopia, India, Iran, Russia, Saudi Arabia, South Africa, and UAE. Columns show the rate with confidence intervals, EAPC and AAPC with their confidence intervals. Data highlights changes in health metrics over time per country. Global data is included, showing an age-standardized rate decline from 27.58 in 1990 to 23.50 in 2021.]
The highest lung cancer DALYs in BRICS in 2021 was in China with an ASDR of 878.24/100,000 (95% UI: 703.53, 1068.71), which ranked 12th out of 204 countries and territories, and the lowest was in Saudi Arabia with an ASDR of 158.31/100,000 (95% UI: 124.44, 199.60), as shown in Figure 1D. Compared with 1990, Egypt and India ASDR showed an increasing trend (EAPC>0). The largest increase was in Egypt with an EAPC of 6.22 (95% UI:5.98, 6.46), as shown in Figure 5, Table 4. In 2021 The ASMR for lung cancer in the rest of the BRICS except China in 2021 was below the global average of 533.00/100,000 (480.13, 586.36).

[image: Line graphs depict Disability-Adjusted Life Years (DALYs) from 1990 to 2020 for several countries: Brazil, China, Egypt, Ethiopia, India, Iran, Russia, Saudi Arabia, South Africa, and the United Arab Emirates. Each graph presents data differentiated by sex with lines for both sexes, male, and female, showing trends over time.]
Figure 5 | Time trend of ASDR in lung cancer in BRICS from 1990 to 2021. The blue line and its surrounding area represent the projection curves and confidence intervals for males; The green line and its surrounding area represent the projection curves and uncertainty intervals for females; The red line and its surrounding area represent the projection curves and uncertainty intervals for both sexes in total.

Table 4 | ASDR and trends in lung cancer in BRICS.


[image: Table comparing age-standardized DALYs per 100,000 population in 1990 and 2021 across various countries. It includes EAPC and AAPC with confidence intervals. Notable changes include decreases in Russia and UAE and increases in Egypt. Global rates also show a decrease.]
In terms of gender, ASIR, ASPR, ASMR, and ASDR for lung cancer were higher in males than females in all BRICS except UAE, where ASIR, ASPR, ASMR, and ASDR for lung cancer were higher in female than male lung cancer patients after 2014.




3.2 Risk factors

The different levels of lung cancer risk factors obtained in this study are as follows: Level 1 includes metabolic, environmental/occupational, and behavioral risks; level 2 includes tobacco (cigarette smoking, secondhand smoke), dietary risks (low-fruit diet), air pollution (ambient particulate matter pollution, indoor air pollution due to solid fuels), other environmental risks (indoor radon contamination), occupational risks (occupational exposure to asbestos, chromium, arsenic, beryllium, nickel, cadmium, diesel engine exhaust, polycyclic aromatic hydrocarbons, and silica), and high fasting blood glucose levels.

In 2021, among the level 1 risk factors, the ratio of lung cancer deaths attributable to behavioral risks to all lung cancer deaths was highest in all BRICS except Ethiopia, and the ratio of DALYs attributable to behavioral risks to total DALYs was highest in all BRICS except Ethiopia. In 2021, the number of lung cancer deaths attributed to behavioral risks in Russia accounted for 67.77% (95% CI: 63.46, 71.94) of all lung cancer deaths in the country, making it the country with the highest proportion of behavioral risks among BRICS. In 2021, the number of lung cancer deaths attributed to environmental/occupational risks in Ethiopia accounted for 47.88% (95% CI: 35.06, 59.27) of all lung cancer deaths in the country, making it the country with the highest proportion of environmental/occupational risks among BRICS, as shown in Figure 6A. DALYs attributable to behavioral risks accounted for 70.47% (95% CI:66.39, 74.63) of total DALYs in 2021 in Russia, the highest percentage of behavioral risks among BRICS. DALYs attributable to environmental/occupational risks accounted for 47.25% (95% CI: 38.92, 55.27) of total DALYs in Ethiopia in 2021, the highest proportion of environmental/occupational risks among BRICS, as shown in Figure 6B.

[image: Graphs illustrate the proportions of deaths (panel A) and disability-adjusted life years (DALYs) (panel B) attributable to behavioral, environmental/occupational, and metabolic risks in various countries from 1990 to 2019. Countries include Brazil, China, Egypt, Ethiopia, India, Iran, Russia, Saudi Arabia, South Africa, and the United Arab Emirates. Behavioral risks generally show a declining trend, while environmental/occupational and metabolic risks appear stable or slightly decreasing, with variations among countries.]
Figure 6 | Time trend of the proportion of level 1 risk factors for lung cancer in BRICS from 1990 to 2021. (A) Proportion of deaths; (B) Proportion of DALYs.

In 2021, among the level 2 risk factors, all BRICS except Ethiopia had the highest proportion of lung cancer deaths attributable to the risk of smoking as a percentage of all lung cancer deaths, and all BRICS except Ethiopia had the highest proportion of DALYs attributable to the risk of smoking as a percentage of total DALYs. The number of lung cancer deaths attributable to the risk of smoking accounted for 66.54% (95% CI: 62.20, 70.97) of all lung cancer deaths in Russia in 2021, making it the BRICS with the highest proportion of smoking risk. In 2021, the number of lung cancer deaths attributed to air pollution in Ethiopia accounted for 41.23% (95% CI: 28.30, 52.80) of all lung cancer deaths, making it the country with the highest proportion of air pollution risk among BRICS, as shown in Figure 7A. In 2021, DALYs attributed to smoking risks accounted for 69.34% (95% CI: 65.11, 73.55) of the total DALYs in Russia, making it the country with the highest proportion of smoking risks among BRICS. In 2021, DALYs attributed to air pollution accounted for 41.06% (95% CI: 28.16, 52.61) of the total DALYs in Ethiopia, making it the country with the highest proportion of air pollution risks among BRICS, as shown in Figure 7B.

[image: Two sets of line graphs (A and B) compare the proportion of deaths and disability-adjusted life years attributable to risk factors from 1990 to 2019 across nine countries: Brazil, China, Egypt, Ethiopia, India, Iran, Russia, Saudi Arabia, South Africa, and UAE. Risk factors include air pollution, dietary risks, high fasting plasma glucose, occupational risks, other environmental risks, and tobacco, each represented by distinct colored lines. The graphs illustrate trends over time for each country, highlighting variations in contributions to deaths and DALYs across different risk factors.]
Figure 7 | Time trend of the proportion of level 1 risk factors for lung cancer in BRICS from 1990 to 2021. (A) Proportion of deaths; (B) Proportions of DALYs.




3.3 Projection of disease burden trends

According to BAPC projection Brazil, Iran, Russia, and South Africa will have a decreasing trend in ASIR, ASPR, ASMR, and ASDR from 2021-2035. Egypt will have an increasing trend in ASIR, ASPR, ASMR, and ASDR from 2021-2035. By 2035, China’s lung cancer ASIR [50.96/100,000 (95% UI:28.90, 73.02)], ASPR [63.61/100,000 (95% UI:56.55, 70.68)], ASMR [36.53/100,000 (95% UI:32.38, 40.69)] and ASDR [916.28/100,000 (95% UI:500.19, 1332.37)] will be the highest in the BRICS. China’s lung cancer ASIR, ASPR, and ASDR will be in an upward trend during 2021-2035, but China’s lung cancer ASMR will be in an upward trend during 2021-2032 and then in a downward trend during 2022-2035, as shown in Figure 8A. By 2035, Ethiopia’s lung cancer ASIR [4.87/100000 (95% UI: 3.70, 6.04)], ASPR [4.89/100000 (95% UI: 3.77, 6.01)], ASMR [5.27/100000 (95% UI: 4.02, 6.53)], and ASDR [132.4/100000 (95% UI: 105.13159.66)] will all be the lowest among BRICS, as shown in Figure 8B.

[image: Two sets of line graphs, labeled A and B, show trends over time from 1990 to 2030 for ASIR, ASMR, ASPR, and ASDR. Graphs have dotted lines dividing historical and projected data, with shaded areas indicating uncertainty. Graph A shows increasing trends in ASIR and ASPR, mild fluctuations in ASMR, and a sharp decline in ASDR. Graph B exhibits declining trends in ASIR, ASMR, and ASPR, with a decrease in ASDR. Each graph includes axes for period and age-standardized rates per 100,000.]
Figure 8 | Projection of lung cancer ASIR, ASMR, ASMR, and ASDR trends in BRICS from 2021 to 2035. The blue area represents 95% UI. (A) China; (B) Ethiopia.





4 Discussion

As an emerging global multilateral cooperation mechanism and the most rapidly developing economic cooperation organization today, BRICS has gradually become an important force in global governance, but due to factors such as the continuous advancement of population aging, the frequent occurrence of epidemics, the problem of accessibility to medicines, the acceleration of the urbanization process, the changes in lifestyle brought about by economic development, and the relatively weak public health capacity building in developing countries, BRICS are also facing common public health security challenges (11, 12). In 2021, BRICS accounted for approximately 50.16%, 45.69%, 49.72%, and 51.83% of global lung cancer deaths, prevalence, incidence, and DALYs, respectively. There are also large differences in the burden of lung cancer, predicted trends, and risk factors among BRICS.

Brazil is the largest and most populous country in Latin America, and the largest emerging economy in Latin America. The AAPC and EAPC of ASIR, ASPR, ASMR, and ASDR of lung cancer in Brazil were all less than 0 in 1990-2021, and according to the BAPC projection, from 2021 to 2035, ASIR, ASPR, ASMR, and ASDR will all be in a decreasing trend. This may be related to the smoking ban and environmental protection measures in Brazil. Since 1990, the Brazilian government has formulated a number of powerful anti-smoking measures, such as banning smoking in public places, raising the tax rate of tobacco products, and setting health warning labels on cigarette packages (13). In 2006, the smoking population in Brazil accounted for 15,7% of the national population, while by 2018, the smoking population accounted for only 9,3% of the national population, a decrease of nearly 40% (14). In terms of environmental governance, Brazil’s Air Pollution Control Program for Motor Vehicles was established in 1987 to reduce vehicle air pollution. Brazil also established a National Programme for Control of Air Quality in 1989 which established strategies for setting national standards for air quality and emissions at source (15). Although the burden of lung cancer in Brazilian males was in a decreasing trend between 1990 and 2021, the ASIR, ASPR, ASMR, and ASDR of lung cancer in Brazilian females were in an increasing trend between 1990 and 2021. Although there were fewer female smokers compared to males, the reduction in the number of smokers in females was also lower compared to males (16). According to the findings, females are 31% less likely to quit smoking than men, and the percentage of females who succeed in quitting smoking is also lower compared to men (17). Moreover, the type of lung cancer with high incidence in females is lung adenocarcinoma, and the type of lung cancer with high incidence in males is lung squamous cell carcinoma. Compared with lung squamous cell carcinoma, the relationship between lung adenocarcinoma and smoking is relatively low. Therefore, after the decline in the proportion of smokers, the decline in the burden of lung cancer in women is less significant than that in men (18). Based on the above, the Brazilian government should pay more attention to females’ lung cancer burden in the future of lung cancer prevention and control.

China is one of the permanent members of the United Nations Security Council, the third largest country in the world in terms of land area and the second largest economy in the world. In 2022, the number of female lung cancer cases accounted for 17.5% of female malignant tumors in China, surpassing that of breast cancer (15.6%), and in China lung cancer ranked first in terms of morbidity and mortality among malignant tumors for both males and females (19, 20). China’s ASIR, ASPR, ASMR, and ASDR of lung cancer were the first in BRICS, and the AAPC and EAPC of China’s lung cancer ASIR, ASPR, and ASMR were greater than 0 from 1990 to 2021, the EAPC95% UI of ASDR passed through 0, and the AAPC of ASDR was greater than 0. The projection of BAPC showed that from 2021-2035 China’s lung cancer ASIR, ASPR, and ASDR will be in an upward trend. Studies have shown that the prevalence of smoking among Chinese males is as high as 60% (21), and the prevalence of smoking among Chinese females and adolescents is rapidly increasing (22). The willingness of Chinese smokers to quit is low, only 16.1% of smokers plan to or consider quitting (21). Meanwhile, with the rapid development of industrialization and transportation in China, especially the extensive use of coal and petroleum, several hazardous substances have been emitted into the atmosphere, exacerbating the high lung cancer disease burden in China (23). Previous studies have shown that there is a dose-response relationship between lung cancer risk and exposure to cooking fumes and that Chinese cooking is typically more likely to result in the evaporation of fumes compared to its regional cooking methods (24). Not only that, China has one of the highest levels of population aging in the world, but also the highest level of population aging among the BRICS (25), and the increase in the proportion of the older adult population has exacerbated the disease burden of lung cancer. Although China’s economic development and medical level have significantly improved after the reform and opening up, there is still a huge gap in the level of medical security between urban and rural areas. According to data from the National Bureau of Statistics of China, the per capita medical and health expenditure of urban residents in 2023 (2850 yuan) was 1.49 times that of rural residents (1916 yuan). At the same time, in 2023, the per capita financing of employee medical insurance (6182 yuan) was 5.63 times that of urban and rural residents’ medical insurance (1098 yuan). The above data all indicate an extreme imbalance in the allocation of medical resources between urban and rural areas in China, which exacerbates the burden of lung cancer disease on rural areas and farmers in China (26). However, according to predictions, the ASMR of lung cancer in China is expected to decrease in 2032-2035, which may be due to the popularization of clean energy, the improvement of healthcare and education levels, and the decrease in smoking rates among adolescents (27). The gender difference in lung cancer disease burden in China was very obvious, with ASIR, ASPR, ASMR, and DALYs for lung cancer in males being more than twice as high as those in females. The smoking rate of Chinese males is much higher than that of females, which may be one of the reasons for the significant gender differences in lung cancer burden in China (28). Another possible reason is that men and women have different sensitivities to tobacco carcinogens. However, studies have shown that the risk of lung cancer in Chinese male nonsmokers is also higher than that in female nonsmokers, while in Western populations, the risk of lung cancer in male nonsmokers is very low and not higher than that in women (29, 30). To sum up, China’s rapid economic growth has also caused environmental problems. The aggravation of environmental problems has increased the burden of lung cancer. Coordinating the contradiction between economic development and the environment, promoting the upgrading of industrial structure, dealing with the problem of uneven distribution of medical resources, slowing down the aging process of the population, and promoting stricter tobacco control policies are the key and difficult points for the Chinese government’s disease prevention and control in the future.

Egypt is one of the initiators of the Arab League and plays an important role in Arab, African, and international affairs. It is the third largest economy in Africa. The AAPC and EAPC of ASIR, ASPR, ASMR, and ASDR of lung cancer in Egypt were greater than 0 in 1990-2021, and according to the BAPC, it was predicted that ASIR, ASPR, ASMR, and ASDR of lung cancer in Egypt would be in an upward trend in the period of 2021-2035, which may be closely related to the turbulent political situation in Egypt. Egypt faced serious political divisions and social unrest after the Arab Spring, and the political turmoil caused by the Arab Spring led to frequent changes in government disrupted the continuity of health policies, and affected the implementation of public health programs (31). In terms of risk factors, according to WHO statistics, about 22% of the Egyptian population are smokers(without counting hookah), Egypt consumes about 20 billion cigarettes per year, and the prevalence of smoking among Egyptian adolescents is increasing (32). Under the dual influence of politics and lifestyle (smoking), the burden of lung cancer in Egypt is not optimistic. Reducing the smoking rate and maintaining social stability are important ways to reduce the burden of lung cancer in Egypt.

Ethiopia is the fifth largest economy and second largest population country in Africa, and a member of the African Union. The headquarters of the African Union and the United Nations Economic Commission for Africa are both located in Ethiopia. The AAPC and EAPC of ASIR, ASPR, ASMR and ASDR of lung cancer in Ethiopia were less than 0 in 1990-2021, and based on BAPC, it was predicted that ASIR, ASPR, and ASMR of lung cancer in Ethiopia would be in a decreasing trend in the period of 2021-2035 and that the DALYs of lung cancer in Ethiopia will be on the rise in the period of 2021-2022 after which 2022-2035 will be in decreasing trend. Although Ethiopia’s total and per capita GDP is at the bottom of the BRICS, Ethiopia’s GDP maintained a high average annual growth rate of 10% between 2000 and 2010, and between 1990 and 2023, Ethiopia’s total GPP increased 5.12 times, and per capita GDP increased 4.96 times, making it one of the fastest growing economies. Ethiopia’s economic development has led to investment in public health infrastructure and increased capacity for early screening and treatment of lung cancer (33). In terms of risk factors, Ethiopia is the only BRICS country where environmental/occupational risks rank first in level 1 risk factors and air pollution risks rank first in level 2 risk factors. First of all, Ethiopia’s rapid economic development has caused environmental damage (34). Secondly, in Ethiopia, especially in rural areas, due to the lack of clean energy and modern energy facilities, many households rely on biomass fuels (such as wood, crop residues, and animal manure) for cooking and heating. These fuels will produce a large number of harmful air pollutants during combustion, leading to indoor air quality problems. In terms of behavioral risk, Ethiopia’s degree of industrialization and urbanization is lower than that of other BRICS, while the high industrialization and urbanization of other BRICS bring higher living standards and also lead to an increase in behavioral risks such as smoking. Therefore, Ethiopia’s behavioral risk has a lower impact on lung cancer than other BRICS.

India is the largest country in the South Asian subcontinent, the most populous country in the world, and the fifth largest economy in the world. The AAPC and EAPC of ASIR, ASPR, ASMR, and ASDR of lung cancer in India for the period 1990-2021 were greater than 0. Meanwhile, according to BAPC projection, India’s ASIR, ASMR, and ASDR will be in an upward trend in 2021-2022 after declining in 2022-2035 and India’s ASPR will be in an upward trend during 2021-2035. India is the world’s second-largest consumer of tobacco after China, and smoking prevalence among males in India nearly tripled between 1998 and 2010, with a particularly marked increase among younger age groups (35, 36). Rapid economic development, industrialization, and urbanization in India have increased energy consumption and industrial waste emissions, leading to a growing air pollution problem in India. In numerous parts of India, where air pollution levels far exceed the safety standards set by WHO (24-hour ambient PM2.5 standard of 15 μg/m³, not to be exceeded more than 3 to 4 times per year), such as Delhi, the capital of India, has an average PM2.5 of up to 100 µg/m³ in 2021. Burning celebrations during festivals and burning of crop residues in India can even elevate PM2.5 to 700-1000 μg/m³ (37). Although the Indian constitution stipulates that all citizens can enjoy free healthcare, the government’s investment in healthcare is very limited. According to WHO data, in 2021, India’s healthcare expenditure accounted for 3.28% of GDP, which is only slightly higher than Ethiopia’s (3.21%) among BRICS (38). Therefore, under the multiple influences of insufficient medical expenditure, lifestyle (smoking), and environmental issues, the burden of lung cancer disease in India is increasing.

Iran is located in the heart of West Asia, known as the “Eurasian land bridge” and “East-West air corridor”, and is the world’s largest Shiite Islamic country with rich oil and gas resources. ASIR, ASMR, ASPR, and ASDR of lung cancer in Iran 1990-2021 showed large fluctuations, especially during 2019-2021. The EAPC of ASIR, ASMR, and ASPR for lung cancer in Iran between 1990-2021 was greater than 0, and the 95% uncertainty interval of the EAPC of ASDR passed through 0. The EAPC of ASIR, ASMR, and ASPR for lung cancer between 1990-2021 was less than 0, and the 95% uncertainty interval of the AAPC of ASPR passed through 0. According to BACPs projection, ASIR, ASPR, ASMR, and ASDR of lung cancer in Iran will be in a decreasing trend between 2021-2035. The reason for this phenomenon may be due to the fact that Iran was affected by the COVID-19 outbreak leading to the distortion of the data, which in turn led to huge fluctuations in the data related to lung cancer in 2019-2021. In Iran, lung cancer ranks 4th and 5th in the order of incidence and mortality of malignant tumors in males and females, respectively (39). According to the National Cancer Registration Program (NCRP) of Iran, the incidence of lung cancer in Iran increased by an average of 6.8% per year in males and 7.7% per year in females during the period from 2000 to 2016 (39). The increased burden of lung cancer in Iran may be closely related to influences such as high smoking prevalence (39), environmental pollution (40), economic sanctions (41), and gas warfare during the Iran-Iraq war (42).

Russia is one of the permanent members of the United Nations Security Council and the largest country in the world. AAPC and EAPC of ASIR, ASPR, ASMR, and ASDR for Lung Cancer in Russia from 1990 to 2021 were less than 0. According to BACPs projection, lung cancer ASIR, ASPR, ASMR & ASDR in RUS will be on a downward trend between 2021-2035. The reason for the improvement in the burden of lung cancer in Russia may be related to a series of tobacco control measures taken by the Russian government (43), such as the signing of the WHO Framework Convention on Tobacco Control in 2008 and subsequent measures. From 2009 to 2016, the smoking rate in Russia decreased by 21.5% (44). Although the ASIR, ASPR, ASMR, and ASDR of lung cancer in Russia have a downward trend, and the burden of lung cancer in Russian females is low in BRICS, the ASIR, ASPR, ASMR, and ASDR of lung cancer in Russian males are still at a high level. First of all, this may be related to the low smoking rate of Russian females (45). Secondly, industry plays an important role in the Russian economy, especially the energy industry and heavy industry. The work related to it may involve occupational exposure related to lung cancer, such as asbestos, cadmium, and silicon (46). The proportion of males in these jobs is often high. Hence, the burden of lung cancer on males in Russia is still worthy of attention.

Saudi Arabia has the second largest sand oil reserves in the world, is one of the major members of the Organization of Petroleum Exporting Countries (OPEC), has the second largest total GDP in the Middle East, is the world’s largest Sunni Islamist country, and has a pivotal political and economic influence in the Middle East. The 95% uncertainty intervals for the EAPC of ASIR, ASPR, ASMR, and ASDR for lung cancer in Saudi Arabia 1990-2021 passed through 0. The 95% uncertainty intervals for the AAPC of ASIR and ASMR all passed through 0. The AAPC of ASPR was greater than 0, and the AAPC of ASDR was less than 0. According to BACP projection, ASIR for lung cancer in Saudi Arabia will be declining in 2021-2031 and will be in an upward trend in 2031-2035, ASPR will be in an upward trend in 2021-2035, ASMR will be in a downward trend in 2021-2035, ASDR will be in a downward trend in 2021-2023, and in an upward trend in 2024- 2035 will be on an upward trend. It is worth noting that ASIR, ASPR, ASMR, and ASDR of lung cancer in Saudi Arabia were in a continuous downward trend from 2007 to 2021, and in 2021 Saudi Arabia’s ASIR, ASPR, ASMR of lung cancer was only higher than India’s among the BRICS and in 2021 Saudi Arabia’s ASDR was ranked the lowest among the BRICS. This may be related to Saudi Arabia’s strict Islamic doctrine, which banned smoking until the 1960s. Although smoking is now legal, it is still considered a condemned behavior at the religious level in Saudi Arabia. Saudi Arabia passed the WHO Framework Convention on Tobacco Control in 2015 and began imposing heavy taxes on cigarettes after 2017 (47). However, although the Ministry of Commerce and Investment of the Kingdom of Saudi Arabia formally implemented the ban on the sale of electronic cigarettes in September 2015, in August 2019, the Saudi Food and Drug Administration began to implement the technical regulation SFDA FD.60 for tobacco products, which opened the way for the opening and compliance of the electronic cigarette market in Saudi Arabia, and the regulation does not restrict the Internet sales of electronic cigarettes. Therefore, electronic cigarette products in Saudi Arabia are allowed to be sold through online channels at present (48). In addition, with the implementation of Saudi Arabia’s “Vision 2030” policy and the advancement of secularization, Saudi Arabia will still face challenges such as environmental pollution and changes in lifestyle habits.

Located at the southernmost tip of the African continent, South Africa is the second largest economy in Africa and the most economically developed and industrialized country in Africa. The 95% uncertainty intervals for the EAPC of ASIR, ASPR, ASMR, and ASDR for lung cancer from 1990-2021 passed through 0. The 95% uncertainty intervals for the AAPC of ASPR, ASMR, and ASDR passed through 0, and the AAPC of ASIR was greater than 0. According to BACP projection, lung cancer ASIR, ASPR, ASMR, and ASDR in South Africa will be on a declining trend between 2021-2035. South Africa has implemented strict tobacco control policies such as restricting smoking in public places and increasing excise taxes on cigarettes since 1993 (49). The per capita cigarette consumption in South Africa decreased by 54% from 1999 to 2011 (50). However, on the other hand, South Africa has a huge gap between the rich and the poor. According to Statistics South Africa, the Gini coefficient of South Africa is 0.67, which belongs to the high-income inequality countries. At the same time, South Africa’s health care system is divided into the public (83%) and the private (17%) sectors, the public health care system suffers from understaffing and a lack of resources, in contrast to the private system which has sufficient resources staffing and advanced and modern treatments. As a result, early screening and effective treatment of lung cancer are often difficult to access for low-income groups in South Africa (51). In the future, the huge gap between the rich and the poor and the imbalance in the distribution of healthcare resources may be a problem to be faced in the future of lung cancer prevention and control in South Africa. In terms of regulating electronic cigarettes, South Africa proposed the Control of Tobacco Products and Electronic Delivery Systems Bill in 2018, which aims to regulate electronic cigarette products as tobacco products rather than as drugs or consumer goods. However, due to strong opposition from the electronic cigarette industry and lobbying activities, the bill has not yet been officially enacted into law (52). In the future, how to reduce the wealth gap and alleviate the imbalance in the allocation of medical resources, as well as how to strengthen the regulation of electronic cigarette products, will be the problems that South Africa’s lung cancer prevention and control will face.

The United Arab Emirates is located at the southeastern end of the Arabian Peninsula, facing Iran across the sea. It is a maritime transportation hub that controls the Persian Gulf and enters the Indian Ocean, with abundant oil and gas resources. At the same time, the United Arab Emirates is also the country with the highest per capita GDP in the Middle East and an important hub for East-West trade. The AAPC and EAPC of ASIR, ASPR, and ASDR for lung cancer in the UAE 1990-2021 were less than 0, the AAPC of ASMR was less than 0, and the 95% uncertainty interval of the EAPC of ASMR passed through 0. According to BACP projection, lung cancer ASIR, ASPR, and ASMR in the UAE will be in a declining trend between 2021-2035, ASDR will rise in 2021-2022 and be in a declining trend in 2023-2035. It is worth noting that the ASIR, ASPR, ASMR, and ASDR for lung cancer in UAE females exceeded those of males after 2014, and the UAE is the only BRICS country to have a higher lung cancer burden indicator for females than for males. The UAE 2023 census data shows that the gender ratio in the UAE shows a large disparity, with males comprising 68.58% of the country’s population and females comprising 31.42% (53). The oil boom changed the economic landscape of the Gulf region and driven by the oil industry, Gulf countries such as the UAE entered an era of large-scale importation of foreign labor in the 1970s, with the number of expatriates in the UAE exceeding the number of locals. According to 2017 data, the UAE has the highest percentage of expatriate working population among the BRICS and Gulf countries, and the expatriate working population is mainly concentrated in young males (54), with a relatively low incidence of lung cancer, which may have led to an imbalance in the male-to-female ratio in the UAE and a lower burden of lung cancer in males than in females after age standardization after 2014. The other reason may be due to the increasing popularity of smoking behavior with the advancement of secularization in the UAE, especially hookah is becoming more popular among females (55). Meanwhile, studies have shown that higher levels of estrogen in females have a promoting effect on lung cancer (56), making them more sensitive to tobacco carcinogens and more susceptible to lung cancer than males under the same exposure conditions (57). The above reasons may have contributed to the higher indicators of lung cancer burden among females than males in the UAE. Therefore, for the UAE, protecting the medical rights and interests of migrant workers and reducing the female smoking rate will be the focus of lung cancer prevention and control in the future.

There are some limitations in this study, firstly, the fact that all BRICS members are developing countries, which may not be able to provide comprehensive and accurate disease and health data due to resource and infrastructure limitations. Secondly, there are significant regional and urban-rural differences within developing countries represented by China, India, Russia, etc., but the data in the GBD database cannot fully reflect these differences. Moreover, the economic growth and health data of developing countries represented by Iran, Egypt, and Russia are extremely vulnerable to external economic and political factors, which may lead to bias in BAPC prediction. At the same time, the policy adjustments of electronic cigarettes in different countries in the future may also bias the BAPC prediction of diseases. Thirdly, according to the WHO report in August 2020, since the outbreak of COVID-19, 90% of the world’s key medical services have been affected, while cancer diagnosis and treatment have been affected as much as 55% (58). In addition, studies have shown that during the initial peak period of the COVID-19 epidemic, many countries have reported a significant decline in lung cancer cases, which suggests that the epidemic has an important impact on cancer diagnosis, and the mortality of lung cancer patients with COVID-19 is as high as 30%~50% (59). Therefore, the epidemic of COVID-19 may have a certain impact on the statistics of incidence rate and mortality of lung cancer, thus causing data bias.




5 Conclusion

In general, although BRICS are all developing countries, due to the influence of living habits, national policies, economic development level, population aging, politics, religion, war, and other factors, there are also great differences in the burden of lung cancer among countries. Understanding these differences can enable BRICS to make more accurate decisions in future public health construction, and to realize the rational allocation of resources. At the same time, although BRICS still have a heavy burden of lung cancer, the strict tobacco control policies of Brazil, Russia, South Africa, and Saudi Arabia, the environmental protection policies and energy structure adjustment policies of China and Brazil, and Ethiopia’s increased investment in medical construction have all played a positive role in reducing the burden of lung cancer. These policies also provide ideas for the prevention and control of lung cancer in other developing countries.
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The TEM8 protein coded by the ANTXR1 gene represents an emerging biomarker in solid tumors. In addition to the various roles TEM8 plays in oncogenesis, including angiogenesis, epithelial-to-mesenchymal transition, and cell migration, it has also been shown that the overexpression of the ANTXR1 gene in solid tumors correlates with poor prognostic indicators in several solid tumor histologies. As such, TEM8 has been identified as the target of novel oncologic therapies. It is especially attractive given its selective expression on the surface of solid tumor cells and associated stromal cells, such as cancer stem cells, invasive cancer cells, and immune cells, such as macrophages, angiogenic endothelial cells, pericytes, and cancer-associated fibroblasts. Furthermore, TEM8 plays this unique role as a mostly non-mutated gene in solid cancers. Here, we demonstrate that elevated expression of ANTXR1 in bladder cancer showed a statistical difference not only in overall survival (OS) but in progression-free survival (PFS), confirming the prognostic biomarker power of ANTXR1 expression.
Keywords: TEM8, prognostic biomarker, bladder cancer, downstream pathway, survival

INTRODUCTION
The tumor endothelial marker 8 (TEM8) or anthrax receptor 1 (ANTXR1) is a protein that is encoded by the ANTXR1 gene and is part of the receptors that are involved in the facilitation of the entry of anthrax into the cell (Alcalá et al., 2019). It is homologous to the protein capillary morphogenesis protein 2 (CMG2 or ANTXR2), that the anthrax toxin binds to. However, the severity of pathology from the toxin is very different. CMG2 is the major receptor involved in the lethality of the anthrax toxin in vivo (Fu, et al., 2010). TEM8, on the other hand, is expressed during angiogenesis, as well as in some somatic tissues and human tumors (Friebe et al., 2015). It was thought that higher expression of TEM8 in tumors was mainly due to angiogenesis within the tumor, however, high TEM8 expression has also been observed in stroma cells like cancer associated fibroblasts (CAFs) and pericytes (Hsu et al., 2022; Kareff et al., 2023) and cancer cells themselves (Hoye, et al., 2018).
TEM8 has been shown to activate different pathways in tumors like that of PI3K/Akt/mTOR in gastric cancer (Cai, et al., 2020) and glioblastoma (Kundu, et al., 2024). It has also been linked with the activation of the Wnt/beta catenin pathway in lung adenocarcinoma (Ding, et al., 2021) and in recurrent glioblastomas (Kundu, et al., 2024). The TGF-beta pathway, one of the most common pathways involved in cancer, is also activated in gastric cancer and is correlated with high expression of ANTXR1 (Huang et al., 2020). Lastly, it is known that TEM8 is involved in the collagen pathway by facilitating the uptake of collagen VI in cancer stroma, which is key for cancer survival (Hsu, et al., 2022), and in breast cancer, in which Chen, et al. demonstrated that it was involved in collagen trafficking (Chen et al., 2013).
TEM8 has been targeted before due to its correlation with the pathways that are involved in tumor progression, invasion and aggressiveness. There have been several reports involving monoclonal antibodies that are bound to TEM8 and showed slowed tumor growth in animal models (Chaudhary et al., 2012).
Seneca Valley Virus (SVV) is a naturally occurring swine picornavirus that is spread throughout the world that does not infect humans (Venkataraman, et al., 2008). SVV does, however, infect solid cancer cells. The initial isolate called SVV-001 has been studied in three prior clinical trials when systemically delivered to patients with solid cancers and demonstrated promising signals of efficacy and safety (Rudin, et al., 2011). The receptor of SVV was identified to be TEM8 (Evans, et al., 2018; Corbett et al., 2022). It has also been demonstrated that SVV-001 infection in solid tumors can induce an influx of immune cells by turning the tumor microenvironment from “cold” (low immunogenicity) to a “hot” tumor (high immunogenicity), thus enabling synergistic checkpoint inhibitor function. SVV has high specificity for TEM8 expressing tumors, making SVV a promising candidate for difficult to treat solid cancers that express TEM8.
More ways to possibly predict the outcome of a patient are being investigated. Currently, many cancer types rely on the TNM classification, but this system does not take into account the tumor microenvironment, which plays a key role in tumor progression (Wang, et al., 2023; Luo et al., 2021). An alternative way that has been explored to predict outcome is the Estimation of STromal and Immune cells in MAlignant Tumors using Expression (ESTIMATE) data’ that uses tumoral gene expression signatures to determine the number of stromal cells and infiltration of immune cells in the tumor (Yoshihara, et al., 2013). In gastric cancer, the stromal score was demonstrated to be related to immune gene signature and macrophage infiltration (Wei et al., 2020). Similarly, in colorectal cancer the combination of the TNM staging system in combination with the stromal and immune score gives a better accuracy than the TNM alone (Luo et al., 2021). Other prognostic biomarkers are needed to predict with a higher accuracy a patient’s outcome in different types of cancer.
In previous studies, TEM8 has been described as a potential biomarker for different types of cancer including colorectal cancer, where TEM8 expression was significantly correlated with TMN stage and high TEM8 expression in serum was correlated with worse overall survival than those with lower TEM8 expression (Pietrzyk et al., 2021). Similarly, TEM8 was described as a new biomarker in pancreatic cancer (Alcalá et al., 2019) and for gastric cancer, in which it was suggested as a prognostic biomarker due to its relationship with the immune and stromal scores as well as correlation between high expression with clinicopathological parameters (Huang et al., 2020; Cai, et al., 2020). In lung cancer, higher TEM8 expression was associated with lower OS (Sun, et al., 2021).
Bladder cancer is the most common urogenital cancer (10th most prevalent), affecting more than 1.6 million people worldwide (Castaneda et al., 2023; Flores Monar et al., 2023). This cancer is one of the most onerous cancers, necessitating personal healthcare costs. In 2015 in the U.S., bladder cancer incurred a cost of $7.93 billion and is expected to ∼ double by 2030 (Flores Monar et al., 2023). More biomarkers (predictive and/or prognostic) are needed to manage patients with this cancer. Currently, there are only six biomarker tests approved by the FDA for surveillance for bladder cancer, but many of them still present high false-positive rates (Flores Monar et al., 2023). Some of the molecular biomarkers seem promising in early development, however they have yet to successfully transition to the bedside (Castaneda et al., 2023). Here, we studied the effect of ANTXR1 gene expression in different types of cancers and chose bladder cancer to understand the implications of high expression of ANTXR1 as a poor prognostic marker. We also investigated the pathways that are enriched in tumors downstream of the ANTXR1 gene to complement the effect of this gene in the tumor metabolism.
MATERIALS AND METHODS
Overall survival and progression-free survival
The Cancer Genome Atlas was used to study the expression of ANTXR1 and its prognosis. The clinical, RNA expression data are downloaded from cbioportal (https://www.cbioportal.org).
Multiple cancer types were analyzed. The upper quartile of TEM8 fragments per kilobase per million mapped reads (FPKM) was labeled as high expression, and the rest of quartiles are labeled as low expression of ANTXR1. The Kaplan-Meier method was used to estimate overall survival as a function of time. Survival statistical differences were assessed by Log-rank test with a threshold of p value ≤ 0.05. The Kaplan-Meier analysis is done using KaplanMeierFitter.
For bladder cancer specifically, TCGA data had 133 patients from which 86 patients were treated with chemotherapy, 18 patients were treated with radiotherapy, 16 patients were treated with a combination of chemotherapy and radiotherapy, and 13 patients were treated with other treatments (Supplementary File S1).
For melanoma, the TCGA data obtained was from the Pan cancer atlas data (448 samples). Other data for the calculation of the immune score of melanomas was obtained from immunogenic studies made in DFCI (metastatic melanoma, 110 samples) and UCLA (metastatic melanoma, 38 samples). A graphical description of the workflow of the study is represented in Supplementary Figure S1.
Stromal score and immune score
Stromal and immune score were calculated using algorithms like ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data) which analyze gene expression profiles to determine the relative proportion of these cell types within a tumor. For the stromal score, 141 genes were analyzed using ssGSEA as a stromal signature in tumors and for the immune score, 141 genes were analyzed using ssGSEA as a immune signature, as described elsewhere without modifications (Yoshihara, et al., 2013). Statistical differences in the high and low expressing ANTXR1 populations were assessed using the Wilcoxon-test, using a threshold of p value ≤ 0.05.
Validation of membrane bound biomarkers in bladder cancer
We identified 28 previously published survival associated individual genes (HRAS, SPP1, VEGFA, TGFB1, CDKN2A, FGF3, KRT38, FABP1, GUCA1C, PYGM, CLEC3B, KCNB1, FBXL22, CFD, HLF, FLT1, KDR, CXCR7, FGFR3, TACSTD2, ABCB1, ERBB2, ITGB8, MACC1, SPON2, RHOA, CXCR4, CXCL12). Each of these biomarker candidates were investigated using TCGA cancer patients for prognosis (overall survival and progression-free survival) and compared with ANTXR1 expression levels and patient prognosis. The number of patients analyzed for the CXCR7 was 406 for OS and 174 for PFS. The number of patients analyzed for the SPON2 was 406 for OS and 174 for PFS.
Deseq2 and GSEA: Differential expression analysis (DEA) with TCGA RNA data was done using PyDESeq2 (https://pydeseq2.readthedocs.io/en/latest/index.html) version DESeq2 (v1.34.0) (For more details: https://github.com/owkin/PyDESeq2?tab=readme-ov-file#documentation). Gene set enrichment analysis (GSEA) was done using GSEAPY package (https://gseapy.readthedocs.io/en/latest/introduction.html). Gene ontology, Kyoto Encyclopedia of Genes and Genomes analysis, Hallmark and Reactome pathway analysis were performed to identify possible enrichment of genes with specific biological themes. The thresholds for statistical significance were analyzed by the following criteria: log(fold change) > 1 corresponds to upregulated pathway analysis; and log(fold change) < − 1 corresponds to a downregulated pathway analysis. And adjusted p value < 0.05.
RESULTS
Stromal score is correlated to ANTXR1 expression in tumors
Stromal score represents the presence of stromal tissue, and more precisely the number of cells in the tumor microenvironment of a tumor. In this particular study, stromal score was determined by using the stromal signature of 141 genes using single-sample gene set-enrichment analysis (ssGSEA) as described before (Yoshihara, et al., 2013).
We analyzed eleven different types of cancer for differences of stromal score when there is high or low expression of ANTXR1 in tumors (basal breast cancer, melanoma, lung squamous cancer, lung adenocarcinoma, colorectal adenocarcinoma, head and neck squamous cell carcinoma, cervical squamous cell carcinoma, bladder urothelial carcinoma, kidney renal clear cell carcinoma, glioblastoma, and metastatic melanoma). Six out of the eleven types of cancer analyzed showed a statistically significant difference of the stromal score when comparing high or low expression levels of ANTXR1 in each group (Figure 1). The other types of cancer did not show a statistically significant difference (not shown). This figure shows that ANTXR1 expression has a direct correlation to stromal scores, meaning the higher the expression of ANTXR1, the more directly correlated it is to higher stromal scores. This is expected due to the potential expression of ANTXR1 in different types of stroma cells.
[image: Six scatter plots with box plots display stromal scores against ANTXR1 expression levels, labeled A to F. Each graph compares scores for low and high ANTXR1 expression, showing variations in data distribution and central tendency. Data points are densely clustered with visible outliers.]FIGURE 1 | High expression of ANTXR1 in tumor is correlated with high stromal score in different types of cancer. Box plot of stromal score in (A) Lung squamous cell carcinoma, (B) Lung adenocarcinoma (C) Bladder urothelial carcinoma (D) Head and neck squamous carcinoma (E) Colorectal adenocarcinoma and (F) Kidney renal clear cell carcinoma, analyzed by high or low expression of ANTXR1 in tumor. The line in the middle represents the median of the stromal score; top and bottom of the box represent the 75% quartile and 25% quartile of the patients, respectively.
Immune score may not be correlated to ANTXR1 expression in tumors
Immune score represents the infiltration of immune cells into the tumor. In this particular study, it was determined by using the immune signature of 141 genes using ssGSEA, as we did with the stromal score (Yoshihara et al., 2013).
We analyzed eleven different types of cancer for differences of immune score in varying rates of expression of ANTXR1 in tumors (same types of cancer as the stromal score). Only two (bladder urothelial cancer and colorectal adenocarcinoma) out of the eleven types of cancer analyzed showed a statistically significant difference of the immune score with different levels of expression of ANTXR1 (Figure 2). The other types of cancer did not show a statistically significant difference between the high and low ANTXR1 expression groups (not shown). This figure shows that, paradoxically, a higher immune score (more infiltration of immune cells) is correlated to higher levels of ANTXR1, suggesting that for some cancers the infiltration of immune cells may not be a definitive factor when treating cancer. Supporting this suggestion, we also found that in the presence of higher levels of ANTXR1 in melanoma, a difficult cancer to treat, correlated with poor prognosis in terms of overall survival in patients when treated with immunotherapy.
[image: A three-panel graphic shows data on ANTXR1 expression. Panel A depicts a scatter plot of immune scores against low and high ANTXR1 levels, with higher immune scores in high ANTXR1. Panel B is similar, with a less pronounced difference. Panel C presents a Kaplan-Meier survival curve, showing a significant difference in survival between low and high ANTXR1 groups, with a lower survival rate for high ANTXR1. Log-rank p-value is 0.045.]FIGURE 2 | Low expression of ANTXR1 in tumor seems to be correlated with immune response. Box plot of the immune score representing the infiltration of immune cells in (A) Colorectal adenocarcinoma, and (B) Bladder urothelial carcinoma. The line in the middle represents the median of the immune score; top and bottom of the box represent the 75% quartile and 25% quartile of the patients, respectively. (C) Survival curve of patients with Melanoma treated with immunotherapy when there is high (orange) or low expression of ANTXR1 (blue) showing a statistical difference between the two populations.
To investigate the impact of high or low expression of ANTXR1 in different types of cancer, the probability of survival (overall survival and progression-free survival) was determined for the eleven types of cancer described above as well as small cell lung cancer, for a total of twelve types of cancer.
In Figure 3 we demonstrate that the probability of overall survival (OS) for bladder cancer and cervical squamous cell carcinoma is correlated with the tumor expression of ANTXR1 gene. High ANTXR1 expression correlates with lower probability of survival versus when there is a low expression of ANTXR1. Thus, ANTXR1 expression is a statistically significant biomarker for prognosis in bladder cancer and cervical squamous cell carcinoma.
[image: Two Kaplan-Meier survival plots. Plot A shows survival over months for AMOT130 with low expression in blue and high expression in orange, with a log-rank p-value of 0.01. Plot B shows survival for AMOTp80 similarly colored, with a log-rank p-value of 0.02. The x-axis represents time in months and the y-axis represents the proportion of survival.]FIGURE 3 | High expression of ANTXR1 is correlated to low overall survival. Kaplan-Meier survival curve for overall survival in (A) Bladder cancer and (B) Cervical squamous cell carcinoma and endocervical adenocarcinoma when there is high (orange) or low expression of ANTXR1 (blue) showing a statistical difference between the two populations in both types of cancers.
OS may vary depending on the treatment that the patient received, therefore we analyzed the probability of survival of bladder cancer patients according to the treatments received. Figure 4A shows that patients that are treated with chemotherapy have a higher probability of survival for a longer time (∼0.55) than patients treated with radiotherapy or a combination of both. To understand if ANTXR1 expression would have any impact on the probability of survival depending on the treatment of the patient, the probability of survival was analyzed according to these parameters. Figure 4B shows that when patients are treated with chemotherapy and have low expression of ANTXR1, they have a higher survival probability (∼0.6) for more than 150 months than patients expressing high levels of ANTXR1 (probability of survival ∼0.5 for 90 months). This trend is similar in patients treated with radiotherapy and the combination of radiotherapy with chemotherapy. This indicates the impact of ANTXR1 expression independent of the treatment received by the patient.
[image: Four Kaplan-Meier survival curves showing the proportion surviving over months:  A) Comparison of survival based on Treatment and RT, Chemo, ChemoRT. B) Survival based on ANTXR1 expression and treatment type: Chemo_low, Chemo_high, RT, ChemoRT_low, ChemoRT_high. C) Survival based on ANTXR1 expression levels: low vs. high, with a log-rank p-value of 0.02. D) Another survival comparison of ANTXR1 expression: low vs. high, with a log-rank p-value of 0.2.]FIGURE 4 | Survival in bladder cancer patients expressing different levels of ANTXR1. Kaplan-Meier survival curve for overall survival in bladder cancer patients separated by (A) different treatments (RT: Radiotherapy (blue); Chemo: chemotherapy (orange); Chemo + RT: chemotherapy and radiotherapy (green)); and separated by (B) treatments and high or low expression of ANTXR1 in tumor (Chemo_High: chemotherapy with high expression of ANTXR1 (orange); Chemo_low: chemotherapy with low expression of ANTXR1 (blue); RT_low: Radiotherapy with low expression of ANTXR1 (green); Chemo + RT_low: chemotherapy and radiotherapy with low expression of ANTXR1 (red)). Kaplan-Meier survival curve for (C) Progression Free survival when there is high (orange) or low expression of ANTXR1 (blue). Kaplan-Meier survival curve for (D) Disease-free survival with when there is high (orange) or low expression of ANTXR1 (blue) in tumor.
While OS refers to the time from treatment initiation until death, other measurements like progression-free survival (PFS) and disease-free survival (DFS) can be related in some, but not all types of cancer. PFS is the time from treatment initiation until disease progression and DFS refers to the time from treatment until recurrence of disease. To further investigate the relationship between different types of survival, more specifically PFS and DFS, and expression of ANTXR1 in bladder cancer patients, we analyzed the probability of survival for bladder cancer patients according to these parameters. Figures 4C, D show the PFS of bladder cancer patients and DFS in cancer patients, respectively. PFS shows congruency between the overall survival and PFS showing a p value less than 0.05. This demonstrates a statistically significant difference between a patient that expresses high levels of ANTXR1 expression vs low levels of ANTXR1 expression in bladder cancer. However, the ANTXR1 expression levels suggest having no impact in the DFS. In conclusion, high expression of ANTXR1 in bladder cancer is a predictor of bad prognosis even when the patient is using different cancer treatments, and it can be observed in both overall and progression free survival rates.
ANTXR1 expression as a unique gene to predict prognosis in bladder cancer
In previous studies TEM8, the protein expressed from ANTXR1, has been associated with lipid rafts, which are known to have clusters of membrane proteins (Ju et al., 2010). To understand the uniqueness of TEM8 as a membrane protein predictor of good or poor prognosis, we analyzed for low and high expression of 28 different membrane protein encoding genes and examined the probability of survival. Of the twenty-eight genes, only two genes showed a statistically significant difference between high and low expression in terms of overall survival and PFS. These genes correspond to CXCR7 and SPON2 (Figure 5). Figures 5A, B show that when there is low expression of CRCR7 the probability of survival increases in both overall survival and PFS, respectively. The p value in both comparisons show the high impact of CXCR7 expression in prognosis of bladder cancer patients. For SPON2, there is a significant difference in both overall survival and PFS (Figures 5C, D, respectively) when there is low expression vs. high expression of this gene. However, the impact of SPON2 is lower than the impact of CXCR7. In conclusion, after analyzing ∼30 membrane protein genes for their role in survival, only ANTXR1, CXCR7, and SPON2 demonstrated a statistically significant impact. Future studies will investigate potential associations involving these proteins. This demonstrates the uniqueness of ANTXR1 as a prognosis predictor in bladder cancer.
[image: Four Kaplan-Meier survival curves show the proportion of survival over months. Graphs A and B compare CXCR7 low versus high levels with significant p-values of 0.0003 and 0.0002. Graphs C and D compare SPON2 low versus high levels with p-values of 0.04. Blue lines represent low levels, and orange lines represent high levels.]FIGURE 5 | Other Cancer-Associated Membrane Protein genes that their expression affect survival in bladder cancer. Expression of CXCR7 in tumor (high in orange vs. low in blue) affects overall survival (A) and progression free survival (B) represented by a Kaplan-Meier survival curve. Similarly, expression of SPON2 in tumor (high in orange vs. low in blue) affects overall survival (C) and progression free survival (D) represented by a Kaplan-Meier survival curve.
Pathways associated with high ANTXR1 expression in bladder cancer
After understanding the impact of ANTXR1 expression in tumors and its impact on tumor prognosis, we wanted to further investigate the possible mechanisms and/or pathways that were impacted by the expression of ANTXR1 that might lead to poor prognosis. To understand this, Gene Set Enrichment Analysis (GSEA) was performed on bladder cancer patients with high ANTXR1 expression (Figure 6). On the volcano plot (Figure 6A) we discerned between the genes that were overexpressed (activated) when ANTXR1 was highly expressed. These genes were then divided into the pathways in which they were involved (Figure 6B) using KEGG pathway analysis.
[image: Scatter plot and dot plot illustrate gene expression data. Image A shows fold change on the x-axis against FDR on the y-axis, highlighting genes like ANTXR1. Image B shows KEGG pathway enrichment with dot size representing gene count and color indicating statistical significance, listing pathways such as ECM-receptor interaction.]FIGURE 6 | Pathways associated with high expression of ANTXR1 in bladder cancer. (A) Volcano plot of Differentially expressed genes impacted by ANTXR1 high expression. (B) Gene set enrichment analysis shows KEGG pathways upregulated in ANTXR1 high expression patients. Darker and wider dots represent more genes differentially expressed within the same pathway; lighter and smaller dots represent less genes differentially expressed within the same pathway.
The GSEA revealed that among the top 20 KEGG pathways associated with ANTXR1 expression, the PI3K-Akt signaling pathway, MAPK signaling pathway, and TGF-beta signaling pathway were prominent. These pathways are well-known for their roles in cancer activation and the aggressiveness of the disease. This KEGG analysis was also congruent with MSigDB hallmark pathways (Supplementary Table S1), where TGF-beta signaling is within the top 20 pathways associated among other signaling pathways related to aggressiveness of the tumor such as KRAS, TNFalpha signaling pathways and inflammatory responses (IL-6/STAT3, IL-2/STAT5 and IFNgamma pathways).
DISCUSSION
TEM8 is part of the tumor endothelial family of proteins and is part of the anthrax receptors, in addition to the capillary morphogenesis gene 2 (CMG2). Although these proteins are homologous, in reality they have quite different roles in terms of disease. Here, we have focused on the role of TEM8, its expression in different types of cancer, and its potential impact in cancer patients.
First, the stromal score was analyzed for different types of cancer evaluated when there was high or low expression of ANTXR1. Stromal cells are thought to have important roles in tumor growth, disease progression and drug resistance (Yoshihara, et al., 2013), and tumor related stroma has a role in progression, metastasis of tumor and response to chemotherapy (Stein et al., 2019). The tumor microenvironment (TME) has been demonstrated to play a key role in solid cancers and therefore, the stromal score could be a good indicator of prognosis in solid cancers. This statement has also been tested before to find complementary ways to the long known TMN stage score (Xu et al., 2023). Here, the stromal score in six out of eleven cancer types analyzed, had a significant difference between low and high expression of ANTXR1. This implies a reciprocal relationship between ANTXR1 expression level and stromal score, suggesting that ANTXR1 could be a potential prognostic indicator. That there is more ANTXR1 expressed with a greater amount of stroma cells is congruent with the fact that ANTXR1 expression has been found in some stromal cells including cancer stem cells (Szot et al., 2018).
Another way to predict prognosis in patients with cancer is the immune score, and sometimes this prediction can mirror the stromal score. The immune score corresponds to the expression of key markers of immune cells found in the tumor which represent the immune cells infiltrated with potentially better outcomes. Here, we observed that two of the cancer types analyzed had a significant difference when analyzing immune score in terms of high or low expression of ANTXR1. This indicates that, for the majority of the cancer types studied, high stromal scores are correlated with high expression of ANTXR1 -but not necessarily the immune score. This finding is similar to those of renal cancer cells, where high levels of CD8+ infiltration do not correlate with a favorable prognosis (Xu et al., 2023). Furthermore, this paradox is also present in patients with melanoma in whom the immune score did not reflect any significant difference between high or low expression of ANTXR1. However, patients had a longer survival probability (Figure 2C) when patients with low expression of ANTXR1 were treated with immunotherapy. However, in previous studies high ANTXR1 expression has been correlated with tumor associated macrophage differentiation and immunosuppression factor in the TME (Huang et al., 2020) suggesting that the immune score might be low. The relationship between immune score and prognosis prediction still needs to be further investigated, as well as its potential relationship with ANTXR1 expression.
TEM8 has been found in different studies to be a poor prognostic marker especially for a native mostly unmutated gene. Here, we analyzed different types of cancer in terms of probability of OS and expression of ANTXR1 and found that bladder cancer and cervical squamous cell carcinoma showed significant statistical difference, but there were some cancers (small cell lung cancer OS (p = 0.06) and breast cancer PFS (p = 0.07)) that approached statistical significance. More clinical data analyzed within each cancer type can further clarify the impact of ANTXR1 expression in these cases. This also translates into the analysis of PFS or DFS, which give another perspective of the prognosis of the patients for different cancers. For bladder cancer, the impact of ANTXR1 expression showed a statistical difference not only in OS but in PFS, confirming the prognostic biomarker power of ANTXR1 expression. Similarly, in gastric cancer high ANTXR1 expression was correlated with poor OS and PFS (Huang et al., 2020). It is important to highlight that, to compare between bioinformatic studies of ANTXR1 expression, it is necessary to understand how the data was analyzed differently in each study, for instance, varying parameters for gene expression.
ANTXR1 expression is generally associated with tumor metastasis, aggressiveness and tumor invasion in different types of tumors (Hoye et al., 2018). To fully understand the impact of high ANTXR1 expression, it is key to determine the downstream pathways affected that could potentially lead to tumor progression and aggressiveness. In bladder cancer, the clinical data analyzed via gene set enrichment analysis (GSEA) showed that the extracellular matrix (ECM)- receptor interaction pathway was upregulated, as well as other cancer associated pathways such as PI3K-Akt, MAPK, and TGF-beta signaling pathways (KEGG pathways). These upregulated pathways were also confirmed using the MSigDB Hallmark pathways, including the KRAS Hallmark pathway that is partially in the PI3K-Akt KEGG pathway. One of the key genes in the ECM-receptor interaction pathway is collagen, which has been previously described as a key protein for cancer cell survival mediated by TEM8 in tumor-associated stroma (Hsu et al., 2022) and TEM8 association with the PI3K-Akt signaling pathway in glioblastoma (Kundu et al., 2024) and gastric cancer (Cai et al., 2020). TGF-beta signaling pathway has also been found to be enriched in gastric cancer (Huang et al., 2020), and it is involved with the telomerase (hTERT) enzyme in upregulating the urokinase-type plasminogen activator (uPA) for endothelial-mesenchymal transition (EMT) (Jaiswal and Yadava, 2020; Jaiswal and Yadava, 2019). EMT is one of the principal mechanisms responsible for changes in the ECM and metastasis, indicating poor prognosis in patients (Jaiswal and Yadava, 2020). Since TEM8 also serves as a receptor for uPA via EGFR phosphorylation (Zhang et al., 2018) it should be further investigated the relation between TEM8 and EMT pathways, as this will confirm its role as a prognosis indicator. Regarding the MAPK signaling KEGG pathway, more specifically the p38 MAPK pathway, contains the NLK gene that is a precursor for the Wnt pathway, which has been previously demonstrated to be key for metastasis and tumor proliferation in lung adenocarcinoma (Ding et al., 2021). Our findings confirm the unique role of high ANTXR1 expression in bladder cancer as a precursor for key signaling pathways that induce tumor aggressiveness, metastasis and invasion, indicating a poor prognosis. Future studies need to investigate the role of ANTXR1 expression in other pathways like EGFR, the complement and coagulation cascades, as well as metastatic pathways including the potential role of TEM8 in the EMT process (with uPA and transgelin), and its importance in tumor biology.
ANTXR1 expression has been linked to different proteins that may be interacting with TEM8 in the membrane, but to understand its role of tumor prognosis we analyzed the expression level of different membrane proteins and how it was impacting OS and PFS. Of more than 25 membrane proteins, only CXCR7, SPON2 and ANTXR1 had a significant difference in probability of survival in bladder cancer patients (only ∼10%). CXCR7 expression has been linked with aggressiveness or metastasis, progression of the tumor and poor overall survival across multiple cancer types (Al-toub et al., 2019). Similarly, high expression of SPON2 in laryngeal squamous cell carcinoma was associated with metastasis and higher pathological grade (Zhang et al., 2024). These findings and the above confirm the uniqueness of ANTXR1 as a membrane protein with prognostic biomarker significance.
Although we described a bioinformatic study analyzing clinical data from patients with different types of cancers, further investigations must address not only the ANTXR1 expression at the RNA, but at the protein level (TEM8). TEM8 has five isoforms that differ mainly in the membrane and intracellular domain and occur after alternative splicing (Vargas et al., 2012). It is still unknown the tropism of expression of these isoforms (cancer or angiogenic cells), or when the isoforms are expressed. There are two indications that the isoforms could play a different role in cancer cells versus in somatic cells. First, it was previously found that alpha-smooth muscle actin and transgelin are two intracellular factors that alter the form of TEM8 extracellularly (Yang et al., 2011). As the isoforms have different intracellular lengths, this also may alter the surface form of TEM8, and also potentially affect the downstream pathways that are upregulated in angiogenic and cancer cells. Second, in previous studies it was demonstrated that some post-translational modifications like N-glycosylation of extracellular domain of TEM8 are key for Seneca Valley Virus (SVV) binding to TEM8 in solid cancer cells (Jayawardena et al., 2018); and it is known that this oncolytic virus only infects solid cancer cells (Venkataraman et al., 2008; Rudin et al., 2011). Further studies will explore the role of the isoform in cancer metabolism, as well as the impact that these might have in the downstream pathways from ANTXR1.
As TEM8 becomes a more important target for cancer cell killing targeting due to its important role in carcinogenesis as well as selective high expression in solid cancer cells and associated stromal cells, a need to find a specific therapeutic agent to TEM8 has grown over time. Direct pathway inhibitors, RNA targeting, DNA-based vaccines, antibodies, antibody-like molecules, antibody-drug conjugates, CAR-T cells and oncolytic viruses have been used before in pre-clinical stages (Kareff et al., 2023). Most of these approaches are still in the pre-clinical phase. Antibodies and antibody-drug conjugates (ADCs) have demonstrated some success in clinical trials like the monoclonal antibodies SB5 and AF334; a tri-specific killer engager (TriKe) that lead to anti-angiogenic and anti-stroma effects; an ADC with MMAE with high tumor killing and anti-stroma effects; and CAR-T cells that blocked neo-vascularization in breast cancer (Kareff et al., 2023). However, no other therapeutic agent against TEM8 has shown any promising efficacy clinical trials except SVV. This oncolytic RNA virus uses TEM8 to infect TEM8 positive solid cancer cells with high specificity and delivers durable anti-tumor responses by turning “cold” non-immunogenic tumor into a “hot” immunogenic tumor. Further, it has been shown that the treatment of solid cancers in difficult to treat solid tumor animal models with of SVV and immune checkpoint inhibitors can eradicate primary tumors and block secondary tumors from developing indicating that an anti-tumor immune response developed (Corbett et al., 2022).
The role of ANTXR1 as a prognostic biomarker has been demonstrated not only in this study for bladder cancer, but for other types of cancer. The impact of ANTXR1 expression may also contribute to the prediction of some therapies’ success such as immune checkpoint inhibitors, TEM8 targeted therapies, or even oncolytic virotherapy. However, this needs to be further investigated as the role of TEM8 in cancer progression is still been elucidated, as well as its effects in other well-known pathways such as TGF-beta, EGFR, MAPK and Wnt-beta catenin. A starting step could be to analyze more real-world data, such as the publicly available in TCGA database, but other available sources could have contributed more valuable information and confirmed our hypothesis in this study. More available data from different sources for these types of studies could speed the advances of the field and specifically for the discovery of the role of TEM8. Nevertheless, future experimental studies would be needed to confirm the bioinformatic analysis done in this study.
In conclusion, in this paper we demonstrated that ANTXR1 expression has a unique role as a prognostic biomarker not only for bladder cancer, but also for other types of cancer. The downstream activated pathways found in solid cancers with high expression of ANTXR1 confirmed what has been found in previous studies in other types of cancer., i.e., to be linked with cancer aggressiveness, invasion and metastasis. SVV is the only therapeutic agent with promising efficacy in clinical trials against TEM8 expressing tumors with high specificity. Further studies will address the impact of the ANTXR1 expression at the protein level, as it could give more information or the role in cancer cells vs. somatic cells.
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Objective

This study aimed to assess whether circulating tumor cells (CTCs) from colorectal cancer (CRC) could be used as an alternative to tissue samples for genetic mutation testing, overcoming the challenge of difficult tumor tissue acquisition.





Methods

We developed an immunolipid magnetic bead (IMB) system modified with antibodies against epithelial cell adhesion molecule (EpCAM) and vimentin to efficiently separate CTCs. We prepared EpCAM-modified IMBs (Ep-IMBs) and vimentin-modified IMBs (Vi-IMBs). The separation efficiency of the system was evaluated via in vitro experiments and by capturing and counting CTCs in blood samples from 23 CRC patients and 20 healthy controls. Hotspot mutations in patient tissue samples were identified via next-generation sequencing (NGS), whereas mutations in blood CTCs were detected via Sanger sequencing. The concordance between hotspot mutations in tumor tissue and blood CTCs was analyzed.





Results

The CTC sorting system exhibited good dispersion, stability, and low cytotoxicity, with a specificity of 90.54% and a sensitivity of 89.07%. CRC patients had an average of 8.39 CTCs per 7.5 mL of blood, whereas healthy controls had 0.09 per 7.5 mL of blood. The consistency of gene mutations was as follows: TP53 (91.31%), PIK3CA (76.00%), KRAS (85.36%), BRAF (51.00%), APC (65.67%), and EGFR (74.00%), with an overall gene mutation consistency of 85.06%.





Conclusion

Our CTC sorting system, which is based on Ep-IMBs and Vi-IMBs, effectively captures CTCs in the peripheral blood of CRC patients and enables clinical hotspot gene mutation testing via these enriched CTCs. This system partially solves the problem of difficult tumor tissue sample collection and provides a reference for gene mutation testing in early diagnosis, therapeutic efficacy evaluation, prognosis assessment, and minimal metastasis detection in CRC patients, showing significant potential for clinical application, especially in targeted therapy gene testing for CRC.
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Introduction

Colorectal Cancer, which includes both colon and rectal malignancies, is a common malignancy of the digestive tract. It is the third most common cancer worldwide, following lung and breast cancer, and is also the second leading cause of cancer-related deaths worldwide (1). Given the severity of CRC, early prevention, diagnosis, and treatment have become focal points of research (Buccafusca et al., 2019; Mauri et al., 2019) (2, 3). With the advancement of molecular biology techniques, there has been a deeper understanding of genetic alterations during CRC carcinogenesis. CRC is widely believed to be a complex disease involving multiple steps, stages, genes, and molecular regulations (4–6).

More than 90% of cancer-related deaths are attributed to distant metastases (7). As a critical link in the distant metastasis of malignant tumors, the presence and number of CTCs in a patient’s bloodstream not only reflects the ability of the primary tumor to invade blood vessels but also indicates the potential to form metastatic foci in distant organs (8). Therefore, the detection and quantification of CTCs is of significant prognostic value in assessing the risk of malignancy and metastasis of tumors. In addition, CTCs, as an integral part of liquid biopsy, can compensate for the inadequacy of traditional methods in the dynamic monitoring of tumor tissue and provide more precise personalized treatment guidance through real-time molecular and functional typing (9). However, traditional serological, imaging, and pathological testing methods struggle to detect CTCs, as only 1 CTC can be found per 10 billion normal blood cells, requiring an extremely sensitive detection method (10). Immunochemical magnetic nanoparticles can efficiently and selectively recognize and capture CTCs in whole blood (11). Currently, the only approved method for CTC detection is the CellSearch system, which uses EpCAM-coated to enrich CTCs and anti-CK antibodies for identification; however, this system has limitations, such as its inability to capture CTCs that have undergone epithelial−mesenchymal transition (EMT) (12, 13). Therefore, magnetic beads modified with other specific protein antibodies are required to achieve efficient enrichment of CTCs. A substantial body of research indicates that vimentin is highly expressed in various tumor cells, especially in tumor cells undergoing EMT (14, 15). Thus, vimentin may serve as a potential target for CTC capture in CRC.

High-throughput sequencing, also known as “next-generation” sequencing technology (NGS), is characterized by its ability to perform sequence determination of hundreds of thousands to millions of DNA molecules simultaneously, albeit with relatively short read lengths (16, 17). NGS methods fall into two main categories: mutational genomic panel sequencing of solid tumors and liquid biopsy of peripheral blood and urine (18, 19). Solid tumor NGS panels reflect only the status of the tumor at one point in time, which is very timely and necessary to guide the treatment of newly diagnosed patients. However, for patients who need to track the progression of tumor drug resistance throughout the process, the status of the tumor in the body will change over time (20, 21). In addition, for cancer patients who have already metastasized at the time of detection, taking a sample from only a certain part of the cancer tissue may not reflect the overall condition of the patient; for patients who have undergone surgery to reduce the tumor burden, rebiopsy of the tissue may be difficult. Therefore, there is a strong clinical need and scientific research value for NGS-based CTC liquid biopsy-targeted gene detection.

Molecular cytopathology, a growing specialty, offers insights into personalized therapy responses and prognoses from cytological neoplasm samples. Liquid biopsies, monitoring biomarkers like CTCs and ctDNA in blood and body fluids, are non-invasive and can be repeated, even in patients with comorbidities. Despite challenges posed by low biomarker concentrations, sensitive molecular techniques can detect them, necessitating validation and integration with tissue-based assessments (22).

This study aims to develop an efficient and specific CTC sorting system for CRC based on multifunctional targeted IMBs to achieve efficient, rapid, and accurate separation and enrichment of peripheral blood CTCs. By using NGS to detect hot mutation genes in patient tissues and Sanger sequencing to detect hot mutation genes in CTCs, we aimed to understand the consistency and differences between the tissue and peripheral blood levels of CRC and the trends of these differences. The aim of this study is to solve the clinical problem of difficult tumor tissue sampling and provide a reference for gene mutation detection in early diagnosis, efficacy evaluation, prognosis assessment, and micrometastasis detection in tumor patients.





Materials and methods




Sample collection and processing

The study included a total of 23 CRC patients treated at our hospital from January 2023 to July 2023. Patient selection was based on the availability of high-quality CTC samples and aimed to represent a diverse range of disease stages and characteristics. The 23 patients included in this study were carefully chosen to ensure that the sample population was representative of the broader patient cohort. Despite the relatively small sample size, the rigorous study design, including the use of validated markers and standardized CTC isolation and enumeration procedures, ensures the reliability and validity of the results obtained. A control group of 20 healthy volunteers was also recruited, and 7.5 mL of blood was collected from each volunteer. The inclusion criteria were as follows: (I) aged between 18 and 90 years; (II) had histologically confirmed CRC (AJCC stages I - IV); and (III) signed written informed consent before participation. The exclusion criteria were as follows: (I) unresectable primary or metastatic tumors; (II) any treatment received prior to surgery (including chemotherapy, radiotherapy and targeted therapy); and (III) other concurrent malignancies.

Peripheral blood samples of 15 mL were collected from CRC patients via medical blood collection tubes containing EDTA/K2 as an anticoagulant. The samples were stored at 4°C and protected from freezing during storage, processing and transport to ensure sample quality. All samples were assayed within 72 hours. This study’s adoption of a 72-hour timeframe is supported by several rationales: pre-experiments established the stability of CTC biomarkers and genetic material within this period, ensuring the impact on detection outcomes is negligible. Considering geographical disparities in sample collection and laboratory operational schedules, a 72-hour window is a feasible timeframe to process samples under optimal conditions. Rigorous quality control measures, such as the use of anticoagulant tubes and 4°C refrigeration, were employed to maintain sample integrity. Comparative analysis with samples processed within 24 hours verified the high consistency of results processed within 72 hours, validating our chosen protocol. The detection indicators included (1) counting CTCs in the peripheral blood of CRC patients via the magnetic separation immunofluorescence identification method; (2) analyzing hotspot mutated genes in the patient’s tumor tissue via next-generation sequencing (NGS); and (3) genetic testing of CRC CTCs.





Experimental materials and instruments

In this study, we used the CRC cell lines CT26, HCT-8, SW480 and LS174T from the ATCC cell bank for our experiments. The cell culture conditions were strictly controlled in RPMI 1640 medium containing 10% neonatal calf serum, which was maintained at 37°C and 5% CO2 in an incubator. The key reagents and consumables used in the experiments were purchased from reputable biotechnology companies, including Solarbio’s Prussian blue staining kit, Gibco’s culture medium and serum, Abcam’s antibodies, Sigma’s DAPI staining solution, and eBioscience’s CD45-PE, among others. In addition, Huzhou Lie Yuan Medical Laboratory Co., Ltd. provided EpCAM antibody derivatives and magnetic nanoparticles, whereas Avanti supplied DSPC-APC. The high-end instruments and equipment used in the experiments included a BI-90Plus laser particle size analyzer/zeta potential analyzer from Bruker-Haven of America, an XL-30 environmental scanning electron microscope from Philips of the Netherlands, an LDJ9600-1 VSM magnetic property tester from Digital Instruments of America, an OLYMPUS B×61 fluorescence microscope from Olympus of Japan, and an XD-52AA rotary evaporator from Shanghai Banno Biotechnology Co., Ltd.





Preparation of the IMB system

In this study, we innovatively employed the reverse evaporation method to prepare immunomagnetic beads (IMBs), marking a novel improvement upon existing techniques aimed at enhancing the efficiency and specificity of circulating tumor cell (CTC) separation. Our methodological contribution lies in the development of a new preparation technique for IMBs, which, to our knowledge, has not been previously reported. This advancement offers a new tool for the detection and analysis of CTCs. The experimental steps were as follows: First, 5 mg of 1,2-dioleoyl-sn-glycero-3-phosphocholine (DOPC) and 5 mg of cholesterol (Chol) were accurately weighed and added separately to two 50 mL three-necked flasks. A total of 1.0 mL of Fe3O4-HMN solution was measured, the ethanol was removed, the solution was dissolved in 3.0 mL of dichloromethane (CH2Cl2), and the mixture was transferred to the abovementioned three-necked flasks. The mixture was emulsified in an ice bath for 6 minutes via an ultrasonic probe processor. During this time, 2 mg of the EpCAM antibody 1,2-distearoyl-sn-glycero-3-phosphoethanolamine-N-[7-(dimethylamino)-4-trifluoromethyl]coumarin (GHDC) was dissolved in 6 mL of double-distilled water (ddH2O) and slowly injected into the three-necked flask. At the end of the ultrasonic treatment, the remaining CH2Cl2 was removed via a rotary evaporator. Finally, Ep-IMB was isolated via magnetic separation and triple-washed for purity. Vi-IMB was also synthesized successfully via the same method.





Characterization testing of IMB systems

In this study, we used a BI-90Plus laser particle size analyzer/zeta potential analyzer to accurately measure the particle size and zeta potential of the IMBs. In addition, the microscopic morphology of the IMBs under different modification conditions was observed via atomic force microscopy (AFM). UV absorption spectroscopy was performed on the IMB solution via a UV−Vis spectrophotometer to analyze its spectral characteristics. We also used a Bio-Rad FTS3000 Fourier transform infrared (FTIR) spectrometer to observe and analyze the functional groups on the surface of the microspheres or modified materials. Finally, to verify the cell capture ability of the IMBs, we stained CT26 cells captured by the IMBs via a Prussian blue staining kit.





Testing the cytotoxicity of the IMB system in CRC cell lines

In this study, we used standard cell culture techniques to culture CRC cell lines (including CT26, HCT-8, SW480 and LS174T). Specifically, the cells were cultured in complete RPMI 1640 medium supplemented with 10% fetal bovine serum (FBS) and 1% penicillin−streptomycin at 37°C and 5% CO2 in a humidified environment. To prepare a single-cell suspension, we digested the CRC cells with trypsin and then added the cell suspension to serum-containing medium to neutralize the trypsin. By diluting the cells and using a cell counting chamber, we accurately determined the cell concentration. The cells were then plated in a 96-well plate with 1000 cells per well, and 200 μL of culture medium was added to each well. After overnight incubation at 37°C, different concentrations of IMB were added to each well to yield final concentrations of 0, 10, 50, 100 and 200 μg/mL. The cells were then incubated for an additional 24 hours at 37°C, after which 10 μL of 5 mg/mL MTT reagent was added to each well, after which the mixture was returned to the incubator for 3 hours. After incubation, the medium was removed, and 200 μL of dimethyl sulfoxide (DMSO) was added to each well. Finally, a Spectra Max M5/M5e multifunctional microplate reader (Molecular Devices) was used to read the absorbance at a wavelength of 560 nm, which was used to analyze and process the experimental data.





Measuring the cell capture efficiency of the IMB system

In this study, we first prepared a single-cell suspension of the CT26 cell line and accurately adjusted the cell concentration to 100 cells/7.5 mL to simulate the suspension state of CTCs. This simulated CTC suspension was subsequently divided equally into four experimental groups: the Ep-IMB group, the Vi-IMB group, the Ep/Vi-IMB group and the Ep+Vi-IMB group. In the Ep-IMB and Vi-IMB groups, immunomagnetic beads were added in volumes of 9, 15, 21, and 27 μL, respectively. In the Ep/Vi-IMB group, the two types of immunomagnetic beads were mixed at a 1:1 volume ratio, and 9, 15, 21, and 27 μL of the mixed immunomagnetic beads were added. In the Ep-IMB + Vi-IMB group, 6, 10, 14, or 18 μL of Ep-IMB or Vi-IMB immunomagnetic beads were added sequentially, with triplicate samples for each group. By comparing the capture efficiencies of each group, we aimed to determine the optimal capture scheme. After determining the best capture scheme, we applied it to capture experiments with CRC cells such as CT26, HCT-8, SW480, and LS174T cells. In the experiment, we added 10, 50, 100, 200, 500, and 1000 cells to 2 mL of phosphate buffer solution (PBS) and calculated the sensitivity of the capture scheme. To evaluate the specificity of the capture scheme, we also performed cell capture experiments using blood instead of PBS. In addition, we optimized the ratio of magnetic beads to antibodies in the immunomagnetic beads. In the experiment, we added 7 μL of IMBs containing 0, 10, 20, 30, 40, 50, 60, 70, or 80 μg of antibody and captured different numbers of CT26 cells, ultimately determining the best bead-to-antibody ratio according to the cell capture efficiency.





Capture, characterization and enumeration of CTCs in blood samples from patients with CRC

In this study, we collected 7.5 mL peripheral blood samples from patients with CRC and stored them in anticoagulation tubes containing EDTA. The serum and plasma layers were then separated via centrifugation at 2500 rpm for 10 minutes and transferred to EP tubes. An equal amount of PBS was added to the EP tubes and mixed well. Next, 7 μL of Ep-IMB or Vi-IMB immunomagnetic beads were added sequentially to the tubes, which were subsequently incubated for 20 minutes at room temperature and mixed every 5 minutes. After incubation, the tubes were placed on a magnetic separation rack for 15 minutes, after which the waste solution was aspirated. To fix the cells, 10 μL of 4% paraformaldehyde solution was added, and the cells were fixed for 10 minutes. The cells were then washed three times with PBS. For immunofluorescence staining, 30 μL of DAPI staining solution, 10 μL of CK19-FITC staining solution and 10 μL of CD45-PE staining solution were added, mixed well and stained for 15 minutes under light-free conditions. After staining, the cells were washed three times with PBS. Finally, 15 μL of deionized water was added to the EP tubes to resuspend the cells, and then the cells were evenly spread on the anti-stick slides. After drying, the droplets were observed and counted under a fluorescence microscope.





Tumor tissue and CTC nucleic acid extraction and mutation detection

In this study, we used the TIANamp Genomic DNA Kit to extract total DNA from tumor tissue and CTCs, ensuring that the total amount of tissue DNA exceeded 100 ng and that the total amount of CTC DNA exceeded 10 ng. The tumor tissue DNA samples were then sent to Huzhou Lie Yuan Medical Laboratory for high-throughput sequencing (NGS) via the Illumina NovaSeq 6000 platform to perform a comprehensive scan of 18 genes (including KRAS, NRAS, BRAF, Tp53, APC, DPYD, NTRK, HER-2, UGT1A, PIK3CA, PTEN, POLD1, B2M, STK11, EGFR, MDM2, MDM4, and DNMT3A). For CTC DNA, we followed the PCR procedures and systems described in Supplementary Table S1 and Supplementary Table S2 for amplification, using primers synthesized by Shanghai Bio-Engineering Co., Ltd., with specific sequence information provided in Supplementary Table S3. The amplified DNA fragments were then sent to Shanghai Bio-Engineering for sequencing to identify the gene mutation status.

High-throughput sequencing (NGS) and Sanger sequencing were utilized for their respective strengths in detecting genetic mutations. NGS’s high-throughput capability allows for the simultaneous sequencing of hundreds of thousands to millions of DNA molecules, making it ideal for analyzing multiple gene statuses and changes in tumor tissues. This comprehensive approach is vital for guiding treatment in newly diagnosed patients and tracking tumor evolution over time. Sanger sequencing, known for its precision, is employed for validating specific mutation genes in CTCs, which complements NGS by offering a detailed verification of suspected mutations. This combination leverages the strengths of both methods for a more accurate genetic analysis and personalized treatment guidance (Jennings, L. J., & Kirschmann, D. 2016, Schmid, K,eg al 2022) (23, 24).





Statistical analysis

In this study, data analysis was performed via SPSS 21.0 statistical software. The experimental data are expressed as the means ± standard deviations (x ± s). One-way analysis of variance (ANOVA) was used for within-group comparisons. Statistical significance was determined according to the following criteria: when P < 0.05, the difference between the two groups was considered statistically significant and marked with an asterisk (*); when P < 0.01 or P < 0.001, the difference was considered highly significant and marked with two asterisks (**) and three asterisks (***), respectively.






Results




Preparation of immunoliposomal magnetic beads and CTC detection of CRC

The IMBs were composed of five key components: (I) antibody derivatives designed for specific recognition of antigens on the surface of cancer cells; (II) iron oxide (Fe3O4) nanoparticles, which serve as the core of the beads to provide magnetic properties; (III) cholesterol, which enhances membrane stability; (IV) 1,2-dioleoyl-sn-glycero-3-phosphocholine (DOPC), a major component of the lipid bilayer; and (V) 1,2-dioleoyl-sn-glycero-3-phosphoethanolamine-N-[7-(diethylamino)-4-trifluoromethyl]coumarin (GHDC), which enhances fluorescent labeling. The integration of specific antibodies into the IMBs enabled highly selective capture of CRC CTCs. After capture, the CTCs were separated according to the magnetic properties of the superparamagnetic Fe3O4 nanoparticles and subsequently identified via immunofluorescence techniques. A schematic representation of multitarget immunomagnetic bead CTC detection is shown in Figure 1.

[image: Diagram illustrating a process involving the use of GHDC-antibody, DOPC, cholesterol, and iron oxide nanoparticles for capturing and analyzing circulating tumor cells (CTCs) from blood and tissue samples. The CTCs undergo immunofluorescence staining with FITC, DAPI, and CD45-PE. Subsequent steps include CTC counting via microscopy and DNA sequencing, possibly through next-generation sequencing (NGS).]
Figure 1 | Flowchart of immunolipid magnetic ball (IMB) model preparation and CTC capture.





Characterization and analysis of nanomagnetic beads

To further confirm that the manufactured magnetic beads had a small particle size and favorable stability, we analyzed the particle size and zeta potential of Ep-IMB and Vi-IMB. The average particle size of Ep-IMB was determined to be 116.2 nm (Figure 2A), with a zeta potential of +23.6 mV (Figure 2B). For Vi-IMB, the average particle size was measured to be 120.4 nm (Figure 2C), and the zeta potential was +21.6 mV (Figure 2D).

[image: Panel A and B show particle size distribution graphs for Ep-IMB and Vi-IMB, with mean diameters of 116.2 nm and 120.4 nm, respectively. Panel C and D illustrate zeta potential distributions for Ep-IMB and Vi-IMB, with mean zeta values of 23.6 mV and 21.6 mV, respectively. Panel E presents transmittance spectra, and panel F displays absorbance spectra for IMB, Ep-IMB, and Vi-IMB. Panels G and H show TEM images of Ep-IMB and Vi-IMB particles, marked with a scale bar indicating 200 nm.]
Figure 2 | Characterization of the IMB models. (A) Ep-IMB particle size test plot; (B) Vi-IMB particle size test plot; (C) Ep-IMB potential test plot; (D) Vi-IMB potential test plot; (E) Immunolipid magnetic sphere infrared spectra; (F) Immunolipid magnetic sphere ultraviolet absorption spectra; (G) Ep-IMB AFM observation plot; (H) Vi-IMB AFM observation plot.

Infrared spectroscopy analysis (Figure 2E) revealed characteristic absorption peaks for Ep-IMB and Vi-IMB at 1725 cm-1 for the ester carbonyl (C=O) stretching vibration, 1186 cm-1 for the ether (C-O-C) stretching vibration, 1650 cm-1 for the amide carbonyl (C=O) stretching vibration, and 3500 cm-1 for the amine (C-N) stretching vibration. These characteristic peaks confirmed the successful synthesis of the IMBs.

Ultraviolet spectroscopy (Figure 2F) revealed a broad absorption peak at approximately 279 nm for both types of antibody-modified magnetic beads, indicating that EpCAM and vimentin were successfully conjugated to the surface of the beads.

The AFM images (Figures 2G, H) revealed that both types of immunomagnetic microspheres were spherical in shape, varied in size, and did not aggregate, indicating their good stability and regular morphology. The size ranged from 100 to 150 nm, showing characteristics of liposome-like vesicles.





IML cytotoxicity and capture efficiency

The Prussian blue staining results shown in Figure 3A clearly demonstrated robust cell growth, with cells exhibiting a typical regular morphology. The IMBs were randomly distributed around the cells, whereas Ep-IMB and Vi-IMB were uniformly attached to the cell surface, indicating the immune recognition properties of Ep-IMB and Vi-IMB. These findings were consistent with the results of the UV assays and did not adversely affect cell morphology. A closer examination of the data in Figures 3B, C revealed that Ep-IMB and Vi-IMB at a concentration of 50 μg/mL exhibited low toxicity toward various cancer cell lines, with cell viability rates above 90%. As the concentration of magnetic beads increased, the cell viability rate gradually decreased, indicating that high concentrations of beads have some inhibitory effect on cell growth. Even at a relatively high concentration of 200 μg/mL, the viability of the cell lines remained above 60%, suggesting that although Ep-IMB and Vi-IMB have a certain degree of cytotoxicity toward the cell lines, the overall level of toxicity was relatively low.

[image: Panel A displays microscopic images of cells with different treatments: untreated, with IMB, Ep-IMB, and Vi-IMB, showing varying cell appearances. Panels B and C are bar charts illustrating cell viability percentages for CT26, HCT-8, SW480, and LS174T cell lines at concentrations from 0 to 200 micrograms per milliliter. The graphs show similar trends, with decreased viability at higher concentrations.]
Figure 3 | Cytotoxicity assay of the IMB models. (A) Prussian staining results; (B) Cellular activity assay of Ep-IMB in cell lines (CT26, HCT-8, SW480, and LS174T); (C) Cellular activity assay of Vi-IMB in cell lines (CT26, HCT-8, SW480, and LS174T).

To further validate the effects of different capture schemes and magnetic bead dosages on the efficiency of CRC cell capture, an experiment was conducted. The results showed that within the PBS system, the sequential introduction of Ep-IMB and Vi-IMB resulted in the highest capture efficiency when the magnetic bead dosage was held constant (Figure 4A). Notably, the capture efficiency peaked when 7 μL of Ep/Vi-IMB was added, and further increases in the magnetic bead dosage stabilized the capture efficiency. On the basis of these results, the sequential capture method with the addition of 7 μL of Ep/Vi-IMB was identified as the optimal strategy, which was subsequently verified in a simulated blood system (Figure 4B). In the PBS system, the average capture efficiency was evaluated across different cell lines and with a gradient of cell numbers, and the results demonstrated that the specificity of the capture system reached 90.54% (Figure 4C). In addition, the average capture efficiency tested in the simulated blood system indicated that the sensitivity of the separation system was 89.07% (Figure 4D). Furthermore, the cell capture efficiency was optimized by adjusting the ratio of magnetic beads to antibodies, with magnetic bead preparation being most effective at an antibody concentration of 50 μg (Figure 4E).

[image: Five graphs labeled A to E show cell capture rates based on different variables. Graphs A and B are 3D bar charts comparing magnetic bead types with cell lines such as SW480 and LS174T. Graphs C and D are bar charts showing capture rates for cell lines CT26, HCT-8, and others across varying numbers of cells. Graph E illustrates capture rates against antibody content and cell number, using different colors to signify variations in antibody content from 0 to 80 micrograms. Each graph includes error bars, suggesting data variability.]
Figure 4 | Cell capture efficiency of the IMB model. (A) Capture efficiency of CT26 cells by different inputs of the IMB model in PBS; (B) capture efficiency of CT26 cells by different inputs of the IMB model in the blood simulation system; (C) verification of the specificity of the IMB model in the PBS system; (D) verification of the sensitivity of the IMB model in the simulated blood system; (E) capture efficiency of CT26 cells by magnetic spheres prepared with different antibody contents in prepared magnetic spheres on the capture efficiency of CT26 cells. (Error lines represent the standard deviation).





Statistics on the sorting effect of various magnetic balls on CRC cells

A total of 23 patients with CRC were enrolled in this study, with a mean age of 62.7 years and a standard deviation of 16.5 years. There were 7 male patients, accounting for 30.4% of the total. The distribution of pathological stages from I to IV was relatively uniform, with proportions of 8.7%, 21.7%, 34.8%, and 34.8%, respectively. The main tumor sites were the left colon (21.7%) and the right colon (43.5%), with 4 cases in the rectum, 3 in the sigmoid colon and 1 in the transverse colon. Moderate differentiation was the predominant type, accounting for 65.2% of the cases. In terms of metastatic status, 8 patients had distant metastases, representing 34.8% of the total patients. More detailed information can be found in Table 1.

Table 1 | Characteristics of the enrolled CRC patients.


[image: Table showing patient characterization in percentages. Average age is 62.7 years. Sex: 69.6% female, 30.4% male. Pathological staging: 8.7% I, 21.7% II, 34.8% III and IV. Tumor site: 21.7% left hemicolon, 43.5% right hemicolon, 17.4% rectum, 13.0% sigmoid colon, 4.3% transverse colon. Degree of differentiation: 65.2% moderately differentiated, 17.4% moderately to poorly and poorly differentiated. Distant metastatic site: 65.2% M0, 34.8% M1.]
In the present study, we identified and quantified CTCs via immunofluorescence analysis. Under white light, the cellular morphology was clearly visible, with CK19-FITC fluorescence showing a strong positive signal in green and DAPI fluorescence showing a strong positive signal in blue, while CD45 staining was negative. These characteristics facilitated the accurate detection of CTCs (Figure 5A). Using these criteria, we performed CTC enumeration and statistical analysis on blood samples from 20 healthy individuals and 23 patients with CRC (Figure 5B).

[image: Panel A shows fluorescence microscopy images showing different markers including FITC, DAPI, CD45-PE, and merged wavelengths for Ep-IMB, Vi-IMB, and controls. Panel B is a dot plot comparing healthy and CRC samples across different methods, with significant differences indicated. Panel C presents box plots depicting the number of circulating tumor cells (CTCs) across cancer stages I to IV for Ep-IMB, Vi-IMB, and Ep-&-Vi-IMB, with p-values noted.]
Figure 5 | Immunofluorescence identification and counting of CTCs in blood samples from CRC patients. (A) Immunofluorescence identification of captured CTCs. (B) Comparison of the ability of the Ep-IMB, Vi-IMB and EP/Vi-IMB models to capture CTCs in the blood of CRC patients with the blood of the normal population. (C) The number of CTCs captured by the Ep-IMB, Vi-IMB and EP/Vi-IMB models in the blood of CRC patients with different pathological stages.

The results showed that in patients with CRC, the average number of CTCs captured by Ep-IMB was 5.61 per 7.5 mL; the average number captured by Vi-IMB was 2.78 per 7.5 mL; and with the Ep/Vi-IMB system, we achieved an average CTC capture yield of 8.39 per 7.5 mL. In the blood samples from healthy individuals, a low number of CTCs was detected, with an average of 0.09 per 7.5 mL, and the CTC counts from all three capture systems were significantly lower than those from patients with CRC (P < 0.001).

Furthermore, we observed that the number of captured epithelial or mesenchymal CTCs gradually increased with increasing tumor stage, and the CTC counts from all three capture systems significantly differed across stages (Figure 5C). In addition, the number of CTCs captured by Ep-IMB and Vi-IMB differed significantly between stages II, III and IV (P < 0.05) (Supplementary Figure S1).





Comparative analysis of genomic heterogeneity in CRC tissue and CTCs

According to the heatmap, the Tp53 gene mutation frequency in CRC tissue samples was the highest at 65.22%, followed by the PIK3CA (39.13%), KRAS (30.43%), BRAF (17.39%), APC (26.09%) and EGFR (34.78%) genes (Figure 6A). Subsequent testing of CTC samples by Sanger sequencing revealed that the Tp53 gene mutation showed the highest concordance (91.31%) compared with the hotspot gene mutations identified in tissue samples, whereas mutations in PIK3CA (76.00%), KRAS (85.36%), BRAF (51.00%), APC (65.67%) and EGFR (74.00%) also showed good concordance. Overall, the two detection methods achieved a concordance rate of 85.06% in terms of genetic mutation (Figure 6B).

[image: Clustered heatmap and bar chart showing mutation data. Panel A displays a heatmap with samples as columns, grouped by tissue and circulating tumor cells. It includes mutations for genes BRAF, PIK3CA, EGFR, TP53, APC, and K-Ras, using color coding to indicate different mutation levels. Panel B features a bar chart representing mutation frequencies for genes TP53, PIK3CA, KRAS, BRAF, APC, and EGFR, with TP53 having the highest mutation frequency at 91.31% and BRAF the lowest at 51%.]
Figure 6 |  (A) onsistency validation of the tissue and corresponding CTC gene mutation results of 23 CRC patients. Hotspot gene mutation results of tissue and blood CTC samples from 23 CRC patients; (B) Consistency rate statistics of tissue and blood CTC gene mutations.






Discussion

Liquid biopsy has emerged as a burgeoning focal point within the realm of oncological research, demonstrating substantial potential across various stages of cancer screening and therapeutics. In asymptomatic populations, this noninvasive approach can identify individuals harboring cancer, thereby increasing early detection rates and facilitating more efficacious intervention strategies. Moreover, it provides dynamic insights into the progression of CRC and assesses the sensitivity of the disease to therapeutic interventions (25). CTCs have played a critical role in the advancement of precision medicine. Compared with traditional invasive tissue biopsies and cytology, CTC detection offers several distinct advantages, including a straightforward sample collection process and the ability to perform multiple repeated assessments (26). As intact neoplastic cells, CTCs provide a wealth of information on the genomic, transcriptomic, proteomic and metabolomic profiles of tumors (27). In addition, CTCs can be analyzed ex vivo, making it easier to study tumor cells (28).

In 2010, the American Joint Committee on Cancer (AJCC) included CTCs in the TNM cancer staging system for the first time (29). The study of CTC dynamics throughout tumor progression offers potential predictive information for cancer screening, prognostic assessment, disease monitoring and therapeutic response. Currently, CTCs have been extensively used in the prognostic evaluation of various malignancies, including lung, head and neck, esophageal, gastric and breast cancer (30–33). Given the low five-year survival rate for patients with advanced colorectal cancer, early detection and treatment are critical for improving survival. Yang et al. (34) used an immunoaffinity negative enrichment method to detect CTCs in benign colorectal disease patients (such as polyps) and nonmetastatic CRC patients preoperatively and reported that the CTC count in CRC patients was significantly greater than that in patients with colorectal polyps (3.47 ± 0.32 cells/3.2 mL vs. 1.49 ± 0.2 cells/3.2 mL, P < 0.001). Tsai et al. (35)also demonstrated a close correlation between CTC counts and disease progression (P < 0.0001), with high specificity (86%) and sensitivity (79%) in 95% of CRC stages and 79% of adenomatous lesions. Sastre et al. (36) used the CellSearch system to detect peripheral blood CTCs in 1202 CRC patients and reported that a CTC count of ≥3 cells/7.5 mL was associated with adverse prognostic factors. The CellSearch system was once an option on the domestic market, it was discontinued in 2016 because of its low detection rate. Although Parsortix device from Angle Company has been FDA-approved to enumerate and sort CTCs, providing an alternative technology in this field, Recently. In this study, a novel CTC sorting system was developed on the basis of the CellSearch system, which sequentially enriches CTCs with Ep/Vi-IMB and demonstrates good dispersion, stability and low cytotoxicity, with a specificity of 90.54% and a sensitivity of 89.07%. Therefore, our research retains its uniqueness and value. Our IMB system, by combining EpCAM and vimentin dual markers, effectively captures CTCs, including those undergone EMT, demonstrating higher specificity and sensitivity compared to the CellSearch system. To address the potential for false positives associated with vimentin as a marker, we implemented a dual-marker approach using both EpCAM and vimentin-modified immunomagnetic beads (Ep-IMBs and Vi-IMBs) for the capture of CTCs. This strategy ensures that only cells co-expressing both markers are classified as CTCs, thereby increasing specificity. We also utilized highly specific vimentin antibodies to reduce non-specific binding, which was optimized through preliminary experiments and competitive assays. The inclusion of additional unique tumor-associated antigens in our detection system further enhances specificity by capitalizing on the distinctive features of CTCs. Finally, stringent data analysis, including the exclusion of non-tumor cells by negating common leukocyte markers such as CD45, was performed to minimize false positives. Compared to microfluidic and nanoparticle-based technologies, the IMB system offers advantages in cost-effectiveness and ease of operation while maintaining low cytotoxicity, which is crucial for clinical applications (37, 38). Nevertheless, the preparation process of the IMB system is relatively complex, and future studies should focus on further optimization to enhance its practicality and clinical feasibility. The average detection volume of CTCs in the blood of CRC patients was 8.39 cells/7.5 mL. Notably, the detection rate of CTCs increased with the TNM stage of the patients, indicating a close relationship between the number of CTCs and the progression of primary malignancies and suggesting its potential as an adjunct indicator for CRC TNM staging. However, the relationships between the number and type of CTCs and specific pathological histological characteristics and actual degree of tissue metastasis require further in-depth research.

Precision medicine has achieved significant success in the treatment of CRC, with the key being the detection of specific mutated genes to select the most appropriate targeted therapeutic agents. Compared with traditional detection methods, next-generation sequencing (NGS) technology can analyze the status and alterations of multiple genes in the body in a single high-throughput test, greatly enriching the clinical applications for CRC patients in diagnosis, treatment, and disease prognosis monitoring. In an NGS study of 526 CRC tumor samples, mutations in the TP53 and KRAS genes were found to be frequent, whereas mutations in PIK3CA often coexisted with KRAS, NRAS, or BRAF mutations (39). The TP53 gene encodes the p53 protein, an important tumor suppressor, and any mutation that inactivates this protein can lead to tumorigenesis (40, 41). Mutation of the KRAS gene, a member of the RAS family, can lead to continued activation of the RAS protein, thereby causing abnormal cell growth and proliferation and promoting tumor development (42, 43). This study uses next-generation sequencing (NGS) technology to analyze colorectal tumor tissue and reveals high mutation frequencies in the Tp53, PIK3CA, EGFR, and KRAS genes. Subsequently, when patient-isolated CTCs were used as templates, hotspot mutation genes were verified via Sanger sequencing, and the mutation rate and its consistency with tissue sample mutations were calculated. The study showed high consistency for mutations in Tp53 (91.31%), PIK3CA (76.00%), KRAS (85.36%), BRAF (51.00%), APC (65.67%), and EGFR (74.00%), with an overall gene mutation consistency rate of 85.06%. This finding indicates that there is a high degree of concordance between the tumor-related hotspot mutation genes detected by NGS technology in CRC tissue samples and those detected by Sanger sequencing in CTC samples. Therefore, in cases where it is difficult to obtain tumor tissue samples, enriched CTCs may serve as a suitable alternative for clinically targeted drug gene mutation detection, effectively overcoming the challenge of tumor tissue sampling.





Limitations of the study

This study focused on several key hotspot mutated genes, but given the complexity of the tumor genome, future studies will need to use advanced means such as whole-genome sequencing to achieve a more comprehensive analysis of genetic variants. In addition, although this study proposed an individualized treatment strategy based on CTCs, its applicability and efficacy in different patient groups still need to be validated in large-scale clinical trials. Moreover, this study lacked data on long-term patient tracking and follow-up, which limited the in-depth understanding of CTCs as indicators for prognosis and efficacy assessment. Therefore, future studies should include long-term clinical follow-up to assess the role of CTCs in cancer treatment more comprehensively.





Conclusion

The analysis of CTCs offers us a crucial tool for comprehending and capitalizing on tumor heterogeneity, which facilitates a more profound understanding of the biological properties of tumors and guides the development of personalized therapeutic strategies. Future studies will delve deeper into the role of CTCs in tumor heterogeneity, using this knowledge to refine treatment plans and potentially increase patient survival rates.

Building on previous studies that enhanced the capture efficiency of circulating tumor cells (CTCs) using immunolipid magnetic bead (IMB) systems modified with specific antibodies (44, 45), our research has achieved significant technological advancements: Firstly, we employed a reverse evaporation method for IMB preparation and optimized the ratio of EpCAM to Vimentin antibodies, thereby enhancing the uniformity and stability of CTC capture. Secondly, we validated the IMB system in a larger cohort of 23 colorectal cancer (CRC) patients, yielding more compelling data on clinical relevance. Additionally, we analyzed gene mutations in CTCs using next-generation sequencing (NGS) and Sanger sequencing, finding a high degree of concordance with mutations in tumor tissues. Lastly, we addressed the heterogeneity of CTCs by employing a dual-marker strategy with EpCAM and Vimentin, allowing for a comprehensive assessment of CTC biology. In summary, we have successfully developed a CTC sorting system based on Ep-IMB and Vi-IMB technology that efficiently captures CTCs from the peripheral blood of CRC patients and detects clinically relevant genetic mutations, effectively overcoming the challenge of obtaining tumor tissue samples. This system not only offers a novel approach for early diagnosis, therapeutic efficacy evaluation, prognostic assessment, and minimal residual disease detection but also holds significant potential for clinical application in the field of targeted therapy gene testing for CRC.
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Supplementary Figure 1 | Differences in the number of CTCs captured by Ep-IMB and Vi-IMB among different pathological stages.
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Background

Among malignant tumors, hepatocellular carcinoma (HCC) is both prevalent and highly lethal. Most patients with advanced-stage liver cancer have a poor prognosis. Death-associated protein 3 (DAP3) is reportedly related to tumors and may hold great promise for the future.





Methods

DAP3 transcriptome data along with related clinical information were obtained from The Cancer Genome Atlas (TCGA), GEO, and ICGC databases. We assessed its prognostic value, clinical relevance, associated pathways, immune infiltration, gene mutations, and sensitivity to chemotherapeutics. A prognostic risk model was subsequently developed and evaluated using receiver operating characteristic (ROC) curves and Kaplan-Meier (KM) plots. Additionally, a nomogram was created and validated through calibration and decision curve analysis (DCA). Furthermore, quantitative real-time PCR (qRT-PCR), Western blot, and immunohistochemical (IHC) staining were performed to examine the expression of DAP3 in HCC. Finally, gene knockdown and overexpression experiments, along with cell counting kit-8 (CCK-8) assays, colony formation assays, and tests for cell apoptosis, migration, and invasion, were conducted to investigate the role of DAP3 in HCC.





Results

The study discovered that DAP3 expression was linked to HCC subtypes, and its high expression was linked to a poor prognosis. There were significant differences in immune infiltration level, mutation level, prognostic value and chemotherapeutic efficacy. Subsequently, we constructed a prognostic model and demonstrated that high risk score was significantly related to a poor survival rate. A predictive nomogram demonstrated that the nomogram model was effective prediction tool that can accurately predict the survival rate of patients with different clinical characteristics. Additionally, DAP3 expression significantly increased in both tissue samples and cell lines. Elevated levels of DAP3 were correlated with larger tumor size and higher alpha-fetoprotein (AFP) levels, and Cox analysis confirmed that DAP3 was a clinically independent prognostic marker. Finally, cell assays revealed that the knockdown of DAP3 significantly impeded cell proliferation and metabolic activity and induced apoptosis. Conversely, the overexpression of DAP3 had opposite effects on these cellular processes.





Conclusions

Our study on DAP3 can provide a reference for HCC diagnosis, treatment and prognosis assessment.





Keywords: hepatocellular carcinoma, DAP3, prognostic model, bioinformatics, biomarker





Introduction

Liver cancer is recognized as the leading malignancy in the digestive system, characterized by a notably high mortality rate (1). The genetic, metabolic, and inflammatory heterogeneity of liver cancer presents significant challenges in the development of effective therapies. While chemotherapy is utilized, it typically results in only modest increases in overall survival and limited improvements in quality of life (2, 3). Hepatocellular carcinoma (HCC) is the most frequent subtype of primary liver cancer and one of the leading causes of cancer-related death worldwide (4). Despite the widespread clinical application of associated biomarkers, such as α-fetoprotein (AFP), for the diagnosis of hepatocellular carcinoma (HCC), their use remains controversial and constrained by limitations (5). Thus, it is essential to clarify the underlying mechanisms of hepatocellular carcinoma (HCC) to discover novel biomarkers for early detection, prognosis, and treatment.

Mitochondria are crucial in regulating cellular life and death processes, influencing the initiation of apoptosis as well as survival, proliferation, and metabolism (6). The human mitochondrial ribosome is one of the most protein-rich ribosomes, as reported, MRP genes were significantly upregulated in HCC tumor samples and showed promising diagnostic value (7, 8). DAP3 is the only GTP-binding protein component of the small subunit of mammalian and yeast mitochondrial ribosomes and plays an important role in tumor progression (9–11).DAP3 has been shown to have dual roles in tumorigenesis, functioning either as a tumor suppressor or promoter, depending on the particular cell type and tumor context. These findings suggest that DAP3 may have distinct biological functions across various cancers. For example, DAP3 is overexpressed in several cancer types, including human pancreatic cancer, invasive glioblastoma multiforme, and human thyroid tumors (12–15). Conversely, decreased expression of DAP3 has been observed in gastric cancer and colorectal cancer (CRC) (16, 17). Furthermore, DAP3 expression is correlated with tumor stage and clinical outcomes in breast cancer patients (18). Notably, downregulation of DAP3 has been shown to reduce mitochondrial respiration in HeLa cells, underscoring the essential role of DAP3 in mammalian cells (11). In conclusion, the potential roles of DAP3 in carcinogenesis and cancer development warrant further investigation. Although previous studies have reported on DAP3 expression and its basic functions in liver cancer (19), this study provides new insights from the perspective of the immune microenvironment and prognostic modeling, thereby expanding the functional understanding of DAP3 within the tumor microenvironment. These phenotypic data will further enhance our understanding of the potential biological roles of DAP3.

In this study, we systematically investigated the functions of DAP3 by integrating bioinformatics analyses with experimental approaches. Using public datasets, we performed survival analysis, Gene Set Enrichment Analysis (GSEA), Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis, immune infiltration analysis, single-cell sequencing analysis, mutation analysis, and chemotherapeutic efficacy analysis. From these studies, we constructed a risk score prognostic model and a nomogram for prediction. In vitro findings confirmed the overexpression of DAP3, and further investigations demonstrated that DAP3 regulates cell proliferation, apoptosis, cell cycle dynamics, and metastasis. Thus, DAP3 may hold significant promise for cancer prognosis and treatment.





Materials and methods




Clinical samples

HCC tissues were obtained from Nantong Third Hospital Affiliated with Nantong University. This study received approval from the ethics committees of Nantong Third Hospital Affiliated with Nantong University, and written consent was obtained from all patients or their guardians. None of the patients had undergone radiotherapy or chemotherapy prior to surgery.





Data acquisition and analysis

We downloaded expression profile data and clinical phenotype data for liver hepatocellular carcinoma (LIHC) from the TCGA database (https://www.cancer.gov/tcga). Additionally, we obtained single-cell sequencing data (CSE000000) from the CNGBdb database (https://db.cngb.org/). The GSE14520 dataset was acquired from the GEO database (https://www.ncbi.nlm.nih.gov/), while the LIRI-JP sequencing data were sourced from the ICGC database (https://dcc.icgc.org/). Furthermore, we downloaded sequencing data for 33 types of pan-cancer along with the corresponding survival information from UCSC Xena (https://xena.ucsc.edu/).





Enrichment analysis

In the TCGA cohort, we conducted differential analysis on tumor and adjacent normal tissues, as well as on groups stratified by DAP3 expression levels. We identified consistently upregulated and downregulated genes as characteristic markers for the DAP3-stratified groups. Next, we conducted Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses on the candidate genes using the clusterProfiler R package. Additionally, we downloaded gene sets related to the hall v2023.1.Hs.symbols pathways from the GSEA website and conducted Gene Set Enrichment Analysis (GSEA) to identify significantly different biological processes between the low-expression and high-expression groups by ranking the changes in gene expression.





Genomic alterations and mutation profiles

To explore the relationship between mutations and DAP3 expression levels, we downloaded somatic SNP data for liver cancer from TCGA via UCSC Xena. We analyzed mutation differences between groups using the maftools package and conducted statistical tests on the calculated tumor mutational burden. Additionally, we calculated the frequency of copy number variations (CNVs) and performed online analysis using GISTIC2.





Immune infiltration analysis

We estimated immune scores using the TIMER, CIBERSORT, and MCPcounter algorithms and predicted potential responses to immune checkpoint inhibitors in HCC using the Tumor Immune Dysfunction and Exclusion (TIDE) method. The proportion of responders among different sample types was illustrated using the ggplot2 package. Additionally, we generated box plots and incorporated immune checkpoint-related genes and utilized the Wilcoxon test to assess the significance of differences between different groups.





Construction of a prognostic risk score model for HCC

We used GSE144269, GSE14520, LIRI_JP, and OEP000321 as validation sets, with TCGA as the training set. We identified 73 prognostic genes through univariate Cox regression (p < 0.05) in the DAP3-stratified groups and validated 33 genes that appeared more than 500 times through 80% resampling. Using the Bioinformatics Soup database, we applied these 33 genes in the LIHC cohort to create a machine learning model with leave-one-out cross-validation (LOOCV) and calculated the C-index for each model. HCC patients were categorized into high-risk and low-risk groups according to the median risk score, and the predictive ability was assessed using the area under the time-dependent receiver operating characteristic curve (AUROC). Risk curves were plotted to assess survival differences between groups.





Construction and validation of predictive models for clinical trials

We performed univariate and multivariate analyses using TCGA data. We also conducted decision curve analysis (DCA) to assess the net benefit at different risk thresholds, evaluating the clinical applicability of the risk score model. Next, we constructed a nomogram that integrated clinical characteristics using the ‘regplot’ package for survival prediction. Calibration and ROC curves were plotted to evaluate the predictive accuracy of the nomogram.





Chemotherapy drug sensitivity analysis

Based on CTRP (Cancer Therapeutics Response Portal, https://portals.broadinstitute.org/ctrp) and PRISM (Profiling Relative Inhibition Simultaneously in Mixtures, https://depmap.org/portal/prism/) datasets, we conducted a drug sensitivity assay, analyzed the differences in AUC values for each chemotherapy drug among the high- and low-risk score groups and performed correlation analysis.





Cell lines and cell culture

LO2 and five HCC cell lines (PLC/PRF/5, HCCLM3, SMMC-7721, SK-Hep-1, and Li-7) were obtained from the Cell Culture Facility (Shanghai, China). PLC/PRF/5 and SK-Hep-1 cells were cultured in MEM (Gibco, USA) supplemented with 10% fetal bovine serum (Gibco, USA). LO2 and SMMC-7721 cells were cultured in RPMI-1640 medium (Gibco, USA) supplemented with 10% FBS, and HCCLM3 cells were cultured in DMEM (Gibco, USA) supplemented with 10% FBS at 37°C with 5% CO2.





Construction of plasmids and siRNAs

The siRNAs targeting the negative controls si-NC, si-1, and si-3 were purchased from Gene Pharma (Suzhou, China). The pcDNA3.1-DAP3 for the overexpression of DAP3 and the empty plasmid (pc-DNA3.1-NC) were purchased from Gene Pharma (Suzhou, China). We used Lipofectamine3000 (Invitrogen, USA) for transfection and overexpression according to the manufacturer’s instructions.

	si-1 sense: 5’-GGAUGGAAUCAAUGCUCUUTT-3’;

	antisense: 5’-AAGAGCAUUGAUUCCAUCCTT-3’

	si-3 sense: 5’ -CCCUAAGUCUUUGCCAUGUTT-3’;

	antisense: 5’-ACAUGGCAAAGACUUAGGGTT -3’







IHC staining

Dewaxing and rehydration were performed in graded ethanol, followed by citrate antigen retrieval. The tissues were sealed at room temperature and incubated overnight at 4°C with an anti-DAP3 antibody (Santa Cruz, 1:200). The sections were then incubated with a horseradish peroxidase-conjugated secondary antibody at room temperature for 30 minutes. Staining was performed using 3,3′-diaminobenzidine (DAB), followed by washing and counterstaining with hematoxylin. Immunohistochemical scoring was based on the product of the staining intensity and extent scores. Staining intensity: 0 (no staining), 1 (weak staining), 2 (moderate staining), and 3 (strong staining); staining extent scoring: 0 (≤10%), 1 (10%-25%), 2 (25%-50%), 3 (50%-75%), or 4 (75%).





RNA preparation and RT-qPCR

Total RNA was isolated with TRIzol reagent (Invitrogen, USA), reverse transcribed into cDNA with a Revert Aid First Strand cDNA Synthesis Kit (Thermo Fisher Scientific, USA), and finally, SYBR reagent (Bio-Rad, China) and specific primers (Generay, China) were used for quantification. After normalization to GAPDH, the relative expression was calculated. The RT–qPCR sequences of primers used were as follows:

	GAPDH forward: 5’-GGACCTGACCTGCCGTCTAG-3’,

	GAPDH reverse: 5’-GTAGCCCAGGATGCCCTTGA-3’;

	DAP3 forward: 5’-TCCAGCTACAACAAACAGCG-3’,

	DAP3 reverse: 5’-CTCACCCGTGTTATGCCCTG-3’.







Western blot

Total protein was extracted in RIPA buffer with 1% PMSF (Beyotime, China). The samples were separated using 4–12% SDS-PAGE gels and subsequently transferred to polyvinylidene fluoride (PVDF) membranes (Millipore, USA). After blocking, the membranes were incubated with primary and secondary antibodies, and protein expression was detected using an enhanced chemiluminescence (ECL) kit (Tanon, China). The antibodies used for Western blot were as follows: anti-GAPDH antibody (1:20000, Proteintech, China), anti-DAP3 antibody (1:200, Santa Cruz, China), HRP-conjugated-β-actin antibody (1:5000, Proteintech, China) and HRP-conjugated goat anti-mouse IgG antibody (1:1000, Beyotime, China).





Flow cytometry

The transfected cells were harvested for apoptosis analysis, and an Annexin V/7-AAD kit (BD Biosciences, USA) was used to detect the apoptotic rate under the constructions, with analysis performed using FlowJo.





CCK-8 assay

A total of 3,000 transfected cells were seeded in 96-well plates and incubated overnight. The cells were subsequently incubated with CCK-8 solution (MCE, USA) for 2 hours, and the optical density (OD) value was subsequently measured at 450 nm using a plate reader (Thermo, USA) every 24 hours.





Colony formation assay

A total of 2000 transfected cells were seeded in a six-well plate. After 2 weeks, the cells were fixed with 4% formaldehyde (Beyotime, China) and stained with 0.1% crystal violet (Sigma, USA). Cell colonies were counted and analyzed using GraphPad Prism 8.0.





Transwell assay

Transwell assays were conducted using the concentration difference of serum. The chamber (Costar, USA) and Matrigel (BD, USA) were used for invasion assays, whereas migration assays were performed with no gel. After 48 hours, the cells were fixed with 4% paraformaldehyde (Beyotime, China), stained with 0.1% crystal violet (Sigma, USA), and photographed under a microscope (Olympus, Japan). The cells in random fields were counted and analyzed using GraphPad Prism 8.0.





Co expression analysis

LinkedOmics (http://www.linkedomics.org/login.php) platform include Linkfinder and LinkInterpreter section. Linkfinder was used to obtain co-expressed proteins associated with DAP3 in HCC.





Statistics analyses

The data are presented as the means ± standard deviations (SDs). A t test was used for comparisons between two groups, whereas one-way analysis of variance (ANOVA) was used for comparisons involving more than two groups. Statistical significance was calculated using GraphPad Prism 8.0 and SPSS 17.0. All experiments were repeated independently at least twice. A p value of less than 0.05 was considered statistically significant.






Results




DAP3 expression was related to poor prognosis in public datasets

We analyzed DAP3 expression using datasets from TCGA, ICGC, and GSE14520. Our results revealed significant upregulation of DAP3 expression in tumor samples (Figure 1A). Further assessment of the prognostic value of DAP3 in TCGA and ICGC cohorts revealed that higher DAP3 expression was significantly associated with shorter overall survival (Figures 1B, C). Univariate Cox regression analysis identified DAP3 as a risk factor for poor prognosis, yielding a hazard ratio (HR) of 1.62 (Figure 1D). Multivariate analysis confirmed that DAP3 served as an independent prognostic factor (Figure 1E). Additionally, DAP3 was found to be broadly overexpressed across various cancers, and linked to the severity of HCC lesions (Figures 1F, G). High expression was significantly correlated with poor prognosis in multiple cancer types, such as cervical squamous cell carcinoma (CESC), kidney renal clear cell carcinoma (KIRC), and kidney renal papillary cell carcinoma (KIRP) (Figures 1H, I).

[image: A collection of data visualizations related to DAP3 expression and its impact on survival in various cancers. Panel A shows violin plots of DAP3 expression in tumor versus normal tissues across several datasets. Panels B and C display Kaplan-Meier survival curves for high and low DAP3 expression in TCGA-LIHC and LIRI-JP datasets. Panel D presents a table of hazard ratios and multivariate analyses. Panel E contains a forest plot of DAP3 regression analyses. Panel F shows box plots of DAP3 expression across different cancer types. Panel G includes box plots comparing DAP3 expression in various tumor grades and stages. Panel H offers a summary forest plot of hazard ratios across different cancers, while Panel I provides Kaplan-Meier survival curves from the Pan-Cancer Atlas.]
Figure 1 | DAP3 expression was related with poor prognosis in public datasets: (A) Relative DAP3 expression levels across TCGA, GEO, and ICGC datasets. (B) Survival curves derived from TCGA datasets. (C) Survival curves based on ICGC datasets. (D) Univariate Cox regression analysis for overall survival in HCC. (E) Multivariate Cox regression analysis related to overall survival in HCC. (F) DAP3 expression in various pan-cancers using TIMER2.0 datasets. (G) DAP3 expression in various HCC subtypes using UALCAN datasets. (H) Overall survival analysis across pan-cancers. (I) Survival curves in CESC, KIRC, and KIRP. *P<0.05, **P<0.01, ***P<0.001, ****P < 0.0001.





Kyoto encyclopedia of genes and genomes analysis and GSEA

In the TCGA cohort, we conducted differential analysis between the tumor-adjacent group and the high-low-expression group, followed by the generation of a volcano plot to visualize the results (Figures 2A, B). A Venn diagram illustrated the extensive overlap of differentially expressed genes between the two groups (Figure 2C). Next, we performed KEGG enrichment analysis, which revealed distinct pathways enriched in the high-DAP3 group versus the low-DAP3 group, such as those related to cell metabolism, transcription, drug metabolism, and the immune environment, providing new avenues for future research. (Figures 2D, E). GSEA revealed that several cancer-related pathways, including the Wnt, apoptosis, TGF-beta, epithelial-mesenchymal transition, and PI3K pathways, were enriched in the high-DAP3 group (Figure 2F). These findings indicate that DAP3 may play a major role in regulating cell proliferation and migration.

[image: A composite image displaying multiple panels of data visualization related to gene expression analysis. Panel A shows a scatter plot titled "Tumor_Regulate" with genes categorized as downregulated, upregulated, or normal. Panel B presents a similar plot titled "DAP3_Regulate." Panel C is a Venn diagram illustrating overlaps between gene groups. Panel D provides a bar graph of pathway identifiers and KEGG functional categories. Panel E features a dot plot highlighting pathways activated in DAP3-high cases, with p-values indicated by color. Panel F contains line graphs showing enrichment scores for various signaling pathways like Wnt Beta Catenin and Tgf Beta.]
Figure 2 | Kyoto Encyclopedia of Genes and Genomes (KEGG) and GSEA analysis: (A) A volcano plot illustrating differential gene expression between tumor-adjacent groups. (B) A volcano plot depicting differential gene expression between high and low expression groups. (C) A Venn diagram showcasing the overlap of differentially expressed genes between the two comparisons. (D, E) KEGG analysis highlighting enriched pathways in the high expression groups. (F) GSEA analysis demonstrating enriched signaling pathways.





Correlation between DAP3 and immune-related functions in HCC

First, we calculated the scores of six immune cell types using the TIMER, CIBERSORT, and MCP counter algorithms. The results indicated that patients in the high DAP3 expression group had higher immune cell scores across most immune cell types (Figures 3A–C). To evaluate patient responsiveness to immunotherapy, we utilized TIDE data for prediction, which revealed that patients with high DAP3 expression had greater potential for immune evasion (Figure 3D). Additionally, we found that the high DAP3 expression group showed a significantly higher response to Sorafenib treatment compared to the low DAP3 expression group, with a statistically significant difference (Supplementary Figure 1A). The ROC curve further validated the sensitivity and specificity of DAP3 in predicting treatment response (Supplementary Figure 1B). Moreover, we observed significant differences in the predicted scores for features such as TIDE, dysfunction, exclusion, and myeloid-derived suppressor cells (MDSCs) based on DAP3 expression levels (Figure 3E). Furthermore, analysis of immune checkpoint genes (20) identified in previous studies revealed higher expression levels of these genes in the high DAP3 group (Figure 3F). These findings showed that DAP3 could influence the tumor microenvironment and may be an important biomarker for immunotherapy.

[image: A series of box plots detailing immune cell scores and gene expressions across different conditions. Panel A, B, and C show TIMERS, CIBERSORT, and MCP-counter scores for various immune cells. Panel D is a bar chart showing responder proportions with significant p-value. Panel E, a box plot, shows predicted scores for various immune markers. Panel F, box plots illustrate gene expression levels, with data segmented by DAP3 high and low categories. Statistical significance is indicated by asterisks and "ns" for not significant.]
Figure 3 | Correlation between DAP3 and immune-related functions in HCC: (A) Immune cell infiltration in low and high DAP3 expression groups based on TIMER scores. (B) Immune cell infiltration in low and high DAP3 expression groups based on CIBERSORT scores. (C) Immune cell infiltration in low and high DAP3 expression groups based on MCP-counter scores. (D) Proportional plot illustrating the relationship between DAP3 expression and responder numbers based on TIDE scores. (E) Predicted immune response and tumor microenvironment characteristics in low and high DAP3 expression groups. (F) Expression levels of immune checkpoint genes in low and high-risk groups. *P<0.05,**P<0.01,***P<0.001.





Potential role of DAP3 in HCC genomic alterations

To investigate the relationship between mutations and DAP3 expression levels, we downloaded somatic SNP data for HCC from the TCGA database via UCSC Xena. Our analysis revealed that the predominant mutation type was missense mutation, with single nucleotide polymorphisms (SNPs) being the primary variant type in hepatocellular carcinoma (Figure 4A). We subsequently examined the distribution of gene mutations in samples with high DAP3 expression (Figure 4B) compared with those with low DAP3 expression (Figure 4C). The box plots indicated that the high DAP3 expression group exhibited significantly more homologous recombination defects and fusion genes than the low DAP3 expression group. Additionally, there was a notable difference in tumor mutation burden, suggesting that DAP3 expression levels may be associated with genomic instability and mutation rates (Figure 4D). Furthermore, gene amplifications and deletions were widespread across various chromosomes (Figures 4E, F). These findings showed that high DAP3 expression may be linked to increased mutation rates, homologous recombination defects, and copy number variations, indicating a potential role for DAP3 in tumor genomic alterations.

[image: Multiple graphs and charts displaying genetic data analysis. Panel A shows various plots of variant classification, type, SNV class, and top mutated genes. Panels B and C indicate altered samples and mutation types across different genes. Panel D includes box plots comparing DAP3 high and low groups for homologous recombination defects, fraction altered, number of segments, and tumor mutation burden. Panels E and F display G-SCORE graphs for chromosomal amplifications and deletions, highlighting specific chromosomes.]
Figure 4 | The potential role of DAP3 in HCC genomic alterations: (A) Classification and frequency of gene mutations. (B) Waterfall plot depicting gene mutations in the high-DAP3 expression group. (C) Waterfall plot illustrating gene mutations in the low-DAP3 expression group. (D) DAP3 expression levels and genomic alterations in low versus high DAP3 expression groups. (E) Distribution of copy number variations (CNVs) across different chromosomal regions in the high-DAP3 expression group. (F) Distribution of CNVs across different chromosomal regions in the low-DAP3 expression group. **P<0.01, ***P<0.001.





A single-cell expression atlas and identification of DAP3 in HCC by scRNA-seq

Stemness scores (CytoTRACE2) were significantly higher in the high DAP3 expression group (DAP3+) compared to the low expression group (DAP3−) (Supplementary Figure 2A), and a clear positive correlation was observed between DAP3 expression levels and CytoTRACE2 scores (Supplementary Figure 2B).The UMAP distribution further revealed heterogeneity in stemness levels across different cell populations (Supplementary Figure 2C), suggesting a potential role for DAP3 in regulating cellular stemness. To further investigate the distribution characteristics of DAP3 in the tumor microenvironment, we analyzed the relationships and gene characteristics among distinct cell populations through the integration of single-cell transcriptome data. Using a combination of classical markers, we identified seven major cell groups (Figure 5A). We compared the distribution of cells between adjacent and tumor samples, revealing significant differences in cell distribution between tumor tissue and adjacent normal liver tissue (Figure 5B). Next, we identified the top five most significant marker genes for each subcluster (Figure 5C). DAP3 was widely expressed in tumor cells, plasmacytoid dendritic cells (pDCs), and endothelial cells, with higher expression levels in tumor samples than in adjacent samples (Figures 5D–F). Differential analysis between tumor and adjacent samples revealed that DAP3 was upregulated in pDCs (Figure 5G). Furthermore, differential analysis between primary and recurrent samples indicated significant upregulation of DAP3 in myeloid cells, suggesting that DAP3 may influence tumor development and progression (Figure 5H). Finally, we conducted differential gene expression and functional enrichment analyses, which revealed that the differentially expressed genes in the DAP3+ group were significantly enriched in lipid metabolism, glycolysis, and the PPAR signaling pathway (Supplementary Figures 2D, E). Metabolic heatmap analysis further demonstrated substantial activation of lipid metabolism, glycolysis, and oxidative phosphorylation in the DAP3+ group, particularly in recurrent tumor samples (Supplementary Figure 2F). These findings suggest that DAP3 may drive metabolic reprogramming, thereby promoting rapid tumor cell proliferation and invasion.

[image: Composite image illustrating gene expression analysis. Panels A and B use UMAP plots to display cell clusters: B cells, endothelial, myeloid, natural killer (NK), plasmacytoid dendritic cells (pDC), T cells, and tumor cells. Panel C shows a dot plot of the top five marker genes, with varied expression levels represented by dot size and color. Panel D illustrates DAP3 feature expression with a bubble chart. Panels E and F present UMAP plots comparing gene expression in adjacent liver and tumor tissues. Panel G features a bar graph of log2 fold change across different cell types. Panel H uses a circular plot to depict differential expression, highlighting significant genes.]
Figure 5 | A single-cell expression atlas and the identification of DAP3 in HCC by scRNA-seq: (A) Distribution of various cell types in hepatocellular carcinoma (HCC). (B) Comparison of cell type distribution in adjacent liver and tumor tissues. (C) Top five marker genes for different cell types. (D) Expression levels of DAP3 across various cell types. (E) Expression and distribution of DAP3 in adjacent liver tissues. (F) Expression and distribution of DAP3 in tumor tissues. (G) Comparison of gene expression levels in different cell types within tumor tissues versus adjacent tissues. (H) Gene expression levels in different cell types during recurrence compared to non-recurrence conditions.





Construction and evaluation of prognostic risk-score model

Through a leave-one-out cross-validation (LOOCV) framework, we fitted 101 predictive models and calculated the concordance index (c-index) for each model across all the validation datasets. The optimal model, a combination of Cox Boost and Super PC, achieved the highest average c-index in the test set (Figure 6A). Additionally, we identified 10 key genes (TRIP13, NDC80, CSTF2, UBE2S, NCL, CDC20, NUSAP1, CEP55, SSB, and KIF2C), as illustrated in the forest plot (Figure 6B). The risk scores for both the training and validation sets indicated that patients in the high-risk group had poorer prognoses, whereas those in the low-risk group exhibited better prognoses across all cohorts (Figures 6C–G). Furthermore, time-dependent ROC curve analysis was used to assess the predictive efficacy of the prognostic signature based on both training and validation datasets (Supplementary Figure 3). The risk score demonstrated strong predictive ability across different liver cancer datasets, with higher risk scores significantly associated with poorer survival outcomes.

[image: A multi-panel figure depicting data analysis from various cohorts.   Panel A shows a table detailing C-index scores for different methods and cohorts, color-coded by performance.   Panel B is a forest plot displaying hazard ratios for selected genes with confidence intervals.   Panels C through G are Kaplan-Meier survival curves for five cohorts (TCGA, OEP000321, LIRI_JP, GSE14520, GSE144269), comparing high and low risk scores. Each plot includes overall survival probability over time with corresponding p-values and sample sizes.]
Figure 6 | Construction and Evaluation of Prognostic Risk-Score Model: (A) Performance comparison of survival prediction models across different cohorts, assessed using C-index. (B) Forest plot highlighting 10 key genes. (C-G) Survival curves comparing low- and high-risk score groups based on the TCGA, OEP000321, LIRI_JP, GSE14520, and GSE144269 datasets.





Integration of the risk score with clinicopathological features

Next, we conducted univariate and multivariate Cox regression analyses incorporating risk scores and clinical characteristics, revealing that the risk score was the most significant prognostic factor (Figures 7A, B). To quantify patients’ risk assessments and survival probabilities, we developed a nomogram that integrated the risk score with other clinicopathological features. The results demonstrated that the risk score had the most significant impact on survival prediction (Figure 7C). We further evaluated the predictive accuracy of the model using calibration curves. The calibration curves at 1, 3, and 5 years closely aligned with the standard curve, indicating that the nomogram demonstrated good predictive performance (Figure 7D). Additionally, we employed DCA to assess the model’s reliability, which revealed that both the risk score and the nomogram provided significantly greater net benefits than the extreme curves (Figure 7E). Time-dependent AUC analysis illustrated the predictive ability of the different models over time, with the nomogram and risk score performing well at multiple time points (Figure 7F). Thus, the risk score and nomogram model serve as effective predictive tools that, in conjunction with clinical characteristics, can accurately predict patient survival.

[image: A series of graphs displaying various analyses:   - Panel A shows a Cox univariate analysis with hazard ratios and confidence intervals for age, DAP3, T. Stage, Stage, Grade, and RiskScore. - Panel B presents a Cox multivariate analysis with similar parameters. - Panel C features a nomogram with points allocated for RiskScore, T. Stage, DAP3, and Stage, indicating probabilities over time. - Panel D depicts observed versus predicted overall survival over one, three, and five years with a dotted reference line. - Panel E shows a cost-benefit analysis graph with standardized net benefits for different variables. - Panel F illustrates a time-dependent analysis of the area under the curve (AUC) for various factors over time.]
Figure 7 | Integration of risk score with clinicopathological features: (A) Univariate Cox regression analysis of the risk score alongside other clinical features. (B) Multivariate Cox regression analysis incorporating the risk score and additional clinical characteristics. (C) Nomogram designed to predict patients’ survival probabilities at various time intervals. (D) Calibration curves illustrating the predictions of the established nomogram for 1-, 3-, and 5-year overall survival. (E) Decision curve analysis for 5-year overall survival in the TCGA-LIHC dataset. (F) Time-dependent ROC curve analysis to assess the predictive efficacy of the prognostic signature.





Identification of potential therapeutic agents for high-risk HCC patients

The CTRP and PRISM drug databases were utilized to identify potential therapeutic agents. Differential drug response analysis between the high-risk and low-risk score groups was performed, identifying drugs with lower predicted AUC values in the high-risk score group. Subsequently, Spearman correlation analysis between the AUC values and risk scores was conducted to select drugs with a negative correlation coefficient (Figures 8A, B). All drugs exhibited lower estimated AUC values in the high-risk score group than in the low-risk score group, indicating increased drug sensitivity (Figures 8C, D). The mechanisms of potential drugs were searched from Selleck websites (Figure 8E).

[image: Panel A shows a dot plot with correlation coefficients for various drugs, indicating statistical significance with dot size representing the negative logarithm of the p-value. Panel B presents a similar dot plot for another set of drugs. Panel C and D are box plots comparing estimated AUC values for high-risk and low-risk categories, showing notable differences among the drugs. Panel E is a table listing drug names, mechanisms, and categories.]
Figure 8 | Identification of potential therapeutic agents for high-risk HCC patients: (A) Spearman correlation analysis of drugs derived from CTRP. (B) Spearman correlation analysis of drugs derived from PRISM. (C) Analysis of differences AUC values for drugs derived from CTRP. (D) Analysis of differences in response (AUC values) for drugs derived from PRISM. (E) Screening and Mechanistic Classification of drugs. ***P<0.001.





Increased DAP3 expression was related to poor prognosis in HCC patients

Based on expression patterns from various datasets, we collected tumor and paired adjacent tissues from Nantong Third People’s Hospital. We found that DAP3 expression was significantly higher in HCC tissues than in the adjacent tissues using RT-qPCR and Western blot analyses (Figures 9A–C), which was also confirmed by IHC analysis (Figure 9D). ROC analysis revealed that the AUC of DAP3 was 0.802 (95% CI: 0.67–0.92, p<0.05), and the area of AFP was 0.726 (95% CI: 0.608–0.845, p<0.05) (Figure 9E). Kaplan-Meier survival analysis revealed that patients with higher DAP3 expression had shorter overall survival (Figure 9F). Elevated DAP3 levels were correlated with increased AFP levels (P=0.044) and larger tumor size (P=0.024) (Table 1). Univariate Cox regression revealed that DAP3 expression (p=0.047) and TNM stage (p=0.044) were risk factors for HCC. Multivariable analysis confirmed that DAP3 expression (p=0.040) was an independent prognostic indicator for overall survival (OS) in HCC patients (Table 2). Thus, DAP3 is a promising independent prognostic marker for overall survival.

[image: Graphical representation and analysis of DAP3 expression in tissues. Panel A shows a comparison of DAP3 expression between adjacent and HCC tissues, highlighting a significant difference. Panel B presents Western blot results displaying DAP3 and GAPDH with indicated molecular weights. Panel C includes images of adjacent and HCC tissues. Panel D offers a bar graph of the DAP3 expression scores, showing higher expression in HCC tissues. Panel E contains ROC curves for DAP3 and AFP, emphasizing diagnostic performance. Panel F features a Kaplan-Meier survival curve based on DAP3 expression, with a noted P-value.]
Figure 9 | Increased DAP3 expression was associated with poor prognosis in HCC patients: (A) Relative DAP3 expression levels in HCC tissues as measured by qRT-PCR (n = 71). (B) DAP3 expression analyzed via Western blot in HCC tissues (n = 4). (C) Representative images of DAP3 expression in HCC tissues obtained through immunohistochemical staining (magnification: 40X; scale bar: 100 μm). (D) IHC scores for DAP3 expression. (E) ROC curve analysis of DAP3 expression and AFP value. (F) Overall survival (OS) time compared using Kaplan–Meier analysis. ***P<0.001.

Table 1 | Correlation of DAP3 expression with clinicopathological characteristics in HCC patients.


[image: Table displaying the clinicopathological characteristics of patients with low and high DAP3 expression. Categories include age, gender, AFP levels, tumor size, tumor stage, and vascular invasion. P-values indicate significance, with alpha fetoprotein (AFP) and tumor size showing significance levels of 0.044 and 0.024, respectively. A P-value ≤ 0.05 signifies statistical significance.]
Table 2 | Univariate and multivariate Cox regression analyses related to overall survival in patients with HCC.


[image: Table showing univariable and multivariable analyses with indices: DAP3, Gender, Age, TNM Stage, AFP, and Tumor size. DAP3 and TNM Stage have statistically significant P-values (≤0.05) under both analyses, indicating impact on hazard ratios.]




Knockdown of DAP3 inhibited the progression of HCC cells

DAP3 was highly expressed in HCC cell lines (Figure 10A). To investigate the functional role of DAP3, we transfected HCCLM3 cells with DAP3 siRNAs. RT-qPCR confirmed effective knockdown (Figure 10B), and Western blot analyses validated this finding (Figure 10C). For cell proliferation studies, CCK-8 and colony formation assays revealed that reduced DAP3 expression decreased HCCLM3 cell viability (Figure 10D) and significantly reduced colony numbers (Figures 10E, F). In transwell assays, DAP3 knockdown led to a notable decrease in the migratory and invasive capabilities of HCCLM3 cells (Figures 10G, H). Additionally, flow cytometric analysis revealed that DAP3 downregulation promoted apoptosis in these cells (Figures 10I, J).

[image: Grouped scientific images showing various experimental data on DAP3 expression and cell behavior.   A: Bar graph comparing relative DAP3 expression across different cell lines, indicating significant differences.  B: Bar graph showing reduced DAP3 expression in different siRNA treatments compared to control.   C: Western blot displaying DAP3 protein levels with corresponding beta-actin levels for normalization.  D: Line graph depicting OD values over time, comparing siRNA treatments.  E: Images of colony formation assays with varying colony density among treatments.  F: Bar graph quantifying colony formation rate with statistical significance.  G: Microscopy images of cell migration and invasion assays, showing differences across siRNA treatments.  H: Bar graphs for migrated and invaded cell quantification, indicating significant reductions.  I: Flow cytometry plots displaying apoptosis analysis with FL2-H and FL3-H channels.  J: Bar graph showing apoptosis percentages, highlighting significant differences between treatments.]
Figure 10 | Knockdown of DAP3 inhibited the progression of HCC cells: (A) DAP3 expression levels in normal hepatocytes (LO2) compared to five HCC cell lines. (B) Knockdown efficiency in HCCLM3 cells confirmed by qRT-PCR. (C) Knockdown efficiency in HCCLM3 cells validated by Western blot. (D) CCK-8 assay results in DAP3-knockdown HCCLM3 cells. (E) Colony formation assay conducted in DAP3-knockdown HCCLM3 cells. (F) Number of colonies formed in DAP3-knockdown HCCLM3 cells. (G) Representative images from migration and invasion assays in DAP3-knockdown HCCLM3 cells. (H) Number of migrated or invaded cells in DAP3-knockdown HCCLM3 cells. (I) Apoptosis levels in DAP3-knockdown HCCLM3 cells. (J) Apoptotic rates in DAP3-knockdown HCCLM3 cells. *P<0.05,**P<0.01,***P<0.001,****P<0.0001.





Overexpression of DAP3 promoted the progression of HCC cells

To investigate the functional role of DAP3 in HCC cells, we constructed a DAP3 overexpression plasmid and transfected it into SK-Hep1 cells. Both RT-qPCR and Western blot analyses confirmed the efficient overexpression of DAP3 (Figures 11A, B). Subsequently, CCK-8 assays demonstrated that increased DAP3 expression significantly enhanced the viability of SK-Hep1 cells (Figure 11C). Furthermore, DAP3 overexpression notably increased the number of colonies formed by SK-Hep1 cells (Figures 11D, E). Additionally, the overexpression of DAP3 promoted both cell migration and invasion (Figures 11F, G). Flow cytometric analysis revealed that upregulation of DAP3 inhibited apoptosis in SK-Hep1 cells (Figures 11H, I). To investigate the potential function and mechanism in HCC, we constructed a co-expression network of DAP3 in HCC through the linkedomics platform. A volcano plot showing the proteins positively and negatively associated with DAP3 was constructed (Figure 11J), showing 5685 genes negatively correlated with DAP3 and 3292 genes exhibiting positive correlation with HCC. Correlation analysis was conducted by GEPIA datasets which revealed that mitochondrial-related genes (FLAD1, HAX1 and NDUFS2) were positively correlated with DAP3 (Figure 11K), suggesting that DAP3 plays an important role in OXPHOS. However, additional work on identifying the DAP3 regulatory network needs to be performed in the future.
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Figure 11 | Overexpression of DAP3 promoted the progression of HCC cells: (A) Overexpression efficiency in SK-Hep1 cells confirmed by qRT-PCR. (B) Overexpression efficiency in SK-Hep1 cells validated by Western blot. (C) CCK-8 assay results in DAP3-overexpressing SK-Hep1 cells. (D) Colony formation assay conducted in DAP3-overexpressing SK-Hep1 cells. (E) Number of colonies formed in DAP3-overexpressing SK-Hep1 cells. (F) Representative images from migration and invasion assays in DAP3-overexpressing SK-Hep1 cells. (G) Number of migrated or invaded cells in DAP3-overexpressing SK-Hep1 cells. (H) Apoptosis levels in DAP3-overexpressing SK-Hep1 cells. (I) Apoptotic rates in DAP3-overexpressing SK-Hep1 cells. (J) Volcano plot shown the co-expressed protein with DAP3 in HCC. (K) Correlation analysis between DAP3, FLAD1, HAX1, and NDUFS2 based on GEPIA datasets. *P<0.05, **P<0.01, ***P<0.001.






Discussion

Currently, cancer is widely recognized as a metabolic disorder (21). Hepatocellular carcinoma (HCC) is one of the most prevalent forms of primary liver cancer worldwide (22). HCC can be classified based on various criteria, including histological characteristics, molecular features, tumor growth patterns, etiological background, and degree of differentiation, which could help us to better understand the heterogeneity of HCC and provide guidance for precision medicine (23–25). KEGG analysis and GSEA revealed that higher DAP3 expression is linked to various biological processes, including cell metabolism, transcription, drug metabolism, and the immune environment, thereby opening new avenues for future research.

Mitochondria provide energy for eukaryotic cells by oxidizing fats and sugars to produce ATP, and oxidative phosphorylation (OXPHOS) is one of the core metabolic pathways in this process (26). As reported, DAP3 can increase mitochondrial complex I activity in HCC cells by regulating the translation and expression of MT-ND5 (19). In our study, HAX1, FLAD1 and NDUFS2, which were positively correlated with DAP3, were reported to play a crucial in mitochondria which could regulate the progression in numerous cancers (27–29), indicating that DAP3 may be an important role in OXPHOS, which could affect HCC progression. In public datasets, we concluded that DAP3 expression was linked to the subtypes of HCC, and that its high expression was linked to a poor prognosis, its elevated expression correlated with poor outcomes. Clinically, high DAP3 expression was strongly associated with larger tumor size and elevated AFP levels, demonstrating good diagnostic value according to ROC analysis. Furthermore, survival analysis indicated that increased DAP3 expression was linked to poorer prognosis. Cox regression analysis identified DAP3 expression as a prognostic indicator for overall survival in HCC patients. In vitro, we performed functional experiments to examine the role of DAP3 in HCC progression. The upregulation of DAP3 expression was found to suppress the proliferation, migration, and invasion of HCC cells while promoting apoptosis. These findings underscored the strong association between elevated DAP3 expression and adverse outcomes in HCC patients, highlighting the potential significance of DAP3 in driving HCC progression.

Cancer is a multifaceted disease characterized by intricate reciprocal interactions between tumor cells and the immune system (30). The tumor microenvironment (TME) mainly consists of distinct immune cell populations in tumor islets and highly influences tumor growth, metastatic spread, and response to treatment (31, 32). Due to the poor prognosis following standard treatment, immunotherapy has been extensively investigated as an alternative treatment option (33). Cancer immunotherapies, particularly immune checkpoint blockade therapy, have fundamentally transformed cancer treatment by facilitating complete and sustained responses and have now emerged as a standard approach for a variety of malignancies (34). Regrettably, only a limited number of patients with specific cancer types respond to immunotherapy, possibly due to inadequate immune activation needed to detect tumor-specific antigens (35). Therefore, it is essential to identify additional potential therapeutic targets. Our initial exploration demonstrated that high DAP3 expression was closely associated with immune cell infiltration, immune evasion mechanisms, and gene expression patterns, especially impacting immunotherapy response and immune evasion, indicating that DAP3 plays a regulatory role in the tumor microenvironment and may serve as an important biomarker for immunotherapy in the clinic.

Genetic mutations can disrupt normal cellular functions, including proliferation, differentiation, and apoptosis, ultimately leading to tumor formation (36). Different types of cancer are often associated with specific genetic mutations, which can influence cell behavior, treatment responsiveness, and immune recognition (37). In our study, we observed that high DAP3 expression was linked to increased genomic mutation rates, homologous recombination defects, and copy number variations. These findings revealed a potential role for DAP3 in driving genomic alterations within tumors.

Currently, high mortality and recurrence rates continue to pose significant challenges to the advancement of effective treatment options for this disease (38, 39). The prognosis for HCC patients remains poor, with a 5-year overall survival rate of only 12% (40). There is an urgent need for novel prognostic predictors and the development of more robust prognostic models for HCC. We ultimately constructed a new prognostic model for HCC (41), and demonstrated that both the risk score and the nomogram were effective predictive tools that can accurately predict patient survival when combined with clinical characteristics. Moreover, to overcome drug resistance and improve the clinical outcomes of HCC patients, we identified potential chemotherapy drugs and found that these drugs had lower AUC values in the high-risk score group than in the low-risk score group and were negatively correlated with the risk score, indicating that chemotherapy drugs were more sensitive in the high-risk score group. Nevertheless, there are some limitations to the drug sensitivity findings; although the 20 candidate drugs exhibited increased drug sensitivity in patients with high-risk scores, the above analysis alone does not support the conclusion that these drugs have therapeutic effects on HCC.

In summary, DAP3 plays a regulatory role in both the tumor microenvironment and genomic alterations within tumors. Our findings confirmed that the risk score and nomogram model were effective predictive tools for HCC when combined with clinical characteristics. In vitro studies demonstrated that DAP3 could regulate proliferation, apoptosis, and metabolism in HCC cells. However, this study had several limitations. Although DAP3 shows promising potential as a biomarker and therapeutic target in liver cancer, the specific pathway for its clinical translation remains unclear. A larger sample size and more experimental validation would strengthen the conclusions and help establish more robust evidence for the role of DAP3 in liver cancer.





Conclusions

This study highlights DAP3 as a significant factor in cancer prognosis and immune regulation, offering insights that could inform future therapeutic strategies.
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Background: The histone chaperone Holliday Junction Recognition Protein (HJURP) has been associated with multiple types of cancers, but its role in GC is not yet fully understood. Considering its functions in centromere stability and DNA repair, investigating HJURP’s role in GC may offer novel therapeutic perspectives.Methods: HJURP expression was examined in a dataset comprising TCGA-STAD samples and an internal group of GC patients, utilizing RNA sequencing and Western blot techniques. Functional experiments were carried out on the AGS and HGC-27 GC cell lines. The expression levels of HJURP, MYC, and Topoisomerase II alpha (TOP2A) were assessed via quantitative real-time PCR and Western blot. Proliferation rates of the cells were determined through EdU, CCK-8, and colony formation assays.Results: Compared to adjacent normal tissues, HJURP expression was notably increased in GC tissues, a finding consistent across both the TCGA-STAD database and our internal patient group. Silencing HJURP markedly reduced GC cell growth and chemoresistance. Mechanistically, HJURP enhanced MYC stability, which in turn promoted TOP2A transcription. Rescue experiments confirmed that overexpression of TOP2A alters proliferation and chemoresistance of GC cells with HJURP knockdown, indicating the dependency of this axis on MYC activity.Conclusion: Our study demonstrates that HJURP is critical for promoting GC proliferation and chemoresistance through the regulation of the MYC/TOP2A transcriptional network. Targeting HJURP might offer a novel therapeutic avenue for GC, necessitating further exploration of its clinical potential. This work underscores the value of investigating histone chaperones as potential targets in cancer treatment.Keywords: gastric cancer, HJURP, MYC/TOP2A, proliferation, chemoresistance
1 INTRODUCTION
Gastric cancer (GC) is a particularly aggressive and deadly cancer that is difficult to detect early due to its vague symptoms, frequently leading to diagnosis at advanced stages and a 5-year survival rate of less than 20% (Chen et al., 2020; Siegel et al., 2024). The dietary habits, Helicobacter pylori infection and environmental factors contribute significantly to the incidence rates (Machlowska et al., 2020; Ou et al., 2024a). Despite advancements in surgical techniques, chemotherapy, and targeted therapies, the prognosis remains grim, particularly when the disease is not caught early. Furthermore, both inherent and acquired resistance to therapy are significant barriers to successful treatment (Lu and Zhang, 2022; He et al., 2024). Hence, there is an urgent requirement to develop innovative strategies and identify more effective early diagnostic markers to enhance the prognosis for GC patients.
The Holliday Junction Recognition Protein (HJURP, also referred to as hFLEG1) is a key centromeric protein involved in the incorporation and maintenance of the histone H3-like variant CENP-A at centromeres (Serafim et al., 2024). Across multiple carcinomas, HJURP has exhibited upregulation and a strong correlation with patient survival outcomes (Li et al., 2023; Jia et al., 2024). It has been identified as a prognostic biomarker and potential therapeutic target in cancers such as oral cancer (Tsevegjav et al., 2022) and clear cell renal cell carcinoma (Zhang F. et al., 2021). NFE2L1 mitigates ferroptosis by transcriptionally regulating HJURP, playing a role in the development of oral squamous cell carcinoma (Zhang et al., 2023). In ovarian cancer, HJURP inhibits cell proliferation by influencing CENP-A/CENP-N interactions (Zhang et al., 2022), while in prostate cancer, it enhances cell proliferation by increasing CDKN1A degradation through the GSK3β/JNK signaling pathway (Lai et al., 2021). A comprehensive analysis in hepatocellular carcinoma revealed that ASF1A and HJURP serve as a two-gene prognostic model due to their involvement in H3-H4 histone chaperone functions (Liu Y. et al., 2024). HJURP appears to play a crucial role in modulating chemoradiotherapy resistance in GC. In triple-negative breast cancer, it regulates chemoresistance via the YAP1/NDRG1 transcriptional axis (Mao et al., 2022). Moreover, HJURP aids in DNA repair by facilitating chromatin reorganization at double-strand break sites in astrocytoma (Serafim et al., 2024). Reducing HJURP levels disrupts clonogenic capacity and increases radiation-induced cell death in glioblastoma cells (Serafim et al., 2020). However, the expression patterns, functional roles, and prognostic implications of HJURP in GC remain largely unknown and warrant further investigation.
Topoisomerase II alpha (TOP2A), an enzyme critical for DNA replication and cell division, has attracted considerable attention in cancer research due to its pivotal role in tumor development and its potential as a therapeutic target (Uuskula-Reimand and Wilson, 2022; Liu et al., 2023; Zhang J. et al., 2025; Zou et al., 2025). This nuclear enzyme plays key roles in processes like chromosome condensation, chromatid segregation, and relieving torsional stress during DNA transcription and replication (Zhang et al., 2020). TOP2A facilitates these processes by temporarily breaking and rejoining double-stranded DNA, enabling the strands to pass through one another and modifying DNA topology. Two forms of this enzyme are believed to have arisen from a gene duplication event. The gene for the alpha form is situated on chromosome 17, whereas the gene for the beta form resides on chromosome 3. Research indicates that aberrant expression or amplification of TOP2A is common in various malignancies, including breast, lung, and GC, correlating with poor prognosis and resistance to chemotherapy (Li et al., 2022; Lee et al., 2023). Current studies are focused on elucidating the mechanisms underlying TOP2A’s involvement in tumor progression and the development of resistance to treatment. Moreover, there is a growing interest in integrating TOP2A expression analysis into personalized medicine strategies, aiming to predict response to anthracycline-based chemotherapy, a treatment modality that targets TOP2A. Advances in genomics have facilitated the identification of co-amplified genes within the TOP2A amplicon, providing insights into potential synergistic targets for combinatorial therapy approaches (Mehraj et al., 2022). Despite these advances, challenges remain in translating these findings into clinical practice, necessitating further investigation into the complex interplay between TOP2A status and cancer biology.
This investigation found that HJURP is overexpressed in clinical samples of GC, with higher HJURP levels positively linked to cell cycle activity and DNA repair processes in GC. Knockdown of HJURP substantially suppressed cell growth and decreased chemoresistance in GC cells. The study also provided evidence that HJURP facilitates TOP2A transcription by improving MYC stability. Collectively, these findings suggest that HJURP may represent a potential therapeutic target for GC.
2 MATERIAL AND METHODS
2.1 Patients and tissue samples
During the period from January to December 2023, six pairs of fresh GC tissues along with their matched adjacent normal tissues were collected from the Department of Gastrointestinal Surgery at the Affiliated Hospital of Nantong University. The tissues were stored in RNA later (ThermoFisher, catalog number AM7021). The main inclusion criteria were as follows:
	1. Patients diagnosed with GC based on histopathological evaluation.
	2. Patients without any concurrent malignant tumors or severe diseases affecting other organs.
	3. Patients who had not received chemotherapy, radiotherapy, or immunotherapy prior to surgical intervention.
	4. Patients with comprehensive clinical records.

Follow-up assessments were conducted both at the outpatient department and via telephone calls. The study was approved by the Human Research Ethics Committee of the Affiliated Hospital of Nantong University, and each participant provided signed informed consent (2023-K076-01).
2.2 Cell culture
The GC cell lines SNU-216 and MKN-45 were acquired from BeNa Culture Collection in Beijing, China. The AGS and HGC-27 GC cell lines were obtained from the National Collection of Authenticated Cell Cultures in Shanghai, China. Additionally, the BGC823 was gifted from Professor Q Guo, China Pharmaceutical University. All these cell lines were maintained in RPMI-1640 medium, which was enriched with 10% fetal bovine serum and antibiotics (100 U/mL penicillin and streptomycin). The fetal bovine serum was provided by Clark (Shanghai, China), while the antibiotics were supplied by Life Technologies (Shanghai, China). Cells were incubated at 37°C with 5% CO2.
2.3 RNA extraction and quantitative real-time PCR (qRT-PCR)
Total RNA was isolated using the RNA isolater Total RNA Extraction Reagent (Vazyme, Nanjing, product code R401-01). The extracted RNA was then reverse-transcribed into cDNA using the HiScript III RT SuperMix for qPCR (+gDNA wiper) kit (Vazyme, Nanjing, product code R23-01). Quantitative real-time PCR (qRT-PCR) was conducted with the ChamQ Universal SYBR qPCR Master Mix (Vazyme, Nanjing, product codes Q711-02/03) on an Applied Biosystems QuantStudio 5 instrument (Thermo Fisher Scientific, United States). The primer sequences utilized in this study are as follows:
HJURP forward 5′-GATTCAAAAAGCGGTGAGGTCG-3′
HJURP reverse 5′-AGTCACACGTACATCCCTTCC-3′
TOP2A forward 5′-ACCATTGCAGCCTGTAAATGA-3′
TOP2A reverse 5′-GGGCGGAGCAAAATATGTTCC-3′
GAPDH forward 5′-CTTAGCACCCCTGGCCAAG-3′
GAPDH reverse: 5′- GATGTTCTGGAGAGCCCCG-3′
2.4 Western blot analysis
Western blot analysis was performed according to previously established methods (Hu et al., 2024; Wu et al., 2017; Ou et al., 2024b; Li et al., 2017). Protein extraction was conducted using Radioimmunoprecipitation Assay (RIPA) buffer from Epizyme (Shanghai, China). The protein concentration was measured using the Omni-Rapid™ Protein Quantitation Kit (Epizyme, Shanghai, China). The following antibodies were used: GAPDH (60004-1-Ig), HJURP (15283-1-AP), and TOP2A (66541-1-Ig) from Proteintech (Wuhan, China); Phospho-H2AX (bs-3185R) from Bioss (Beijing, China); and MYC (MAB3696) from R&D Systems (MN, United States).
2.5 Cell proliferation assays
The proliferative capacity of GC cells was assessed using 5-Ethynyl-2′-deoxyuridine (EdU) incorporation, Cell Counting Kit-8 (CCK-8), and colony formation assays. These assays were conducted following previously described protocols (Zhang Y. et al., 2021). To evaluate the chemosensitivity of GC cells, colony formation assays were specifically employed. In these sensitivity detection experiments, cells were seeded into 6-well plates and allowed to adhere for 24 h. Subsequently, they were treated with cisplatin (DDP, 1 μg/mL) for 2 h. Following this treatment, the conventional complete culture medium was replaced.
2.6 Bioinformatics analysis
The gene expression data for HJURP were obtained from the corrected The Cancer Genome Atlas (TCGA) dataset, specifically the RNA-seq data provided by the PanCanAtlas (https://www.cancer.gov/tcga). These data are sourced from the EBPlusPlusAdjustPANCAN_IlluminaHiSeq_RNASeqV2.geneExp.tsv file. To standardize the expression levels across different tumor types, the data were transformed into unitless Z-Score values. This transformation was performed using the formula (x - μ)/σ, where:
	- x represents the expression value of the gene in a given sample,
	- μ is the mean expression value of that gene across all samples of the same tumor type, and
	- σ denotes the standard deviation of the gene’s expression across all samples of the same tumor type. Z-Score values less than −3 or greater than 3 are considered outliers and are removed from the dataset. Following outlier removal, only tumors with at least three corresponding normal samples are included in the analysis. Statistical differences in expression levels between tumor and normal tissues within the digestive system tumor datasets are compared using Wilcoxon Rank Sum Tests.

Paired differential gene expression analysis: (Same data as before) Using Wilcoxon Signed Rank Tests to compare the statistic difference of the expression level between the cancer/paracancer tissues in the TCGA dataset.
Gene Expression Omnibus (GEO) Data Analysis: The analysis workflow involves systematically downloading relevant GEO datasets and converting probe-level matrices into gene-level matrices, following the guidelines provided in the respective platform files for each dataset. For genes represented by multiple probes, the expression levels are averaged to ensure accurate representation. Next, the expression data are normalized to unitless Z-Score values for each tumor sample using the formula (x - μ)/σ, where:
- x is the gene expression value,
	- μ is the mean expression value across samples of the same tumor type, and
	- σ is the standard deviation of expression within the same tumor type.

To assess statistical differences in expression between tumor and normal tissues within the dataset, Wilcoxon Rank Sum Tests are employed.
Receiver Operating Characteristic (ROC) Curve Analysis: The pROC package is utilized to conduct ROC analysis, which includes calculating the total area under the curve (AUC) and the 95% confidence interval, as well as plotting a smooth ROC curve. This analysis aims to evaluate the diagnostic performance of gene expression in distinguishing between the tumor disease group and the normal group.
Analysis of subtype: Tumor samples are divided into high/low expression groups according to the median value, the proportion of each subtype in each group is calculated, and Chi-square test is used to detect significance.
Gene set Variation Analysis (GSVA): The CancerSEA database sorted out the different functional states of 14 tumor cells. The z-score algorithm was proposed by Yuan et al. (2019). The activity of a given pathway was reflected by integrating the expression of characteristic genes, using R package GSVA in z-score parameter calculated the 14 functional state gene sets and obtained the combined z-score. We use the scale function to further standardize the score as the gene set score, and calculate the Pearson correlation between the gene and each gene set score (Hanzelmann et al., 2013).
2.7 Small interfering RNA (siRNA) and overexpression vector experiments
Small interfering RNAs (siRNAs) targeting HJURP and TOP2A were obtained from Tsingke Biotech (Beijing, China). Approximately 1 × 10^5 cells per well were seeded in 6-well plates and allowed to adhere for 24 h. Following this incubation period, HJURP/TOP2A siRNAs were transfected into the cells using Polyplus jetPRIME transfection reagent (Strasbourg, France) according to the manufacturer’s protocol. Cells were harvested 48 h post-transfection for RNA and protein isolation, and knockdown efficiency was evaluated. For overexpression studies, the cDNA sequences of HJURP (NM_001282962.2) and TOP2A (NM_001067.4) were cloned into the pCMV3 vector provided by Nanjing Corues Biotech (Jiangsu, China). The resulting overexpression vectors were transfected into gastric cancer (GC) cells using Polyplus jetPRIME, following the manufacturer’s instructions (Ou et al., 2024b). All experiments were conducted independently in triplicate to ensure reproducibility.
2.8 Statistical analysis
During the analysis of experimental data, we initially used Excel software for preliminary processing and analysis of the obtained data. Subsequently, to more professionally illustrate trends and distributions in the data, we utilized GraphPad Prism 10.0 (GraphPad Software, Inc., San Diego, CA, United States) for graph plotting.
For comparisons among multiple groups, one-way analysis of variance (One-way ANOVA) was performed, followed by post hoc tests to further investigate group differences. For comparisons between two groups, Student’s t-test was utilized. Specifically, when comparing the means of two independent samples, an unpaired two-tailed Student’s t-test was applied. All experimental data were obtained from at least three independent replicate experiments to ensure reliability and reproducibility.
Survival outcomes were assessed using Kaplan-Meier curves, with statistical significance evaluated via the log-rank test and Cox regression analysis (Gonzalez et al., 2024). Statistical significance or P values are denoted as follows: *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns indicates no statistical significance. Error bars in figures represent the mean ± standard deviation (SD).
3 RESULTS
3.1 Elevated expression of HJURP in GC and its association with cell cycle and DNA repair
We initially analyzed the expression levels of HJURP across a pan-cancer cohort using RNA-seq data from TCGA. Compared to adjacent normal tissues, HJURP expression was significantly upregulated in nearly all types of cancer tissues, regardless of whether the samples were paired or unpaired (Figures 1A, B). Next, we evaluated HJURP expression in GC tissues and their paired adjacent normal tissues using 11 datasets from the GEO and TCGA-STAD databases (Figure 1C). The results confirmed a significant upregulation of HJURP in GC tissues, consistent with the findings from the TCGA analysis. Further analysis using TCGA-STAD data revealed that HJURP expression showed high diagnostic accuracy for GC. ROC curve analysis indicated an AUC value of 0.892, with a 95% confidence interval ranging from 0.851 to 0.931 (Figure 1D).
[image: Multiple graphs depicting gene expression data across different tumor types. Panel A shows scatter plots with data points and box plots. Panel B presents paired bar charts comparing normal and tumor samples. Panel C displays line graphs for specific studies with regression lines. Panel D introduces a Receiver Operating Characteristic (ROC) curve, while Panel E includes a color-coded matrix for data categorization. Panel F contains scatter plots illustrating data distribution in different clusters. Each section showcases varying visualization techniques to compare and analyze gene expression across tumor and normal samples.]FIGURE 1 | HJURP mRNA expression levels in GC. (A, B) Unpaired and paired analysis of HJURP mRNA expression level in normal tissues and cancers from TCGA databases. (C) HJURP mRNA expression level in normal and GC tissues from GEO database. (D) The ROC analysis of diagnostic accuracy for GC with HJURP expression in TCGA databases. (E) The identification of six distinct immune subtypes in GC patients. (F) GSVA showed the functional implications of HJURP expression in GC patients. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. GC: gastric cancer, HJURP: Holliday Junction Recognition Protein, TCGA: The Cancer Genome Atlas, GEO: Gene Expression Omnibus, ROC: Receiver Operating Characteristic, GSVA: Gene set Variation Analysis.
According to the ‘Immune Landscape of Cancer' study, which conducted a large-scale immunogenomic analysis of over 10,000 tumor samples across 33 different cancer types in TCGA, six distinct immune subtypes were identified (Thorsson et al., 2018). Our analysis of GC data indicated that the C1 subtype (wound healing) was predominant in the high HJURP expression group, while the low HJURP expression group showed a significant increase in the proportion of the C3 subtype (inflammatory) (Figure 1E). To further explore the functional implications of HJURP expression, we performed GSVA. This analysis demonstrated that in GC, HJURP expression was positively correlated with scores related to cell cycle, DNA damage, DNA repair, and cell proliferation (Figure 1F). Both the immune subtype analysis and GSVA results suggest that HJURP expression is closely associated with cellular proliferative capacity.
3.2 Knockdown of HJURP reduces proliferation in GC cell lines
To evaluate the expression profile of HJURP in tissues, we analyzed the protein levels of HJURP in paired cancerous and adjacent non-tumor tissues from 6 GC patients. Our results revealed a significantly higher expression of HJURP in tumor tissues compared to their corresponding non-tumor tissues (Figure 2A). We screened multiple GC cell lines for HJURP expression levels and chose HGC27 and AGS cells, which displayed moderate expression levels of HJURP, for subsequent experiments (Figure 2B). Subsequently, to validate the knockdown and overexpression efficiency of si-HJURP and Flag-HJURP in these 2 GC cell lines, we performed Western blot and qRT-PCR analyses. The results indicated that among the tested siRNA sequences, si-HJURP#2 achieved the most potent silencing effect on HJURP when compared to the negative control (NC) (Figures 2C, D). Moreover, the overexpression vector Flag-HJURP was efficiently expressed in both HGC27 and AGS cells, as evidenced by increased protein and mRNA levels (Figures 2E, F).
[image: Panels A to F show Western blot analyses and bar charts examining HJURP and GAPDH expression across various conditions and cell lines, including HGC27 and AGS. Panel C has bar charts depicting relative HJURP expression levels, while Panel F shows a comparison of HJURP expression in experimental conditions using bar graphs. Each panel highlights the differences in expression levels under different treatments or modifications.]FIGURE 2 | HJURP protein expression levels in GC cell lines and tissues. (A) Western blot showed the expression of HJURP in paired normal tissues and GC tissues. (B) Western blot showed the expression of HJURP in different GC cell lines. (C, D) HGC27 and AGS were transfected with NC siRNA or HJURP siRNA for 48 h and then cell samples were collected, and the levels of HJURP were determined by qRT-PCR and Western blot. (E, F) HGC27 and AGS were transfected with Flag-con or Flag-HJURP for 48 h and then cell samples were collected, and the levels of HJURP were determined by qRT-PCR and Western blot. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. GC: gastric cancer, HJURP: Holliday Junction Recognition Protein.
To evaluate the role of HJURP in the growth of GC cells, we employed CCK-8 assays, colony formation assays, and EdU assays. The results demonstrated that the knockdown of HJURP using si-HJURP#2 significantly reduced the OD values in both HGC27 (Figure 3A) and AGS (Figure 3B) cell lines compared to the NC. Conversely, overexpression of HJURP using the Flag-HJURP plasmid led to a significant increase in OD values in both HGC27 (Figure 3C) and AGS (Figure 3D) cell lines compared to the Flag-con group. The EdU assay revealed a significant increase in the percentage of EdU-positive cells in both HGC27 (Figure 3E) and AGS (Figure 3F) cell lines upon HJURP overexpression. Moreover, the number of colonies formed by these cells was significantly decreased following HJURP knockdown (Figures 3G, H). These results indicated that HJURP positively regulates the proliferation of GC cells. Specifically, the reduction in HJURP expression led to decreased cell viability and proliferation, while increased HJURP expression enhanced these parameters, suggesting a critical role for HJURP in the growth and proliferation of GC cells.
[image: Charts A to D display line graphs of cell proliferation assays over time for HGC27 and AGS cell lines, comparing NC and si-HURPPR2 or Flag conditions. Images E and F show cell proliferation with EDU and DAPI staining for HGC27 and AGS, accompanied by bar graphs. Images G and H depict colony formation assays, with representative images and bar graphs illustrating the number of colonies for both cell lines under NC and si-HURPPR2 conditions.]FIGURE 3 | The effects of HJURP expression on the proliferation of GC cell lines. (A) CCK-8 assays were employed to evaluate the effect of HJURP knockdown on the proliferation of HGC27 GC cells. (B) CCK8 assays were employed to evaluate the effect of HJURP knockdown on the proliferation of AGS GC cells. (C) CCK8 assays were employed to evaluate the effect of HJURP overexpression on the proliferation of HGC27 GC cells. (D) CCK8 assays were employed to evaluate the effect of HJURP overexpression on the proliferation of AGS GC cells. (E, F) EdU assays were employed to evaluate the effect of HJURP overexpression on the proliferation of HGC27 and AGS GC cells. (G, H) Colony formation assays CCK8 assays were employed to evaluate the effect of HJURP knockdown on the proliferation of HGC27 and AGS GC cells. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. GC: gastric cancer, HJURP: Holliday Junction Recognition Protein, CCK-8: Cell Counting Kit-8, EdU: 5-Ethynyl-2′-deoxyuridine.
3.3 HJURP overexpression enhances chemoresistance in GC cells
To investigate the impact of HJURP expression on GC patient survival, we analyzed data from the KM plotter database (http://www.kmplot.com/). Our findings indicated that while high versus low HJURP expression did not significantly affect overall survival (OS), it was negatively correlated with first progression survival (FP) in GC patients (Supplementary Figures S1A, B). We further stratified GC patients based on their treatment modalities into three groups: Surgery Only, Chemotherapy, and Other Adjuvant therapies. Notably, in the Chemotherapy group, higher HJURP expression was significantly associated with shorter OS and FP (Figures 4A, B, Supplementary Figures S1A, B). This observation aligns with our earlier finding that HJURP is positively correlated with DNA damage repair (Figure 1F), suggesting a potential link between HJURP expression and chemotherapeutic drug sensitivity.
[image: Kaplan-Meier survival plots (A and B) show chemotherapy response related to HJURP expression. Images (C) depict colony formations of HGC27 and AGS cells under different treatments. Bar charts (D) display colony counts. Western blot (E) shows HJURP and YBX1 expression levels in treated cells, with GAPDH as a control.]FIGURE 4 | The effects of HJURP expression on the chemoresistance of GC cell lines. (A) The relationship between the expression of HJURP in Kaplan–Meier Plotter database and OS in GC patients. (B) The relationship between the expression of HJURP in Kaplan–Meier Plotter database and FP in GC patients. (C, D) Colony formation assays were employed to evaluate the effect of HJURP overexpression on the chemoresistance of HGC27 and AGS. (E) Western blot showed the γ-H2AX in HGC27 and AGS transfected with Flag-HJURP followed with DDP (1 μg/mL). *P < 0.05, ***P < 0.001, ****P < 0.0001. GC: gastric cancer, HJURP: Holliday Junction Recognition Protein, OS: overall survival, FP: first progression survival, DDP: cisplatin.
To investigate the role of HJURP in chemoresistance, we conducted additional experiments. We transfected GC cells with the Flag-HJURP overexpression vector and then treated them with cisplatin (DDP). The results demonstrated that HJURP-overexpressing cells exhibited enhanced resistance to DDP compared to control cells, as evidenced by increased cell viability and reduced apoptosis rates (Figures 4C, D). Western blot results demonstrated that DDP-induced γ-H2AX protein expression, which serves as a marker for DNA damage, was markedly diminished in cells overexpressing HJURP (Figure 4E). This reduction in γ-H2AX levels implies a lower extent of DNA damage in HJURP-overexpressing cells. Collectively, these observations suggest that increased HJURP expression may contribute to chemoresistance in GC by promoting more efficient DNA damage repair. This finding underscores the significance of HJURP as a potential therapeutic target, especially in strategies aimed at enhancing chemosensitivity in GC treatment.
3.4 HJURP upregulates the mRNA levels of TOP2A
To reveal the complex mechanism by which HJURP induces GC cell progression, we embarked on an exploration using TCGA-STAD and GEO (GSE26253, GSE84433, GSE84437 and GSE183136) databases with sample sizes exceeding 100. Firstly, we extracted tumor samples from a specific dataset and divided them into two groups based on a cutoff value of 0.3: the top 30% of samples with the highest HJURP expression and the bottom 30% with the lowest HJURP expression. We performed differential expression analysis using the limma package. We visualized the top genes using a volcano plot or a waterfall plot (Figure 5A). Genes with an adjusted p-value <0.05 were considered significantly differentially expressed. We then identified the intersection of differentially expressed genes (DEGs) across five distinct datasets, yielding a list of 1,549 candidate genes (Figure 5B). To further understand the biological significance of these DEGs, we conducted Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses. These analyses revealed significant enrichment in pathways related to chromatin stability, cell cycle regulation, and DNA damage repair (Figure 5C). Among the 1,549 DEGs, how does HJURP exert its regulatory functions? Hub genes play pivotal roles in biological processes, often acting as master regulators within pathways and serving as important therapeutic targets and research foci. Therefore, we analyzed these 1,549 genes using the STRING database to identify potential hub genes. By applying Maximal Clique Centrality (MCC) and Degree methods, our analysis identified TOP2A as a key hub gene, with significance in both methods (Figures 5D, E). Thus, we selected TOP2A for further exploration.
[image: Composite diagram illustrating genomic data analysis. Panel A shows gene expression heatmaps from various datasets. Panel B presents a Venn diagram highlighting 1549 intersecting genes across several studies. Panel C includes a pie chart and scatter plot for gene set enrichment analysis. Panel D features a network map of protein interactions labeled "String_interaction_analysis". Panel E displays hierarchy of genes with TOP2A highlighted at the bottom.]FIGURE 5 | Functional enrichment analysis and downstream regulatory gene of HJURP. (A) Volcanic plot of HJURP differentially expressed genes (DEGs) in TCGA-STAD and GEO (GSE26253, GSE84433, GSE84437, and GSE183136) datasets. (B) The Venn diagram displays the intersection results of DEGs in TCGA-STAD and GEO (GSE26253, GSE84433, GSE84437, and GSE183136) datasets. (C) Chart of GO and Bubble plot of KEGG enrichment pathways based on DEGs. (D) The interaction analysis of DEGs using String dataset (cn.string-db.org/). (E) The determination of hub gene by Cytoscape (https://cytoscape.org/) with MCC and Degree methods. DEGs: differentially expressed genes, TCGA: The Cancer Genome Atlas, GEO: Gene Expression Omnibus, GO: Gene Ontology, KEGG: Kyoto Encyclopedia of Genes and Genomes, MCC: Maximal Clique Centrality, TOP2A: Topoisomerase II alpha.
3.5 HJURP improves transcriptional activity of TOP2A in GC cells
Kaplan-Meier survival analysis revealed that among patients receiving chemotherapy, those with high TOP2A expression had significantly shorter overall survival (OS) and first progression (FP) times (Figures 6A, B). In GC cell lines, we conducted RT-qPCR and Western blot analyses following HJURP knockdown. The results showed a marked decrease in TOP2A mRNA and protein levels when HJURP was downregulated (Figures 6C, D). On the other hand, overexpression of HJURP led to a notable increase in TOP2A expression at both the mRNA and protein levels (Figures 6E, F). Cell rescue experiments confirmed that re-expression of TOP2A in HJURP-knockdown cells restored the diminished proliferative capacity (Figure 6G). Similarly, overexpression of HJURP in HGC27 cells markedly reduced cisplatin sensitivity, while simultaneous knockdown of TOP2A significantly enhanced cisplatin sensitivity (Figure 6H). These findings indicate that HJURP transcriptionally activates TOP2A (Figures 6C, E).
[image: Kaplan-Meier plots (A and B) depict chemotherapy and related outcomes for TOP2A expression. Bar graphs (C and E) show TOP2A expression levels in HGC27 and AGS cells with treatments. Western blots (D and F) display TOP2A and MYC protein levels. Line graph (G) illustrates cell growth over time for different treatments. Colony formation assays (H) demonstrate cell survival after cisplatin treatment.]FIGURE 6 | HJURP promotes proliferation and chemoresistance of GC cell by activating the TOP2A. (A) The relationship between the expression of TOP2A in Kaplan–Meier Plotter database and OS in GC patients. (B) The relationship between the expression of TOP2A in Kaplan–Meier Plotter database and FP in GC patients. (C, D) HGC27 and AGS were transfected with NC siRNA or HJURP siRNA for 48 h and then cell samples were collected, and the levels of TOP2A were determined by qRT-PCR and Western blot. (E, F) HGC27 and AGS were transfected with Flag-con or Flag-HJURP for 48 h and then cell samples were collected, and the levels of TOP2A were determined by qRT-PCR and Western blot. (G) CCK-8 assays were employed to evaluate the effect of HJURP knockdown with or without TOP2A overexpression on the proliferation of HGC27 GC cells. (H) Colony formation assays were employed to evaluate the effect of HJURP overexpression with or without TOP2A knockdown on the chemoresistance of HGC27 and AGS. **P < 0.01, ***P < 0.001, ****P < 0.0001. GC: gastric cancer, HJURP: Holliday Junction Recognition Protein, OS: overall survival, FP: first progression survival, DDP: cisplatin, TOP2A: Topoisomerase II alpha.
To further elucidate the transcription factors involved, bioinformatics predictions identified MYC, FLI1, MYBL2, and FOXM1 as potential regulators of TOP2A across multiple databases (Figure 7A). Given previous evidence that HJURP promotes malignant progression and mediates cisplatin sensitivity via MYC in serous ovarian cancer, we focused on MYC for further investigation (Dou et al., 2022). Consistent with prior research, altering HJURP expression in HGC27 and AGS cell lines led to notable changes in MYC protein levels, confirming the positive regulatory relationship between HJURP and MYC (Figure 6D). Further investigation demonstrated that knockdown of HJURP in AGS cells markedly reduced both mRNA and protein levels of MYC and TOP2A. Notably, overexpression of MYC via plasmid transfection exclusively restored the expression of MYC and TOP2A at transcriptional and translational levels, without affecting HJURP expression. Notably, when HJURP-targeting siRNA was co-transfected with the MYC-overexpressing plasmid, HJURP expression remained markedly suppressed, whereas the diminished expression of both MYC and TOP2A was partially rescued (Figures 7B, C). These findings strongly support a regulatory hierarchy in which HJURP modulates the transcriptional activity of MYC, thereby influencing downstream TOP2A expression. Subsequent analysis of TCGA data revealed significant positive correlations between the mRNA levels of TOP2A and HJURP, TOP2A and MYC, as well as MYC and HJURP (Figures 7D–F). Moreover, TCGA-STAD data indicated that both MYC and TOP2A were markedly upregulated in tumor tissues compared to adjacent normal tissues. These genes also showed high diagnostic accuracy for gastric cancer, as evidenced by their performance metrics (Figures 7G–J).
[image: A collage of scientific charts and diagrams. Panel A shows overlapping circles in a Venn diagram with gene symbols. Panel B presents a bar chart comparing relative mRNA levels of specific genes. Panel C displays a Western blot analysis with samples labeled AGS and His-MYC. Panels D and E feature blue heatmaps with correlation matrices and box plots beside them. Panel G includes a box plot comparing normal and STAD types. Panel H displays a ROC curve labeled STAD. Panel I features another box plot of normal versus tumor. Panel J shows a second ROC curve related to STAD.]FIGURE 7 | HJURP improves transcriptional activity of TOP2A via the promotion of MYC signaling. (A) The Venn diagram displays the potential transcription factors of TOP2A. (B, C) AGS were transfected with HJURP siRNA or His-MYC for 48 h and then cell samples were collected, and the levels of TOP2A, MYC and HJURP were determined by qRT-PCR and Western blot. (D–F) Genes are divided into 4 classes (Positive, Moderate, Weak, Negative) according to the expression level (visualized by contingency table heat map, and the depth of color represents the number of samples. The Pearson correlation of the two genes is calculated and Fisher’s exact test is performed. (G) The difference of MYC expression in TCGA-STAD dataset. (H) The ROC analysis of diagnostic accuracy for GC with MYC expression in TCGA databases. (I) The difference of TOP2A expression in TCGA-STAD dataset. (J) The ROC analysis of diagnostic accuracy for GC with TOP2A expression in TCGA databases. TCGA: The Cancer Genome Atlas, HJURP: Holliday Junction Recognition Protein, TOP2A: Topoisomerase II alpha.
4 DISCUSSION
Emerging evidence indicates that HJURP is frequently overexpressed in various types of cancer and plays a crucial oncogenic role in cancer progression (Dunleavy et al., 2009; Kato et al., 2007). Hypomethylation-driven overexpression of HJURP promotes the progression of hepatocellular carcinoma (HCC) and is associated with poor prognosis (Li et al., 2021). Specifically, HJURP enhances HCC proliferation by destabilizing p21 through the MAPK/ERK1/2 and AKT/GSK3β signaling pathways (Chen et al., 2018). In non-small cell lung cancer (NSCLC), knocking down HJURP inhibits cell proliferation, migration, and invasion by repressing Wnt/β-catenin signaling (Wei et al., 2019). Additionally, modulation of HJURP levels has been linked to glioblastoma cell survival (Valente et al., 2013). Despite these findings, the role of HJURP in GC remains incompletely understood. Consistent with the aforementioned studies, our research demonstrates that HJURP is upregulated in both GC cell lines and tissues, and its overexpression is associated with malignant characteristics. This suggests that HJURP may play a functional role in driving GC. Our study found that HJURP promotes GC growth and enhances chemotherapy resistance in vitro, providing further support for the hypothesis that HJURP is a functional driver of GC. These findings highlight the potential of HJURP as a therapeutic target and biomarker in GC treatment. Recent advances in liquid biopsies, circulating tumor DNA (ctDNA) testing, and methylation signatures have transformed cancer diagnosis and monitoring (Jahangiri, 2024; Ohyama et al., 2024; Gonzalez et al., 2024). These techniques are powerful tools for detecting genetic and epigenetic changes, and the applicability of the transcriptional regulatory networks involved in HJURP requires further investigation.
Numerous studies have provided evidence that growth and chemoradiotherapy resistance represent key processes in the development of malignant tumor (Joshi and Badgwell, 2021; Ouyang et al., 2022; Yang et al., 2024; Yu et al., 2023). Owing to the absence of typical early clinical symptoms and effective screening methods, the majority of GC patients are diagnosed at an advanced stage, resulting in poor prognoses (Smyth et al., 2020). As a result, chemoradiotherapy assumes a critical role in the management of advanced GC (Joshi and Badgwell, 2021; Leong et al., 2024; Zhang H. et al., 2025). However, primary or acquired resistance to therapy and the associated toxic side effects are major challenges that lead to treatment failure and a decline in quality of life, presenting significant hurdles during the course of treatment (Liu and Da, 2023). Previous research has established the involvement of HJURP in DNA repair and genomic stability. Recent studies have provided substantial evidence that HJURP and CENP-A play a crucial role in licensing homologous recombination (HR) during the G1 phase to repair Cas9-induced centromeric double-strand breaks (DSBs), even in the absence of sister chromatids (Jaramillo-Lambert et al., 2013). Misregulation of Scm3p/HJURP leads to chromosome instability in both Saccharomyces cerevisiae and human cells (Mishra et al., 2011). HJURP functions as a CENP-A chromatin assembly factor, sufficient to form a functional de novo kinetochore (Barnhart et al., 2011). The expression level of HJURP has been shown to have an independent prognostic impact and can predict sensitivity to radiotherapy in breast cancer (Hu et al., 2010). HJURP binds to CENP-A via a highly conserved N-terminal domain, facilitating its deposition at centromeres (Shuaib et al., 2010). It acts as a cell-cycle-dependent maintenance and deposition factor for CENP-A at centromeres (Dunleavy et al., 2009), mediating the centromere-specific assembly of CENP-A nucleosomes (Foltz et al., 2009). Prior studies have demonstrated that HJURP promotes tumor cell proliferation and chemoradiotherapy resistance by participating in cell cycle regulation and maintaining genomic stability. In our current study, we conducted bioinformatics analysis of TCGA and GEO datasets for gastric cancer (GC) to identify differentially expressed genes (DEGs). Among these genes, pathways related to the cell cycle and nucleotide excision repair were significantly enriched. Further analysis revealed that TOP2A is a hub gene within the regulatory network of HJURP. Mechanistically, we found that HJURP increases the transcription level of TOP2A in GC cells. The TCGA has been instrumental in identifying biomarkers and understanding the molecular landscape of cancers. Studies such as those on SCN3B in glioma (Liu H. et al., 2024), CDK2 in glioma (Liu and Weng, 2022), AIMP1 in head-neck squamous cell carcinoma (Li and Liu, 2022) and CNIH4 in head and neck squamous cell carcinoma (Liu and Li, 2022) demonstrate the diverse applications of TCGA data in cancer research. However, TCGA studies are not without limitations. Technical and biological biases, such as those discussed in “Technical and Biological Biases in Bulk Transcriptomic Data Mining for Cancer Research” (Liu et al., 2025), can influence the reliability of findings. While TCGA provides a wealth of data for hypothesis generation, independent validation and multi-center studies are essential to address these biases and enhance the translational potential of TCGA discoveries.
TOP2A (DNA topoisomerase II alpha) is a critical enzyme that controls DNA supercoiling and is intimately involved in DNA replication, transcription, and chromatin remodeling (Nitiss, 2009; Zou et al., 2024; Lovejoy et al., 2025). Extensive research has highlighted the importance of TOP2A in cancer cell proliferation and its potential as a therapeutic target (Delgado et al., 2018). Overexpression of TOP2A is observed in multiple types of cancer, such as lung, breast, and liver cancer, and it is linked to tumor progression, chemoresistance, and resistance to radiotherapy (Sritharan and Sivalingam, 2021; Glisson and Ross, 1987; Chen et al., 2024; Jiang et al., 2024). Specifically, in the context of tumor cell proliferation, TOP2A is especially crucial during the S and G2/M phases of the cell cycle (Deng et al., 2023). During these phases, TOP2A mitigates the topological stress that occurs during DNA replication, ensuring smooth progression through the cell cycle and supporting efficient cell division. This makes it an attractive target for anticancer drugs, many of which inhibit TOP2A and induce DNA damage, leading to cell death. Research into the mechanisms of chemoresistance mediated by TOP2A has revealed that its overexpression can lead to decreased susceptibility to chemotherapeutic agents that target the enzyme (Zhu et al., 2021). For instance, in breast cancer, O-GlcNAcylation of TOP2A has been shown to enhance its catalytic activity, which in turn contributes to chemoresistance (Liu et al., 2023). This post-translational modification stabilizes the enzyme-DNA cleavage complex, reducing the effectiveness of drugs like doxorubicin. In terms of radiotherapy, TOP2A has been implicated in the development of radio-resistance in prostate cancer (Hansen et al., 2023). Moreover, TOP2A’s role in non-small cell lung cancer (NSCLC) has been investigated in relation to immunotherapy and vasculogenic mimicry (Wu et al., 2023). Studies suggest that TOP2A may promote the expression of immune checkpoint molecules like PD-L1 and the formation of vasculogenic mimicry, which are associated with poor prognosis and resistance to therapy. The current landscape of research indicates that TOP2A is a multifaceted factor in tumorigenesis and treatment resistance. In agreement with this hypothesis, our research shows that HJURP overexpression boosts the transcriptional activity of TOP2A through the upregulation of MYC. This cascade of events leads to enhanced genomic stability, which facilitates GC cell proliferation and confers resistance to chemoradiotherapy.
MYC is a crucial transcription factor closely associated with various biological processes, including cell proliferation, metabolism, and apoptosis. There are reports indicating that excessive MYC induces DNA damage by increasing transcriptional stress (Vafa et al., 2002; Das et al., 2024). For instance, excessive MYC activity has been shown to trigger DNA damage responses, activating pathways such as p53, which attempts to halt cell cycle progression and initiate repair mechanisms. The activation of p53 in response to MYC-induced stress is a protective mechanism that attempts to mitigate the DNA damage caused by MYC’s transcriptional activity (Das et al., 2024). However, our research results confirmed that HJURP reduces apoptosis and DNA damage and positively regulates MYC expression. Actually, studies have highlighted that MYC not only plays a significant role in tumor development but also exhibits a dual role in the induction of DNA damage. The dual effects of MYC have also been demonstrated in other types of cancer. In hepatocellular carcinoma (HCC), overexpression of MYC is closely related to cell cycle progression and apoptosis, and inhibition of MYC can significantly improve the sensitivity of HCC cells to chemotherapy (Papadopoulos et al., 2023). In addition, MYC also influences cell response to DNA damage by regulating gene expression related to DNA damage repair. Studies have found that there is a complex interaction between MYC and DNA damage repair network, which provides a new perspective for developing new cancer treatment strategies (Kaller et al., 2023). It is important to note that the relationship between MYC and DNA damage is complex and context-dependent. While previous studies have shown that excessive MYC can induce DNA damage through increased transcriptional stress, the role of MYC in our experimental system may be different due to the involvement of HJURP. HJURP might fine tune the function of MYC, and the level of MYC upregulated by HJURP may not reach the threshold that causes significant transcriptional stress and subsequent DNA damage. HJURP may interact with a series of proteins involved in DNA repair pathways (Serafim et al., 2024; Kato et al., 2007; Sousa et al., 2019). This interaction may enhance the cell’s ability to repair DNA damage, even in the presence of increased MYC expression. The cells in our study may have a more efficient DNA repair mechanism, which can counteract the potential DNA - damaging effects of MYC. In conclusion, the dual role of MYC in DNA damage induction provides a new perspective for understanding the genesis and progression of tumors. MYC is not only a proto-oncogene that promotes cell proliferation, but also a key factor in maintaining genome stability. Future studies are needed to further explore the mechanisms of action of MYC in different cancer types in order to provide new targets and strategies for cancer treatment.
Collectively, our study revealed that HJURP strengthens TOP2A mRNA expression through enhancing the transcriptional activation ability of MYC. HJURP-MYC-TOP2A axis induces GC proliferation and chemoresistance. Therefore, the HJURP-MYC-TOP2A axis could serve as a potential target for the therapeutic of GC.
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Background

Early diagnosis of lung cancer is crucial for improving patient outcomes. Autoantibodies against tumor-associated antigens (TAAs) found in the plasma can serve as biomarkers for lung cancer detection. Copper transporter 1 (COPT1) is abnormally expressed in several cancers including lung cancer. The purpose of this study is to explore the significance of anti-COPT1 autoantibodies in the clinical diagnosis of non-small cell lung cancer (NSCLC).





Methods

The expression level of COPT1 in NSCLC and normal tissues was analyzed based on TCGA and the Human Protein Atlas (HPA) database. Through enzyme-linked immunosorbent assay (ELISA), the expression levels of anti-COPT1 autoantibodies in plasma samples from normal controls (NC), patients with benign pulmonary nodules (BPN), and patients with NSCLC were detected in the discovery (89 NC and 89 NSCLC) and verification (321 NC, 321 BPN and 321 NSCLC) groups. The ELISA results were verified by western blotting and indirect immunofluorescence experiments.





Results

Based on HPA and TCGA databases, the mRNA and protein levels of COPT1 were higher in NSCLC tissues than in normal tissues. The levels of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies were significantly higher in patients with NSCLC (P<0.05). Anti-COPT1-IgG and anti-COPT1-IgM could discriminate NSCLC from NC with area under the curve (AUC) values of 0.733 (95% CI: 0.694-0.771) and 0.679 (95% CI: 0.638-0.720), respectively. Additionally, the combination of anti-COPT1-IgG, anti-COPT1-IgM, and carcinoembryonic antigen (CEA) could enhance the efficacy of NSCLC diagnosis from BPN with increased AUC values.





Conclusions

Our study indicated the potential significance of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies as novel biomarkers for the detection of NSCLC. Furthermore, the combination of anti-COPT1-IgG and anti-COPT1-IgM improved the diagnostic value.
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Introduction

In 2020, lung cancer was projected to account for 2.2 million new cases and 1.8 million deaths, making it the second most common cancer and the leading cause of cancer-related deaths (1). Approximately 85% of lung cancers are non-small cell lung cancer (NSCLC), including lung adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) (2). NSCLC is frequently diagnosed at an advanced stage, with a 5-year survival rate of 14%. Compared to the 5-year survival rate of 83% in patients with stage I NSCLC, early detection plays a crucial role in mitigating the high mortality rate associated with this lethal illness (3).

The early diagnosis of lung cancer is crucial for improving patient outcomes. Bronchoscopy and biopsies are the primary methods used to diagnose lung cancer. Despite being a minimally invasive technique, bronchoscopy may cause discomfort, especially when biopsy samples are obtained from suspected tissues, which can lead to complications. Therefore, monitoring the early development of lung cancer is essential to facilitate timely intervention and enhance the overall prognosis of the disease (4). Prior research has verified that autoantibodies against tumor-associated antigens (TAAs) found in the serum of cancer patients can serve as reliable cancer biomarkers (5, 6).

Autoantibodies are produced early in cancer development as a result of the humoral immune response, which is activated by abnormal expression of TAAs. Tumor-associated autoantibodies are promising candidates for the early detection and treatment of cancer. An increasing number of autoantibodies targeting TAAs have been identified, and their detection has been utilized in research and clinical analysis (7–9). The presence of autoantibodies in cancer patients reflects their increased immune reactivity and enhanced immune surveillance of cancer cells (10). In recent decades, the presence of circulating autoantibodies in the serum of cancer patients has opened up new possibilities for utilizing the immune system as a valuable source of cancer biomarkers (11). Several autoantibodies have been identified in lung cancer and are suggested as potential serum diagnostic markers (12). Among them, p53 autoantibodies in lung cancer have been widely studied, and their prevalence rate accounts for approximately 30% of all lung cancer patients (13). Relevant studies have shown that the production of autoantibodies precedes the appearance of symptoms and the diagnosis of NSCLC (14). Therefore, the detection and characterization of autoantibodies are likely to provide new insights into the complex biology of the humoral response in lung cancer and will have an important impact on the clinical management of lung cancer patients in the future.

Copper (Cu) transporter 1 (COPT1), a member of solute carrier family 31 (SLC31A1), is considered the key component of Cu absorption by mammalian cells and tissues (15). COPT1 has recently been identified as a regulatory gene for copper, and high expression levels of COPT1 can lead to a types of cell death known as cuproptosis (16). The function of COPT1 in tumor progression has also been investigated. Blocking the COPT1‐copper axis diminishes AKT signaling and reduces tumorigenesis (17). The COPT1-MEK-DNMT1-miR-124 feedback loop promotes pancreatic cancer progression (18). Moreover, COPT1 enhances chemoresistance by constraining CPT1A-mediated fatty acid oxidation process in ER-positive breast cancer (19). Expression levels of COPT1 have been shown to be elevated in breast invasive carcinoma, esophageal carcinoma, glioblastoma multiforme, and gastric adenocarcinoma compared with those in normal tissues (20). Li et al. found that COPT1 may be a promising biomarker for diagnosis and prognosis and a predictor of drug response in breast cancer (21). COPT1 has been identified as a TAA overexpressed in NSCLC patients, suggesting its potential as a biomarker for clinical diagnosis (20). TAAs exhibit significant limitations as biomarkers, including low expression in plasma and short circulation time. In contrast, autoantibodies against TAAs have the advantages of high stability, specificity and sensitivity. However, no relevant studies have investigated whether there is an autoantibody response to COPT1 in patients with NSCLC. The value of anti-COPT1 autoantibodies for in the detection of NSCLC has not yet been investigated.

In this study, we aimed to explore the expression levels of anti-COPT1 autoantibodies in the plasma of NSCLC patients, and their potential as biomarkers for the clinical diagnosis of NSCLC.





Materials and methods




Study design

The study design is illustrated in Figure 1. The plasma samples were divided into discovery and verification groups. First, the expression levels of anti-COPT1 autoantibodies were detected in both the discovery and verification groups using enzyme-linked immunosorbent assay (ELISA). Subsequently, western blotting and indirect immunofluorescence were performed to verify the experimental results of ELISA. Then, the diagnostic efficacy of anti-COPT1 autoantibodies in distinguishing NSCLC was analyzed. Finally, we evaluated the potential of anti-COPT1 autoantibodies in combination with carcinoembryonic antigen (CEA) as biomarkers for NSCLC detection.

[image: Flowchart depicting the process of evaluating anti-COPT1 autoantibodies. Initial detection in 1,141 plasma samples leads to discovery and verification groups. Validation involves ELISA, plasma western blotting, and immunofluorescence experiments. Evaluation focuses on diagnostic value for distinguishing NSCLC from NC and BPN. Combined analysis with CEA improves diagnostic value using anti-COPT1-IgG and IgM.]
Figure 1 | The overall study design. NSCLC, Non-small Cell Lung Cancer; NC, Normal Control; BPN, Benign Pulmonary Nodule; ELISA, Enzyme-linked Immunosorbent assay.





Eligibility criteria

The samples were collected at the First Affiliated Hospital of Zhengzhou University (Zhengzhou, China). The sample cohort consisted of patients with NSCLC, patients with benign pulmonary nodules (BPN) and normal control controls (NC). There were 89 NSCLC and 89 NC in the discovery group, and 321 NSCLC, 321 BPN and 321 NC in the verification group. Among 321 NSCLC in the verification group, there were 174 early NSCLC and 89 advanced NSCLC. All patients involved in this study strictly complied with the diagnostic standards. NC individuals without any history of disease or tumors underwent physical examinations in the same hospital. The NSCLC, BPN and NC individuals were matched in a 1:1:1 ratio according to sex and age (± 5 years). This study was approved by the Ethics Committee of the First Affiliated Hospital of Zhengzhou University, and informed consent was obtained from all participants.





Sample collection

Blood samples were obtained using 5 ml vacuum blood collection tubes containing EDTA-K2 anticoagulant. Venous blood obtained from the elbow on an empty stomach was mixed with an anticoagulant by inverting the blood collection tube 5-8 times. Subsequently, the plasma was separated by centrifugation at 3000 r/min at 37°C for 5 min. The upper plasma was carefully extracted using a disposable straw and transferred to a 1.5 ml tube. Detailed information regarding sample numbers, clinical characteristics, and CEA expression level was noted before promptly storing the plasma samples in an ultra-low temperature freezer at -80°C. To prevent damage, the required samples were thawed in the refrigerator at 4°C prior to use, mitigating the need for repetitive freezing and thawing of the original tube.





Enzyme-linked immunosorbent assay

In this study, the expression of anti-COPT1 autoantibodies in the plasma with ELISA was detected using the recombinant COPT1 protein purchased from Cloud-Clone Corp (No.3AA85A2E08, Wuhan, China). The specific experimental procedure involved the coating of the recombinant COPT1 at a concentration of 0.125 μg/ml on a 96-well ELISA plate, followed by 1% BSA coating. After coating overnight, the plates were sealed at 37°C for 2 hours with 2% BSA solution. The blocking solution was discarded and the primary antibody was incubated at 37°C for 1 h. Finally, the secondary antibody was incubated at 37°C for 1 h. Plasma samples were diluted at a ratio of 1:100 to serve as the primary antibody. Goat anti-human IgG or IgM antibody labeled with horseradish peroxidase (HRP) was used as the secondary antibody. Anti-human IgG antibody was diluted at a ratio of 1:10000 and anti-human IgM antibody at a ratio of 1:5000. Each plate was equipped with two duplicate wells for quality control purposes and two blank controls to ensure consistency and precision of the optical density (OD) values obtained from all wells. Specific Binding Index (SBI) = (OD value of sample to be tested-OD value of blank hole)/(OD value of quality control sample-OD value of blank hole). The blood samples of 100 normal controls were fully and equally mixed for quality control which is used to eliminate the errors between enzyme-labeled plates and represent the general level of the population.





Western blotting

Western blotting was performed to confirm the expression of anti-COPT1 autoantibodies in plasma. The recombinant COPT1 protein was loaded onto a 10% SDS-PAGE gel at a total loading amount of 3 μg. Subsequently, the proteins were subjected to electrophoresis at 150 V for 60 min and transferred onto a PVDF membrane at 100 V for 90 min. After sealing for 2 h, the membrane was then cut into 10 strips of uniform size. Each strip was incubated with different primary antibodies. The mouse anti-COPT1 monoclonal antibody (67221-1-Ig, Proteintech, Wuhan, China) was diluted 1:1000 to serve as a positive control primary antibody for one strip. Nine different plasma samples (three LC, three BPN and three NSCLC) were diluted of 1:100 as the primary antibodies for the other nine strips, respectively. Finally, the secondary antibodies, goat anti-mouse and sheep anti-human IgG antibodies labeled with HRP, were utilized to detect specific protein bands indicative of presence of the anti-COPT1 autoantibodies.





Indirect immunofluorescence

To begin the experiment, A549 cells in logarithmic growth period were digested, centrifuged, and counted. The cell density was adjusted to 1×105 cells/ml. Subsequently, 20 μl of the diluted cell suspension was added to a cell slide, which was then placed into a 24-well plate. Once the cells adhered to the wall, 380 μl of complete culture medium was added to each well. Fixation was then performed using 4% paraformaldehyde for 20 min, followed by blocking with 0.5% BSA solution for 1 h. Next, the anti-COPT1 monoclonal antibody, one NSCLC and one NC plasma were served as primary antibodies, while goat anti-mouse IgG and sheep anti-human antibodies labeled with FITC were used as secondary antibodies. Finally, the fluorescence intensity of the cell slides incubated with different antibodies was observed using a fluorescence microscope.





Statistical analysis

Statistical analysis and visualization of experimental results were conducted using SPSS 21.0 and GraphPad 8.0. PASS 15.0 software was used to calculate the required sample size. Previous studies have showed that the diagnostic sensitivity of autoantibodies is approximately 10%-30%, and the specificity is 70%-80% (22). The allowable error δ is set to 0.05-0.1, and the confidence level is 1-α=0.95. The calculation formula is n=(Zα/δ)2 (1-P) P. According to PASS 15.0, the sample number for NSCLC was 86-333 and the sample number for BPN and NC was 66-333. The expression levels of anti-COPT1 autoantibodies in NSCLC, BPN and NC were compared using the Mann-Whitney U test.

Receiver operating characteristic (ROC) curve analysis was performed to evaluate the differential diagnostic value AUC, 95% confidence interval (95% CI), sensitivity, specificity, and Youden’s index (YI) of anti-COPT1 autoantibodies for NSCLC and its various clinical features. AUC value was used to measure the diagnostic ability. AUC<0.5 shows no diagnostic ability. AUC>0.7 indicates certain diagnostic ability and AUC>0.8 indicates good diagnostic ability (23). The maximum YI is a comprehensive index of sensitivity and specificity that can help determine the best diagnostic threshold and compare the accuracy of different tests. Here, the maximum YI was used as the standard for the best threshold to identify true positives and avoid false positives.

Additionally, the positive rates of COPT1 autoantibodies in different clinical features of NSCLC patients were compared using the chi-square test. Pairwise comparisons between the two groups were further analyzed using the Wilcoxon test with Bonferroni adjustment. Logistic regression analysis was used to construct the combined models. The optimal cutoff value, which was utilized to determine the positive rate, was set at the SBI value with the largest YI. Statistical significance was determined when the AUC was greater than 0.5 and P was less than 0.05.






Results




COPT1 is highly expressed in patients with NSCLC

According to data from the Human Protein Atlas (HPA) online database, the protein level of COPT1 was higher in patients with NSCLC than in healthy individuals (Figure 2A). COPT1 was not expressed in normal lung vacuole cells but was moderately (2/6) or weakly (1/6) in LUAD, and moderately expressed (2/5) or weakly (1/5) expressed in LUSC by HPA database (Figure 2A). Furthermore, analyses of the TCGA and GTEx data revealed that the mRNA expression levels of COPT1 were elevated in patients with LUSC and LUAD (P< 0.05, Figure 2B). These findings collectively emphasized that the expression of COPT1 was significantly elevated in NSCLC patients compared with that in NC.

[image: Panel A shows three microscopic images of lung tissue: normal, LUAD, and LUSC, highlighted with boxed regions. Normal tissue appears less dense, while LUAD and LUSC show denser, more disorganized cells with darker staining. Panel B displays a box plot comparing tumor and normal tissue densities for LUAD and LUSC. Each plot includes individual data points, showing a significant difference with asterisks.]
Figure 2 | COPT1 was highly expressed in patients with non-small cell lung cancer. (A) IHC staining images of COPT1 from HPA database in normal tissues and NSCLC tissues. (B) The expression of COPT1 in normal tissues, LUAD and LUSC from TCGA and GTEx databases. HPA, The Human Protein Atlas; LUAD, Lung adenocarcinoma; LUSC, Lung squamous cell carcinoma; T, Tumor; N, Normal; *P<0.05.





The expression level of anti-COPT1 autoantibodies was preliminarily detected in the discovery group

The expression levels of anti-COPT1-IgG and anti-COPT1-IgM in the plasma of the 89 NSCLC and 89 NC in the discovery group were detected by ELISA. The demographic information of the participants is presented in Table 1. ELISA results revealed that the patients with NSCLC exhibited significantly elevated levels of anti-COPT1-IgG and anti-COPT1-IgM compared with NC (Figures 3A, B). The AUCs of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies for distinguishing NSCLC from NC were 0.885 (95% CI: 0.834-0.937, sensitivity=86.5%, specificity=82.0%) and 0.921 (95% CI: 0.883-0.958, sensitivity=88.8%, specificity=82.0%), respectively (Figures 3C, D). These results suggested that NSCLC patients have higher levels of anti-COPT1 autoantibodies expression.

Table 1 | Clinical characteristics of NSCLC and NC in the discovery group.


[image: Table comparing variables between NSCLC patients and normal controls (\(n=89\) each). Age: ≤55 years (35.9% NSCLC, 40.4% NC), >55 years (64.1% NSCLC, 59.6% NC), mean ages 60 ± 10 and 58 ± 9 respectively, \(P>0.05\). Gender: male (57.3% NSCLC, 55% NC), \(P>0.05\). Histology in NSCLC: LUAD 68.5%, LUSC 17.9%, other 13.6%. Smoking: yes 32.5% NSCLC. Drinking: yes 14.5% NSCLC. Lymph node metastasis: yes 51.6% NSCLC. Distant metastasis: yes 50.5% NSCLC. Clinical stage in NSCLC: stage I 34.8%, stage II 12.4%, stage IV 52.8%. NSCLC is non-small cell lung cancer; NC is normal controls; SD is standard deviation.]
[image: Scatter plots A and B show comparisons of SBI levels for Anti-COPT1-IgG and IgM between NC (normal controls, blue) and NSCLC (non-small cell lung cancer, red) with significant differences marked by three asterisks. Receiver operating characteristic (ROC) curves C and D illustrate diagnostic performance for Anti-COPT1-IgG and IgM, with AUC values of 0.885 and 0.921, respectively. Sensitivity and specificity are noted, with IgG at 86.5% sensitivity and 82% specificity, and IgM at 88.8% sensitivity and 82% specificity, both showing high statistical significance with p-values less than 0.0001.]
Figure 3 | Expression level of anti-COPT1 autoantibodies in the discovery group. (A, B) Expression levels of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies in 89 NSCLC patients and 89 normal controls, respectively. (C, D) ROC curve, AUC, specificity and sensitivity of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies in 89 NSCLC patients and 89 NC, respectively. Se, Sensibility; Sp, Specificity. ***P<0.001.





The expression level of anti-COPT1 autoantibodies was verified in the verification group

The expression levels of anti-COPT1 autoantibodies in plasma were further detected in the verification group (321 NSCLC, 321 BPN and 321 NC) to validate previous findings and enhanced the robustness of the results (Table 2). The results showed that anti-COPT1-IgG and anti-COPT1-IgM levels were elevated in NSCLC patients compared with those in BPN and NC (Figures 4A, B).

Table 2 | Clinical characteristics of NSCLC, BPN and NC in the verification group.


[image: A table outlines demographic and clinical data of three groups: NSCLC, BPN, and NC, each with 321 participants. Variables include age, gender, and histology, along with smoking and drinking habits. Data on lymph node and distant metastasis, and clinical stages are provided, with percentages and mean values. The P values are greater than 0.05 for age and gender comparisons. NSCLC involves non-small cell lung cancer, BPN refers to benign pulmonary nodules, and NC indicates normal controls. The standard deviation is noted.]
[image: Graphs A and B depict the levels of Anti-COPT1-IgG and IgM, respectively, with significant differences marked by asterisks. Western blot C shows protein bands for LC, BPN, and NC with a red arrow at 25 kDa. Panels D to G display microscopy images with DAPI, FITC, and merged channels, showing variations in fluorescence intensity across different samples.]
Figure 4 | Validation of anti-COPT1 autoantibodies expression in the verification group. (A, B) The expression of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies in 321 NSCLC, 321 BPN and 321 NC were detected by ELISA. (C) The expression of anti-COPT1 autoantibodies in the plasma samples of 3 NSCLC, 3 BPN and 3 NC was detected by western blotting. Lane +, The anti-COPT1 monoclonal antibody used as the positive control. (D–G), Indirect immunofluorescence detection of anti-COPT1 autoantibodies in the plasma samples of NSCLC and NC. (D) The blank control, PBS a s primary antibody incubation; (E) The positive control, an anti-COPT1 monoclonal antibody as primary antibody; (F) The plasma of NSCLC as primary antibody; (G) NC plasma as primary antibody. **P<0.01; ***P<0.001.

The expression levels of anti-COPT1 autoantibodies in the plasma were confirmed by western blotting. Three plasma samples from NSCLC patients with high anti-COPT1 autoantibody expression levels, three plasma samples from BPN patients, and three plasma samples from NC were selected. To verify the ELISA results, a purchased monoclonal antibody of COPT1 was utilized as a positive control. The findings revealed that the NSCLC plasma with a high level of anti-COPT1 autoantibodies in ELISA also showed strong reactivity in western blotting analysis (Figure 4C). Western blotting results confirmed the occurrence of immunoreactivity to COPT1 in the plasma.

Using IIF in A549 cells with high COPT1 expression (Supplementary Figure 1A), we detected the expression of anti-COPT1 autoantibodies in both NSCLC and NC to confirm the anti-COPT1 autoantibody response (Figures 4D–G). Our results confirmed the presence expression of anti-COPT1 autoantibodies in the plasma.





The diagnostic value of anti-COPT1 autoantibodies was evaluated as biomarkers to distinguish NSCLC from NC

The positive rates of anti-COPT1-IgG and anti-COPT1-IgM in NSCLC were higher than those in NC in the verification group (Figures 5A, B). When distinguishing NSCLC from NC, the AUC values of anti-COPT1-IgG and anti-COPT1-IgM were 0.733 (95% CI: 0.694-0.771, sensitivity=64.8%, specificity=70.4%) and 0.679 (95% CI: 0.638-0.720, sensitivity=81.9%, specificity=44.5%), respectively (Figures 5C, D). These results showed that anti-COPT1 autoantibodies can effectively distinguish NSCLC from NC.

[image: Bar graphs and ROC curves analyzing anti-COPTI-1 antibodies in NSCLC and NC groups. A: IgG positive rates show 64.8% in NSCLC and 29.6% in NC; B: IgM positive rates show 81.9% in NSCLC and 54.5% in NC. C: ROC curve for IgG with AUC of 0.733; D: ROC curve for IgM with AUC of 0.679. Both analyses show significant differences.]
Figure 5 | The diagnostic value of anti-COPT1 autoantibodies. (A, B) the positive rates of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies in NSCLC and NC, respectively. (C, D) ROC curve, AUC, sensitivity and specificity of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies in 321 NSCLC and 321 NC, respectively. Se, Sensibility; Sp, Specificity. ***P<0.001.





Anti-COPT1 autoantibodies could distinguish LUSC and LUAD from NC

As LUSC and LUAD are the most common subtypes of NSCLC, we evaluated the diagnostic efficacy of anti-COPT1 autoantibodies in these two subtypes of NSCLC. The verification group comprised 227 patients with LUAD and 46 patients with LUSC. Both anti-COPT1-IgG and anti-COPT1-IgM autoantibodies exhibited higher expression levels in LUAD and LUSC than in NC. Interestingly, no statistically significant differences were observed in the expression levels of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies between LUAD and LUSC (P>0.05) (Figures 6A, B). The AUC values for anti-COPT1-IgG autoantibodies in LUAD and LUSC were 0.726 (95% CI: 0.682-0.770) and 0.729 (95% CI: 0.651-0.807), respectively (Figures 6C, D). The AUC values of the anti-COPT1-IgM autoantibodies for distinguishing LUAD and LUSC from NC were 0.713 (95% CI: 0.670-0.755) and 0.668 (95% CI: 0.593-0.742), respectively (Figures 6E, F). Pairwise comparisons of different subgroups of LUAD stratified by age, gender, smoking and drinking status were performed (Supplementary Figure 2, Figures 6G, H). For individuals aged >55 years, the increased AUC values for anti-COPT1-IgG and anti-COPT1-IgM were 0.856 (95% CI: 0.812-0.901) and 0.778 (95% CI: 0.723-0.833), respectively. Therefore, anti-COPT1 autoantibodies can be used to distinguish LUAD and LUSC from NC.

[image: Scatter plots and ROC curves analyzing Anti-COPT1 antibodies in different conditions. Scatter plots (A, B) show SBI values for NC, LUSC, and LUAD groups with significance marked. ROC curves (C-H) compare NC vs LUAD and NC vs LUSC for IgG and IgM antibodies, with AUC, confidence intervals, and p-values provided. Age-specific analysis for LUAD is included in panels G and H.]
Figure 6 | Anti-COPT1 autoantibodies can distinguish LUAD and LUSC from NC. (A, B) The expression of anti-COPT1-IgG and anti-COPT1-IgM in LUSC, LUAD and NC, respectively. (C, D) ROC curve analysis of anti-COPT1-IgG autoantibody to distinguish LUAD and LUSC patients from NC, respectively. (E, F) ROC curve analysis of anti-COPT1-IgM autoantibody to distinguish LUAD and LUSC patients from NC, respectively. (G, H) ROC curve analysis of anti-COPT1-IgG and anti-COPT1-IgM autoantibody to distinguish LUAD with age>55 from NC, respectively. ***P<0.001.





Anti-COPT1 autoantibodies can distinguish NSCLC clinical subgroups from NC

To further study the expression level of anti-COPT1 autoantibodies in different clinical subgroups, NSCLC was divided according to clinical stage, lymph node metastasis, distant metastasis, smoking and drinking. There were no significant differences in the expression levels of anti-COPT1-IgG and anti-COPT1-IgM between the different subgroups (P>0.05) (Supplementary Figures 1B, C). In every subgroup, both anti-COPT1-IgG and anti-COPT1-IgM expression levels were higher in NSCLC (P<0.05) (Figures 7A, B). The AUC range for anti-COPT1-IgG in various clinical subgroups was 0.633-0.747 (Figure 7C, Supplementary Figure 3). There was no significant difference in the expression levels of anti-COPT1 autoantibodies between early and advanced NSCLC (Supplementary Figures 1B, C), indicating that the anti-COPT1 autoantibodies did not increase with tumor stage progression. The AUC value of anti-COPT1-IgG for the identification of early stage NSCLC from NC was 0.734 (95% CI: 0.686-0.781, sensitivity=63.8%, specificity=71.7%), which was higher than that for NSCLC with late stage (AUC=0.715, 95% CI: 0.649-0.782, sensitivity=38.2%, specificity=90.6%, Figure 7C, Supplementary Figures 3A, B). For the anti-COPT1-IgM autoantibody, the AUC range in different clinical subgroups was 0.683-0.701 (Figure 7D, Supplementary Figure 4). The anti-COPT1-IgM autoantibody could discriminate early NSCLC from NC, with an AUC of 0.683 (95% CI: 0.636-0.731, sensitivity=49.4%, specificity=77.9%) (Figure 7D, Supplementary Figure 4A). These results indicated the potential of anti-COPT1 autoantibodies as biomarkers for the detection of early NSCLC.

[image: Violin plots and scatter plots comparing clinical characteristics. Panels A and B show IgG and IgM distributions across different groups with significance levels. Panels C and D display ROC curves for IgG and IgM. Panels E to H show Anti-COPT1 IgG and IgM levels across different demographics like gender and age, with NSCLC comparisons. Both statistical significance and trends are evident across charts.]
Figure 7 | Expression of anti-COPT1 in different clinical subgroups and NC. (A, B) Expression of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies in different clinical subgroups, respectively. (C, D) AUC and 95% CI of anti-COPT1 autoantibodies in different clinical subgroups to distinguish NSCLC with different clinical features from NC. (E–H) The expression of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies stratified by age and gender. Early, Patients with early NSCLC (clinical stage I&II); Advanced, Patients with advanced NSCLC (clinical stage III&IV); LM+, Lymph node metastasis positive; LM-, Lymph node metastasis negative; DM+, Distant metastasis positive; DM-, Distant metastasis negative; **P<0.01, ***P<0.001, ****P<0.0001.

Pairwise comparisons of the different subgroups according to age and gender were performed. In the different subgroups, anti-COPT1 autoantibody levels were higher in NSCLC than in NC (Figures 7E–H). For female individuals, the AUC values of anti-COPT1-IgG and anti-COPT1-IgM autoantibodis for distinguishing NSCLC from NC were 0.801 (95% CI: 0.747-0.855, sensitivity=53.3%, specificity=94.1%) and 0.808 (95% CI: 0.755-0.861, sensitivity=64.8%, specificity=82.2%), respectively (Supplementary Figure 4). For individuals aged >55 years, the AUCs of anti-COPT1-IgG and anti-COPT1-IgM were 0.851 (95% CI: 0.810-0.891, sensitivity= 77.1%, specificity=74.2%) and 0.818 (95% CI: 0.773-0.864, sensitivity=95.5%, specificity=51.0%), respectively, which were higher than those for individuals aged ≤55 years (Supplementary Figures 3, 4). These expression of anti-COPT1 autoantibodies and the diagnostic accuracy were influenced by age and gender.





Anti-COPT1 autoantibodies can effectively distinguish NSCLC from BPN

The positive rates of anti-COPT1 autoantibodies in 321 NSCLC and 321 BPN were compared. The positive rates of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies were higher in NSCLC than in BPN (Figures 8A, B) (P<0.05). The AUC values of anti-COPT1-IgG and anti-COPT1-IgM were 0.648 (95% CI: 0.605-0.690, sensitivity=77.9%, specificity=48.9%) and 0.571 (95% CI: 0.526-0.615, sensitivity=84.7%, specificity=31.2%), respectively (Figures 8C, D). The results indicated that anti-COPT1-IgG and anti-COPT1-IgM autoantibodies could distinguish NSCLC from BPN.

[image: Bar charts and ROC curves depicting anti-COPTI antibody results in NSCLC and BPN groups. In charts A and B, bar charts show positive rates for IgG (77.9% NSCLC, 51.4% BPN) and IgM (84.7% NSCLC, 68.8% BPN). Charts C and D feature ROC curves for IgG and IgM. IgG shows an AUC of 0.648, sensitivity of 77.9%, and specificity of 48.9%. IgM shows an AUC of 0.571, sensitivity of 84.7%, and specificity of 31.2%.]
Figure 8 | Anti-COPT1 autoantibodies can effectively distinguish NSCLC from BPN. (A, B) The positive rates of anti-COPT1-IgG and anti-COPT1-IgM in NSCLC and BPN, respectively. (C, D) ROC curve analysis of anti-COPT1 autoantibodies to distinguish NSCLC from BPN. Se, Sensibility; Sp, Specificity. ***P<0.001.





Anti-COPT1 autoantibodies can distinguish NSCLC clinical subgroups from BPN

The expression of anti-COPT1-IgG autoantibodies in different clinical subgroups except for the NSCLC subgroup with distant metastasis, was higher than that in BPN (Figure 9A). The expression level of anti-COPT1-IgM autoantibody in NSCLC patients with a history of drinking and smoking was not statistically different from that in BPN (P>0.05) (Figure 9B). The AUC of the different subgroups was obtained (Figures 9C, D). The AUC value of anti-COPT1-IgG in NSCLC with different clinical features ranged from 0.566 to 0.661 (Figure 9C), while the AUC value of anti-COPT1-IgM in NSCLC with different clinical features ranged from 0.524 to 0.598 (Figure 9D). Anti-COPT1-IgG and anti-COPT1-IgM autoantibodies discriminated early NSCLC from BPN, with AUC values of 0.649 and 0.574, respectively (Figures 9C, D).

[image: Various charts and graphs illustrate clinical characteristics of IgG and IgM antibodies. Panels A and B show violin plots comparing subgroups like BPN, early, advanced, and others based on SBI (Signal to Background Intensity). Panels C and D display AUC (Area Under Curve) values with confidence intervals. Panels E through L contain scatter plots depicting Anti-COPT1-IgG and Anti-COPT1-IgM levels with comparisons based on gender, age, smoking, and drinking status in BPN and NSCLC groups. Statistical significance levels are indicated with asterisks.]
Figure 9 | Expression of anti-COPT1 in different clinical subgroups and BPN. (A, B) Analysis of the expression of anti-COPT1 autoantibodies in different clinical subgroups and BPN, respectively. (C, D) AUC value and 95% CI of anti-COPT1 autoantibodies to distinguish NSCLC with different clinical characteristics from BPN. (E–L) The expression of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies stratified by age, gender, smoking and drinking status. Early, Patients with early NSCLC (clinical stage I&II); Advanced, Patients with advanced NSCLC (clinical stage III&IV); LM+, Lymph node metastasis positive; LM-, Lymph node metastasis negative; DM+, Distant metastasis positive; DM-, Distant metastasis negative; Smoking yes/no, Individuals with or without smoking history; Drinking yes/no, Individuals with or without drinking history. *P<0.05, **P<0.01, ***P<0.001.

Pairwise comparisons of the subgroups stratified by age, gender, smoking status and drinking status were performed. In females, anti-COPT1 autoantibody levels were higher in NSCLC than in BPN (Figures 9E, F). The AUC values of anti-COPT1-IgG and anti-COPT1-IgM to distinguish NSCLC from BPN in females was 0.720 (95% CI: 0.655-0.784, sensitivity=60.7%, specificity=74.4%) and 0.682 (95% CI: 0.615-0.749, sensitivity=86.9%, specificity=47.1%), respectively (Supplementary Figures 4A, B). For individuals aged >55 years, the AUC values of anti-COPT1-IgG and anti-COPT1-IgM were 0.745 (95% CI: 0.690-0.800, sensitivity=94.3%, specificity=50.0%) and 0.713 (95% CI: 0.656-0.770, sensitivity=82.2%, specificity=55.8%), respectively (Figures 9G, H, Supplementary Figures 4C, D). Stratified by smoking and drinking status, the anti-COPT1-IgG levels were higher in NSCLC without smoking and drinking history, and the AUC values for the subgroups increased (Figures 9I–L, Supplementary Figures 4E–H). Anti-COPT1-IgG autoantibody had a higher diagnostic value (AUC=0.707, 95% CI: 0.659-0.756, sensitivity=79.7%, specificity=53.6%) for distinguishing NSCLC without drinking history from BPN (Supplementary Figure 4E).





Combination of anti-COPT1-IgG and anti-COPT1-IgM improved the diagnostic value

In the verification group, samples with expression information for the traditional tumor marker CEA were selected for multiplex biomarker assays. The combined diagnostic value of anti-COPT1-IgG, anti-COPT1-IgM and CEA in 226 NC, 150 NSCLC and 105 BPN were analyzed to examined the additional information on NSCLC diagnosis. The results indicated that the combined diagnosis of anti-COPT1-IgG and anti-COPT1-IgM autoantibodies can improve the diagnostic value (AUC=0.784, 95% CI: 0.736-0.833) for distinguishing NSCLC from NC (Figure 10A). The accuracy of biomarker testing was increased by the combinational analysis (Table 3). However, combined diagnosis with CEA did not significantly improve the diagnostic value (Figure 10A). The combination of anti-COPT1-IgG, anti-COPT1-IgM, and CEA enhanced the efficacy of NSCLC diagnosis from BPN, and the AUC value increased up to 0.670 (95% CI: 0.603-0.737) (Figure 10B, Table 4). Moreover, the combination models improved the diagnostic value for distinguishing early NSCLC from NC and BPN, with the AUC values increasing up to 0.771 (95%CI: 0.703-0.883, sensitivity=63.2%, specificity=82.3%) and 0.624 (95% CI: 0.541-0.706, sensitivity=81.6%, specificity=43.3%), respectively (Figures 10C, D, Table 4). Finally, we performed the combined analysis to distinguish LUAD from BPN (Figures 10E, F). The results showed that this combination can improve the diagnostic ability of LUAD (AUC=0.657, 95% CI: 0.548-0.702), especially for early LUAD (AUC=0.627, 95% CI: 0.540-0.715).
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Figure 10 | Combined diagnosis of anti-COPT1 autoantibodies and CEA to evaluate the diagnostic value. (A) Combined diagnosis of anti-COPT1 autoantibodies and CEA to distinguish NSCLC from NC. (B) Combined diagnosis of anti-COPT1 autoantibodies and CEA to distinguish NSCLC from BPN. (C) Combined diagnosis of anti-COPT1 autoantibodies and CEA to distinguish early NSCLC from NC. (D) Combined diagnosis of anti-COPT1 autoantibodies and CEA to distinguish early NSCLC from BPN. (E) Combined diagnosis of anti-COPT1 autoantibodies and CEA to distinguish LUAD from BPN. (F) Combined diagnosis of anti-COPT1 autoantibodies and CEA to distinguish early LUAD from BPN. IgG, Anti-COPT1-IgG autoantibody; IgM, Anti-COPT1-IgM autoantibody.

Table 3 | Diagnostic efficacy of anti-COPT1 autoantibodies combined with CEA in NSCLC vs NC.


[image: Table comparing NC vs NSCLC and NC vs NSCLC (Early) with columns for AUC, 95 percent CI, sensitivity, specificity, and agreement rate. The table shows values for IgG, IgM, CEA, IgG plus IgM, and IgG plus IgM plus CEA, detailing their respective performance metrics.]
Table 4 | Diagnostic efficacy of anti-COPT1 autoantibodies combined with CEA in NSCLC vs BPN.


[image: Table comparing diagnostic metrics for BPN versus NSCLC. Metrics include AUC, 95% Confidence Interval, Sensitivity (Sp), and Agreement Rate (AR) percentages for various antibodies: IgG, IgM, CEA, IgG+IgM, and IgG+IgM+CEA. BPN vs NSCLC displays higher AUCs up to 0.670 and varying specificities and agreement rates. For early detection, the highest AUC is 0.624, with sensitivity and specificity fluctuating.]





Discussion

In this study, we identified anti-COPT1 autoantibodies as novel tumor-associated autoantibody biomarkers for NSCLC detection. Our study showed that the expression levels of anti-COPT1-IgG and anti-COPT1-IgM in NSCLC were significantly higher than those in BPN and NC. Anti-COPT1-IgG and anti-COPT1-IgM autoantibodies can effectively distinguish NSCLC from NC with AUC values of 0.733 and 0.679 respectively, and distinguish NSCLC from BPN with AUC value of 0.648 and 0.571 respectively. The combined diagnosis of anti-COPT1-IgG and anti-COPT1-IgM improved the diagnostic value for distinguishing NSCLC from NC, and the AUC values increased to 0.784. When distinguishing NSCLC from BPN, the combined diagnosis of anti-COPT1-IgG, anti-COPT1-IgM and CEA enhanced the accuracy of NSCLC detection with AUC of 0.670.

Over the past decade, tissue and blood biomarkers have been identified for NSCLC detection and treatment decisions (24, 25). Plasma-based assays offer numerous advantages over tissue-based assays owing due to their non-invasive nature, rapidity, and ease of repeatability over time. There are various tissue and blood-based assays for biomarker detection, each with its own strengths and limitations (4). Various TAAs have been identified in almost all types of cancers. Many antigens found in blood have been evaluated as potential biomarkers of lung cancer. The most studied biomarkers include CYFRA21-1, CEA, neuron Specific Enolase (NSE), and squamous cell carcinoma antigen (SCC-Ag). CEA is a cell surface glycoprotein produced during fetal development that plays a crucial role in cell adhesion. Elevated CEA levels have been linked to various cancers, such as lung, colorectal, and thyroid cancers (26). Increased serum CEA levels are frequently observed in NSCLC patients, particularly those with adenocarcinoma (27, 28). However, the diagnostic value of CEA alone for lung cancer is limited due to its low sensitivity and specificity (29, 30). Tumor-associated autoantibodies are antibodies produced by the immune response against various TAAs, such as overexpressed antigens, mutated proteins, or post-translationally modified proteins (31). Some autoantibodies have high potential as biomarkers due to their sensitivity and specificity (32).

As commonly understood, copper is a crucial cofactor for all organisms, including the human body (16). When copper concentrations exceed the normal threshold, it becomes toxic and causes cell death, known as cuproptosis (33). Abnormal regulation of some cuproptosis-related genes has been shown to play an important role in the occurrence and progression of cancers (34–36). Zhang et al. (37), comprehensively examined the carcinogenicity of COPT1 in various cancer types, and demonstrated that COPT1 may be an effective biomarker for cancer prognosis. COPT1 expression correlated with the expression of PD-L1 and the infiltration of immune cell infiltration, indicating its potential significance in tumor treatment (38, 39). In addition, some studies found that COPT1 is a potential copper death-related gene in breast cancer, which is significantly upregulated, and has great potential for predicting the prognosis, diagnosis and drug sensitivity of breast cancer (21). Based on TIMER and HPA databases, the expression level of COPT1 was higher in NSCLC and correlated with various infiltrated immune cells (Supplementary Figure 5). COPT1 mutations were identified in multiple tumors, including lung cancer with a mutation rate of 1.5% (40). High expression of COPT1 and COPT1 mutations may trigger strong immune responses to COPT1 autoantibodies. In addition, COPT1 expression was positively correlated with infiltrated CD4+ T, CD8+ T, and B cells. These results suggest that COPT1 is a TAA and induced the increase of anti-COPT1 autoantibodies in NSCLC patients. However, elevated COPT1 expression were reported in various tumors, indicating that anti-COPT1 autoantibodies may be induced in other tumors. The clinical value of anti-COPT1 autoantibodies for the detection of other cancers and their specificity for NSCLC should be elucidated in future studies.

Autoantibodies play a significant role in the diagnosis and prognosis of lung cancer. Certain autoantibodies exhibit promising diagnostic capabilities, and studies have indicated that serum autoantibodies targeting GAGE7, MAGEA1, CAGE, and p53 can aid in the diagnosis of lung cancer. Immunoglobulin G (IgG) and immunoglobulin M (IgM) autoantibodies are important components produced by humoral immune reactions and secreted into the blood. Many studies have shown that cancer patients can produce humoral immune responses and then produce autoantibodies at an early stage before cancer diagnosis (41). Therefore, IgM and IgG autoantibodies, as the first and second reaction products of humoral immunity, have great potential as early diagnostic indicators of cancer (42). Currently, research on screening autoantibody biomarkers for the diagnosis and treatment of lung cancer primarily forced on IgG autoantibodies (43–45). However, IgM autoantibodies, as the first antibodies produced by immune response, may be more suitable for screening indicators for early cancer diagnosis (46). A study shows that (36), IgM autoantibodies are crucial for the immune surveillance against malignant epithelial cells. In this study, the levels of both anti-COPT1-IgG and anti-COPT1-IgM autoantibodies in NSCLC, BPN and NC were detected by ELISA, and combined with the traditional tumor marker CEA to evaluate the diagnostic value. The expression of anti-COPT1 autoantibodies were higher in NSCLC. Anti-COPT1-IgG and anti-COPT1-IgM autoantibodies were demonstrated to be preferable biomarkers for NSCLC detection. Anti-COPT1-IgG performed a higher power for NSCLC detection than anti-COPT1-IgM. Moreover, the combined detection of anti-COPT1 autoantibodies and CEA in patient plasma improved the accuracy of NSCLC diagnosis.

Our study demonstrated that anti-COPT1 autoantibodies have the potential to enhance the early detection of NSCLC, thereby improving patient outcomes. However, limitations such as the small sample size and reliance on a single sample source need to be addressed. Large-sample, multicenter studies are warranted to further validate these findings. Sensitivity and specificity are basic statistical principles for assessing the performance of diagnostic tests. In the present study, the sensitivity and specificity were not particularly high. Population diversity including age, gender and ethnicity may affect the generalizability of the findings. Thus, it now seems to be premature to define anti-COPT1 autoantibodies combined with CEA as cancer screening or early stage cancer biomarkers for clinical application. Further validation studies involving large-scale, well-defined cohorts with diverse populations and comprehensive clinical data are warranted to confirm the diagnostic potential of anti-COPT1 autoantibodies. Additionally, comprehensive combination analysis integrating anti-COPT1 autoantibodies with other conventional tumor markers (e.g., AFP, CA199, CA125) are recommended to enhance their clinical utility and diagnostic accuracy. Retrospective or prospective studies should conducted to verify its usefulness for cancer diagnosis and prognosis in the future study.

Furthermore, to enhance the translational potential of anti-COPT1 autoantibodies for NSCLC detection, the functional studies should be performed to investigate the mechanism of action of anti-COPT1 autoantibodies in NSCLC progression.

In summary, this is the first study to report anti-COPT1 autoantibodies in NSCLC. Anti-COPT1 autoantibodies were highly expressed in NSCLC and could distinguish NSCLC from NC and BPN. Both IgG and IgM autoantibodies against COPT1 present the diagnostic value for the patients with NSCLC at early stage. The combination of anti-COPT1 autoantibodies and CEA had contributed to the further improvements in the early diagnosis for NSCLC. Our study indicated that anti-COPT1 autoantibodies can be used as potential novel plasma biomarkers for detecting NSCLC.
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Precision medicine has brought revolutionary changes to the diagnosis and treatment of cancer patients, and is currently a hot and challenging research topic. Currently, the treatment regimens for most colorectal cancer (CRC) patients are mainly determined by several biomakers, including Microsatellite Instability (MSI), RAS, and BRAF. However, the roles of promising biomarkers such as HER-2, consensus molecular subtypes (CMS), and circulating tumor DNA (ctDNA) in CRC are not yet fully clear. Therefore, it is urgent to explore the potential of these emerging biomarkers in the diagnosis and treatment of CRC patients. In this paper, we discuss recent advances in CRC biomarkers, especially clinical data, and focus on the roles of biomarkers in prognosis, prediction, treatment strategies, and the intrinsic connections with clinical pathological features, hoping to promote better precision medicine for colorectal cancer.
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1 Introduction

Colorectal cancer (CRC) ranks third in global incidence and second in mortality, its epidemiological trajectory showing an alarming upward trend worldwide (1). Although existing screening strategies have moderately reduced mortality rates, the majority of patients are still diagnosed at advanced stages, underscoring an urgent need for transformative approaches in CRC management. The quest for biomarkers with enhanced specificity and clinical utility has therefore become a critical frontier in oncology research by influencing three key areas: early detection accuracy, dynamic monitoring capabilities, and precision therapeutics development. The biomarker revolution in CRC has entered a pivotal phase. Traditional molecular markers such as BRAF and KRAS mutations are widely used in the diagnosis and treatment of colorectal cancer patients (2). However, compared to the revolutionary changes brought by immunotherapy to other cancers (3), the benefits of CRC patients from these biomarker-based treatments are limited, with only 3.8% of mCRC patients with MSI subtypes benefiting from corresponding treatments—a therapeutic gap that highlights the imperative for next-generation biomarker discovery (4). In recent years, with the development of next-generation sequencing, bioinformatics analysis, liquid biopsy, and other technologies, research on biomarkers has entered a new stage: For instance, circulating tumor DNA (ctDNA) has transcended the limitations of tissue biopsies through real-time genomic monitoring, playing a pivotal role in early detection and recurrence monitoring of colorectal cancer patients. Meanwhile, non-coding RNAs (ncRNAs) have unveiled a previously hidden regulatory cosmos, fundamentally reshaping our understanding of CRC pathogenesis. Additionally, RET fusion genes have emerged as targetable oncogenic drivers, demonstrating significant associations with sensitivity to targeted therapies.

n this comprehensive review, we systematically summarize the most recent advancements in biomarker research and critically evaluate their potential for translation into tangible clinical benefits. Our analysis provides an integrative framework that effectively bridges the gap between molecular discovery and clinical implementation, offering valuable insights for both researchers and clinicians in the field of precision medicine.




2 Her-2

HER2 is a protein tyrosine kinase receptor encoded on chromosome 17q12, also known as EGFR-2/ErbB-2/CD340. It belongs to the epidermal growth factor receptor (ERBB) family. It has been reported that approximately 7% of CRC patients exhibit alterations of HER2, especially in tumors with wild-type RAS and BRAF. However, the role and impact of HER2 in advanced CRC have not been fully explicit.



2.1 The correlation with pathological features

Tumors overexpressing HER-2 are more commonly found in the left colon or rectum, with an increasing incidence from the right colon to the left colon and then to the rectum (5) (Figure 1). The overexpression of HER-2 is significantly associated with higher tumor mutational burden (TMB), higher AJCC staging, and lymph node metastasis (6). Of course, HER-2 also has intrinsic correlations with other biomarkers. For example, point mutations in HER2 are positively correlated with MSI-H tumors, but MSI-H was not found in cases of HER-2 amplification (7). There is also evidence suggesting that the typical molecular subtype (CMS2) is enriched in HER-2 positive tumors, accompanied by changes in epithelial differentiation, WNT, and MYC signaling.

[image: Diagram of the colon with colored dots representing different gene mutations. Red for KRAS, blue for BRAF, orange for RET, green for POLE, and purple for Her-2, distributed throughout the colon sections.]
Figure 1 | Common sites of molecular markers in the Colorectum.




2.2 Prognostic value

Currently, the prognostic significance of HER-2 in advanced CRC remains controversial. Compared to HER-2 wild-type tumors, HER-2 amplification in CRC is associated with increased invasiveness and poorer prognosis (6). A retrospective analysis of the PETACC-8 trial (n = 1795) found that HER-2 amplification and mutation were associated with shorter disease-free survival (DFS) (95% confidence interval [CI] 1.02-2.36, P = 0.04) and worse overall survival (OS) (95% CI 0.99-2.5, P = 0.05) Even after adjusting for other prognostic factors such as RAS mutations, grading, tumor location, pT and pN status, bowel obstruction or perforation, lymphatic or venous invasion, the prognostic impact still persisted (8). A study in 2021 supported this view: analysis of 370 mCRC patients found that HER2-positive patients had significantly worse OS compared to patients with low HER-2 expression, indicating potential prognostic value of HER-2 expression in mCRC (9). In contrast, data from the German Rectal Cancer Study Group showed that in 264 rectal cancer patients, HER-2 positivity was associated with better disease-free survival (DFS) and cancer-specific survival (10). However, in a meta-analysis, Richman SD did not find a statistically significant association between HER-2 expression and OS (11). These discrepancies may stem from multiple factors: 1.Anatomical heterogeneity – HER-2’s prognostic impact appears context-dependent, with left-sided colon cancers showing different patterns from rectal tumors; 2.Molecular subtype variations – CMS2-enriched HER-2+ tumors may exhibit distinct biological behaviors; 3.Technical variability in HER-2 assessment methods across studies. The low HER-2 alteration frequency in CRC further complicates conclusive interpretation. This context-dependent prognostic role necessitates standardized molecular subtyping in future studies.




2.3 Predictive value

HER-2 alterations have been established as predictive biomarkers of resistance to anti-EGFR therapies, mediating therapeutic escape through two distinct mechanisms: HER-2 gene amplification or heregulin (HRG)-induced HER-3 receptor activation. These pathways converge to constitutively activate downstream ERK1/2 signaling, thereby sustaining oncogenic survival cascades that drive anti-EGFR resistance. However, emerging evidence suggests context-dependent predictive utility: 1. In wild-type KRAS/NRAS/BRAF/PI3KCA populations, HER-2 amplification strongly correlates with shorter response duration to EGFR inhibitors (12, 13). 2.we found that colorectal cancer patients with HER-2 amplification have a shorter duration of response to EGFR monoclonal antibody therapy and worse prognosis compared to those with wild-type RAS/BRAF, approaching even those with RAS or BRAF mutations 3. Recent antibody-drug conjugate (ADC) trials demonstrate HER-2’s positive predictive value for targeted therapies like T-DXd (14). This duality – serving as both resistance marker and therapeutic target – underscores the need for dynamic biomarker assessment throughout treatment courses.




2.4 Treatment strategies

Current therapeutic strategies targeting HER-2 include monoclonal antibodies, antibody-drug conjugates (ADCs), and tyrosine kinase inhibitors (TKIs). Although some clinical trial results appear promising, none of these therapies have yet received regulatory approval for metastatic colorectal cancer (mCRC). As previously discussed, HER-2 amplification/mutations mediate resistance to anti-EGFR antibodies, while combination therapy with anti-HER2 and anti-EGFR agents demonstrates synergistic growth inhibition (13). Clinical investigations of pertuzumab-trastuzumab combination therapy in pretreated HER-2-amplified mCRC reveal significant clinical benefit in RAS wild-type HER-2-positive patients, whereas those with RAS mutations show limited therapeutic response (15). Notably, recent progress in TKI development includes pyrotinib—an irreversible dual HER-2/EGFR inhibitor—demonstrating potent antitumor activity when combined with trastuzumab (16). Among ADCs, trastuzumab emtansine (T-DM1) and trastuzumab deruxtecan (T-DXd) have undergone clinical evaluation. Phase II studies of pertuzumab-T-DM1 combination therapy in RAS/RAF wild-type ERBB2-positive mCRC patients demonstrate encouraging efficacy profiles (17).





3 BRAF

BRAF is a key serine/threonine protein kinase in the MAPK pathway, including V600 mutations (Class I) and non-V600 mutations. Among them, the Class I BRAF V600E mutation is the most common, accounting for approximately 95%, and exhibits kinase activity 700 times higher than normal BRAF (18). Patients with this type of mutation generally have a poorer prognosis, are typically located in the right colon, more common in females and elderly patients, and are associated with mucinous adenocarcinoma and poorer tumor differentiation (19). At the molecular level, the co-occurrence rate of BRAFV600E mutation and MSI is relatively high, with approximately 52% of MSI tumors having BRAF mutations, while 55% of BRAF mutation tumors exhibit MSI (20).



3.1 Prognostic value

Compared to BRAF wild-type CRC patients, patients with BRAF mutations generally have a poorer survival rate. MSI-H tumors carrying BRAF mutations exhibit better OS and lower invasiveness compared to Microsatellite Stability (MSS) tumors with BRAF mutations, suggesting that MSI-H tumors may help mitigate the adverse prognostic impact of BRAF mutations. However, the reported results regarding the prognostic differences among BRAF subtypes are mixed. Patients with BRAF Class I and II mutations generally have a poorer prognosis compared to Class III mutations. On the other hand, another study found that patients with Class II and III mutations seemed to have better survival outcomes (18, 21). Given the dismal prognosis of BRAF V600E-mutant metastatic CRC (mCRC), identifying early efficacy biomarkers post-first-line chemotherapy is critical. Early tumor shrinkage (ETS) and depth of response (DpR) serve as quantifiable metrics for initial treatment assessment. At the 2024 Japanese Society of Medical Oncology (JSMO) conference, clinical data validated these parameters as prognostic surrogates in BRAF V600E-mutant mCRC patients undergoing first-line chemotherapy (22).




3.2 Treatment strategies



3.2.1 Chemotherapy combined with anti-VEGFR antibodies

The first-line treatment choice for mCRC patients is dual (FOLFIRI/FOLFOX/CAPOX) or triple (FOLFOXIRI) chemotherapy combined with bevacizumab (anti-VEGFR antibody) (23). Subsequent studies have shown that triple chemotherapy increases toxicity compared to dual chemotherapy regimens, with almost no difference in actual efficacy (24). However, patients with right-sided CRC do benefit from triple chemotherapy regimens (25). Currently, the ESMO clinical practice guidelines recommend dual chemotherapy + bevacizumab for MSS-type BRAF V600E-mutated CRC patients, with triple chemotherapy + bevacizumab being reserved for special circumstances (such as tumors located on the right side).




3.2.2 BRAF inhibitors

Previous studies have indicated that BRAF inhibitors alone do not achieve satisfactory outcomes, as they can lead to feedback activation of EGFR and reactivation of the MAPK pathway. Therefore, the combination of the BRAF inhibitor encorafenib with the anti-EGFR antibody cetuximab is considered the optimal choice for second-line treatment in MSS-type BRAF-mutated mCRC patients (23). Recently, a study added nivolumab to the above regimen and investigated the outcomes of combination therapy. The current results show that combination therapy is more effective and well-tolerated by patients (26).




3.2.3 Immunotherapy

About 70% of BRAF mutation tumors belong to CMS1 type, suggesting that MSI-H mCRC patients with BRAF mutations may benefit from immunotherapy (27). KEYNOTE-177 and CHECKMATE 142 evaluated the efficacy of pembrolizumab and nivolumab monotherapy in BRAF-mutant MSI-H mCRC patients, respectively. The results showed that immunotherapy was more effective than traditional therapy (28, 29). CheckMate-142 also evaluated the efficacy of ipilimumab + nivolumab combination therapy, and the results showed that the combination therapy was more effective than nivolumab alone (30). In addition, when relatlimab was used in combination with PD-1 blockade, it significantly slowed CRC tumor formation in mice (31). Therefore, we speculate that anti-LAG-3 monoclonal antibodies may enhance the efficacy of immune checkpoint inhibitors (ICIs) in CRC patients.






4 KRAS

The RAS protein family, classified as small GTPases, comprisesHRAS, NRAS, and KRAS, which are among the most commonly mutated genes in human cancers. In colorectal cancer, KRAS mutations are the most common (43%), followed by NRAS (9%) and HRAS (1%).

Kirsten rat sarcoma viral (KRAS), also known as the P21 gene, is a commonly mutated gene in cancer. In KRAS mutations, 97% (to be verified) involve mutations in the 12th or 13th amino acid residues, with the most common being G12D, G12V, and G13D mutations. KRAS mutations are more common in the right colon and are associated with advanced disease stage, poorly differentiated tumors, distant metastasis, and poorer survival rates. They are also more common in females and younger patients (32). Additionally, KRAS mutations are associated with shorter time to recurrence (TTR), recurrence-free survival (SAR), and OS in patients with non-microsatellite instability (MSI) tumors (33).



4.1 Prognostic value

KRAS mutations are closely associated with the occurrence and development of CRC, with studies indicating that patients with KRAS-mutant CRC generally have a worse prognosis compared to those with wild-type KRAS. Prognostic heterogeneity exists across mutation subtypes: One study showed that mutations in codon 12 were significantly correlated with both OS and Disease-free survival (DFS), particularly G12D and G12V mutations (34). Meanwhile, G12C mutations may represent a poorer prognosis, while the prognosis for patients with G12D mutations may fall between wild-type and G12C mutations (35). The prognostic significance of mutations in codon 13 remains controversial (34). A study based on the double-blind, controlled, phase 3 RECURSE trial and using two independent datasets demonstrated that codon-specific KRAS mutations could predict the clinical benefits of patients with mCRC receiving chemotherapy with trifluridine/tipiracil (FTD/TPI): patients with KRASG12 mutations did not benefit significantly from FTD/TPI chemotherapy in terms of OS, whereas KRASG13 mutations represented a poorer prognosis and had better efficacy with FTD/TPI (36). Rare variants (e.g., G12F, G13C) remain understudied, with limited data on their clinical implications.




4.2 Predictive value

KRAS mutations are also considered predictive markers for poor response to chemotherapy combined with anti-EGFR treatment: this is because when KRAS mutates, it remains in a constitutively active state by continuously binding to GTP, thereby bypassing the activating effect of EGFR ligands. However, not all KRAS mutations confer resistance to anti-EGFR treatment. Previous studies have shown that colorectal cancer patients with G13D mutations benefit from first-line chemotherapy plus cetuximab, but their progression-free survival (PFS), OS, and response rates(RR) are still lower than those of patients with wild-type KRAS tumors (37). Currently, the combination of bevacizumab (anti-VEGFR) with chemotherapy is considered the best first-line treatment for patients with KRAS-mutant mCRC (38).




4.3 Treatment strategies



4.3.1 Direct inhibition

Currently, directly inhibiting the KRAS gene is highly challenging for several reasons. Firstly, due to the exceptionally high affinity of KRAS for GTP and GDP, developing a competitive small molecule inhibitor is extremely difficult. Secondly, KRAS has a broad range of functions, and inhibiting KRAS may lead to significant toxicity. Moreover, designing a drug that selectively inhibits mutated KRAS without affecting normal KRAS is not straightforward. Presently, two KRASG12C inhibitor: Adagrasib and Sotorasib, have shown significant efficacy in non-small cell lung cancer, but their efficacy in CRC remains limited (39, 40). However, when used in combination with other drugs, such as adagrasib combined with cetuximab (response rate 43%, disease control rate 100%), the efficacy is remarkably improved (41). Similarly, sotorasib in combination with panitumumab also has a beneficial effect on improving patient prognosis (42). Studies have also evaluated the effects of KRASG12C inhibitors combined with anti-PD-L1 therapy and found that the combination leads to a further increase in the number of CD3+ T cells and CD8+ T cells in patients, offering a promising therapeutic approach (43).




4.3.2 Nucleotide exchange inhibitors

Recently, researchers have discovered BAY-293, which is an inhibitor that disrupts the binding of SOS1 protein to KRAS. Meanwhile, BI-3406 is a more effective and selective SOS1 inhibitor that only inhibits SOS1 without affecting SOS2 (44). SHP2 inhibitors, similar to SOS1 inhibitors, can prevent the loading of GTP on RAS. Currently, SHP2 inhibitors are in the early stages of clinical trials, such as rmmc-4630 and TNO155, with TNO155 found to enhance the efficacy against KRASG12C-mutant CRC when used in combination with KRASG12C covalent inhibitors (45). Both types of inhibitors can suppress tumor growth, and experiments targeting these inhibitors are currently underway.




4.3.3 Inhibiting KRAS-related signaling pathways

Inhibiting the KRAS-related signaling pathway is another approach for treating patients with KRAS-mutant CRC. RAF is a direct downstream effector of KRAS, and selective inhibition of RAF may have limited therapeutic efficacy due to feedback loops or RAF dimerization activating MEK (46). Therefore, the therapeutic effect of selective RAF inhibition is limited. Researchers have utilized pan-RAF inhibitors that block RAF dimer-dependent signaling, such as belvarafenib, which has shown promising anti-tumor activity (47). In addition, MEK inhibitors such as Selumetinib, Trametinib, cobimetinib, have demonstrated good efficacy, but MEK inhibitors may have significant toxicity issues that need to be addressed, and simultaneous inhibition of RAF and MEK may be a better treatment option. Furthermore, inhibiting ERK1/2 may overcome the limitations of upstream RAF or MEK inhibitors, and LY3214996 (an ERK1/2 inhibitor) has shown promising anti-tumor activity in preclinical studies and acceptable safety in trials, further supporting its efficacy as monotherapy or in combination therapy (48, 49). Inhibiting the PI3K-AKT-mTOR pathway is another effective approach: the triple combination of PI3K inhibitor alpelisib + encorafenib (a BRAF inhibitor) + cetuximab (anti-EGFR monoclonal antibody) has shown encouraging results in mCRC patients (50). It is worth noting that most mTOR inhibitors have poor efficacy as monotherapy (51).

Inhibiting one pathway can lead to compensatory activation of another pathway, so simultaneously inhibiting MAPK/PI3K is a promising strategy. Given compensatory pathway activation during single-target inhibition, concurrent MAPK/PI3K blockade emerges as a rational strategy. While preclinical models support PI3K/MEK inhibitor synergy against KRAS-mutant tumors (52). However, in recent clinical trials, the tolerability and activity of these inhibitor combinations have not been satisfactory (53).

Other emerging therapeutic approaches, such as targeting tumor metabolism processes, KRAS-targeted siRNA, anti-RAS vaccines, offer hope for inhibiting tumor growth and providing a potential treatment option for KRAS-mutant colorectal cancer. However, their clinical efficacy remains to be further validated.






5 MSI

Microsatellite Instability (MSI) refers to a type of repetitive DNA sequences present in the human genome. Due to the high-frequency repeats of these sequences, errors are prone to occur during replication, and cells rely on DNA mismatch repair proteins (MMR) to correct these errors. However, when MMR function is deficient (dMMR), replication errors in microsatellites cannot be corrected, leading to the accumulation of sequence length or composition changes, resulting in microsatellite instability (MSI). Based on the detection of loci, MSI is classified into MSS, MSI-L, and MSI-H. Previous studies have shown that MSI-L has no significant biological differences compared to MSS tumors, so MSI-L is often grouped with MSS in clinical practice.



5.1 The correlation with pathological features

dMMR/MSI-H CRCs are more commonly found on the right side, mostly presenting as mucinous adenocarcinomas, and are closely associated with poorly differentiated tumors (54). Researchers have observed an increased occurrence of BRAF mutations in advanced dMMR/MSI-H CRC tumors. In fact, preclinical data suggests that the BRAF V600E mutation can promote the dMMR/MSI-H phenotype by activating the MAPK pathway. Additionally, influenced by the tumor microenvironment (TME), approximately 70% of dMMR/MSI-H CRCs cluster within the CMS1 subtype (55).




5.2 Prognostic value

dMMR/MSI-H is more commonly observed in the early stages of tumors, which may be due to the high tumor mutational burden (TMB) in early-stage colorectal cancer generating abundant neoantigens, activating CD8+ T cell infiltration, forming an immunogenic microenvironment that inhibits tumor progression. However, when tumors metastasize, dMMR/MSI-H becomes a negative prognostic factor, which may be related to the confounding effect of BRAF mutations: in advanced MSI-H CRC, the BRAF V600E mutation rate reaches up to 20%, suggesting that this prognostic difference may be driven by BRAF mutations rather than MSI itself.




5.3 Treatment strategies

Although colorectal cancer patients with MSI-H generally exhibit favorable responses to ICIs such as anti-PD-1, PD-L1, or CTLA-4 antibodies (56), emerging evidence has revealed critical modifying factors: 1. Spatial heterogeneity: Ascites-associated peritoneal metastases significantly diminish ICI efficacy, likely resulting from the interplay between malignant ascites and an immunosuppressive tumor microenvironment (57); 2. Microbiome interference: The use of broad-spectrum antibiotics (ATBs) negatively impacts ICI therapeutic efficacy, potentially due to their disruption of the gut microbiota and consequent adverse effects on immune function (58), Conversely, leveraging gut microbiota to enhance immunotherapy shows promise; for instance, Fusobacterium nucleatum has been shown to potentiate the anti-tumor effects of PD-L1 blockade in colorectal cancer (59). These findings challenge the paradigm of MSI-H as a standalone predictive biomarker and underscore the necessity of adopting a composite biomarker strategy.





6 MSS

Microsatellite Stable (MSS) refers to a phenotype in colorectal cancer (CRC) where microsatellite sequences maintain stable length and composition during replication, with its pathogenesis being closely associated with proficient mismatch repair (pMMR) functionality. Unlike MSI-H/dMMR-type CRC, MSS/pMMR tumors exhibit low tumor mutational burden (TMB) and reduced immune cell infiltration within the tumor microenvironment (TME), typically manifesting as a ‘cold tumor’ phenotype. These characteristics result in poor response to immune checkpoint inhibitor monotherapy (60).



6.1 The correlation with pathological features

MSS-type CRC accounts for about 85% to 90% of all colorectal cancers, mostly found in the left half of the colon and rectum, and the histology is predominantly adenocarcinoma with a high degree of differentiation. Notably, the immune microenvironment of MSS-type CRC is dominated by suppressive immune cells (e.g., T regulatory cells, M2-type macrophages), and the expression level of PD-L1 is generally low, leading to active immune escape mechanisms (61).




6.2 Prognostic value

The prognosis of MSS-type CRC is strongly correlated with tumor stage and tumor microenvironment (TME) characteristics. While early-stage MSS patients demonstrate comparable survival outcomes to MSI-H cases, advanced-stage MSS patients exhibit significantly poorer survival rates than their MSI-H counterparts, potentially attributable to chemotherapy resistance and immunosuppressive TME. Recent studies have identified tumor-infiltrating lymphocyte (TIL) density as a critical prognostic biomarker in MSS CRC: Compared with MSI-TIL-H subtypes, MSS-TIL-H patients maintain microsatellite stability yet paradoxically demonstrate superior survival advantages. Specifically, MSS-TIL-H patients show significantly improved overall survival (HR = 0.53) and disease-free survival (HR = 0.52) compared to MSS-TIL-L subgroups (62). This finding highlights that elevated TIL infiltration confers substantial survival benefits even within the MSS context.




6.3 Treatment strategies

Modulating the immune microenvironment of MSS colorectal cancer to convert ‘cold tumors’ into ‘hot tumors’ has become particularly crucial in refractory MSS-type CRC, especially for advanced metastatic patients. Current clinical strategies to enhance immunotherapy efficacy in CRC primarily focus on two approaches: 1. Combination Therapies: ①Immune-targeted combinations: Emerging evidence suggests fruquintinib (a VEGFR inhibitor) combined with PD-1 inhibitors represents a promising therapeutic option for refractory MSS metastatic CRC (mCRC), demonstrating tolerable toxicity. Notably, incorporation of local therapies in patients with liver metastases may significantly extend overall survival (OS) (63). ②Dual immunotherapy: Early-phase trials indicate that botensilimab (BOT, a multifunctional CTLA-4 inhibitor) combined with balstilimab (BAL, a PD-1 blocker) achieves durable responses and prolonged OS across all subgroups while maintaining a favorable safety profile (64); 2. Biomarker-driven Strategies:Identification of predictive molecular biomarkers for immunotherapy response in MSS CRC, including previously discussed tumor-infiltrating lymphocytes (TILs), POLE/POLD mutations, and tumor mutational burden (TMB). These biomarkers may enable patient stratification to optimize therapeutic outcomes.





7 CMS

The Consensus Molecular Subtypes (CMS) is a widely used molecular classification method in colorectal cancer, which divides tumors into four subgroups (CMS1-4) based on mRNA gene expression patterns:CMS1 (MSI immune subtype): Associated with MSI, dDNA mismatch repair, BRAF V600E mutation, hypermutation (Abnormally accelerated gene mutation rates, often in immune cells to rapidly generate antibody variants), CIMP, and primarily observed in females. These tumors have higher histopathological grades and poorer survival rates after recurrence.CMS2 (Canonical subtype): Characterized by chromosomal instability, immune desert (Tumor regions with minimal immune cell presence), TP53 mutation, and upregulation of the EGFR pathway. Tumors in this subtype are typically located on the left side.CMS3 (Metabolic subtype): Typically characterized by abnormalities in metabolic pathways, KRAS mutation, and lower levels of CIMP and CIN.CMS4 (Mesenchymal subtype): Characterized by upregulation of EMT and SCNA, chromosomal instability, and constitutive activation of VEGFR and TGF-β pathways. CMS4 tumors are primarily associated with advanced stages (III and IV).CMS1 and CMS4 are associated with immune infiltration and considered “hot” tumors, while CMS2 and CMS3 are the opposite, characterized as “cold” tumors in terms of immune response.



7.1 Prognostic value



7.1.1 Local

The PETACC-3 study found that compared to other subtypes, CMS4 subtype has a significantly worse prognosis, and the same conclusion was drawn after adjusting for KRAS, BRAF, and MSI status (65). This may be related to the higher expression levels of monocytes, lymphocytes, and inflammatory and immune suppressive characteristic factors in the CMS4 subtype.




7.1.2 Metastasis

If the tumor metastasizes distantly, CMS1 exhibits the worst prognosis in terms of OS and PFS compared to other subtypes, consistent with its higher BRAF V600E mutation rate and the negative prognostic impact of MSI (66). CMS2 generally has a better prognosis, while the prognosis of CMS3 and CMS4 falls between the two (66).





7.2 Predictive value



7.2.1 Chemotherapy

Research indicates that CRC patients with the CMS3 subtype only benefit from chemotherapy in stage III (p = 0.001), while patients with the CMS2 subtype (stage II and III) show improved survival rates after receiving adjuvant chemotherapy (p = 0.02 and p < 0.001) (67). However, CMS1/CMS4 subtypes show no survival advantage from adjuvant chemotherapy (68).




7.2.2 Targeted therapy

The FIRE-3 trial included 514 mCRC patients who were randomly assigned to receive first-line treatment with FOLFIRI plus bevacizumab or cetuximab. The results revealed a better prognosis for CMS2 (29 months), while CMS4 (24.8 months) and CMS3 (18.6 months) had intermediate prognoses. CMS1 subgroup showed the shortest survival, with only 15.9 months (69). Consistent conclusions were drawn by the CALGB/SWOG 80405 trial, which also found that compared to FOLFIRI plus cetuximab, bevacizumab treatment was more effective for CMS1 tumors. This is consistent with their characteristics: CMS1 is more commonly associated with BRAF mutations or RAS mutations, which lead to resistance to anti-EGFR therapy, making patients more responsive to bevacizumab. Conversely, a completely opposite scenario was observed in the CMS2 subtype, which may be because CMS2 is more common in left-sided tumors, where anti-EGFR drugs are more effective (70).

CMS3 tumors can also benefit from treatment with bevacizumab plus capecitabine, with significant improvements in both PFS and OS (71). In CMS4, patients receiving bevacizumab plus FOLFIRI often experience better PFS and OS compared to chemotherapy alone. However, when bevacizumab is replaced with capecitabine, patients show better prognosis (71).

A recent study from Panama included 296 RAS wild-type mCRC patients and evaluated the efficacy of panitumumab (Pmab) plus fluorouracil/leucovorin (FU/FA) in various CMS types. The results showed beneficial outcomes with Pmab + FU/FA in CMS2/4 tumors, while no efficacy was observed in CMS1/3 tumors (72).




7.2.3 Immune therapy

Given the characteristics of CMS1 subtype, (ICIs) may be an effective approach for treating patients with this subtype. A study presented at ASCO GI 2022 demonstrated that combining Nivolumab with standard treatment in CMS1 and CMS3 subtypes could potentially yield clinical benefits (73).






8 Circulating tumor DNA

The small fragments of DNA released into the bloodstream after cell apoptosis or necrosis are called circulating free DNA (cfDNA), among which DNA released by tumor cells is referred to as circulating tumor DNA (ctDNA). Liquid biopsy utilizes peripheral blood extraction for ctDNA analysis, enabling real-time monitoring of tumor evolution. This approach provides three key advantages over conventional biopsies:1. Minimally invasive procedure; 2. Flexible temporal sampling; 3. Simplified specimen storage (Figure 2). Currently, ctDNA serves as a powerful biomarker closely associated with patient prognosis and can predict recurrence in CRC patients. Additionally, ctDNA detection can provide relevant molecular profiles (such as RAS/RAF/HER), replacing tissue sequencing to guide subsequent treatment.
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Figure 2 | Liquid biopsy.



8.1 Prognostic value

In 2019, literature reported on the prognostic role of ctDNA in stage I-III CRC patients. The study included 125 patients and collected a total of 829 plasma samples. The findings revealed that patients positive for ctDNA, whether postoperative or post-ACT (adjuvant chemotherapy), were associated with a high risk of recurrence. Moreover, patients negative for ctDNA had a significantly better prognosis compared to ctDNA-positive patients, with ctDNA proving to be a more valuable prognostic indicator than radiological parameters (74). Gong Chen and colleagues confirmed this conclusion, demonstrating that even after adjusting for known clinical and pathological risk factors, ctDNA positivity remained the most important independent predictor of disease-free survival in stage II-III colorectal cancer patients (75). It’s worth noting that only postoperative ctDNA minimal residual disease (MRD) can predict the prognosis of postoperative CRC patients, even identifying those at high risk of recurrence, while preoperative ctDNA testing cannot predict patient prognosis (76). Another study, which merged patient data from three studies and had a follow-up period exceeding 5 years, confirmed the prognostic value of ctDNA. It found that ctDNA had higher predictive accuracy for recurrence-free survival (RFS) compared to individual clinical and pathological risk factors. When combined with all clinical variables, ctDNA significantly improved the accuracy of recurrence prediction (77).




8.2 Predictive value

ctDNA serves not only as a prognostic marker in colorectal cancer (CRC) but recent research suggests it may also function as a predictive biomarker for treatment response. A study on IDEA-France’s post hoc analysis revealed that irrespective of clinical high-risk factors, stage III CRC patients positive for ctDNA had better outcomes with a 6-month chemotherapy regimen compared to 3 months (78). To evaluate whether a ctDNA-guided approach could reduce adjuvant chemotherapy use without compromising recurrence risk, researchers, led by Jeanne, randomly allocated 441 stage II colon cancer patients in a 2:1 ratio based on ctDNA and clinical-pathological characteristics to guide treatment decisions. The results showed that ctDNA-negative patients maintained high 2-year disease-free survival (DFS) without adjuvant chemotherapy. Additionally, although the proportion of patients receiving adjuvant chemotherapy was lower in the ctDNA-guided group, it did not affect survival, and the efficacy was non-inferior to the standard management (79).

A study based on the phase III PARADIGM trial explored the predictive value of ctDNA negativity for RAS wild-type mCRC patients regarding panitumumab selection (no predefined resistant gene mutations detected). Findings suggest that ctDNA-guided molecular selection (rather than primary tumor location) identifies patients likely to benefit from first-line panitumumab-chemotherapy combinations (80). A recent study found that ctDNA may predict treatment choice for gastrointestinal stromal tumors (GISTs) treated with either ripretinib or sunitinib. Analysis of KIT exon mutations in peripheral blood ctDNA showed better efficacy with sunitinib in patients with KIT exon 11 + 13/14 mutations, while patients with KIT exon 11 + 17/18 mutations had better progression-free survival (PFS) with ripretinib (81).

Furthermore, ctDNA also has the ability to predict the emergence of acquired resistance, being more convenient and sensitive than traditional tumor biopsies. For example, ctDNA exhibits higher sensitivity to acquired RAS mutations, allowing us to exploit this advantage to circumvent acquired resistance to anti-EGFR therapy. The NCT04776655 trial is a prospective randomized phase III study based on ctDNA aimed at evaluating the optimal monoclonal antibody therapy in mCRC patients with RAS/BRAF wild-type and liquid biopsy RAS mutations. In addition to anti-EGFR drugs, ctDNA has been validated to have predictive value in targeted therapies such as anti-HER-2, anti-BRAF/EGFR, and KRASG12C-directed therapies (2, 82, 83). On the other hand, (ICIs), as emerging treatments in recent years, are also closely associated with ctDNA. The ARETHUSA clinical trial treated pMMR, RAS-mutated mCRC patients with temozolomide (TMZ). Analysis of ctDNA showed that TMZ treatment resulted in MMR deficiency, increased TMB, increased sensitivity to immune therapy, and ctDNA can accurately measure blood TMB (bTMB) and predict the efficacy of pembrolizumab, similar to previous Canadian study results. Thus, ctDNA can be considered a marker for assessing TMZ efficacy (84).





9 Non-coding RNA

Non-coding RNAs (ncRNAs) comprise >90% of the human transcriptome despite lacking protein-coding capacity. These molecules critically regulate protein biosynthesis, cellular homeostasis, and transcriptional networks. Mounting evidence implicates ncRNAs—particularly microRNAs (miRNAs), long noncoding RNAs (lncRNAs), and circular RNAs (circRNAs)—in colorectal carcinogenesis and progression.

Mechanistically, ncRNAs modulate colorectal cancer phenotypes via STAT3 pathway regulation and epithelial-mesenchymal transition (EMT) modulation. Their dysregulated expression patterns have emerged as multifunctional biomarkers for prognosis prediction, therapy response assessment, and drug resistance targeting in colorectal cancer.



9.1 MicroRNA

MicroRNAs (miRNAs) are non-coding, single-stranded short RNA sequences that regulate gene expression and influence biological behaviors such as cell proliferation, differentiation, and apoptosis. Both low and high expression of miRNAs can potentially impact the initiation, progression, and prognosis of tumors. Certain miRNAs have been demonstrated to be associated with the clinical and pathological characteristics of colorectal cancer (CRC) patients. For instance, compared to healthy individuals and benign adenomas, miR-874 is downregulated in CRC patients, and its downregulation is associated with advanced tumor stage, lymph node metastasis, and distant metastasis, serving as an independent prognostic factor for CRC (85). Wang et al., through ROC curve analysis, found that miR-377-3p and miR-381-3p can serve as diagnostic biomarkers for early-stage CRC (86). Additionally, the combination of miRNA and CEA for CRC diagnosis has been shown to improve diagnostic accuracy, such as the combination of miR-150-5p and CEA (87).

The miRNA/STAT3 axis regulates CRC tumors by influencing EMT, thereby affecting patient prognosis. For example, upregulation of miR-34a, miR-200b, miR-27a, and miR-330 can decrease the proliferation and invasion capacity of CRC tumor cells (88, 89). However, miR-22 serves as a crucial regulatory factor; it downregulates MAX to inhibit EMT and consequently suppresses the expression of NLRP3, leading to reduced invasive and metastatic abilities of CRC (90). On the contrary, the high expression of certain miRNAs can promote EMT and thus facilitate the progression and metastasis of CRC (such as miR-645) (91).

Furthermore, miRNAs have good predictive value for chemotherapy resistance in CRC patients. In recent years, it has been discovered that overexpression of HIF‐1α under hypoxia can intervene in patients’ resistance to oxaliplatin by reducing the level of miR‐338‐3p in the blood (92). In 2021, Chinese scholars found that upregulation of miR-208b can target PDCD4, enhancing patients’ resistance to oxaliplatin (93).




9.2 Long non-coding RNA

Long non-coding RNAs (lncRNAs) are relatively stable and can participate in tumor progression through various pathways, including competitive inhibition with miRNAs, regulation of tumor cell stemness, influence on RNA-binding proteins, and intervention in cell autophagy. Therefore, they can serve as biomarkers for diagnosis, prognosis, and prediction in CRC.



9.2.1 The correlation with pathological features and prognostic value

Compared to healthy individuals, many CRC patients exhibit significantly elevated levels of serum lncRNAs, which are often associated with poorer prognosis. One representative example is Colorectal Cancer Associated Transcript (CCAT), whose overexpression has been shown to correlate with increased tumor invasiveness and lymph node metastasis. RPPH1 is another lncRNA confirmed to be associated with clinical pathological features, with its high expression in tumor tissues correlating with later stage and poorer prognosis, both of which can serve as diagnostic and prognostic markers. Other lncRNAs found to be associated with TNM staging include GLCC1, which, when combined with TNM staging, can more accurately analyze CRC prognosis.




9.2.2 Predictive value

LncRNAs can promote or inhibit EMT, thereby affecting the occurrence and development of CRC and patient prognosis. Some lncRNAs can induce EMT and promote colorectal cancer invasion and metastasis by regulating miRNAs. For example, lncRNA CASC21 (94) and lncRNA XIST (95) can downregulate their target miRNAs. Therefore, targeting the lncRNA/EMT axis holds promise as a new therapeutic approach for treating CRC patients. Additionally, lncRNAs have predictive value for treatment selection. For instance, MIR100HG, UCA1, CRART16, SLCO4A1AS1, and TTN-AS1, whose high expression can enhance patient sensitivity to cetuximab and panitumumab (96). In 2022, Qiu et al. combined H&E images with deep learning and found significant differences in mRNA, miRNA, and lncRNA between MSI-H and MSI-L/MSS patient groups (97). Also in the same year, a study found that LINC00963 is highly expressed in CRC patients and is associated with increased response to MSI-H and immunotherapy (98). LncRNAs are also associated with genes related to KRAS mutations. Additionally, lncRNAs interact with KRAS-mutant pathways: An Iranian cohort study identified 12 prognosis-linked lncRNAs (including SSTR5-AS1 and RASSF8-AS1) that modulate Rap1/RAS signaling networks (99).





9.3 Circular RNA

Circular RNAs (circRNAs) are a type of RNA with a more stable covalently closed-loop structure, which functions include acting as miRNA sponges, interacting with mRNA, regulating transcription, and protein translation. Currently, there are various methods for detecting circRNAs, such as reverse transcription quantitative polymerase chain reaction (RT-qPCR), droplet digital PCR (ddPCR), microarray analysis, RNA sequencing (RNA-seq), Northern blotting, fluorescence in situ hybridization (FISH), NanoString technology, and more. Increasing evidence suggests that circRNAs play a crucial role in the pathological and physiological functions (such as proliferation, migration, etc.) and drug resistance of tumor cells.



9.3.1 Prognostic value

There are significant differences in circRNA expression between normal tissues and colorectal cancer tissues. For example, circHERC4 is upregulated in colorectal cancer tissues and positively correlated with advanced tumor stage (100). Conversely, circPLCE1 is downregulated in colorectal cancer tissues and associated with poorer prognosis and advanced clinical stage (101). In a study involving 1430 colorectal cancer patients, it was found that the differential expression of circRNAs in cancer tissues is often associated with tumor size, differentiation, TNM staging, invasiveness, lymph node, and distant metastasis. Patients with low circRNA expression tend to have better prognosis and longer survival, while the opposite is true for those with high expression (102). These findings confirm the significant potential of circRNAs as diagnostic and prognostic markers. Additionally, some circRNAs have been found to effectively predict the resistance to colorectal cancer treatment, such as circ_0000236 (103) and circ-ZEB1 (104), which are associated with chemotherapy resistance in CRC. circLHFPL2 and circIFNGR2 are significantly associated with resistance to cetuximab and MEK inhibitors (105, 106).




9.3.2 Predictive value

CircRNAs associated with tumor cells may become new therapeutic targets. Animal experiments have shown that short hairpin RNAs (shRNAs) targeting circMETTL3 can inhibit tumor growth and metastasis (107). Many other animal experiments have confirmed this viewpoint, indicating that targeting cancer-related shRNAs or small interfering RNAs (siRNAs) may inhibit the occurrence and development of colorectal cancer and become a potential treatment method (107, 108). Recent research suggests that CTLA4 in combination with some shRNAs (sh-circQSOX1) can effectively reduce the resistance of colorectal cancer immunotherapy (109). Additionally, targeting circRNA with antisense oligonucleotides (ASOs) can reduce the invasion and metastasis of CRC (110). Innovative treatment strategies include using engineered exogenous circRNAs (cloning circRNA into a virus and transfecting CRC cells) as molecular sponges for oncogenic miRNAs to inhibit tumor growth (111) and developing new circRNA vaccines (such as recently discovered SARS-CoV-2 circRNA vaccines) (112).






10 POLE/POLD1 mutation

POLE and POLD1 are genes that encode the catalytic subunits of DNA polymerase ϵ and DNA polymerase δ, respectively. Pathogenic variants (PVs) within their exonuclease domain (ED) can lead to loss of cell proofreading function and the generation of numerous neoantigens, resulting in a better response to immunotherapy. However, not all mutations located within the exonuclease domain are meaningful. Currently, common and pathogenic hotspot mutations include P286R, V411L, S297F, A456P, and S459F. In recent years, researchers have discovered some mutations that are pathogenic despite not being located within the exonuclease domain, such as POLE V1368M (113).



10.1 The correlation with pathological features

Earlier studies analyzing 6517 CRC patients found that POLE somatic mutations are more common in males, right-sided colon cancer, and early-stage patients, and are associated with a favorable prognosis (114). However, in recent years, Hu et al. discovered for the first time that different regions may significantly influence the primary sites of POLE-driven mutations: in the Asian population, POLE-driven mutations are more likely to occur in the left colon (left vs. right: 77.78% vs. 11.11%), while non-Asian patients are more likely to occur in the right colon (115).




10.2 The relationship with MSI

Similar to MSI-H tumors, tumors with POLE/POLD1 mutations generally exhibit high tumor mutation burden (TMB). However, the mutations in the latter generally exceed 100 mut/Mb, also known as hypermutation. Moreover, most colorectal cancers with POLE/POLD1 mutations exhibit a microsatellite stable (MSS) phenotype. Compared to patients with POLE wild-type or non-exonuclease domain mutations (POLE non-EDMs), patients with POLE EDMs have a higher frequency of MSI-H (115). However, there is still some controversy regarding the sequence of occurrence of MSI-H and POLE/POLD1 mutations in tumors. The current mainstream view seems to favor POLE mutations as the driving factor of dMMR/MSI-H (116). However, some scholars hold the opposite view, suggesting that dMMR can significantly increase TMB in tumors by affecting POLE function (117). More research is still needed to confirm the exact order of occurrence of the two.




10.3 Predictive value and treatment strategies

POLE/POLD1 has been recognized as a biomarker for CRC therapy. In a retrospective study, patients with pathogenic POLE/POLD1 mutations who received PD-1/PD-L1 monotherapy or combination therapy with CTLA-4 inhibitors showed significantly higher clinical benefit rates and improved survival outcomes compared to patients with benign mutations (113). Another study involving over 2500 patients found that 75% of tumors with pathogenic POLE/POLD1 mutations responded well to ICI therapy, either achieving remission or showing significant improvement in prognosis post-immunotherapy Functional landscapes of pole and pold1 mutations in checkpoint blockade-dependent antitumor immunity. In a survival analysis of stage II CRC patients, those carrying POLE ED mutations had excellent prognosis regardless of MSI status. Thus, POLE/POLD1 mutations can be considered as a biomarker independent of MSI-H/dMMR (118).

Considering the rarity of this mutation, there are still relatively few prospective clinical studies ongoing. Currently, a phase II clinical trial (NCT03810339) is underway, investigating the use of toripalimab in the treatment of advanced solid tumors with POLE/POLD1 mutations, with the hope of reaching conclusions soon.





11 RET fusions

RET is an oncogene that encodes a transmembrane receptor with a tyrosine kinase domain. Recent findings have linked RET to intestinal motility function, with its signaling persisting in the adult intestine. It can stimulate intestinal motility by limiting the release of PYY from enteroendocrine cells, and this mechanism primarily occurs in adult males (119, 120). Activation of RET can initiate downstream signaling pathways such as RAS/MAPK, PI3K/AKT, JAK–STAT, or JNK, leading to excessive cell proliferation and promoting tumorigenesis. RET activation mechanisms include mutations and fusions, each with distinct clinical and pathological features. Here, we focus on the clinical significance of RET fusions in CRC.

RET fusions are not common in colorectal cancer, accounting for less than 1%, but research on this mechanism is relatively abundant. In colorectal cancer, NCOA4-RET is the most common fusion variant, accounting for approximately 46%. RET fusion is associated with older age, right-sided colon location, RAS/BRAF wild-type, MSI-H, and worse prognosis, while also exhibiting a higher median TMB. Therefore, it can be identified as a distinct molecular subgroup of colorectal cancer (121). The 2024 V1 version of the colorectal cancer NCCN guidelines includes RET fusion genes as recommended biomarkers for testing. Therefore, testing for RET fusion genes in these “advantaged populations” can help determine the prognosis of mCRC patients and seek treatment opportunities. A multicenter, phase 1/2, basket study published in Nature Medicine included 45 patients with RET gene fusions (including 10 patients with colorectal cancer) and found significant anti-tumor activity of Selpercatinib in patients with RET fusion-positive advanced colorectal cancer. In addition to RET fusion (especially NCOA4), TMB, and TP53 mutation status may influence the efficacy of selpercatinib (122).




12 Conclusion

Currently, KRAS, BRAF, and MSI status play a crucial role in predicting resistance in CRC patients. Therefore, routine testing for these genes is necessary in CRC patients to determine subsequent treatment plans. Among these, MSI status has the highest relevance, as even advanced MSI CRC patients have a high chance of long-term survival after immunotherapy (29). Research on HER-2 in colorectal cancer is becoming increasingly profound, and its strong predictive ability is recognized. However, few drugs targeting HER-2 have been approved for use in colorectal cancer, making the development of anti-HER-2 drugs a current priority (123).

In recent years, new biomarkers have emerged, such as inflammation-related indicators like the lymphocyte-to-monocyte ratio (LMR), which not only predicts overall survival in colorectal cancer patients but also shows better predictive value than some conventional biomarkers like neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), and modified Glasgow Prognostic Score (mGPS) (124). Intestinal microbiota such as Fusobacterium nucleatum has also been identified as a predictive biomarker for colorectal cancer (125). The emergence of consensus molecular subtypes can further divide CRC patients into different subgroups, providing better guidance for patient treatment and enabling more precise personalized treatment by doctors.

Furthermore, new biomarker detection methods are rapidly evolving, such as liquid biopsy, a minimally invasive method that can detect components of cancer tissue origin in the blood, allowing real-time monitoring of tumor dynamics. The detection of ctDNA and non-coding RNA may play important roles in predicting recurrence, monitoring metastasis, and guiding treatment. However, due to issues such as low molecular content from tumor sources and low mutation signal intensity, as well as the frequency of monitoring still under debate, their clinical application is not yet widespread. Recently, new research results similar to ctDNA were published in NEJM: blood cfDNA (sensitivity for colorectal cancer was 83%, for precancerous lesions was 13%) and a second-generation multi-target fecal DNA detection method (sensitivity for colorectal cancer was 93.9%, for precancerous lesions was 43.4%). The achievements of these two major studies signify significant progress in colorectal cancer detection technology and methods (126, 127). Other emerging biomarkers such as POLE/POLD1 and RET, though still in early validation phases, have expanded stratification and therapeutic approaches for colorectal cancer patients. Therefore, it may currently be necessary to integrate multiple biomarkers to design a novel predictive model that enhances and refines risk stratification in colorectal cancer and guides personalized treatment strategies. However, the critical challenge lies in integrating these biomarkers into clinical decision-making frameworks. Current evidence supporting their clinical utility remains limited, and more multicenter studies are required to assess the feasibility and safety of clinical translation for these biomarkers.

Considering that we are in the era of personalized medicine, focusing on biomarker detection and development, gaining a deeper understanding of potential mechanisms of treatment resistance, and developing new treatment targets are the major trends in future colorectal cancer research.
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Recent studies reported that cytoplasmic dsDNA-induced activation of cyclic GMP-AMP synthase (cGAS)/stimulator of interferon genes (STING) signaling has tremendous potential for antitumor immunity by inducing the production of type I Interferon (IFN), resulting in activation of both innate and adaptive immunity. However, the potential role of STING signaling in modulating immunological checkpoint inhibitor (CPI) therapeutic efficacy remains unexplored. In this research, we employed the single-sample gene set enrichment analysis (ssGSEA) algorithm to calculate the enrichment score of STING signaling across 15 immunotherapy cohorts, including melanoma, lung, stomach, urothelial, and renal cancer. Logistic and Cox regression models were utilized to investigate the association between STING signaling and checkpoint inhibitor therapeutic response. Furthermore, we evaluated the tumor immunogenicity of STING1 molecule expression in the Cancer Genome Atlas (TCGA) pan-cancer datasets. STING signaling was associated with improved immune response in the Mariathasan2018_PD-L1, Gide2019_combined, Jung2019_PD-1/L1, and Gide2019_PD-1 datasets and with prolonged overall survival in the Gide2019_PD-1, Nathanson2017_post, Jung2019_PD-1/L1, and Mariathasan2018_PD-L1 datasets. However, the Braun_2020_PD-1 cohort exhibited worse prognosis outcomes in the high STING signaling subgroup. Our study extended the molecular knowledge of STING signaling activation in regulating the antitumor immune response and provided clinical clues about the combination treatments of STING agonists and CPIs for improving tumor therapeutic efficacy.
Keywords: cGAS/STING, checkpoint inhibitors therapy, tumor immunogenomics, predictive marker, CPI

INTRODUCTION
Checkpoint inhibitor (CPI) therapies, including antibodies targeting programmed cell death protein 1 (PD-1), programmed death-ligand 1 (PD-L1), or cytotoxic T-lymphocyte-associated protein 4 (CTLA4), have demonstrated astounding clinical efficacy in treating advanced cancers (Galon and Bruni, 2019). Analyses of clinical datasets have identified several positive predictive markers for CPI, including high levels of tumor mutation burden (TMB), PD-L1 overexpression, ARNT2 low expression, and T lymphocyte infiltration, among others (Litchfield et al., 2021). Recent studies reported that cytosolic DNA-sensing cyclic GMP-AMP synthase (cGAS)/stimulator of interferon genes (STING) signaling (referred to as STING signaling) has tremendous potential for antitumor immunity by inducing the production of type I Interferon (IFN) and chemokines and resulting in activation of both innate and adaptive immunity (Kwon and Bakhoum, 2020). However, the comprehensive evaluation of the STING signaling activities in pan-cancer and their potential role in modulating CPI therapeutic efficacy remains unexplored. In this study, we investigated the clinical implications of STING signaling in response to CPI treatment in 15 immunotherapy datasets across melanoma, lung, urothelial, stomach, and renal cancers and evaluated the tumor immunogenicity of STING1 expression among The Cancer Genome Atlas (TCGA) pan-cancer datasets.
METHOD
We collated transcriptomic data for more than 900 CPI-treated patients and utilized standardized bioinformatics workflows and clinical outcome criteria to identify the role of cGAS/STING signaling in CPI sensitization (Supplementary Table S1). We validated the reliability of the ssGSEA-derived STING signaling score using integrated transcriptomic and phosphoproteomic datasets. The cGAS/STING-related gene set was curated from MSigDB V7.1 (REACTOME subset) and a literature review (Hopfner and Hornung, 2020) (Supplementary Table S2). The relative activity of STING signaling among individual CPI-treated tumors was quantified by using a single-sample GSEA (ssGSEA) algorithm with the GSVA package (Hanzelmann et al., 2013), which calculated separate enrichment scores for each pairing of a sample and a curated gene set. We also utilized two independent datasets (Gillette et al., 2020; Chen et al., 2020) with integrated transcriptomic and phosphoproteomic data to validate the reliability of enrichment scores on evaluation of STING signaling activities (Supplementary Method). A uniform clinical endpoint of response was defined across all the 15 CPI datasets derived from 11 independent studies based on the radiological response as per the RECIST criteria, with ‘‘CR/PR’’ being classified as a responder and ‘‘SD/PD,’’ as well as any ‘‘NE’’ cases, being classed as a non-responder. Logistic regression model and survival analyses were utilized to uncover the association between STING signaling and therapeutic response.
RESULTS
Clinical implications of STING signaling in CPI immunotherapy
The constructed STING signaling scoring scheme exhibited a promising correlation with the phosphorylation level of STING1, IRF3, and TBK1 in integrated transcriptomic and phosphoproteomic datasets (Supplementary Figures S1A–C). The ROC curve analysis also validated the predictive value of the established STING signaling scoring model (Supplementary Figures S1D, E). Furthermore, we adopted the model to explore the association of STING signaling with immunotherapy benefit and found that an improved immune response in the Mariathasan2018_PD-L1, Kim2018_PD-1, Gide2019_combined, Jung2019_PD-1/L1, and Gide2019_PD-1 datasets (logistic regression model, P < 0.05) and marginal significance in Riaz2017_progPD-1 (P = 0.083) (Figure 1A). Multivariate analysis indicated the association remained statistically significant in the Mariathasan2018_PD-L1, Gide2019_combined, Jung2019_PD-1/L1, and Gide2019_PD-1 datasets after considering age, gender, site, or stage (Supplementary Figures S2A–F). Although the association in the Kim2018_PD-1 dataset was not significant after multivariate adjustment, the STING signaling activities were significantly upregulated in Epstein–Barr virus (EBV)-positive, Microsatellite instability-high (MSI-H), and immune signature subtype (Supplementary Figures S3A–C). We also performed the survival analyses and noticed that STING signaling scores were significantly associated with prolonged overall survival in the Gide2019_PD-1, Nathanson2017_post, Jung2019_PD-1/L1, and Mariathasan2018_PD-L1 datasets (univariate Cox model, HR < 1, P < 0.05, Figure 1B). However, the STING signaling activity was inversely correlated with overall survival in the Braun2020_PD-1 dataset (HR, 1.047 [95% CI, 1.002 to 1.093], P = 0.039). Braun et al. demonstrated that numerous chromosomal alterations, rather than conventional genomic markers like TMB and CD8+ T cell infiltration, were associated with clinical responses or resistance to PD-1 blockade in advanced renal cell carcinoma. Leveraging these insights, we investigated these biomarkers and determined that STING signaling activity was inversely associated with the favorable PBRM1 mutation and purity and positively correlated with unfavorable chromosomal losses at 9q34.3 and 9q21.3 and ERV2282 overexpression (Supplementary Figures S3D–H). These findings further elucidate the unfavorable association between STING signaling activity and overall survival as observed in the Braun2020_PD-1 dataset.
[image: Panel A shows a table with different cohorts, tumors, and receptors, accompanied by odds ratios and p-values, with a forest plot illustrating results. Panel B contains a similar setup with another forest plot. Panel C features Kaplan-Meier survival curves for various datasets, displaying survival probabilities over time with statistical significance indicators.]FIGURE 1 | Clinical implications of STING signaling in CPI therapy. Forest plot representation of the association between the identified STING signaling and clinical response among 15 CPI datasets. (A) Logistic regression model estimated clinical immune response with STING signaling. (B) The Cox model estimated patients’ overall survival with STING signaling. The length of the horizontal line represented the 95% confidence interval for each subgroup. (C) Kaplan–Meier curves for overall survival of STING activity subtypes in CPI immunotherapy cohorts of the Gide2019_PD-1, Mariathasan2018_PD-L1, Jung2019_PD-1/L1, Nathanson2017_postPD-1, and Braun2020_PD-1 datasets.
We divided the four aforementioned datasets into low versus high expression subgroups based on the median STING signaling level. Prognosis analysis with the Kaplan–Meier model showed the comparable survival outcomes (log-rank test, P < 0.05; Figure 1C). Additionally, we explored the association between immune-related molecular characteristics and STING signaling score using the Mariathasan2018_PD-L1 and Jung2019_PD-1/L1 datasets, which provided sufficient sample size and molecular variables. Notably, the STING signaling activities were significantly upregulated in the immune-inflamed phenotype and higher neoantigen burden subgroups in Mariathasan2018_PD-L1 (Kruskal–Wallis test, P < 0.05; Supplementary Figures S4A, B) and were also significantly correlated with global methylation and aneuploidy levels in the Jung2019_PD-1/L1 dataset (Pearson correlation, P < 0.05, Supplementary Figures S4C, D).
Association between STING signaling activities and identified predictors of immune response to CPI
We further investigated the correlation of STING signaling activities with various transcriptomic signatures that had been proposed for predicting immune response to CPI therapy, including PD-L1, T inflamed-Gene expression profile (GEP), Immunophenoscore (IPS), ImmuneScore, Tumor Immune Dysfunction and Exclusion (TIDE), Interferon-γ (IFN-γ), and T effector cells, cytolytic activity, and immune chemokines (Supplementary Table S3). In most of the CPI datasets, T inflamed-GEP, ImmuneScore, TumorPurity, TIDE, IFN-γ, and T effector cells, and immune chemokines were strongly correlated with STING signaling activities, while the IPS signature was scarcely statistically significant (Spearman correlation; Figure 2). These findings suggested that STING signaling has a similar statistical significance to previously hypothesized predictors of CPI efficacy, and a prospective immunotherapy cohort and in vivo and in vitro experiments were required to validate the molecular mechanism of STING signaling on immune regulation.
[image: Heatmap depicting STING signaling activity across various metastatic cancer samples. Rows represent different immunological markers, such as TumorPurity and IFN-gamma, with corresponding color scales indicating levels. Columns showcase patient samples and treatment types, including anti-PD-1, anti-CTLA-4, and combinations. Color ranges from blue (low activity) to red (high activity).]FIGURE 2 | Heat maps showing the Spearman rank correlation coefficient between the identified STING signaling and predictors of immune response to CPI treatment among 15 datasets.
Tumor immunogenicity of STING1 in pan-cancer
The tumor microenvironment (TME) has been associated with immune infiltration and response to immunotherapy across multiple cancer types (Fridman et al., 2017). Given the central role of STING1 (TMEM173) in STING signaling, we further investigated the correlation between STING1 RNA expression and key immunogenomic features, including tumor-infiltrating lymphocyte (TIL), immunoregulatory factors, major histocompatibility complex (MHC), and chemokines, across the TCGA pan-cancer datasets. The heatmap showed that STING1 was positively correlated with the abundance of multiple lymphocytes within solid tumors, such as activated CD8+ T cells, CD4+ T cells, dendritic cells (DC), macrophages, and natural killer (NK) cells (Figure 3A). Meanwhile, immunostimulators and MHC molecules were strongly associated with STING1 expression in a majority of cancer types (Figures 3B, C), suggesting that the activated STING signaling enforced tumor-antigen presentation and cross-primed CD8+ T cells for antitumor immunity (Zhang et al., 2020). In addition, STING1 was positively correlated with most inflammatory chemokines and checkpoint molecules (Figures 3D, E), further indicating combination treatment of STING1 agonists and CPIs can synergistically improve cancer biotherapeutic efficacy (Wang et al., 2020). We also investigated the association between STING1 expression and patient prognosis, as well as its differential expression in tumor versus normal tissues, using the TCGA pan-cancer dataset. We found that high STING1 expression was associated with worse survival outcomes in kidney renal papillary cell carcinoma (KIRP) and lower-grade glioma (LGG) (Figure 3F), suggesting that STING1 overexpression may serve as an unfavorable indicator of prognosis and CPI efficacy in renal carcinoma. Furthermore, STING1 expression was differentially regulated across various tumor types, with significantly higher levels observed in tumor tissues than paired normal tissues in kidney renal clear cell carcinoma (KIRC), pancreatic adenocarcinoma (PAAD), and thymoma (THYM), while lower expression was noted in KIRP, lung squamous cell carcinoma (LUSC), prostate adenocarcinoma (PRAD), uterine corpus endometrial carcinoma (UCEC), etc. (Supplementary Figure S5).
[image: Heat maps labeled A to E display STING1 RNA levels across various samples, highlighting differences with red and blue color scales. Chart F shows survival probability against STING1 RNA expression levels, with bars indicating data categories.]FIGURE 3 | Molecular implications of STING1 expression in immunomodulation and prognosis. (A–E) Spearman’s correlation of STING1 RNA expression with immunogenomic features within the TCGA pan-cancer dataset, including (A) TILs, (B) immunostimulators, (C) MHCs, (D) chemokines, and (E) immunoinhibitors. (F) Associations between STING1 expression and overall survival across human cancers in the TCGA dataset. The red and dark-blue bars represent the STING1 expression significantly associated with longer and shorter survival, respectively. NS indicates not significant.
In summary, a comprehensive assessment of the STING signaling in CPI treatment will contribute to enhancing our understanding of innate immunity in CPI efficacy and guide the precision immunotherapy (Chen et al., 2022). In the upcoming era of combination or bispecific antibody immunotherapy (Zhang et al., 2023), our study extends the molecular knowledge of STING signaling activation in regulating the tumor immunogenicity and provides the clinical clues of the combination treatment of STING agonists and CPIs for improving tumor therapeutic efficacy. Further investigation in a prospective randomized clinical trial is warranted.
DISCUSSION
A comprehensive assessment of STING signaling in CPI treatment contributes to understanding innate immunity in CPI efficacy and guides precision immunotherapy. In the emerging era of combination or bispecific antibody immunotherapy, our study extends knowledge of STING signaling activation in regulating tumor immunogenicity. The findings suggest that combining STING agonists with CPIs may enhance the therapeutic efficacy. However, further investigation in prospective randomized clinical trials is warranted to validate these findings.
Recent advances in STING agonists for cancer immunotherapy are promising. Several, including TAK-676 (a CDN analog) and SNX281 (a non-CDN agonist), are in Phase I/II trials (Wang et al., 2020). Engineered bacteria like SYNB1891 are also being tested for direct, localized delivery of STING agonists, reducing side effects (Samson and Ablasser, 2022). Additionally, STING agonists combined with immune checkpoint inhibitors, such as ADU-S100 with spartalizumab, show promising results, advancing optimal treatment strategies (Chong et al., 2024; Hines et al., 2023).
However, several limitations must be considered. First, the study relies primarily on retrospective data from multiple immunotherapy cohorts, which can be subject to biases such as selection and recall bias, affecting the generalizability of the results. Second, the inclusion of different tumor types (e.g., melanoma, lung cancer, and urothelial carcinoma) introduces heterogeneity, making it difficult to draw universal conclusions regarding STING signaling efficacy across all cancer types. Additionally, the observed variability in the association between STING signaling and therapeutic response may be influenced by factors such as tumor microenvironment differences or genetic heterogeneity. The use of bioinformatics tools, like the ssGSEA algorithm, while valuable, is dependent on the quality and completeness of the data, and the results may not fully capture the complexities of the cGAS/STING pathway in vivo. Finally, while significant associations were found, prospective randomized clinical trials are needed to validate these findings, suggesting that the current results should be considered preliminary.
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Objective
Despite advances in EGFR-TKIs for lung adenocarcinoma (LUAD), resistance remains a major hurdle. This study aimed to develop a prognostic model integrating immune microenvironment features and in vitro resistance mechanisms to predict outcomes and guide therapy.
Materials and methods
erlotinib-, gefitinib-, and osimertinib-resistant HCC827 cell lines were established by exposing them to increasing EGFR-TKIs concentrations. RNA-sequencing was conducted on non-resistant HCC827 and erlotinib/gefitinibresistant cell lines. From the erlotinib-resistant, gefitinib-resistant cell lines and The Cancer Genome Atlas Program-Lung adenocarcinoma (TCGA-LUAD) data, a prognostic risk score model was constructed via Least Absolute Shrinkage and Selection Operator-Cox Proportional Hazards Model (LASSO-COX). Furthermore, immune infiltration was assessed using Gene Set Variation Analysis (GSVA), and single-cell RNA-seq (GSE241934) resolved expression patterns in EGFR-mutant vs. wild-type tumors. In vitro validation included RT-PCR in Osimertinib resistant (OR)-HCC827 cells.
Results
A 3-gene (PPP1R3G, CREG2, LYPD3) RiskScore were developed. The RiskScore predicted poor survival and resistance across all EGFR-TKI generations, with osimertinib-resistant HCC827 cells showing significant upregulation of signature genes. High-risk patients exhibited immune-suppressive microenvironments (enriched regulatory T cells, depleted mast cells) and distinct scRNA-seq profiles. A nomogram (C-index = 0.7) integrated RiskScore with clinical factors for personalized prognosis.
Conclusion
This model bridges in vitro resistance mechanisms with clinical immune landscapes, offering a tool to stratify patients for EGFR-TKIs, immunotherapies, or combinatorial strategies.

Keywords: lung cancer, prognosis prediction, EGFR-TKIs resistance, immune microenvironment, single cell RNA-seq (scRNA-seq)
HIGHLIGHTS

	Novel prognostic model: A robust RiskScore model for lung adenocarcinoma (LUAD) was developed using three resistance-associated genes (PPP1R3G, CREG2, and LYPD3), validated across erlotinib-, gefitinib-, and osimertinib-resistant cell lines and clinical cohorts.
	Immune microenvironment insights: The RiskScore stratifies LUAD patients into distinct immune profiles, with high-risk groups showing elevated regulatory T cells and activated CD4+ T cells, suggesting potential resistance to immunotherapies. Single-cell RNA-seq (scRNA-seq) revealed differential gene expression in EGFR-mutant tumors, linking immune evasion to resistance mechanisms.
	Clinical implications: The model stratifies patients into high-risk groups who may be more prone to developing EGFR-TKI resistance, supported by in vitro data showing overexpression of the signature genes in osimertinib-resistant cells, which lends preliminary support to its potential clinical relevance.
	Integrated tool: A nomogram combining RiskScore and clinical factors predicts survival and resistance risk, offering a actionable framework for personalized therapy selection.

1 INTRODUCTION
Lung cancer is still a significant contributor to cancer-related mortality over the world (Siegel et al., 2021). Lung adenocarcinoma, a subtype of non-small cell lung cancer (NSCLC), represents the predominant histological type of lung cancer in humans (Tan et al., 2015). According to World Health Organization (WHO) statistics, adenocarcinoma constitutes roughly 40% of all lung cancer diagnoses. (Yang et al., 2019). Notably, it is the most prevalent lung cancer subtype among non-smokers and is disproportionately common in women as well as in younger individuals (Li et al., 2022). Although the identification of EGFR mutations and the advancement of EGFR tyrosine kinase inhibitors (EGFR-TKIs) have enhanced patient outcomes, the emergence of drug resistance impedes the effectiveness and long-term success of such treatments, presenting a significant challenge in the management of lung adenocarcinoma (Du et al., 2021; Hrustanovic et al., 2013). In light of this, researchers continue to conduct innovative studies aimed at improving the therapeutic efficacy, survival rates, and prognostic outcomes for individuals with lung adenocarcinoma.
Recent research has progressively elucidated the mechanisms underlying resistance to EGFR tyrosine kinase inhibitors (EGFR-TKIs) and established a strong correlation between this resistance and the clinical outcomes of cancer patients following EGFR-TKI therapy (Hayakawa et al., 2013; Kobayashi et al., 2005).After conducting the RNA-sequencing and detecting the differentially expressed genes among erlotinib-resistant cell line, gefitinib-resistant cell line and TCGA-LUAD patients, a prognostic prediction model based on three differentially expressed genes (PPP1R3G, CREG2, LYPD3) was established. Besides, the immune landscape of these three genes in LUAD were explored by immune cell infiltration analysis. This prognostic prediction model has been validated in the Gene Expression Omnibus (GEO) database and has the potential to accurately forecast the outcomes for patients with lung adenocarcinoma (LUAD).
Considering all the above facts, this work aims at developing a prognostic prediction model, based on drug resistant genes, so as to provide prognosis information, stratify patients into different risk group, and guide personalized treatment.
2 MATERIALS AND METHODS
2.1 Establishment of erlotinib-resistant cells and gefitinib-resistant cells
The HCC827 cell line was obtained from the Shanghai Institute for Biological Sciences, which is affiliated with the Chinese Academy of Sciences. These cells were maintained in RPMI-1640 medium, supplemented with 10% fetal bovine serum provided by Gibco™ and sourced from Grand Island, New York. To establish erlotinib-resistant and gefitinib-resistant derivatives of the HCC827 cell line, the parental cells were incrementally exposed to increasing concentrations of either erlotinib or gefitinib. The dosing regimen commenced at 100 nM and culminated at 10 μM (Ikeda et al., 2011; Yamamoto et al., 2010). During the development of the corresponding EGFR-TKI resistance, the medium and drug were replaced twice per week. Subsequent experiments were conducted on these adapted cell lines. HCC827 Osimertinib resistant cell line was kindly given by Prof. Kim Tam from University of Macao.
2.2 The 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide (MTT) assay
MTT reagent (Sigma, Catalog Number: M2128) was used to conducted and evaluate the effectiveness of various treatments. Initially, the EGFR-TKIs resistant cells were plated into a 96-well plate at a density of 5,000 cells per well and allowed to incubate for 24 h. After exposure to PBS or drug treatments for an additional 24 h period, 10 μL of the MTT reagent were introduced into each well, and the cells were incubated for a further 2–4 h. The media were subsequently removed, and 100 μL of dimethyl sulfoxide (DMSO) were added to each well to dissolve the resultant formazan crystals. The optical density (OD) of the wells was then measured at a wavelength of 570 nm using a Thermo Scientific Microplate Reader (Multiskan Spectrum) to quantify the response to treatment. For each treatment condition, we included triplicates (n = 3) in the 96-well plate format, and the entire experiment was repeated three times. IC50, or half maximal inhibitory concentration, is a key measure in pharmacology and drug development. IC50 is the concentration of a substance (usually a drug or inhibitor) required to inhibit a specific biological or biochemical function by 50%. It’s commonly used to assess the potency of a compound—the lower the IC50 value, the more potent the inhibitor.
2.3 mRNA extraction and RNA-sequencing
To conduct mRNA extraction and subsequent RNA sequencing, total RNA was isolated utilizing a RNeasy Kit (catalog number 74136, Qiagen, Germany). Complementary DNA (cDNA) libraries were then created using the NEBNext® Ultra™ Directional RNA Library Prep Kit for Illumina® (catalog number E7760, New England Biolabs, Ipswich, MA, USA). These cDNA libraries underwent sequencing on an Illumina Hi-Seq platform (Illumina, San Diego, CA). The initial RNA-sequencing data were assessed with FastQC for quality control. The RNA-sequencing (including data QC, mapping, quantification and differential analysis) for erlotinib drug resistant (EDR) cell line, gefitinib drug resistant (GDR) cell line and HCC827 was conducted by the leading provider of genomic services and solutions company Novogene Co., Ltd. (https://www.novogene.com/amea-en/).
High-quality RNA-sequencing reads from each library were aligned and mapped to the reference genome using STAR v2.6.1day software (developed by the Cold Spring Harbor Laboratory). Total mapping rates of all samples are all larger than 95%.
Genes with expression levels that exhibited a change of more than 2-fold (|log2FoldChange| > 1) and an adjusted p-value (FDR) < 0.05 in the paired samples were considered as upregulated or downregulated. For functional annotation and interpretation of the transcriptome profiles, differentially expressed genes were analyzed through Gene Ontology (GO) analysis. This was performed using the web-based tool DAVID v6.8 (The Database for Annotation, Visualization, and Integrated Discovery, supported by the National Institute of Allergy and Infectious Diseases, part of the NIH). R version 4.3.1 was used for the comparative analysis of RNA-sequencing. Differential expression genes (DEGs) analysis of LUAD in TCGA was performed by R package Deseq2 and raw count was used as input. DEGs analysis between two risk group in GEO data was conducted by R package “Limma”. Fragments per kilobase of transcript per million mapped reads (FPKM) was used for survival anlysis and gene expression in cross-sample comparison.
2.4 Data acquisition
The transcriptome profiles along with the corresponding clinical data for 50 normal and 504 lung adenocarcinoma (LUAD) samples were downloaded from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). The RNA expression data and clinical information were download and accessed by the project name TCGA-LUAD and Experimental Strategy RNA-Seq. In addition, the microarray data and related clinical details for 11 normal and 57 LUAD samples were obtained from the Gene Expression Omnibus (GEO) under accession number GSE116959, using platform GPL17077 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE116959). Also, we retrieved microarray data for 442 LUAD samples from the GEO dataset with accession number GSE72094, which is based on platform GPL15048, accessed on the 27 May 2024 through the GEO website (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE72094). The single-cell RNA sequencing (scRNA-seq) data GSE241934 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE241934, download in 27 March 2025) comprises of 11 resected tumors from earlystage EGFR-mutant patients as well as 34 tumors which were all confirmed wildtype lung adenocarcinoma (LUAD) or adenosquamous carcinoma (AdSqC). Candidate genes were analyzed in LUAD patients harboring EGFR mutation in (L858R, exon 19 deletions [Exon19del], and exon 20 insertions [Exon20ins]), compared with LUAD patients with wild type EGFR. R package “Seurat” V5 was used to filter and process scRNA-seq data. R package ‘singleR’ was conducted for cell cluster annotation, which is a commonly used computational framework for the annotation of scRNA-seq by reference to bulk transcriptomes (Xin et al., 2024; Aran et al., 2019). TCGA-LUAD cohort was used as training dataset and the other three independent dataset GSE 116959, GSE72094 and GSE241934 were used as validation datasets, to delineate mutation-specific transcriptional signatures.
2.5 GO and KEGG functional enrichment analyses
Functional enrichment analyses using Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were performed to investigate the biological processes associated with differentially expressed genes. This analysis was conducted utilizing R statistical software packages, including “clusterProfiler,” “org.Hs.e.g.,.db,” “enrichplot,” “ggplot2,” and “GOplot.” The GO analysis provided insights into three main categories: cellular component (CC), biological process (BP), and molecular function (MF).
2.6 LASSO-COX dimension reduction analysis
The LASSO-COX dimension reduction method was utilized to analyze data, employing the “glmnet” (Lasso and Elastic-Net Regularized Generalized Linear Models) and “survival” packages within the R programming environment. Lambda is regularization parameter, controlling the amount of shrinkage. We used Cox regression model with the LASSO to achieve shrinkage and variable selection simultaneously. Ten-fold cross validation was used to determine the optimal value of λ. This method divided the TCGA-LUAD RNA-sequencing data into 10 subsets (folds). For each fold, the model was trained on k-1 folds and validate it on the remaining fold and the performance metric like partial likelihood deviation was recorded in a range of λ value. Then the partial likelihood deviation was averaged across all folds for each λ. In the training process, a subset of variables was identified by shrinking the coefficients of less important variables into zero. We selected λ.min for our final model. We note that the more parsimonious λ.1se criterion resulted in a null model (zero genes). Given that the 3-gene signature at λ.min was highly predictive and successfully validated externally, we proceeded with this model to identify a biologically and clinically relevant signature.The optimal λ value lambda.min (λ.min) for our research was identified as the one that corresponded to the lowest partial likelihood deviance and minimum mean cross-validated error. Ultimately, based on the optical optimalλ (λ.min = 0.09785), we identified three genes of interest along with their respective coefficient: PPP1R3G (0.07797704), CREG2 (0.04387373) and LYPD3 (0.02302433). The risk score for each patient was derived using the following formula:
riskscore=expressionofPPP1R3G×coefficientforPPP1R3G+expressionofCREG2×coefficientforCREG2+expressionofLYPD3×coefficientforLYPD3
In this formula, “expression of gene” refers to the gene’s expression level, and “coefficient for gene” is its coefficient corresponding λ.min.
2.7 Nomogram construction and time-dependent AUC
A nomogram analysis was developed within the training cohort using the Regression Modeling Strategies (rms) package in R. This nomogram is bifurcated, with the upper section serving as a scoring guide and the lower section as a predictive tool. The nomogram enables the precise prediction of the 1-, 2-, 3-, 5-, and 10-year survival for patients with LUAD, based on the cumulative points of each contributing factor. The accuracy of the nomogram in predicting overall survival (OS) was validated in the validation group. Calibration curves and C-Index values were employed to assess and quantify the precision of these survival predictions. Time-dependent AUC was calculated using the “timeROC” R package at 1, 2, and 3-year time points. Bootstrap C-index with 1000 resamples was performed using the “boot” package.
2.8 Immune cell infiltration analysis
We utilized Gene Set Variation Analysis (GSVA) to analyze the immune microenvironment within LUAD tumors (Li, 2017). This technique enables the identification of 28 distinct immune cell populations, such as seven subtypes of T cells, plasma cells, naive and memory B cells (Charoentong et al., 2017). We depicted the variations in immune cell composition between high-RiskScore and low-RiskScore groups through bar plots. The GSVA generates normalized scores ranging from 0–1, representing the abundance of the immune cell population. In subsequent analyses aimed at identifying differences in immune cell infiltration levels between these two groups, only samples with a p-value of less than 0.05 were taken into account (Systematic RNA, 2009).
2.9 Statistical analysis
Statistical analyses were conducted utilizing R (https://www.r-project.org/, v3.5.0), available at R Project, SPSS software version 25.0 from IBM, headquartered in Chicago, IL, and GraphPad Prism version 8.0, which is a product of La Jolla, CA. The prognostic significance was assessed through Kaplan-Meier survival analysis and COX proportional hazards modeling. Gene Set Enrichment Analysis (GSEA) was conducted using the GSEA package accessible through the Broad Institute’s website at GSEA (http://software.broadinstitute.org/gsea/index.jsp), while Gene Ontology (GO) and KEGG (Kyoto Encyclopedia of Genes and Genomes) analysis was carried out using the clusterProfiler package. A p-value of less than 0.05 was set as the threshold for statistical significance across all methods.
3 RESULTS
3.1 Differential expressed genes (DEGs) among EGFR-TKIs resistant cells and LUAD patients
To simulate the clinical development of drug resistance and enhance the potency of EGFR-TKIs therapies, we developed EGFR-TKIs-resistant HCC827 cell lines. This was achieved by culturing the cells in increasing doses of erlotinib and gefitinib, resulting in the HCC827 EDR (erlotinib-resistant cell line) and HCC827 GDR (gefitinib-resistant cell line), respectively. As shown in Figure 1A, HCC827 EDR cells were less sensitive to erlotinib treatment alone than parental HCC827 cells. Additionally, the IC50 value for erlotinib was significantly higher in the HCC827 EDR cells (54.8 ± 1.87 uM) than parental HCC827 cells (0.033 ± 0.015 uM) (Figure 1C). The phenomenon also be observed with the HCC827 GDR cells (Figures 1B,C). These results collectively indicate that we have successfully established EGFR-TKI-resistant cell lines, which will serve as valuable models for further investigation.
[image: A set of charts and diagrams analyzing the effects of Erlotinib and Gefitinib on HCC827 cells. Panel A shows an MTT assay for Erlotinib with a dose-dependent decrease in proliferation. Panel B presents an MTT assay for Gefitinib with a similar trend. Panel C is a table summarizing the IC50 values for both drugs in different cell lines. Panels D and E are volcano plots for differentially expressed genes (DEGs) comparing GDR and EDR to HCC827, highlighting upregulated and downregulated genes. Panels F to H are Venn diagrams showing the overlap of upregulated genes with TCGA data. Panels I and J display GO and KEGG enrichment scatter plots, respectively, highlighting significant pathways.]FIGURE 1 | Establishment of erlotinib and gefitinib resistance cell line. (A–C) The IC50 of erlotinib and gefitinib were detected in erlotinib-resistant cell line, gefitinib-resistant cell line and paternal HCC827 cell line via MTT, respectively. ***P < 0.001, by Student’s t-test. (D,E) Differential expression genes were detected via RNA-sequencing in gefitinib-resistant cell line and erlotinib-resistant cell line. (F–H) Venn plot showed the overlap of upregulated genes between gefitinib/erlotinib resistant cell line and LUAD patients’ tissues in TCGA. (I,J) GO and KEGG analyses revealed the enriched pathways among the upregulated differentially expressed genes in GDR&TCGA and EDR&TCGA.Following the development of drug-resistant cell lines, RNA-sequencing was per-formed for the parental HCC827 cells, HCC827 EDR cells and HCC827 GDR cells. We then conducted a comparative analysis of the RNA sequencing data between the parental HCC827 cells and each of the resistant cell lines—HCC827 EDR and HCC827 GDR—to discern the genes that were differentially expressed. Using a threshold of FDR<0.05 and |log2FC| > 1 (2 fold change),the volcano plot analysis of HCC827 GDR cells uncovered 3264 differentially expressed genes (DEGs), with 2099 genes upregulated and 1165 genes downregulated (Figure 1D). Meanwhile, the HCC827 EDR cells exhibited a different pattern, with 415 genes upregulated and 514 genes downregulated (Figure 1E). To dissect and pinpoint the central genes associated with resistance to EGFR-TKIs and the prognostic indicators of lung cancer, a Venn diagram analysis was employed. This method was utilized to identify genes that were co-regulated across both the experimentally derived drug-resistant lung cancer cells and samples from clinical patients. The Venn diagram analysis demonstrated a shared upregulation of 414 genes in both the HCC827 GDR cells and tumor tissues from lung adenocarcinoma (LUAD) patients (Figure 1F). Additionally, it revealed that 104 genes were commonly upregulated in the HCC827 EDR cells and LUAD tumor tissues (Figure 1G). Only 24 genes were found to be concurrently upregulated in both drug-resistant cells and LUAD tumor tissues, as depicted in Figure 1H. Additionally, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed on the total 494 upregulated genes in drug-resistant cells and LUAD tumor tissues. These analyses indicated an enrichment of genes associated with amino acid biosynthesis and metabolism, which may play a role in tumor progression and the development of acquired drug resistance, as illustrated in Figures 1I,J.
3.2 Model construction based on the (DEGs) among EGFR-TKIs resistant cells and LUAD patients
To establish a prognostic model for LUAD patients, LASSO-COX dimension reduction analysis was conducted based on those 494 DEGs. The cross-validation plot shows the deviance across log(λ) values. The left dashed line indicates λ.min, which selected a 3-gene signature. The right dashed line indicates λ.1se, which resulted in a null model (zero genes) (Figures 2A,B). Finally, three candidate genes (PPP1R3G, CREG2 and LYPD3) and their corresponding lambda values were used to calculate the RiskScore for each patient. All three of these were newly identified biomarkers for lung cancer and EGFR-TKIs resistance. The median RiskScore (0.19182) of the training database was set as the cutoff value.
[image: Plot A displays a series of overlapping lines on a log scale, diverging outward. Plot B shows a line graph depicting error rates for a range of selections. Plots C, D, and E are survival curves from the TCGA dataset, showing the impact of high and low levels of LYPD3, PPP1R3G, and CREG2 on overall survival across time in months. Plots F, G, and H present similar survival curves from the GSE72094 validation dataset. Each panel includes both survival probabilities and number at risk tables, highlighting significant differences in outcomes.]FIGURE 2 | Screening and validation of genes most associated with resistance to EGFR-TKIs. (A) Trace plot of coeffecient fit by LASSO-Cox: each curve corresponding to a variable; (B) Cross-validation curve for the LASSO-Cox regression model. The left dashed line indicates λ.min, and right dashed line indicates λ.1se; (C–E) Kaplan-Meier survival analysis was conducted on the TCGA dataset to evaluate the influence of three individual genes, LYPD3, PPP1R3G, and CREG2, on patients’ overall survival. (F–H) The KM survival analysis was validated in another independent dataset GSE72094.To explore the prognostic prediction value of PPP1R3G, CREG2 and LYPD3 in LUAD patients, we conducted Kaplan-Meier analyses based on the TCGA and GEO databases respectively. Patients with higher expression of PPP1R3G, CREG2 and LYPD3 all had significantly shorter overall survival compared with those with lower expression in the TCGA database (Figures 2C–E). In addition, the survival rate of PPP1R3G, CREG2 and LYPD3 was verified in the GEO database (Figures 2F–H). Besides, the individual gene expression analyses of PPP1R3G, CREG2, and LYPD3 indicated that the expression levels of all three genes were significantly elevated in lung tumor tissues as compared to normal tissues. This overexpression was consistently observed in both the training and validation datasets (Figures 3A–F). To validate the translational relevance of our signature, we investigated the protein expression of our three genes using the CPTAC-LUAD proteomic dataset. This analysis revealed that the protein levels of both LYPD3 and PPP1R3G were significantly elevated in lung adenocarcinoma tissues compared to matched normal adjacent tissues (p < 0.05 for both; Reference to the supplementary S1A,B). The protein for CREG2 was not detected in this cohort. These results demonstrate that the prognostic signal from our transcriptomic signature is reflected in actual protein abundance changes for the majority of its components in patient tumors, strengthening its biological and clinical relevance.
[image: Multiple box plots illustrate gene expression and risk scores across different datasets. Panels A-C show PPP1R3G, CREG2, and LYPD3 expression in the TCGA dataset, with higher expression in tumors. Panels D-F depict validation results for the same genes in dataset GSE116959, also indicating higher tumor expression. Panels G and H compare risk scores between normal and tumor groups in TCGA and validation datasets, respectively. Panels I and J display risk scores across AJCC stages, with significant differences noted in both datasets.]FIGURE 3 | Expression analysis and validation of three prognostic genes in LUAD patients. (A–C) The expression levels of three genes—PPP1R3G, CREG2, and LYPD3—were detected and compared between tumor tissues and normal tissues in TCGA dataset. (D–F) This pattern was further validated in GSE116959 dataset. (G, H) the RiskScore, derived from the expression of the genes PPP1R3G, CREG2, and LYPD3, was assessed and compared between tumor and normal tissues in both the training and validation datasets (I, J) The Kruskal–Wallis test was applied to identify overall differences in risk scores across various tumor stages, while the Wilcoxon test was used for pairwise comparisons to pinpoint specific stage-related disparities.These findings collectively indicate that the expression levels of PPP1R3G, CREG2, and LYPD3 are strong prognostic indicators for LUAD patients, suggesting their potential utility in predicting outcomes of EGFR-TKI treated patients and guiding personalized treatment decisions.
3.3 Relationship between RiskScores of the prognostic signature and clinical-pathologic characteristics
In order to figure out the relationship between RiskScores and clinical-pathologic characteristics, the correlation between the RiskScore and various clinical and pathological factors was further examined. It was found that the RiskScore was significantly higher in tumor tissues compared to normal tissues in both TCGA and GEO patient cohorts (Figures 3G,H). In addition, the RiskScore exhibited a moderate, albeit slight, increase in patients with more advanced tumor stages, as observed in both the training and validation databases (Figures 3I,J). Nonetheless, in both the training and validation datasets, no association was observed between the RiskScore and factors such as gender, age and race. These findings suggest that the RiskScore is primarily associated with tumor biology rather than demographic factors, highlighting its potential as a valuable biomarker for predicting LUAD prognosis and guiding personalized treatment strategies.
3.4 Relationship between RiskScore and patients’ survival
Then, patients were further categorized into distinct RiskScore groups and demon-strated comparable profiles in terms of clinical and pathological traits, mirroring the patterns observed in the training dataset (Figures 4A,B). However, no significant different in terms of clinical and pathological traits between the high-RiskScore group and low-RiskScore group.
[image: Two panels (A and B) display heatmaps of clinicopathological information, including group, stage, race, gender, age, and score, for the TCGA LUAD and GSE72094 datasets. Panels C and D show Kaplan-Meier plots comparing overall survival between high and low risk groups in the TCGA and GSE72094 datasets, with p-values less than 0.0001 indicating significant differences.]FIGURE 4 | Heatmap visualization and survival analysis of clinical-pathological factors and gene expression in cancer cohorts. (A,B) Clinical-pathological factors and the expression of three representative genes—PPP1R3G, CREG2, and LYPD3—were visualized in heatmaps arranged by descending risk score, both in the training dataset and the validation dataset. (C,D) The association between the risk score and patients’ overall survival was then examined using Kaplan-Meier survival curves, with separate analyses conducted for the training and validation cohorts.Subsequently, Kaplan-Meier analyses were performed taking into account the RiskScore. The prognostic models exhibited enhanced predictive accuracy for overall survival and progression-free survival across both the training and validation datasets (Figures 4C,D). These results indicate that the RiskScore is a powerful predictor of clinical outcomes in LUAD.
3.5 The RiskScore is closely related to cell division and DNA metabolism
In an effort to uncover the biological functions and pathways that correlate with the RiskScore, a series of analytical methods were employed. Initially, genes with the strongest ties to the RiskScore were identified. We conducted a comparative analysis of the differentially expressed genes between the high-RiskScore group and low-RiskScore group, and the volcano plot analysis uncovered 731 differentially expressed genes (DEGs), with 405 genes upregulated and 326 genes downregulated (Figure 5A).
[image: Graphical abstract presents various data analyses related to a risk model based on the TCGA dataset. Panel A shows a volcano plot highlighting differentially expressed genes (DEGs). Panel B and C display dot plots with GO and KEGG pathway enrichment analysis, respectively. Panels D, E, F, and G illustrate GSEA GO analyses based on score, showing enrichment trends. Panel H presents a box plot comparing two groups across multiple categories, indicating statistical significance with asterisks.]FIGURE 5 | Correlation between RiskScore and biological functions in training dataset. (A) Volcano plot was utilized to illustrate the differentially expressed genes (DEGs) between the high-risk and low-risk groups in the TCGA dataset. (B,C) GO and KEGG analyses were conducted to identify the enriched signaling pathways associated with these DEGs. (D–G) GSEA revealed significant upregulation of pathways related to cytoskeleton organization, cell cycle processes, epidermal and skin development; Besides, the late endosome pathway was found to be significantly downregulated. (H) Immune cell infiltration analysis was conducted to demonstrate a close association between DEGs and various immune cells.Subsequently, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were utilized to conduct a functional enrichment analysis on this refined set of genes. Additionally, Gene Set Enrichment Analysis (GSEA) was applied to further elucidate the biological significance behind the RiskScore. The GO analysis showed that the RiskScore was closely related to the connective tissue development and serine-type peptidase activity (Figure 5B). The KEGG analysis showed that the RiskScore was closely related to the protein digestion and absorption signaling pathway (Figure 5C). Furthermore, the close association of the RiskScore with key biofunctions and signaling pathways—such as cytoskeleton organization, late endosome function, skin and epi-dermal development—was corroborated through GSEA analysis of data from the TCGA databases (Figures 5D–G). GSEA revealed significant upregulation of pathways associated with cytoskeleton organization, epidermal development, and skin development. In contrast, the late endosome pathway exhibited significant downregulation. The similar finding could also be observed in the validation datasets (Figures 6A–G).
[image: A collection of charts and graphs analyzing DEGs and GSEA GO based on a validation dataset GSE72094. Panel A shows a volcano plot highlighting significant genes. Panels B and C display bubble plots of GO output with varying counts and significances. Panels D to G present GSEA GO analysis based on score with enrichment scores and ranked lists. Panel H is a boxplot comparing various gene expressions under different groups. Each panel visualizes different aspects of gene-environment or gene-function relationships using graphical representations.]FIGURE 6 | Correlation between RiskScore and biological functions in validation dataset. (A) Volcano plot was utilized to illustrate the differentially expressed genes (DEGs) between the high-risk and low-risk groups in the GEO dataset. (B,C) GO and KEGG analyses were conducted to identify the enriched signaling pathways associated with these DEGs. (D–G) GSEA revealed significant upregulation of pathways related to cytoskeleton organization, cell cycle processes, epidermal and skin development; Besides, the late endosome pathway was found to be significantly downregulated. (H) Immune cell infiltration analysis was conducted to demonstrate a close association between DEGs and various immune cells.3.6 Association analysis of RiskScore with tumor immune microenvironment characteristics and EGFR mutation status
In addition, the presence of immune cells within tumors significantly influences both neoplastic progression and the effectiveness of therapies designed to combat cancer. Herein, we conducted an analysis to determine the extent of immune cell infiltration in both TCGA database and GEO database. Our findings indicated that in the high RiskScore group, there was an increase in the infiltration of regulatory T cell, Memory B cell and activated CD4 T cell. Conversely, in the low RiskScore group, a higher level of infiltration was observed for mast cell and eosinophil with these differences being statistically significant (p < 0.05) (Figure 5H). The similar finding could also be observed in the validation GEO database, strongly suggesting that high-RiskScore patients may exhibit reduced responsiveness to immunotherapies due to their immunosuppressive microenvironment (Figure 6H). However, the tumor immune microenvironment is an intricate system, and it is premature to categorically determine whether the presence of immune cell infiltration is beneficial or harmful to patients. The multifaceted nature of these cells within the tumor microenvironment necessitates further investigation to elucidate their precise roles. Various studies are essential to clarify the implications of these immune cells on patient outcomes. These results suggest that the high RiskScore group and low RiskScore group possess distinct immune profiles and exhibit varied reactions to immunotherapeutic interventions that target distinct immune checkpoints.
Moreover, we conducted single-cell RNA sequencing (scRNA-seq) analysis of GSE241934 dataset to reveal distinct expression patterns of LYPD3, PPP1R3G, and CREG2 between EGFR-mutant and wild-type LUAD patients. We note that this cohort consists of LUAD patients who received neoadjuvant immunochemotherapy, a potential confounder for gene expression. With this important caveat, we observed that these three genes exhibited significant downregulation in tumor cells from EGFR-mutant patients (L858R/Exon19del/Exon20ins) compared with non-mutant counterparts (Figures 7A–F), though we cannot rule out that this expression pattern was influenced by the prior therapy. This observation appears paradoxical to our cell line model where these genes were upregulated in acquired resistance. However, this discrepancy may reflect fundamental differences in resistance mechanisms and could be explained by several hypothesis: 1. We speculate that the cell line model simulates acquired resistance through progressive drug selection, whereas clinical samples in GSE241934 represent intrinsic resistance or early treatment-naive mutations. 2. Alternatively, the clinical cohort received neoadjuvant immunochemotherapy, which may induce immunomodulatory changes that suppress these genes’ expression. These findings collectively suggest that these genes are closely associated with acquired resistance (as shown in vitro). Their expression patterns in clinical settings may be influenced by additional layers of tumor heterogeneity, treatment interventions, and immune system interactions that require further investigation. To address the potential confounding effect of neoadjuvant immunochemotherapy in the single-cell cohort (GSE241934), we investigated the relationship between our 3-gene signature and treatment response. We found no significant difference in the signature risk score between patients who achieved a Major Pathological Response (MPR) and those who did not (p = 0.46; Reference to supplementary S2A). This indicates that the signature is not a direct predictor of response to this regimen. Despite this, the signature retained its power to stratify patients by overall survival, suggesting it captures fundamental aspects of tumor biology and intrinsic aggressiveness that are independent of the response to immunochemotherapy.
[image: Scatter plots A, C, and E display UMAP projections of clustered data points in various colors, each representing different groups. Adjacent bubble plots B, D, and F illustrate gene expression in epithelial cells. The size and color intensity of the bubbles indicate expression levels and significance.]FIGURE 7 | The expression of three model genes in EGFR-TKI resistant LUAD patients revealed by single cell transcriptomics profiling. UMAP visualization of single-cell RNA-seq data, illustrating the distribution of distinct cellular populations in tumor tissue from LUAD patients with exon19del (A), exon20ins (C) and L858R (E). Each cluster represents a transcriptionally distinct cell type, with epithelial cells prominently marked. Dot plot displaying the expression levels of PPP1R3G, LYPD3, and CREG2 in epithelial cell subsets between wild type and patients with exon19del (B), exon20ins (D) and L858R (F) mutation. Dot size indicates the proportion of cells expressing each gene, while color intensity reflects the average expression level.3.7 The individualized prediction model showed robust predictive accuracy
To enhance the practicality of the prognostic prediction model in clinical settings, a personalized prediction model was developed. A personalized model for predicting Progression-Free Survival (PFS) was developed, incorporating a set of independent predictive factors. These included the RiskScore, gender and pathologic stage. Figure 8A illustrates that the individualized prediction model can be used to estimate the tumor recurrence probability for Lung Adenocarcinoma (LUAD) patients at various time points, including 1-, 3-, 5-, and 10-year post-treatment. The calibration curve, which compares the nomogram predictions with actual outcomes, demonstrates a good match in both the training and validation datasets, as depicted in Figures 8B,C, suggesting high predictive accuracy. Furthermore, to quantify the precision of the model’s predictive accuracy, we computed the C-index with a 95% confidence interval via 1000 bootstrap resamples. The prognostic performance of the 3-gene signature was consistent across both the training and external validation cohorts. In the training set, the model achieved a C-index of 0.643 (95% CI: 0.594–0.687), which was closely replicated in the independent validation set with a C-index of 0.612 (95% CI: 0.556–0.671). Similarly, time-dependent AUC values ranged between 0.62 and 0.67 in both cohorts at key time points (Figures 8D,E). These results indicate that the signature provides a modest but stable and generalizable level of discriminative ability.The C-index of this nomogram model was 0.7, which is higher than any other prediction model (Figure 8F). These findings collectively underscore the potent predictive capability of our developed model. To evaluate the potential of the RiskScore as a predictive biomarker, we assessed its association with clinical response to therapy. In the GSE241934 cohort of patients treated with neoadjuvant immunochemotherapy, we found no significant difference in the RiskScore between patients who achieved a Major Pathological Response (MPR) and those who did not (p = 0.46; supplementary S2A). This indicates that the RiskScore is not predictive of response to this treatment regimen. Its validated utility remains its significant association with overall survival, establishing it as a prognostic biomarker.
[image: Composite image featuring:  A. A nomogram illustrating survival predictions based on pathological stage, score, gender, and total points, with lines representing survival probabilities at various years.  B. Calibration plot for TCGA showing predicted vs. observed survival rates over one, two, and three years.  C. Calibration plot for the GSE72094 dataset with similar details.  D. ROC curve for TCGA-LUAD exhibiting true and false positive rates with AUC values for one, two, and three-year predictions.  E. ROC curve for GSE72094 validation dataset, also showing AUC values.  F. Bar chart comparing prediction model performance by c-index values across different factors.]FIGURE 8 | Prognostic model validation and personalized prediction of LUAD patient survival post-EGFR-TKI treatment. (A) The nomogram accurately predicted the 1-, 3-, 5-, and 10-year overall survival (OS) times for lung adenocarcinoma (LUAD) patients following treatment with gefitinib and erlotinib. (B,C) Calibration plots were employed to assess the concordance between the predicted and actual OS rates at 1-, 2-, and 3-year intervals for both the training and validation datasets, demonstrating the model’s reliability. (D,E) time-dependent ROC and bootstrap C-index analyses of the 3-gene signature in TCGA-LUAD and external validation cohort GSE72094 (F) The predictive efficacy of the personalized prognostic model, along with the individual risk score and clinical prognostic factors for LUAD patients’ OS, was evaluated using the concordance index (C-Index).3.8 Validation of the prognostic model in osimertinib-resistant cell lines
To further validate the reliability of our prognostic model, we extended our analysis to third-generation EGFR-TKI (osimertinib)-resistant cell lines. Specifically, we established an osimertinib-resistant HCC827 cell line (OR-HCC827) by progressively exposing parental HCC827 cells to increasing concentrations of osimertinib. Consistent with our observations in erlotinib- and gefitinib-resistant models, the OR-HCC827 cells exhibited significantly higher IC50 values compared to the parental HCC827 cells (Figure 9A), confirming the successful development of osimertinib resistance.
[image: A series of graphs depict data related to osimertinib effects. Graph A shows the proliferation rate of HCC827 and HCC827/OR cells in response to different osimertinib concentrations, with IC50 values of 0.083 and 3.25, respectively. Graph B presents relative mRNA expression levels of LYPD3, significantly higher in HCC827/OR than in HCC827. Graph C shows CREG2 expression levels with both cell lines having similar expression. Graph D displays PPP1R3G expression, higher in HCC827/OR than in HCC827.]FIGURE 9 | Establishment of Osimertinib resistance cell line. The IC50 of Osimertinib were detected in osimertinib-resistant cell line and paternal HCC827 cell line via MTT,***P < 0.001, by Student’s t-test. (A) The bar graph showed the expression of three drug resistant associated genes LYPD3 (B), CREG2 (C) and PPP1R3G (D) between osimertinib-resistant cell line and paternal HCC827 cell line, detected by RT-PCR.Subsequently, RT-PCR analysis revealed that the expression levels of LYPD3, PPP1R3G, and CREG2 were markedly upregulated in OR-HCC827 cells relative to the parental line (Figures 9B–D). These findings corroborate the robustness of our prognostic signature across multiple generations of EGFR-TKIs. The consistent overexpression of these biomarkers in osimertinib-resistant cells further supports their potential utility in stratifying high-risk LUAD patients.
4 DISCUSSION
The discovery of EGFR-activating mutations in a subset of lung cancer patients led to the use of EGFR tyrosine kinase inhibitors (EGFR-TKIs) to treat non-small cell lung cancer (NSCLC) with these specific mutations (Kobayashi et al., 2005; Bean et al., 2007; Ninomiya et al., 2018). While EGFR-TKIs have significantly improved outcomes for these patients, resistance to these drugs is a common issue. Furthermore, lung adenocarcinoma (LUAD) is characterized by a poor prognosis and a lack of effective screening techniques, contributing to a low rate of successful clinical treatment (Lee et al., 2020; Altintas and Tothill, 2013). Consequently, there is a pressing need to develop innovative biomarkers that can accurately predict the prognosis of LUAD after EGFR-TKIs treatments.
In the current study, we embarked on a multifaceted approach to tackle the challenge of acquired resistance to EGFR-TKIs in LUAD. Initially, we developed EGFR-TKIs resistant cell lines and this in vitro model provided a valuable platform for identifying genes that are crucial in the resistance mechanism. The discovery of 494 co-upregulated genes in resistant cells and LUAD patient samples represents a significant step forward in understanding the molecular underpinnings of resistance. Through bioinformatics analysis, we identified pathways related to amino acid biosynthesis and metabolism as being central to the resistant phenotype. Amino acid metabolism is intricately linked to drug resistance in cancer cells, where certain amino acids, such as glutamine and serine, can fuel metabolic pathways that neutralize drug effects or promote repair mechanisms, leading to decreased treatment efficacy. These results have facilitated the identification of potential resistance-related markers and have led to the development of a prognostic model that shows promise in guiding clinical treatment strategies. Then, the LASSO-COX method for dimensionality reduction was employed to pinpoint an optimal set of prognostic indicators. This analysis led to the discovery of a 3-gene signature—comprising PPP1R3G, CREG2, and LYPD3—that is characteristic of the resistant lung cancer cells. We acknowledge that the LASSO λ.1se criterion, which favors maximum parsimony, did not select any genes, indicating the challenge of deriving a highly stable signature from this gene set. However, the external validation of our λ.min-derived 3-gene signature confirms its robust prognostic value, suggesting these genes capture a meaningful biological signal related to prognosis in lung adenocarcinoma.
Researchers have identified several genes associated with cancer progression and treatment resistance. PPP1R3G, encoding a regulatory subunit of protein phosphatase 1 (PP1), plays a role in cellular processes like cell division and signal transduction (Shi et al., 2023; Zhuo et al., 2021). Its dysregulation may contribute to cancer therapy resistance by helping cancer cells evade drug effects. CREG2, involved in cellular respiration and energy metabolism, has potential indirect effects on cancer development. The CREG2 gene is implicated in Lung Adenocarcinoma (LUAD), where its high expression is linked to poor prognosis and advanced tumor stages. CREG2’s role in cancer is complex, with some studies suggesting it may have a pro-cancer effect by influencing stromal cells and proliferation, while other research has identified it as a potential prognostic biomarker that could help in predicting patient outcomes and guiding personalized treatment strategies. (Kunita et al., 2002; Min et al., 2025; Hao et al., 2025). LYPD3, encoding a lysozyme-like protein, is implicated in immune response and cell differentiation (Gruet et al., 2020; Wang et al., 2017). It may modulate immune cell activity against tumors, with its expression linked to distinct immune profiles and responses to immunotherapy in different risk groups (Xin et al., 2024; Hu et al., 2020). While LYPD3’s role in cancer is becoming more defined, additional studies are needed to confirm its involvement in cancer development or progression.
Then, a novel RiskScore-based nomogram was constructed to predict the prognosis and resistance of LUAD following curative resection. The nomogram, incorporating the RiskScore, patient age, gender and pathologic stage successfully identify patients at high risk of acquired resistance. The nomogram serves as a visual aid for clinicians to estimate the risk of acquired resistance and tailor treatment strategies accordingly, thereby enhancing the precision of patient care. Additionally, the successful validation in OR-HCC827 cells (Figures 9B–D) confirms these genes' potential role in resistance mechanisms spanning all generations of EGFR-TKIs. Our study successfully derives and validates a 3-gene prognostic signature for lung adenocarcinoma, rooted in the biology of experimentally-defined drug resistance. The model demonstrated consistent and statistically significant performance in both the discovery and external validation cohorts, with C-indices consistently around 0.65. While the discriminative accuracy is modest, this level of consistency strongly argues against overfitting and confirms that the signature captures a real and reproducible biological signal relevant to patient outcomes. It is important to note that such compact transcriptomic signatures often explain a portion of the prognostic variance; their clinical utility may ultimately lie in being integrated with established clinical variables like stage or performance status to build more powerful composite models. The independent validation of LYPD3 and PPP1R3G protein overexpression in LUAD tumors via the CPTAC database provides crucial support for our findings. It moves our signature beyond a transcriptomic correlation to a finding with direct implications for the tumor’s functional proteomic state. The absence of CREG2 data in this resource highlights a limitation but does not diminish the collective evidence supporting the signature’s biological plausibility.
Additionally, we also examined the relationship between RiskScore and both Tumor Immune Microenvironment (TME) characteristics and EGFR mutation status. Our immune infiltration analyses revealed that high-RiskScore tumors exhibit an immunosuppressive profile characterized by elevated regulatory T cells (Tregs) and activated CD4+ T cells, alongside depletion of mast cells and eosinophils (Figures 5H, 6H). This specific immune contexture may explain the observed correlation with poor immunotherapy response, as Tregs are known to suppress anti-tumor immunity while mast cells/eosinophils often associate with favorable outcomes. Interestingly, Our single-cell RNA-seq analysis of clinical samples (GSE241934) revealed an intriguing paradox: these genes were paradoxically downregulated in EGFR-mutant tumors compared to the upregulation observed in resistant cell lines (Figures 7A–F). This divergence likely reflects fundamental biological differences between in vitro models and clinical samples. In vitro models capture acquired resistance through direct drug selection pressure, where these genes may confer survival advantages. However, clinical samples represent a more complex ecosystem, as the patients in the GSE241934 dataset underwent neoadjuvant immunochemotherapy, introducing additional variables that differentiate them from in vitro models. A key finding from our single-cell validation was that the prognostic power of our signature persisted in a cohort uniformly treated with neoadjuvant immunochemotherapy. Crucially, a sensitivity analysis revealed that the signature score was not associated with MPR status. This dissociation is highly informative: it suggests that the aggressive biology captured by our drug resistance-derived signature operates through mechanisms distinct from those determining immediate response to immunochemotherapy. It may instead reflect a tumor’s inherent capacity for long-term progression, immune evasion, or relapse, explaining its stable prognostic value across different clinical contexts. A limitation of our study is the use of a single-cell cohort where all patients received neoadjuvant therapy. However, our analysis showing no link between the signature and MPR status strengthens our confidence that the prognostic signal is genuine and not merely a reflection of treatment response. Our study clarifies the clinical applicability of the 3-gene signature. While the genes were identified in a model of drug resistance, the integrated RiskScore functions primarily as a prognostic, not a predictive, biomarker. This is evidenced by our finding that the score did not predict pathological response to neoadjuvant immunochemotherapy in a clinical cohort. This distinction is critical: our signature identifies a patient subgroup with aggressive tumor biology and poor survival outcomes, but it does not appear to determine initial response to this specific therapy. Consequently, this signature could be used to stratify high-risk patients who may require more intensive monitoring or alternative therapeutic strategies, rather than to guide the selection of initial immunochemotherapy.
5 CONCLUSION
This research bridges the gap between in vitro EGFR-TKI resistance and clinical outcomes in LUAD. We established a RiskScore model using PPP1R3G, CREG2, and LYPD3, validated its predictive accuracy for survival across multiple EGFR-TKIs, and linked it to specific immune microenvironmental characteristics. The identification of distinct immune profiles and the development of a combined nomogram underscore the model’s potential to guide personalized therapy selection, including combination strategies. Despite the need for further experimental confirmation, this work offers a promising tool for improving risk stratification for LUAD patients facing the challenge of EGFR-TKI resistance.
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Se, Sensitivity; Sp, Specificity; AR, agreement rate; CI, Confidence interval; IgG, Anti-COPT1-IgG autoantibody; IgM, Anti-COPT1-IgM autoantibody.
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Age 62.7+16.5
Sex

Female 16 (69.6)

Male 7 (30.4)
Pathological staging

I 2(87)
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11T 8 (34.8)
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Tumor site
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Degree of differentiation

Moderately differentiated 15 (65.2)

Moderately to poorly differentiated 4 (17.4)

Poorly differentiated 4 (17.4)
Distant metastatic site
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M1 8 (34.8)
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95% ClI Se (%) Sp (% AR (%)
1gG 0.739 0.686-0.791 700 659 56.7
NC IgM 0.689 0.636-0.742 873 4338 612
vs CEA 0.537 0.476-0.599 17.3 96.5 64.9
NSCLC IgG+IgM 0.784 0.736-0.833 640 819 747
1gG+IgM+CEA 0.789 0.740-0.838 660 814 750
NC 1¢G 0718 0.648-0.788 67.1 659 662
. IgM 0.691 0.625-0.757 750 549 599
NGIE CEA 0543 0.465-0.622 224 912 708
(Early) IgG+IgM 0771 0.703-0.838 632 819 77.1
IgG+IgM+CEA 0771 0.703-0.838 632 823 775

Se, Sensitivity; Sp, Specificity; AR, Agreement rate; CI, Confidence interval; IgG, Anti-COPT1-IgG autoantibody; IgM, Anti-COPT1-IgM autoantibody.
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Variables

Age (year, %)

164(51.1)

<55y 165(51.4) 170(53.0)
>0.05
>55y 157(48.9) 156(48.6) 151(47.0)
Mean + SD 56 £ 11 55+ 12 56 + 11
Gender, n (%)
Male 199(62.0) 200(62.3) 204(63.5)
>0.05
Female 122(38.0) 121(37.7) 117(36.5)
Histology, n (%)
LUAD 227(70.7)
LUSC 46(14.3)
Other NSCLC 48(15.0)
Smoking, n (%)
Yes 114(35.5) 42(13.1)
No 207(64.5) 267(83.1)
Unknown 0(0) 12(3.8)
Drinking, n (%)
Yes 85(26.5) 86(26.8)
No 236(73.5) 233(72.6)
Unknown 0(0) 2(0.6)

Lymph node Metastasis, n (%)

Yes 97(30.2)
No 185(57.6)
Unknown 39(12.2)
Distant Metastasis, n (%)

Yes 40(12.5)
No 228(71.0)
Unknown 53(16.5)
Clinical stage, n (%)

1 ‘ 158(49.2)
il 16(5.0)
1 53(16.5)
v 36(11.2)
Unknown 58(18.1)

NSCLC, Non-small cell lung cancer; BPN, Benign pulmonary nodules; NC, Normal controls; SD, standard deviation.
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Variables

Age (year, %)

<55y 32(35.9) 36 (40.4)

I >0.05
>55y 57(64.1) 53 (59.6)
Mean + SD 60 + 10 58+9
Gender, n (%)
Male 51(57.3) 49(55.0)

>0.05

Female 38(42.7) 40(45.0)

Histology, n (%)

LUAD 61(68.5)
LUSC 16(17.9)
Other NSCLC 12(13.6)

Smoking, n (%)

Yes 29(32.5)
No 57(64.0)
Unknown 3(3.5)

Drinking, n (%)

Yes 13(14.5)
No 73(82.0)
Unknown 3(3.5)

Lymph node Metastasis, n (%)

Yes 46(51.6)
No 42(47.1)
Unknown 1(1.3)

Distant Metastasis, n (%)

Yes 45(50.5)
No 37(41.6)
Unknown 7(7.9)

Clinical stage, n (%)

1 31(34.8)
il 11(12.4)
11 7 0(0)

| v 47(52.8)
Unknown 0(0)

NSCLC, Non-small cell lung cancer; NC, Normal controls; SD, standard deviation.
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Univariable Multivariable

Hazard ratio 95% Cl Hazard ratio 95% Cl
for Exp(B) for Exp(B)
DAP3 0.047 2591 1.011-6.639 ‘ 0.040 2.920 1.052-8.106
Gender 0269 0599 0.242-1.485 ‘
Age 0.244 ‘ 1.695 0.698-4.117 ‘
TNM Stage 0044 2844 1.028-7.866 ‘ 0.042 2649 1.034-6.791
AFP 0688 0842 0.363-1.951 ‘

Tumor size 0511 1.328 0.570-3.094

P-value < 0.05 indicate statistical significance.
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Cut-off ADC x 107> mm?/s

n* (%) Sp* (%) PPV* (%) NPV* (%) p-value

<0.001
Carcinoma/normal wall (Figure 6A) 0.927 100 100
1013 100 96 96.1 100
: ¢-radiati
Carcinomalpost-radiation _— - -
proctitis (Figure 6A)
1.255 100 95 952 100
Post-radiati it 1
ost-radiation proctitis/normal 555 5 8 75 5

wall (Figure 6B)

* Sn, sensitivity; Sp, specificity; PPV, positive predictive value; NPV, negative predictive value.
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Parameters SD) x 10~ mm p-value
Sex 0.332
Men 73 (73) 0.660 + 0.083
Women 27 (27) 0.680 + 0.094
Histological grade 97 0.874
Well differentiated (G1) 5(5.1) 0.674 £ 0.059
Moderately differentiated (G2) 85 (87.6) 0.667 + 0.087
Poorly differentiated (G3) 7(72) 0.651 £ 0.110
T category 0.552
ik 0(0)
T2 26 (26) 0.650 + 0.072
T3 54 (54) 0.667 + 0.089
T4 20 (20) 0.677 £ 0.097
N category 0.590
NoO 37 (37) 0.675 + 0.081
N1 31 (31) 0.653 + 0.085
N2 32 (32) 0.664 + 0.094
TN stage 0.196
T2NO 9 (19) 0.648 + 0.069
T2N1 6(6) 0.632 + 0.062
T2N2 1(1) 0.796 £ 0
T3NO 15 (15) 0.713 + 0.085
T3N1 (17) 0.642 £ 0.077
T3N2 22 (22) 0.656 + 0.091
T4NO 3(3) 0.658 + 0.079
T4N1 8(8) 0.694 £ 0.109
T4N2 9(9) 0.668 + 0.099
Local tumor status 0.312
Locally confined (T1 and T2) 26 (26) 0.650 = 0.072
Locally advanced (T3 and T4) 74 (74) 0.670 + 0.091
Lymph nodes 0.357
Negative (NO) 37 (37) 0.675 + 0.081
Positive (N1 and N2) 63 (63) 0.659 + 0.089
RAS status 19 0.829
Without mutation 9 (47.4) 0.647 £ 0.093
With mutation 10 (52.6) 0.637 £ 0.098
Tumor markers 0.923
CEA 12 0.653 + 0.088
<4.7 ng/ml 20 (47.6) 0.651 + 0.072
>4.7 ng/ml 22 (52.4) 0.647 +0.108
CA 199 40 0.648 + 0.083
<26.6 U/ml 25 (62.5) 0641 + 0.075
2266 U/ml 15 (37.5) 0.659 + 0.096
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Clinicopathological DAP3 expression

Characteristics

Low expression High expression

Age (years) 0.904

258 17 (48.6%) 18 (50.0%)

<58 18 (51.4%) 18 (50.0%)
Gender 0.945

Male 26 (74.3%) 27 (75.0%)

Female 9 (25.7%) 9(25.0%)
AFP (ng/mL) 0.044

240 14 (40.0%) 23 (63.9%)

<40 21 (60.0%) 13 (36.1%)
Tumor size (cm) 0.024

>4 12 (34.3%) 22( 61.1%)

<4 23 (65.7%) 14 (38.9%)
Tumor stage 0.561

I-11 15 (42.9%) 13 (36.1%)

-1V 20 (57.1%) 23 (63.9%)
Vascular invasion 0.259

No 24 (68.6%) 20 (55.6%)

Yes 11 (31.4%) 16 (44.4%)

‘TNM stage, tumor node-metastasis stage; AFP, alpha fetoprotein; P-value < 0.05 indicate statistical significance.
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South Africa
United Arab Emirates

Gobal

420.31(405.09, 434.13)
863.54(738.86, 991.39)
161.37(138.44, 187.31)
307.74(223.09, 433.51)
137.23(119.37, 158.43)
263.05(211.58, 318.24)
1003.29(984.26, 1020.47)
161.60(117.77, 211.66)
507.87(434.31, 623.40)
487.00(333.49, 652.53)

690.86(654.39, 725.97)

358.46(338.55, 377.47)
878.24(703.53, 1068.71)
357.30(278.46, 443.28)
172.44(13747, 215.52)
163.58(134.43, 189.13)
247.42(22491, 271.78)
569.75(513.85, 621.48)
158.31(124.44, 199.60)
512.22(459.74, 571.46)
287.29(214.77, 429.88)

533.00(480.13, 586.36)

-0.52(-0.61, -0.43)
0.07(-0.09, 0.22)
3.54(3.03, 4.06)

-2.20(-2.47, -1.94)
0.49(0.34, 0.64)
0.12(-0.02, 0.26)
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-0.10(-0.41, 0.21)

-0.75(-1.29, -0.21)

-0.87(-0.93, -0.81)

-1.99(-2.16, -1.83)
0.66(0.04, 1.29)
6.22(5.98, 6.46)

-4.37(-4.45, -4.30)
0.85(0.76, 0.94)

-0.60(-0.75, -0.45)

-12.88(-14.10, -11.66)

-0.12(-0.24, -0.00)
0.35(-0.63, 1.34)

-6.93(-8.69, -5.17)

-5.20(-5.34, -5.06)
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Groups Age (mean + SD, C (mean + SD) x 107> mm?/s
<0.001
Carcinoma 100 64.54 + 10.74 0665 + 0.086
Post-radiation proctitis 100 62.52 +9.64 1.648 + 0.268

Normal wall 100 59.47 + 12.52 1.180 £ 0.110
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Age-standardized incidence per 100,000 population (95% Ul)

EAPC (95% CI)  AAPC (95% ClI)

1990 2021

Brazil 15.72(15.05, 16.27) 14.53(13.54, 15.34) -0.24(-0.32, -0.16) -0.03(-0.04, -0.03)

China 33.11(2847, 37.79) | 44.01(35.45, 53.35) 1.03(0.88, 1.17) 034(0.32, 037)

Egypt 5.50(4.72, 6.37) 13.53(10.69, 16.61) 3.99(3.42, 4.56) 0.26(0.25, 0.26)
Ethiopia 10.91(8.07, 15.19) 6.66(5.33, 8.25) -1.89(-2.15, -1.63) -0.14(-0.14, -0.14)

India 4.80(4.15, 5.54) 5.99(4.92, 6.92) » 0.63(0.47,0.79) 0.04(0.04, 0.05)
Tran (Islamic Republic of) 9.90(7.98, 12.02) 9.70(8.79, 10.75) 0.24(0.11,037) -0.01(-0.01, -0.00)
Russian Federation 36.01(35.27, 36.63) 24.69(22.35, 26.86) -1.35(-151, -1.19) -0.33(-0.37, -0.29)
Saudi Arabia 6.08(4.46, 7.89) 6.19(4.90, 7.69) 0.02(-0.18, 0.22) 0.00(-0.00, 0.01)
South Africa 17.78(15.28, 21.82) 19.24(17.39, 21.47) 0.14(-0.17, 0.45) 0.03(0.00, 0.05)
United Arab Emirates 18.25(12.48, 24.84) 12.43(9.28, 18.37) -0.04(-0.60, 0.52) -0.23(-0.31, -0.14)

Gobal 28.54(27.06, 29.91) 26.43(23.90, 29.07) -0.24(-0.31, -0.17) -0.07(-0.08, -0.06)
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Country

Age-standardized prevalence per 100,000 population

EAPC (95% CI)

AAPC (95% ClI)

Brazil

China

Egypt

Ethiopia
India
Iran (Islamic Republic of)
Russian Federation
Saudi Arabia
South Africa
United Arab Emirates

Gobal

(95% UI)

1990 2021
15.85(15.28, 16.35) 15.09(14.23, 15.89)
33.74(28.90, 38.65) 57.95(46.20, 70.78)

5.80(4.99, 6.74) 13.35(10.44, 16.42)
10.55(7.56, 14.85) 6.41(5.10, 8.02)
496(431, 5.71) 6.32(5.19, 7.30)
9.65(7.77, 11.69) ] 9.71(8.82, 10.68)
41.76(40.94, 42.43) 30.78(27.76, 33.62)
5.92(4.29, 7.73) 6.19(4.86, 7.73)
18.71(16.07, 22.90) 19.46(17.50, 21.74)
17.89(12.21, 24.27) 11.16(8.34, 16.53)
34.25(32.66, 35.69) 37.28(33.76, 40.77)

-0.16(-0.24, -0.08)
1.91(1.80, 2.02)
3.68(3.17, 4.19)

-1.93(-2.19, -1.66)
0.71(0.55, 0.87)
0.33(0.18, 0.48)

-1.06(-1.27, -0.85)
0.13(-0.05, 0.31)
0.00(-0.27, 0.27)

-0.56(-1.09, -0.04)

0.40(0.27, 0.53)

-0.02(-0.03, -0.02)
0.77(0.74, 0.80)
0.24(0.23, 0.25)

-0.13(-0.14, -0.13)
0.04(0.04, 0.05)

-0.00(-0.01, 0.00)

-0.32(-041, -0.23)
0.01(0.00, 0.01)

-0.00(-0.03, 0.03)

-0.21(-0.26, -0.17)

0.09(0.08, 0.10)
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Age-standardized rate (per 100000)

EAPC (95% CI) AAPC (95% CI)
1990 2021
Brazil 16.66(15.91, 17.26) 15.12(14.04, 15.98) -0.28(-0.36, -0.21) -0.05(-0.06, -0.04)
China 34.74(29.96, 39.52) 38.98(31.40, 47.06) 0.42(0.24, 0.60) ) 0.15(0.11, 0.18)
Egypt 5.83(4.99, 6.74) 14.63(11.55, 17.96) 4.09(3.51, 4.68) 0.28(0.27, 0.29)
Ethiopia 11.59(8.63, 15.98) 7.27(5.85, 8.98) -1.79(-2.04, -1.54) -0.14(-0.14, -0.14)
India 5.05(4.37, 5.83) 6.23(5.12, 7.19) 0.59(0.44, 0.75) 0.04(0.04, 0.05)
Iran (Islamic Republic of) 10.83(8.71, 13.16) 10.61(9.59, 11.76) 0.23(0.10, 0.36) -0.01(-0.01, -0.00)
Russian Federation » 35.00(34.29, 35.64) 22.14(20.09, 24.09) -1.66(-1.79, -1.52) -0.39(-0.47, -0.30)
Saudi Arabia 6.58(4.88, 8.54) 6.62(5.26, 8.19) -0.03(-0.24, 0.18) 0.00(-0.00, 0.00)
South Africa 18.63(16.04, 22.89) 20.14(18.17, 22.44) 0.14(-0.18, 0.45) 0.02(-0.00, 0.05)
United Arab Emirates 19.65(13.51, 26.47) 13.85(10.43, 20.65) 0.15(-0.43, 0.72) -0.22(-0.32, -0.13)

Gobal 27.58(26.09, 28.99) 23.50(21.22, 25.85) -0.54(-0.60, -0.47) -0.14(-0.15, -0.13)
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Analysis Survival Treatment

Study Year Country Design

type analysis methods
Hannarici = 2023 Turkey R Gastric cancer 159 Multwar’nate OS,PFS Non-surgery 7
analysis
Navarro 2019 Korea R Gallbladder 197 Mu]llvaljlate OS,DFS Surgery 7
Cancer analysis
Ni 2022 China R Renal cancer 420 Multvariate 08 Surgery 7
analysis
Multivariat
Song | 2022 China R Lung cancer 1772 (tivariate 0s Non-surgery 8
analysis
Yang 2022 China R Lung cancer 862 MuluvarAlale 0s Surgery 7
analysis
Colorectal Multivariat
Yang | 2022 China R orecta 1448 Ltivariate 0s Surgery 7
cancer analysis
Multivari
Yilmaz | 2021 China R Liver cancer 150 sivanate 0S,PFS Non-surgery 7
analysis
Multivariat
Yimaz | 2022 China R Breast cancer 110 tivariate 08,PES Non-surgery 7
analysis
Zhang | 2021A | China R banczeatic 130 Meliivasiats 0s Surgery 6
cancer analysis
Zhang | 2021B China R Raniceeatic 129 Muhivariate os Surgery 6
cancer analysis
P iy Multivariat
Zhong | 2020 China R ancreatic 238 tvariate os Non-surgery 6
cancer analysis
Multivariat
Liu | 2024A  China R Lung cancer 240 thvariste 0s Surgery 6
analysis
Liu 20248 China R Golorectal 378 Multivariate 0s Surgery 6
cancer analysis
Multivariat
Liu 2024C  China R Breast cancer 21 Rl 0s Surgery 6
analysis
Multivariat
Liu 2024D China R Gastric cancer 335 war.m ¢ 0s Surgery 6
analysis
Multivariate
Liu | 2024E | China R Liver cancer 270 e 08 Surgery 6
analysis
Esophageal Multivariat
Liu | 2024F  China R sophage 233 Ltivariate 08 Surgery 6
Cancer analysis
Liu  2024H  China R Renal Cancer 295 Multteastste 0s Surgery 6
analysis
Multivariate
Liu | 204G China R Melanoma 200 Hrariate 0s Surgery 6
analysis
Multivariate
Zhang | 2023 China R Breast cancer 1125 S 0s Non-surgery 8
analysis
I Multivari
Aydin | 2024 | Turkey R Colorectal, b5} ultivariate 0s Surgery 6
cancer ana]yﬂs
P it Multivariate
Pak | 2024 Korea R ancreatic 338 Ltivaniate 0s Surgery 6
cancer analysis

R, retrospective; OS, overall survival; DFS, disease-free survival; PFS, progression-free survival; NOS score, Newcastle-Ottawa Scale score.
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Renal cancer 2 1.61(0.72-3.59) 0.248 822 0.018
Lung cancer 3 1.24(0.98-1.57) 0.072 88.8 <0.001
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Liver cancer 2 2.66(1.80-3.93) <0.001 0 0393
Breast cancer 4 2.13(1.10-4.13) 0.025 55.1 0.106
Pancreatic cancer 4 1.92(1.30-2.84) 0.001 617 0.05

Gallbladder Cancer
Esophageal Cancer

Melanoma

15.25(4.1-56.85)
1.925(1.19-3.11)

1.486(1.12-1.97)





OPS/images/fonc.2024.1511530/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2024.1454393/fimmu-15-1454393-g002.jpg
Study
D

Hannarici (2023)
Navarro (2019)
Ni (2022)
song (2022)
Yang (2022)
Yang (2022)
Yilmaz (2021)
Yilmaz (2022)
Zhang (2021A)
Zhang (2021B)
Zhong (2020)
Liu (2024A)
Liu (2024B)
Liu (2024C)
Liu (2024D)
Liu (2024E)
Liu (2024F)
Liu (2024H)
Liu (2024G)
Zhang (2023)
Aydin (2024)
Park (2024)

Overall (I-squared = 86.3%, p = 0.000)

NOTE: Weights are from random effects analysis

HR (95% CI)

1.95 (1.25, 3.05)
15.25 (4.09, 56.85)
262 (1.32, 5.20)
1.26 (1.08, 1.47)
1.03 (1.00, 1.06)
1.45 (1.19, 1.76)
3.14 (1.82, 5.40)
2.17 (1.07, 4.40)
1.80 (1.03, 3.15)
1.12 (0.69, 1.82)
2.60 (1.73, 3.90)
1.60 (1.25, 2.06)
1.05 (1.00, 1.10)

13.02 (1.68, 100.68)

1.17 (1.05, 1.29)
2.23 (1.28, 3.90)
1.92 (1.19, 3.11)
1.14 (1.05, 1.23)
1.49 (1.12,1.97)
1.56 (1.10, 2.23)
2.91 (1.43, 5.93)
2.47 (1.50, 4.08)
1.48 (1.34, 1.63)

Weight

3.36
0.55
1.76
8.20
10.12
7.30
2.54
1.67
243
2.98
3.79
6.19
9.98
0.23
9.20
2.44
3.04
9.59
5.62
4.49
1.65
288
100.00

.00993

101





OPS/images/fimmu.2024.1454393/fimmu-15-1454393-g003.jpg
Study %
1) HR (95% CI) Weight
i
1
Hsnnarici (2023) R 171(1.13.258) 4857
Navarro (2019) 3.67(1.14,11.74) 583
Yilmaz (2021) 292(1.78. 4.80) 31.90
Yilmaz (2022) 217 (1.07. 4.40) 1570
'
Overall (-squared = 12.1%, p = 0.332) ; 220 (1.66.292) 100.00
1
'
'
1
'
'
'
'
0852 17





OPS/images/fimmu.2024.1454393/fimmu-15-1454393-g004.jpg
A

Hannarici 2023
Navarro 2019
Ni 2022
Song 2022
Yang 2022
Yang 2022
Yilmaz 2021
Yilmaz 2022
Zhang 2021A
Zhang 20218
Zhong 2020
Liu 2024A
Liu 20248
Liu 2024C
Liu 2024D
Liu 2024E
Liu 2024F
Liu 2024H
Liu 2024G
Zhang 2023
Aydin2024
Park2024

1.30 1.34 1.48 1.63 1.85

Meta-analysis random-effects estimates (exponential form)
Study ommited

B

Hannarici 2023

Navarro 2019

Yilmaz 2021

Yilmaz 2022

Meta-analysis fixed-effects estimates (exponential form)

Study ommited

137 166

220

292

J
4.03





OPS/images/fimmu.2025.1455095/fimmu-16-1455095-g002.jpg
LUAD LUsC
(num(T)=483; num(N)=347) (num(T)=486; num(N)=338)





OPS/images/fimmu.2025.1455095/fimmu-16-1455095-g001.jpg
Detection of anti-COPT1 Evaluation on diagnostic Combined analysis of

Validatian of ELISA

autoantibodies expression value of anti-COPT1 anti-COPT1
results

in 1141 plasma samples autoantibodies autoantibodies and CEA
i Plasma western i The power of anti-COPT1 The combination of anti-
89 NC blotting i autoantibodies for distinguishing i COPTI1-IgG, anti-COPT1-
;. 89NSCLC | i experiment i NSCLC from NC and BPN i IgM and CEA improved
---------------------- l""""""""""" l---------------------I--------------------u l------------------------------------l----------------------------------------u ; the diagnostic Value é
. Verification group Indirect i The power of anti-COPT1
321 NC i immunofluorescence | i autoantibodies for distinguishing
321 BPN experiment i NSCLC clinical subgroups

321 NSCLC R R s N H O R S SRS B SR BA BE R SR SRR D R R AN -

....................................................





OPS/images/fimmu.2025.1455095/crossmark.jpg
©

2

i

|





OPS/images/fmolb-12-1566293/fmolb-12-1566293-g007.gif





OPS/images/fmolb-12-1566293/fmolb-12-1566293-g006.gif





OPS/images/fmolb-12-1566293/fmolb-12-1566293-g005.gif





OPS/images/fmolb-12-1566293/fmolb-12-1566293-g004.gif





OPS/images/fmolb-12-1566293/fmolb-12-1566293-g003.gif





OPS/images/fmolb-12-1566293/fmolb-12-1566293-g002.gif





OPS/images/fmolb-11-1513919/fmolb-11-1513919-g004.gif
e






OPS/images/fmolb-11-1513919/fmolb-11-1513919-g005.gif
TITTFF7iaFiiigiesiid






OPS/images/fmolb-11-1513919/crossmark.jpg
©

|





OPS/images/fmolb-11-1513919/fmolb-11-1513919-g001.gif





OPS/images/fmolb-11-1513919/fmolb-11-1513919-g002.gif
" B
oA sOuA oA _aoma
0
R Y]
c . °
HEET - R i
FES H






OPS/images/fmolb-11-1513919/fmolb-11-1513919-g003.gif





OPS/images/fmolb-11-1512715/fmolb-11-1512715-g003.gif
alt! T T
MJ“ “JLW“LMMLMM
27 s F5

° s
2% sesdt,
S






OPS/images/fmolb-11-1512715/fmolb-11-1512715-g004.gif





OPS/images/fmolb-11-1512715/fmolb-11-1512715-g005.gif
i Lo hse
fubs Thh oy

T

-






OPS/images/fmolb-11-1512715/fmolb-11-1512715-g006.gif





OPS/images/fimmu.2025.1455095/fimmu-16-1455095-g003.jpg
Sensitivity %

o
==

2.0

1.5

Anti-COPT1-IgG
% 3k %k

NC NSCLC

ROC of anti-COPT1-IgG

AUC(95%CT):0.885(0.834 to 0.937)
P<0.0001 Cutoff:0.571

Se:86.5% Sp:82%

20 40 60 80 100
1 - Specificity%

Sensitivity %

Anti-COPT1-IgM
% %k Xk

NC NSCLC

ROC of anti-COPT1-IgM

7 AUC(95%CI):0.921(0.883 to 0.958)

P<0.0001  Cutoff:0.712
Se:88.8% Sp:82%

20 40 60 80 100
1 - Specificity%o





OPS/images/cover.jpg
& frontiers | Research Topics.

Cancer biomarkers:
molecular insights into
diagnosis, prognosis,
and risk prediction,






OPS/images/fmolb-11-1502509/fmolb-11-1502509-g006.gif





OPS/images/fmolb-11-1502509/fmolb-11-1502509-g002.gif





OPS/images/fmolb-11-1502509/fmolb-11-1502509-g003.gif





OPS/images/fmolb-11-1502509/fmolb-11-1502509-g004.gif





OPS/images/fmolb-11-1502509/fmolb-11-1502509-g005.gif





OPS/images/fmolb-11-1513919/fmolb-11-1513919-t001.jpg
racteristic CircMIB1 expression
High low

All cases 76 38 38
Age (years) 0210 0.646
>50 37 16 21
<50 39 2 17
Gender 1317 0251
Male 38 18 20
Female 38 20 18
Grade 7.930 0.005
11 30 21 9
v 46 17 29






OPS/images/fmolb-12-1599157/crossmark.jpg
©

|





OPS/images/fmolb-11-1502509/crossmark.jpg
©

|





OPS/images/fmolb-11-1502509/fmolb-11-1502509-g001.gif
‘Ao Myocardal ifacton Duaset

"Nomama Ce Lung Cances Dataset

s o sy s g 5260

et

P et 91 Pt
T

G sttt g

P T - e
et Coscton st =

B Rt e o)

| [ [ e RS






OPS/images/fmolb-11-1513919/fmolb-11-1513919-g006.gif





