8 frontiers ‘ Frontiers in Endocrinology

@ Check for updates

OPEN ACCESS

EDITED BY
Cao Lj,
Capital Medical University, China

REVIEWED BY
Lixia Wang,
Cedars Sinai Medical Center, United States
Lei Li,
University of Otago, New Zealand
*CORRESPONDENCE
Tao Li

li966511@163.com
Fengming Xu

501780124@qgg.com

These authors share first authorship

RECEIVED 03 September 2025
REVISED 29 October 2025

AccepTED 10 November 2025
PUBLISHED 26 November 2025

CITATION

YiJ, Lin J, Feng Q, Huang Z, Li S, Liang B,
Wu H, Yan H, Yang E, Wu J, Liang Y, Liu X,
Chen J, Xu F and Li T (2025) Accurate
screening of patients with diabetes based on
physical examination: pancreas imaging
features from chest CT and laboratory data.
Front. Endocrinol. 16:1698247.

doi: 10.3389/fendo.2025.1698247

COPYRIGHT

© 2025Yi, Lin, Feng, Huang, Li, Liang, Wu, Yan,
Yang, Wu, Liang, Liu, Chen, Xu and Li. This is an
open-access article distributed under the terms
of the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction
in other forums is permitted, provided the
original author(s) and the copyright owner(s)
are credited and that the original publication
in this journal is cited, in accordance with
accepted academic practice. No use,
distribution or reproduction is permitted
which does not comply with these terms.

Frontiers in Endocrinology

TvpPE Original Research
PUBLISHED 26 November 2025
D01 10.3389/fendo.2025.1698247

Accurate screening of patients
with diabetes based on physical
examination: pancreas imaging
features from chest CT and
laboratory data

Jixing Yi", Jiarun Lin®, Qing Feng", Zhou Huang?, Shu Li*%,
Bumin Liang*, Haohua Wu?, Haiwei Yan®, Eqing Yang?,
Jiaquan Wu®, Yigiong Liang’, Xuanhan Liu®, Jin Chen®,
Fengming Xu™ and Tao Li*

‘Department of Radiology, Liuzhou Worker's Hospital, Liuzhou, Guangxi Zhuang Autonomous
Region, China, 2Medical Records Data Center, Liuzhou Worker's Hospital, Liuzhou, Guangxi Zhuang
Autonomous Region, China, 3Department of Emergency, Liuzhou Worker's Hospital, Liuzhou,
Guangxi Zhuang Autonomous Region, China, “School of International Education, Guangxi Medical
University, Nanning, Guangxi Zhuang Autonomous Region, China, *Information Department, Liuzhou
Worker's Hospital, Liuzhou, Guangxi Zhuang Autonomous Region, China, °Department of Radiology,
Yangshuo County People’s Hospital, Guilin, Guangxi Zhuang Autonomous Region, China,
’Department of Radiology, Guangxi International Zhuang Medicine Hospital, Nanning, China,
gDepartment of Radiology, The Third Affiliated Hospital of Guangxi Medical University, Nanning,
Guangxi Zhuang Autonomous Region, China, °Department of Radiology, Liuzhou Traditional Chinese
Medical Hospital, Liuzhou, Guangxi Zhuang Autonomous Region, China

Background: Fasting plasma glucose (FBG) was used in the large-scale primary
screening of diabetes mellitus (DM). However, some people who actually have
DM have normal fasting glucose (NFG), which shows a high false negative rate.
Objective: To investigate the application value of pancreatic radiomics features
and laboratory data from chest CT scan in screening DM patients.

Methods: Patients with DM were diagnosed according to HbAlc>48 mmol/mol
(6.5%). The radiomics features of pancreas in lung window (L) and soft tissue
window (S) of chest CT and laboratory data of 3587 patients from D1 (model
training and testing) and D2/D3/D4/D5 (external validation) were retrospectively
analyzed to construct a diagnostic model for DM screening.

Results: The AUC of the lung window-laboratory models (L-Lab-LR and L-Lab-
SVM) in the test set were 0.958/0.965. The AUC of soft tissue windows-clinical
models (S-Lab-LR and S-Lab-SVM) were 0.958/0.969, 0.875/0.881, 0.935/0.959,
0.905/0.919, respectively.

Conclusions: The diagnostic model based on chest CT pancreatic radiomics
features and laboratory data has a very high diagnostic efficiency, which is
accurate and reliable for the initial screening of DM patients. This method will
facilitate early diagnosis of those individuals with DM who may have been missed.
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Highlights

1. Chest CT pancreatic radiomics features and laboratory data
can accurately identify individuals with diabetes.

2. Chest CT pancreatic radiomics features and laboratory data
can greatly reduce the false negative rate of fasting blood
glucose for initial screening of diabetic patients.

Introduction

Diabetes mellitus (DM) is a chronic ailment stemming from
absolute or relative insufficiency in insulin secretion and utilization
disorders, which is typified by hyperglycemia (1, 2). According to
statistical data, as of 2021, approximately 537 million individuals
worldwide were afflicted with DM. It is anticipated that the number
of DM patients will rise to 643 million by 2030 and reach 783 million
by 2045 (3). In the early phase of the disease, DM patients frequently
exhibit non - significant clinical manifestations, resulting in frequent
delays in DM diagnosis, which may give rise to severe complications
and even life-threatening outcomes (4). The early detection and
screening of DM hold significant implications for preventing the
continuous deterioration of the disease. Simultaneously, the
implementation of cost - effective DM diagnostic strategies is also
the crux for ensuring the efficient utilization of medical resources.
Currently, although fasting blood glucose (FBG), oral glucose
tolerance test (OGTT), and glycosylated hemoglobin (HbAlc) are
commonly employed indicators for the clinical diagnosis of DM, in
routine large - scale DM screening, fasting blood glucose (FBG)
remains the primary reliance (5). Nevertheless, certain studies have
indicated that the fasting blood glucose (FBG) indicators employed
for diabetes mellitus (DM) screening may significantly underestimate
the actual prevalence of DM, exhibiting a high false negative rate (6).
This implies that these DM patients might be overlooked owing to
their seemingly normal FBG levels (FBG lower than the 6.1 mmol/L
established by the World Health Organization (WHO) (7)), thereby
elevating the risk of missed diagnosis. Therefore, a more reliable and
accurate screening method is needed for the early screening of DM.

In the context of the exponential growth of data volume,
machine learning has been extensively applied in the field of DM.
A multitude of advanced computational methods have emerged to
predict DM risk by integrating the essence of conventional
statistical analysis or machine learning, and have demonstrated
remarkable efficacy in DM risk stratification (8, 9). Particularly in
developing countries, where the prevalence of DM has witnessed a
substantial increase, the utilization of predictive models constructed
through machine learning to identify individuals at high risk of DM
for targeted further testing appears to hold the potential as an
effective alternative to mass screening strategies. However, although
the majority of prediction models focus on differentiating
individuals with abnormal fasting glucose or pre - DM from
normal individuals, these models encounter challenges in
accurately identifying DM individuals with normal fasting glucose
(NFG) within a large population, especially when fasting blood
glucose (FBG) is employed as the criterion for DM screening (8, 9).
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Recently, a large - scale machine learning model based on the
clinical data of over 60,000 individuals exhibited favorable
diagnostic performance in the diagnosis of DM individuals with
NEG (10).With the continuous advancement of medical imaging
technology and radiomics, macroscopic image data can be deeply
explored to reflect numerous high-level data that are imperceptible
to the naked eye. Numerous studies have indicated that radiomics
technology can be applied to the differential diagnosis of various
diseases, the prediction of tumor metastasis, the prediction of
benign and malignant tumors, the evaluation of treatment
efficacy, and the prognosis of diseases after treatment, etc., and
has demonstrated excellent predictive performance (10). In recent
years, many studies have attempted to surmount the limitations of
visual image assessment and elucidate the relationship between
pancreatic radiomics features and DM (11, 12). Nevertheless, the
two current studies evaluating the relationship between pancreatic
radiomics and DM utilized abdominal localization (13). As is well-
known, chest computed tomography (CT) has become an
important means of routine disease screening in medical
institutions, which is highly conducive to the opportunistic
screening of large groups of asymptomatic patients (14-16).
Compared with abdominal CT plain scan, chest CT plain scan is
more frequently employed in the physical examination population
and has become a common option in physical examination items.
Therefore, this study aims to extract pancreatic radiomics features
from routine chest CT examinations and combine them with
laboratory data to construct an accurate diagnostic model that
can ensure the efficient and comprehensive utilization of medical
resources, thereby achieving the early and accurate screening of
DM patients.

In this research, pancreatic radiomics features from chest CT
and laboratory data were acquired from the plain chest CT scans of
3587 participants. Logistic regression (LR) and support vector
machine (SVM) were employed for data analysis to construct
distinct machine - learning diagnostic models, namely Lung
window-laboratory-LR/SVM (L-Lab-LR/SVM) and soft tissue
window-laboratory- LR/SVM (S-Lab-LR/SVM), with the aim of
realizing the early and accurate screening of diabetes mellitus (DM)
patients during routine physical examinations. The findings
indicated that the trained models demonstrated satisfactory
performance on the test set and multiple external validation sets
(excluding the central D2 dataset). Moreover, in comparison with
the screening of DM patients using only FBG, the false - negative
rate was significantly reduced. Relying on routine physical
examinations, the early detection and early diagnosis of DM can
be accomplished.

Materials and methods
Research materials
The data were collected from five medical centers: Liuzhou

Workers’ Hospital, Yangshuo County People’s Hospital, Guangxi
International Zhuang Medicine Hospital, Liuzhou Traditional
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Chinese Medicine Hospital and Nanning Second People’s Hospital.
The datasets were named D1, D2, D3, D4, and D5. DM was diagnosed
according to HbA1c>48 mmol/mol(6.5%) (10). Data of 9576(8964/
124/137/243/108) DM patients (experimental group) and 9693(9046/
105/126/229/187) non-DM patients (control group) in five medical
centers from January 2018 to June 2024 were continuously initially
screened. Inclusion criteria: (1) Chest CT scan including conventional
lung window (L) and soft tissue window (S), and the head and neck,
neck and body of the pancreas could be completely observed; (2)
Complete 49 laboratory data: Hemoglobin_A1C(HA1C),
Fasting_blood_glucose(FBG), Urea, creatinine, Purine_trione,
Cystatin_C, CrCl, Microglobulin, Total_carbon_dioxide,
Total_protein, Albumin, Globin, White_ball_than, Total_bilirubin,
Bilirubin_direct, Indirect_bilirubin, AAT, Alkaline_phosphatase,
Asparpartate aminotransferase, AST/ALT, R_glutamyl_transferase,
TBA, Lactate_dehydrogenase, Cholinesterase, Prealbumin,
Adenosine_deaminase, Fibronectin, Leucocyte_count, Neutrophile
granulocytel, Monocytesl, Lymphocytes, Acid-inducing_cells,
Alkaloid_cells, Neutrophil(%), Lymphocytes(%), Monocytes(%),
Acid-inducing(%), Alkaloid(%), RBC, hematocrit,
Mean_RBC_volume, Mean_HGB_content, Mean_HGB_
concentration, RBC distribution width(SD), RBC distribution width
(CV), Platelet_count, PLT_distribution, Mean_PLT_volume,
Large_platelet_ratio, Thrombocytocrit. Exclusion criteria: (1) patients
with other diseases causing hyperglycemia (such as hyperthyroidism,
Cushing’s syndrome, primary aldosteronism, etc.) or pancreatic space-
occupying lesions; (2) The artifacts of pancreas imaging from chest CT
were large. The final numbers of patients with type D1, D2, D3, and D4
diabetes mellitus (DM) and normal controls were 1760/1705, 9/14, 14/
14, 27/14, and 16/14, respectively. The inclusion and exclusion process
is roughly shown in Figure 1.

FIGURE 1
Flowchart of data screening.
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CT scanning methods

Five kinds of MRI scanners were used to perform chest CT
scans in five medical centers (Liuzhou Workers’” Hospital, Yangshuo
County People’s Hospital, Guangxi International Zhuang Medicine
Hospital, Liuzhou Traditional Chinese Medicine Hospital and
Nanning Second People’s Hospital) respectively: GE64 slices CT
scanner (General Electric), GE16 slices CT scanner (Lightspeed 16,
GE Healthcare), Precision 128 Max (Campo Imaging), GE64
gemstone spectral CT (GE Discovery CT750HD, GE Discovery
CT750HD, Campo Imaging) GE Healthcare) and GE 128-row
Revolution CT ES (Revolution CT ES, GE Healthcare) (Table 1).

Data processing and model construction

Pancreas imaging features from chest CT and laboratory data were
uploaded to Darwin Research platform in DICOM format and CSV
form, respectively (http://10.100.118.3:8089, data was only transmissed
in hospital network, no data leak risk), which is launched by Yizhun
Medical Al technology limited company, which is an artificial
intelligence research platform for medical imaging (Refer to
https://arxiv.org/pdf/2009.00908v1).The image-based feature
extraction, machine learning model development, and statistical
data analysis was carried out on Darwin Research platform.

Data processing

Image data processing specifically included the following steps:
(1) Two-dimensional segmentation of Region of interest (ROI): Six
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TABLE 1 Related scanning parameters of different scanners.

10.3389/fendo.2025.1698247

Medical center C Medical center D Medical center E

f):?:;i:tge rs Medical center A Medical center B
Tube voltage (kV) 120 120

Tube current (mA) auto 180

FOV (mm2) 358x358 380x380

Slice thickness (mm) 5 5

Layer spacing (mm) 5 5

Collimator width (mm) 40 20

speed (s/r) 0.6 0.8

Pitch 0.984 1.75

Matrix 512x512 512x512

120 100 100

50 auto auto
380x380 320%320 370%x370
5 5 5

1.5 5 5

80 40 40

0.5 0.7 0.5

1.01 1.531 0.992
768x768 512x512 512x512

samples of pancreatic head-neck, pancreatic neck-body, and
pancreatic body-tail were delineated in the lung window and soft
tissue window, respectively (12, 13) (Figure 2). The six obtained
samples were respectively used as independent samples for
feature extraction.

The intraclass correlation coefficient (ICC) was used to evaluate
the intra-observer and inter-observer consistency of image feature
extraction. The chest CT soft tissue window images of 20 positive
patients were randomly selected from the training set for ROI
segmentation and feature extraction. ROI segmentation was
performed independently by two experienced radiologists (both
with at least 5 years of chest and abdominal CT diagnosis

experience and proficient in the Darwin Research platform). Four
2D features were randomly selected, and the intra-observer ICC was
calculated by comparing the features extracted by observer A twice.
The inter-observer ICC was calculated by comparing the features
extracted by observer B with those extracted by the first observer A.
When ICC>0.75 and P<0.05, the consistency was considered good.
Under conditions with good agreement, the image segmentation
task was averaged and randomly assigned to observers A and B.
(2) Feature extraction mainly includes shape features, first-
order features, texture features and so on about 1125 image
features which were contained in Darwin Research platform. In
particular, the shape feature describes the basic geometric

FIGURE 2

(A-C) show the ROI of the pancreatic head-neck, neck-body, and body-tail delineated by the soft tissue window of the same subject, respectively.
(D—F) are the ROI of the lung window registered by the automatic registration function of the software, respectively. A total of six samples were

obtained for one subject.
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properties of the outlined area, such as size, shape and surface
roughness; The first-order features use common basic metrics to
describe the distribution of voxel intensity in the delineated region.
The texture features include gray level co-occurrence matrix
(GLCM), gray level free length matrix (GLRLM), gray level size
area matrix (GLSZM), adjacent gray level color difference matrix
(NGTDM) and gray level dependence matrix (GLDM). These
features are designed to capture the spatial dependence of voxels
in an image (17). The spatial heterogeneity characteristics of the
image such as gray level change, spacer size and roughness were
revealed. In addition, six kinds of filters including exponential,
square, square root, log, log-sigma-3-0-mm-3D and wavelet are
applied to further process the first-order and texture features. In
particular, the wavelet filter extracts the key features from eight
wavelet decomposed images. Finally, 1125 features were extracted
from each sequence. The image data of CT scans from different
centers were tuned through the ComBat method homogenization
program based on the empirical Bayesian model correction method
in the Darwin Research platform.

(3) Radiomics feature selection: Firstly, formula ©® was used to
standardize the features of each dimension of all samples to form
data with a mean of 0 and a variance of 1.

7 X — mean
T \var

X is the original data, mean is the mean of the original data, var

1

is the variance of the original data.

Then, standardized data were normalized using the Minimum-
maximum normalization(Formula ®) to eliminate the magnitudes
of different features by scaling values to 0~1.

X — min

Zzi'
max — min

2

X is the original data, min and max are the minimum and
maximum values of the original data, respectively.

The f_classif with its default parameters was used to screen out
30 valuable features for classification from 1125 image features.
Least absolute shrinkage and selection operator(LASSO) and
Logistic Regression(LR) were used to further screen out the most
important imaging features. LASSO iteratively selected the relevant
features according to the best parameter (alpha). In the K-fold cross
validation performed by LR, the K value was 10, the evaluation
index was roc_auc, and the penalty term and feature importance
threshold were not set. Predict_score was constructed based on the
selected optimal radiomics features (Refer to https://arxiv.org/
pdf/2009.00908v1).

Selection of clinical features: 49 laboratory data were also
standardized and normalized using formula ® and ® successively.
Then f classif was used to screen out 10 valuable features for
classification. LASSO and LR were used to further screen out the
most important clinical features. Similarly, LASSO iteratively selects
the relevant features based on the best parameter (alpha). In the K-
fold cross validation performed by LR, the K value was 10, the
evaluation index was roc_auc, and the penalty term and feature
importance threshold were not set.
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Model building and statistical method

The D1 dataset was divided into training set and test set
according to 5:5. The D2,D3,D4 and D5 datasets were used for
external tests. Logistic Regression (LR), as a generalized linear
regression analysis model, is often used in fields such as data
mining, automatic disease diagnosis, and economic forecasting.
The LR model form has w x +b, where w and b are the
parameters to be found. logistic regression corresponds w ‘x +b to
an implicit state p through the function L, p =L(w ‘x +b), and then
the value of the dependent variable is determined based on the size
of p and 1-p. LR estimates the occurrence probability of events
based on the given independent variable dataset. Since the result is a
probability, the range of the dependent variable is between 0 and 1,
which satisfies the binary outcome of this study where the negative
value DM is 1 and the non-dm is 0 (18).

Support Vector Machine(SVM) is a type of generalized linear
classifier that performs binary classification of data in a supervised
learning manner. Its decision boundary is the maximum margin
hyperplane for solving the learning samples. SVM uses hinge loss to
calculate empirical risk and adds a regularization term in the
solution system to optimize structural risk. It is a classifier with
sparsity and robustness. SVM conducts nonlinear classification
through the kernel method and is one of the common kernel
learning methods, which also satisfies the binary outcome of this
study where the negative value DM is 1 and the non-dm is 0 (19).

The models were constructed using the LR/SVM model
construction section of the Darwin research platform(Refer to
https://arxiv.org/pdf/2009.00908v1). In the construction of the LR
model in this study: the elasticnet is selected as the penalty
parameters, with the penalty coefficient C = 1 and the
11_ratio=0.5. In the construction of the SVM model in this study:
the kernel type is selected as rbf. Gamma is set to 1/n_features
(configured as “auto”), and coef=0 for polynomial cores and
sigmoid cores. The penalty coefficient C = 1.

LR and SVM were used to construct the diagnostic model based on
the predict_score constructed by the optimal radiomics features and
the optimal laboratory data: four different diagnostic models were
used, including lung window-laboratory-logistic regression nomogram
(L-Lab-LR), lung window-laboratory-support vector machine (L-Lab-
SVM), soft tissue window-laboratory-logistic regression nomogram (S-
Lab-LR) and soft tissue window-laboratory-support vector machine
(S-Lab-SVM). The optimal penalty coefficient C was found in k-fold
cross validation (K value =10), and the number of penalty coefficients
C was uniformly sampled at log scale[1, 1e6] by default. ROC, AUC,
Accuracy, Sensitivity and Specificity were used to comprehensively
evaluate the diagnostic efficacy of the model.

Receiver operating curve (ROC) refers to the line connecting
each point plotted under specific stimulus conditions, with the false
alarm probability P (y/N) obtained by the subject under different
judgment criteria as the abscissa and the hit probability P (y/SN) as
the ordinate. ROC can help understand the balance between the
sensitivity and specificity of classifiers. The Area under curve
(AUC) is defined as the area enclosed by the ROC curve and the
coordinate axes. Since the ROC curve is generally above the straight
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FIGURE 3

Simple process of data analysis and model construction: First, extract the image features from the CT image. Then, screen out the optimal model
features. Build the model based on the selected optimal features. Finally, evaluate the diagnostic efficacy of the model.

line y=x, the range of AUC values is between 0.5 and 1. The closer
the AUC is to 1.0, the higher the authenticity of the detection
method. When it equals 0.5, its authenticity is the lowest and it has
no application value (20). The simple flow of data analysis and
model construction is shown in Figure 3.

Results

Optimal radiomics features and laboratory
clinical data

D1, D2, D3, D4, and D5 encompassed 20,790, 138, 168, 246, and
180 image data samples (some of which were not identified by the
software during the analysis). Figure 4 presents the importance map
of the optimally selected radiomics features for different sequences
in the D1 group. The most outstanding laboratory data were
clinic_albumin, clinic_fibronectin, and clinic_Lymphocytes2,
respectively. Table 2 presents the basic data and the most
outstanding laboratory data of the DM group and non-DM group
in D1 Center. The median age of the experimental group was 64
years (with an interquartile range of 56-72 years). There were 986
males (approximately 56.02%). The median age of the control group
was 50.5 years (with an interquartile range of 42-56 years). There
were 1067 males (about 62.58%).

Inter-observer and intra-observer reproducibility of Radiomics
feature extraction. Four 2D features of the chest CT soft tissue
window were randomly selected as follows:

MaximumDiameter_ _F_paramsNamel,
original_shape2D_MeshSurface_F_paramsNamel,

Frontiers in Endocrinology

MinorAxisLength_F_paramsName 1, Perimeter_F_paramsNamel.
The intraobserver ICC calculated based on the two measurements
of observer A were: 0.796(95%CI=0.659-0.878), 0.797(95%
CI=0.660-0.879), 0.927(95%CI=0.878-0.957), 0.901(95%CI=0.835-
0.941), and all P <0.001. The inter-observer ICC calculated based on
the measurements of two observers were: 0.812 (95%CI=0.686-
0.888), 0.798 (95%CI= 0.662-0.879), 0.889(95%CI=0.815-0.934),
0.855(95%CI=0.757-0.913), and all P <0.001. This indicates that
the intra-observer and inter-observer feature extraction has
good consistency.

Joint models construction and efficacy
evaluation

Figure 5 elucidates the collinearity between predict_score and
laboratory data of the two sequences. The correlation coefficients
among features are all<0.6, suggesting that there is no collinearity or
weak collinearity among features. The ROC curves of the diagnostic
models trained through the D1 group are presented in Figure 6. The
results of AUC, accuracy, sensitivity, and specificity of the
diagnostic model in group D1 are shown in Table 3. It is evident
that while the single-laboratory clinical model demonstrated good
diagnostic efficacy (AUC = 0.877), more ideal outcomes were
achieved by constructing joint models that incorporated different
imaging data.

Different training of joint models demonstrated very high AUC
values (all > 0.95), indicating that the four training models have
excellent diagnostic efficacy in diagnosing DM. The higher the
sensitivity, the stronger the diagnostic method’s ability to identify
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FIGURE 4

The importance map of the best radiomics features. (A) shows the best clinical feature from the clinic laboratory. (B, C) respectively display the
optimal radiomics features of the pancreas in the lung window and soft tissue window of chest CT. (D, E) respectively present the joint radiomics
features of the pancreas in the lung window and soft tissue window of chest CT.

patients, which can reduce the possibility of missed diagnosis.
The higher the specificity, the stronger the diagnostic method’s
ability to exclude non-patients, which can reduce the possibility of
misdiagnosis. The specificity and sensitivity of single-laboratory
clinical model achieved higher performance after combining the
image data. The S-Lab-LR training model had the highest sensitivity
of 0.9(0.888, 0.911), and the L-Lab-SVM training model had the
highest specificity of 0.96(0.952, 0.967). It is indicated that the S-
Lab-LR training model is better in identifying DM patients. If it is to
reduce misdiagnosis, the L-Lab-SVM training model is better. The
DeLong test was used to compare the AUC of different diagnostic
models. The AUC of L-Lab-SVM_train is significantly better than
that of L-Lab-LR_train (0.964 vs 0.956, Z = 3.113, p < 0.001). The
AUC of S-Lab-SVM_train is significantly better than that of S-Lab-
LR_train (0.969 vs 0.957, Z = 4.835, p < 0.001). The AUC of S-Lab-
SVM_train is significantly better than that of L-Lab-SVM_train
(0.969 vs 0.964, Z = 5.375, p < 0.001). It can roughly be considered
that S-Lab-SVM has the most significant AUC value.

B and C show that the AUC of the joint model constructed by
combining clinical laboratory data with imaging data has been
significantly improved (the AUC of both the training group and the
test group of the joint model is greater than 0.95).
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The calibration curve (Figure 7) showed that the predicted
values of the different joint models were in good agreement with the
actual values. The cluster heatmap (Figure 8) showed significant
differences in predict_score, best laboratory data between DM
patients and normal controls. It indicates that there are indeed
differences in laboratory data and chest CT data between DM
patients and normal subjects. By comparing the clustering results,
real labels and heat maps, it is helpful to control the quality of the
data and intuitively show the difference in the distribution of
characteristics between DM patients and normal controls. On the
basis of the LR model, Nomogram (Figure 9) integrates the
predict_score constructed by the optimal image features with
laboratory features, and uses the line segment with a certain
proportion to draw on the same plane to express the relationship
between variables in the diagnostic model.

D2, D3, D4, D5 external validation groups for model validation: (1)
The AUCs of L-Lab-LR model were 0.844(95%CI=0.734-0.955), 0.752
(95%CI=0.686-0.854), 0.82(95%CI=0.722-0.918) and 0.83 (95%
CI = 0.711-0.949). The results of 1000 Bootstrap resampling: average
sensitivity= 0.77(95%CI=0.734-0.955). (2) The AUCs of L-Lab-SVM
model were 0.846 (95% CI = 0.735-956), 0.754 (95% CI = 0.612-0.868),
0.82 (95% CI = 0.722-0.918) and 0.838 (95% CI = 0.719-0.957). The
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TABLE 2 The demographics in D1 center.

10.3389/fendo.2025.1698247

. " Inter-quartile range Statistically
Factor Mean/ratio Standard/ratio o
(P25%-P75%) significant (p value)
DM 64 13.18 56-72
Age p<0.001
non-DM 50.5 11.03 42-56
DM N=986 (56.02%) /
Sex (males) p<0.001
non-DM N=1067 (62.58%) /
DM 10.41 273 8.10-12.40 p<0.001
HbAlc
non-DM 5.64 0.73 5.40-5.90
DM 8.72 494 6.26-9.34 p<0.001
FBG
non-DM 5.17 1.14 4.74-535
DM 12.84 423 9.92-15.64 p<0.001
OGTT
non-DM 7.22 1.58 5.78-8.48
DM 40.87 4.80 38.5-44.6 p<0.001
Albumin
non-DM 45.18 2.98 43.90 -46.80
DM 318.03 105.99 256-366 p<0.001
Fibronectin
non-DM 437.72 96.15 389-459
DM 26.60 9.70 20.1-33.3 p<0.001
Lymphocytes2
non-DM 32.65 7.97 27.7-37.8

results of 1000 Bootstrap resampling: average sensitivity=0.78(95%
CI=0.747 -0.923). (3) The AUCs of R-Lab-LR models were 0.989
(95% CI = 0.973-1), 0.712 (95% CI = 0.602-0.822), 0.845 (95%
CI = 0.732-0.957) and 0.849(95%CI= 0.726-0.972). The results of
1000 Bootstrap resampling: average sensitivity=0.703(95%CI=0.689-
0.979). (4) The AUCs of R-Lab-SVM model were 0.971(95%CI= 0.936-
1), 0.689(95%CI= 0.577-0.801), 0.852 (95% CI = 0.714-0.967) and
0.804 (95% CI = 0.782-0.926). The results of 1000 Bootstrap
resampling: average sensitivity=0.796(95%CI=0.742-0.988).

Comparison of fasting blood glucose, 2-h
plasma glucose with diagnostic model for
screening DM

According to the criteria of fasting blood glucose diagnosis of
DM (=7 (mmol/L)), 946 cases were positive and 814 cases were
negative in D1 group (false negative rate was about 46.24%).
According to the criteria of 2-h plasma glucose (2-h PG) during a
75-g oral glucose tolerance test (OGTT) diagnosis of DM (>11.1
mmol/L), 1162 cases were positive and 598 cases were negative in
D1 group (false negative rate was about 33.98%). Among 1705 non-
DM patients, 505 were positive and 1200 were negative (false
positive rate was 29.61%). As shown in Table 3, for 5138 samples,
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the number of false negative cases diagnosed by L-Lab-LR_test was
334 (false negative rate was 6.50%), and the number of false positive
cases was 258 (false positive rate was 3.56%). For 5138 samples, the
number of false negative cases diagnosed by L-Lab-SVM_test was
123 (false negative rate was 2.39%), and the number of false positive
cases was 258 (false positive rate was 5.02%). For 5179 samples, the
false negative number of S-Lab-LR_test was 164 (false negative rate
3.17%) and the false positive number was 329 (false positive rate
6.35%). For 5270 cases, the false negative number of S-Lab-
SVM_test diagnosis was 194 (false negative rate was 3.68%), and
the false positive number was 314 (false positive rate was 5.96%).

Discussion

In this study cohort, the false negative rate of screening patients
with diabetes mellitus (DM) based on fasting blood glucose (FBG)
physical examination items was as high as 46.24%, which is a very
striking figure. In other words, if large-scale screening of DM was
carried out based on FBG alone, nearly half of DM patients would
be preliminarily judged as having normal fasting glucose (NFG),
which would cause a large proportion of patients to delay seeking
medical care. As mentioned above, chest CT plain scan is an
important method for routine screening of diseases in medical
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(A, B) are correlation graphs of predict_score and optimal laboratory features of the lung window and the soft tissue window, respectively. The
correlation between different features ranged from 0.09 to 0.56 and from 0.14 to 0.56. This indicates that there is no collinearity or only weak

collinearity between the features.

institutions. If the pancreas data of patients scanned by chest CT
can be fully utilized and combined with laboratory data, the false
negative rate of FBG will be greatly reduced.

In this study, laboratory clinical models and four joint models
based on chest CT pancreatic radiomics features and clinical
laboratory data were developed and validated for DM screening.

To enhance screening for patients with DM, we identified the
optimal laboratory parameters: albumin, fibronectin, and
lymphocytes, as well as key imaging metrics, including 2D
maximal diameter, 2D mesh surface, 2D minor axis length, and
2D perimeter. As clinical data scores increase—with albumin rising

Frontiers in Endocrinology

from -5 to 2, interferon from -5 to 6, and lymphocytes from
approximately -2.8 to 5—the probability of high diabetes mellitus
(DM) risk increases. Similarly, when the integrated predictive score
from imaging data increases from -1 to 4 or -3 to 5, (epending on
whether the L-Lab-LR or S-Lab-LR is used, the likelihood of high
DM risk also increases. This combination of clinical laboratory data
and imaging features offers a comprehensive assessment to
distinguish high-risk DN patients from those without the
condition. The laboratory clinical diagnostic model, serving as the
baseline model, initially demonstrated the good diagnostic efficacy
of the regression model for DM, with an area under the curve

frontiersin.org


https://doi.org/10.3389/fendo.2025.1698247
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Yi et al. 10.3389/fendo0.2025.1698247
A1 1
08 08
206 206
£ =
3 =
5 )
v 04 S 04
w
|
02 «— Clinical train (AUC: 0.877) 02 —— L-C-SVM train (AUC: 0.964)
— Clinical train (AUC: 0.824) —— L-C-SVM test (AUC: 0.965)
e L-C-LR train (AUC: 0.956)
o g — L-C-LR test (AUC: 0.958)
0 02 04 06 038 1 0 02 04 06 08 1
1-Specificity 1-Specificity
1
0.8
06
2
&
=
%)
[ o
@ 04
wv
02 —— S-C-SVM train (AUC: 0.968)
— S-C-SVM test (AUC: 0.969)
—— S-C-LR train (AUC: 0.957)
5 — S-C-LR test (AUC: 0.958)
0 02 04 06 08 1
1-Specificity
FIGURE 6

(A) stands for single-laboratory clinical model. (B, C) are ROC curves of the training set and test set of the four joint diagnostic models (L-Lab-LR
with clinic, L-Lab-SVM with clinic, S-Lab-LR with clinic, and S-Lab-SVM with clinic) trained by D1(medical A), respectively.

TABLE 3 Predictive efficacy of different models.

AUC

Sensitivity

Specificity

Positive predictive

Negative predictive

(95%Cl) (95%Cl) (95%Cl) Accuracy | | -lue (95%Cl) value (95%Cl)
Lab_train 0.877 (0.867, 0.887) 0.75 (0.734, 0.766) 0.903 (0.89, 0.914) 0.82 0.901 (0.888, 0.913) 0.753 (0.736, 0.768)
Lab_test 0.824 (0.812, 0.836) 0.754 (0.738, 0.77) 0.807 (0.79, 0.822) 0.778 0.829 (0.814, 0.843) 0.726 (0.708,0.743)
L-Lab-LR_train 0.956 (0.951, 0.962) 0.862 (0.849, 0.875) 0.943 (0.933, 0.951) 0.902 0.939 (0.929, 0.948) 0.869 (0.856, 0.881)
L-Lab-LR_test 0.958 (0.953, 0.964) 0.872 (0.859, 0.884) 0.928 (0.917, 0.937) 0.899 0.926 (0.914, 0.935) 0.875 (0.862, 0.887)
L-Lab-SVM_train 0.964 (0.959, 0.969) 0.891 (0.879, 0.902) 0.96 (0.952, 0.967) 0.925 0.958 (0.95, 0.966) 0.895 (0.883, 0.906)
L-Lab-SVM_test 0.965 (0.96, 0.97) 0.901 (0.889, 0.912) 0.951 (0.942, 0.959) 0.926 0.95 (0.941, 0.958) 0.903 (0.891, 0.914)
S-Lab-LR_train 0.957 (0.951, 0.962) 0.9 (0.888, 0.911) 0.907 (0.895, 0.918) 0.903 0.909 (0.897, 0.919) 0.898 (0.886, 0.909)
S-Lab-LR_test 0.958 (0.953, 0.964) = 0.875 (0.862, 0.887)  0.935 (0.925, 0.944) = 0.905 0.933 (0.922, 0.942) 0.878 (0.866, 0.89)
S-Lab-SVM_train 0.968 (0.963, 0.972) 0.891 (0.878, 0.902) 0.954 (0.945, 0.961) 0.922 0.952 (0.943, 0.96) 0.894 (0.882, 0.905)
S-Lab-SVM_test 0.969 (0.964, 0.973) 0.881 (0.868, 0.893) 0.959 (0.951, 0.966) 0919 0.957 (0.948, 0.964) 0.886 (0.874, 0.897)
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(A-D) are calibration curves of training sets and test sets of four different diagnostic models, L-Lab-LR, L-Lab-SVM, S-Lab-LR and S-Lab-SVM,
respectively. The closer the fit of the calibration curve of the diagnostic model to the true curve (dashed line), the better the prediction performance.
It can be seen that the L-Lab-LR and S-Lab-LR models have better predictive performance, while the L-Lab-SVM and S-Lab-SVM models have

slightly poorer predictive performance.

(AUC) of 0.877 (95% CI = 0.867-0.887). Although its specificity
reached 0.903, its sensitivity was only 0.75, indicating that it was still
prone to missed diagnoses when diagnosing DM. The results
indicate that after the image data were combined, the joint
models not only exhibited excellent diagnostic performance in the
test group of the development center but also showed good
diagnostic performance in other validation centers. The S-Lab-LR
training model exhibited the highest sensitivity of 0.9 (95%
CI = 0.888-0.911), which would greatly reduce the chance of
missed diagnoses. Additionally, the L-Lab-SVM training model
had the highest specificity of 0.96 (95% CI = 0.952-0.967).

Wang (21) et al, have pointed out that in type 2 diabetes, an
imbalance between T helper cell 17 (Th17) and regulatory T cells
(Treg) has been observed. In simple terms, Th17 cells act like
“accelerators”, promoting inflammation as Treg cells act like
“brakes”, suppressing immune responses to maintain tolerance. In
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conditions of type 2 diabetes and obesity, it is common for the
“accelerator” Th17 to be overly active while the “brake” Treg to be
inadequately functioning. This imbalance leads to chronic
inflammation in tissues and throughout the body, which in turn
exacerbates insulin resistance and damage to B -cell function. In
type 1 diabetes, the role of lymphocytes is more direct: cytotoxic
CD8+ T lymphocytes and other immune cells are activated,
specifically recognizing and attacking pancreatic B cells that
secrete insulin, resulting in absolute insulin deficiency. This
makes lymphocytes and their specific responses the core of the
pathogenesis of type 1 diabetes and a hot topic in biomarker
research. Fibrinogen (FIB) is a glycoprotein synthesized by the
liver and is an important component involved in blood coagulation
and hemostasis functions. Previous studies have found that FIB is
elevated in inflammatory diseases and is also involved in regulating
tissue inflammatory responses (22, 23). In patients with type 2

frontiersin.org


https://doi.org/10.3389/fendo.2025.1698247
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

10.3389/fendo.2025.1698247

Yi et al.
feature class class label
e predict S 9
s clinic I -
I L0 T class label
15
1.0
0.5
0.0 é
- -0.5
--1.0
] I | | --1.8
--2.0
feature class .— class label
W predict 0
e clinie -
class label
g
@ 1
2 samples
H
K
FIGURE 8
Cluster heatmap [(A, B) show CT lung window-laboratory characteristics and CT soft tissue window-laboratory characteristics respectively] uses different
colors to reflect the value of each one-dimensional feature (row) of the sample (column). The top color bar expresses the true class of the samples, the
left color bar expresses the class of the features, and the dendrogram shows the results of the hierarchical clustering. (1=DM, O=non-DM).

diabetes, a chronic low-grade inflammatory state stimulates
fibrinogen production, leading to an increase in fibrinogen levels
in the blood (24). albumin (ALB) plays a crucial role in human
plasma. It is the core protein synthesized and secreted by liver cells.
It not only provides nutrition and maintains osmotic pressure, but

Frontiers in Endocrinology

also serves as an acute negative phase reactant of inflammation.
Research has found that ALB may accelerate the progression of
chronic vascular complications related to diabetes through its
antioxidant, anti-inflammatory and anticoagulant effects (25).
Fibrinogen and albumin, as two indicators that change in
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(A, B) are nomograms constructed by L-Lab-LR and S-Lab-LR diagnostic models, respectively. L-Lab-LR Rad Score = -1.964Xclinic_fibronectin
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-1.649xclinic_albumin +0.745xpredict_score -0.741xclinic_Lymphocytes2 + 0.393.

opposite directions, their combination amplifies inflammatory
signals in the body.

With the development of radiomics, radiomics features allow the
relationship between pancreas and DM to be further explained (11-
13). However, previous studies mainly used abdominal CT, which is
difficult to achieve large-scale screening in routine physical
examination projects. In recent years, Kun (10) et al. conducted a
large-scale study using pure clinical data to fully explore the
predictive value of clinical data for the risk of DM in the
population and showed good predictive efficiency. This study
combined laboratory data and imaging data to construct a variety
of diagnostic models for early and accurate screening of DM patients.
Similar to Kun (10) et al. s study, this study starts from physical
examination data and strives to build a diagnostic model that can
screen DM patients early and accurately based on physical
examination data. In contrast, Kun (10) et al. ‘s study incorporated
height, weight, BMI, age and gender into the model construction,
while the original intention of this study was to use simple laboratory
data and collect the number of DM patients and normal controls in a
balanced manner, so as to avoid the situation that the number of
normal controls was much larger than that of DM patients.

At the same time, this study combined the plain CT scan data of
the physical examination, and made full use of the radiomics
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features of the pancreas and the laboratory data of the physical
examination to construct a diagnostic model. Compared with FBG
(false negative rate 46.24%), the false negative rate of the diagnostic
model in this study was only 3.17%-6.50%, and the accuracy was
as high as 0.899-0.926. It is suggested that if the chest CT scan data
and laboratory data are fully used, DM patients can be screened
more accurately. Multi-center validation was also performed in
this study, and the validation AUCs were > 0.8 for all centers except
D3 dataset. The chance of the results from a single center was
avoided, which further demonstrates that the diagnostic model
constructed in this study is reliable and has the hope to achieve
universal promotion.

Several imaging studies have found that fatty pancreas is
associated with insulin resistance and B-cell dysfunction (26).
These findings by Costabile (26) et al. suggest that pancreatic
lipid content may contribute to beta-cell dysfunction and
potentially to the subsequent development of type 2 diabetes in
susceptible individuals. There are also studies that have found,
conversely, that the fat content of the pancreas is not associated with
DM or insulin resistance (27). High pancreatic fat content does not
necessarily seem to be associated with insulin resistance and B-cell
dysfunction. Studies have shown that obesity only acts as a risk
factor for fatty pancreas, and obesity increases the risk of fatty
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pancreas (28). At the same time, a large number of non-obese
people suffer from DM (29). Lu (11) et al. proposed that some
structural changes reflected by pancreatic radiomics features in DM
patients may also be independent of fatty infiltration, and radiomics
features may become possible biomarkers for new-onset DM in
normal-weight individuals. In the present study, many patients with
DM were of normal weight, and the sex ratio was also balanced.
Therefore, we manually excluded non-laboratory indicators such as
height, weight, and BMI from the physical examination items.

To the best of our knowledge, this is the first study to construct
a DM screening model by combining pancreatic features of plain
chest CT with laboratory data. Lu (11) et al. constructed three
radiomics features based on abdominal CT scans using CT image
features extracted from three regions of interest (i.e., the pancreas,
liver, and psoas major muscle). By combining radiomics features
and other markers, a radiomics nomogram was constructed for
screening early diabetes and predicting future diabetes. Jang (13)
et al. proposed based on abdominal CT scans that computerized 3D
CT texture analysis of the pancreas might be helpful in predicting
diabetes. Higher variance, sphericity, GLCM entropy and lower
GLCM contrast are important predictive factors for diabetes. The
similarity between this study and the previous two is that the target
organ studied is the pancreas. The difference lies in that this study
was based on chest CT scans. As mentioned earlier, chest CT has
become a routine item in current daily physical examinations.
Compared with abdominal CT, chest CT is used more frequently
in routine physical examinations and has extremely high potential
for promotion. This study innovatively adopted the pancreatic
texture features in plain chest CT scans and combined them with
key laboratory data. Compared with the results of Lu (11) and Jang
(13) et al,, it has higher AUC, sensitivity and specificity. Different
radiomics features can describe or reflect different information. For
example, order features can quantitatively describe the distribution
of voxels in an image. The characteristics of gray level co-
occurrence matrix can reflect the homogeneity and heterogeneity
of lesions. The features of gray-scale run-length matrix can reflect
the directionality and roughness of image texture (30). The specific
condition of this study was to obtain the pancreatic radiomics
features from the chest CT scan, so that the diagnostic model could
be constructed by routine physical examination, without the need
for additional abdominal CT, which ensured the efficient utilization
of medical resources.

This study has the following limitations. Firstly, due to the
limitation of the software processing platform, it was not possible to
process a larger sample in this study. However, in this study, the
model was trained and tested based on 3587 cases in D1 center. The
pancreatic radiomics features of lung window and soft tissue
window of each DM patient and normal control were obtained,
which reached tens of thousands of samples, and the data were
enriched and reliable. Second, although this study was conducted in
multiple centers, CT scanners and related parameters could not be
unified. The lower AUC of the D3 validation data may be due to the
use of CT scanners from different manufacturers. It is also not
possible to test the consistency of CT scanners across different
institutions, since it is difficult to obtain CT scans from five
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institutions for the same patient. Furthermore, the external
validation data for D2-D5 is relatively small. However, this study
conducted external validation from four new centers, and the
validation results were different, indicating that the results are
reliable. To achieve the generalization ability of the model, a
larger external validation set is needed for verification, which will
also become the focus of future research. It needs to be emphasized
that the DM group in D1 was significantly older than the non-DM
group. Given that age is a well-established, strong risk factor for
metabolic diseases, this imbalance represents a potential source of
confounding. It is important to clarify that our primary aim was to
evaluate the intrinsic predictive capability of the chest CT and
laboratory data themselves, independent of age. Consequently, we
deliberately constructed our model without including age to test this
specific hypothesis. While this choice allows for a clear
interpretation of the biomarker’s standalone value, it limits the
model’s utility for absolute risk estimation in a clinical setting.
Future studies aimed at developing a comprehensive clinical
prediction tool should unequivocally incorporate age, along with
other established risk factors, to maximize predictive accuracy. In
this study, only cross-sectional CT images of the pancreas were
selected for analysis, and the whole pancreas was not covered, that
is, only 2D analysis was performed. However, NG et al. (31) showed
that texture analysis of the maximum cross-sectional area can be
used as an alternative to overall texture analysis when performing
radiomics analysis. Of course, whether 3D pancreatic texture
analysis can further improve the accuracy of diagnostic models is
a direction of future research. As the data is only standardized and
normalized, there may be data deviations. Moreover, this study only
distinguished normal controls from diabetic patients and did not
conduct further in-depth research such as the classification of
diabetes. Correspondingly, the model constructed in this study
should not be applied to predictions in other fields. In this study,
a diagnostic model was established by integrating clinical laboratory
data and two - dimensional features of plain chest CT scans.
Regarding the screening of DM, it not only demonstrates high
diagnostic efficacy but also significantly reduces the false - negative
rate of traditional methods, which can aid in the early detection and
diagnosis of DM in clinical practice. The machine learning models
were selected based on their suitability for clinical translation,
particularly emphasizing interpretability and robustness to
overfitting given the sample size. Logistic Regression was chosen
for its ability to provide transparent, quantifiable feature coefficients
and probabilistic outputs. Support Vector Machine with a linear
kernel was selected for its strong theoretical grounding in
maximizing the generalization margin. Both models are well-
established in medical informatics for high-dimensional, limited-
sample data, providing a strong baseline for evaluating the
predictive power of our feature set. This research pertains to the
field of machine learning and does not involve in - depth
exploration of deep learning and related network models. With
the advancement of deep learning, this should become the focal
point of future research. The combined diagnostic model
constructed in this study was based on clinical laboratory data
and the features of chest CT imaging, where the clinical data
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encompassed invasive examinations. Future research should
concentrate on iterating machine learning, integrating deep
learning and other technologies to attempt to achieve non -
invasive screening of DM.

It should be noted that the four combined models constructed
in this study all demonstrated extremely outstanding diagnostic
performance (AUC consistently exceeded 0.95 in most cases),
indicating that they have a very high ability to distinguish
between diabetic patients and non-diabetic patients. This means
that the method of this study can identify patients with extremely
high accuracy, especially those who may not be diagnosed by
traditional methods alone. Therefore, the joint model strategy
proposed in this study is not intended to replace the existing
methods, but to provide a powerful supplement to them. It is like
adding a “highly sensitive” safety net to the existing screening
system, which can greatly reduce the rate of clinical missed
diagnosis and ensure that more high-risk groups are detected and
intervened in time at the early stage of the disease. This strategy that
combines the macroscopic morphological information of radiomics
with the microscopic biochemical indicators of the laboratory has
opened up a new dimension for the early diagnosis of diabetes and
demonstrated great potential and value for clinical transformation.
The results of this study indicate that the secondary utilization of
conventional chest CT scans for diabetes detection is anticipated to
enhance public health and cost-effectiveness: This method can
make secondary use of the chest CT pancreatic data from the
physical examination items of the examinee, which not only greatly
reduces the false negative rate of DM screening, but also fully
utilizes medical resources and reduces medical costs.

Conclusion

In this study, the diagnostic models established based on a
large-scale sample of physical chest CT pancreatic radiomics
features and laboratory data exhibit high accuracy in diagnosing
patients with DM. These models have significantly decreased the
false-negative rate of traditional methods and are both feasible and
reliable for the preliminary screening of DM patients. This
approach has been demonstrated to be superior in identifying
individuals with DM, which will contribute to the early diagnosis
of DM patients who may have been missed.
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