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Background: To explore the feasibility of a combined model integrating radiomics
and clinical-semantic features for differentiating pulmonary tuberculosis (PTB)
from non-tuberculous solid lung lesions on contrast-enhanced CT.

Methods: In this study, 900 patients enrolled before October 2016 were ran-
domly partitioned into training and internal validation sets at a 3:1 ratio, while
those recruited between October 2016 and October 2017 formed an indepen-
dent temporal validation set. Clinical-semantic features were selected through
univariate analysis followed by multivariate analysis, while predictive radiomics
features were identified using analysis of variance, Spearman correlation analysis,
least absolute shrinkage and selection operator regression. Binary logistic regres-
sion was then used to construct the clinical-semantic, radiomics, and combined
models. Model performance was evaluated using average precision (AP) derived
from the precision-recall curve, and differences between models were assessed
using bootstrap resampling. Clinical utility was assessed using decision curve
analysis.

Results: Following feature selection, two clinical-semantic and three radiomics
features were incorporated into the combined model. This model achieved APs
of 0.91, 0.85, and 0.62 in the training, internal validation, and temporal validation
sets, respectively, outperforming the clinical-semantic model, which yielded APs
of 0.64, 0.61, and 041 (p < 0.001, p < 0.001, and p = 0.006). The radiomics model
also outperformed the clinical-semantic model across the three sets with APs of
0.88, 0.82, and 0.45. Decision curve analysis showed that the combined model
can provide good net benefit across varying threshold probabilities.
Conclusion: By integrating clinical-semantic and radiomics features, the com-
bined model enables accurate differentiation between PTB and non-tuberculous
solid lung lesions, potentially facilitating non-invasive diagnosis and personalized
treatment planning.
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1 Introduction

Tuberculosis remains a global health burden, ranking among the
top infectious causes of morbidity and mortality worldwide (1). As a
highly contagious airborne disease, tuberculosis poses a serious threat
of community spread, highlighting the importance of early diagnosis
and timely intervention to disrupt the transmission chain. Pulmonary
tuberculosis (PTB) is the most common form and frequently present
as solid nodules or masses on imaging (2). However, such radiologic
appearances are not specific to PTB. In clinical settings, solid pulmo-
nary lesions are also observed in a range of non-tuberculous condi-
tions, including primary lung cancers, as well as benign or
inflammatory diseases such as inflammatory pseudotumors. The over-
lapping imaging features between PTB and these non-tuberculous
entities create a diagnostic dilemma. Such a difficulty in differentiation
can lead to important clinical consequences, as the underlying causes
require fundamentally different management strategies. For instance,
PTB is typically treated with prolonged courses of anti-tuberculous
medications and supported by public health measures to limit trans-
mission (3). In contrast, solid lesions caused by malignancies or
inflammatory conditions often require surgical intervention, immu-
nomodulatory treatment, or cancer-specific therapies. Failure to dis-
tinguish PTB from other conditions may result in delayed or
inappropriate treatment, unnecessary invasive procedures, and
increased risk of disease transmission.

Current approaches for diagnosing PTB rely primarily on micro-
biological and histopathological evaluation. Sputum smear micros-
copy and mycobacterium tuberculosis culture remain the mainstay for
bacteriological confirmation (4). Although culture is considered the
gold standard, it is time-consuming and often yields false negatives in
cases with low bacillary load. Invasive procedures such as CT-guided
percutaneous needle biopsy can provide histopathological evidence
and help rule out malignancy or other differential diagnoses, yet these
methods are associated with procedural risks such as bleeding and
pneumothorax (5). As a non-invasive modality, contrast-enhanced CT
is widely used to evaluate pulmonary lesions, providing information
on lesion morphology and additional enhancement patterns com-
pared to non-contrast CT (6-8). However, PTB lesions that present as
solid nodules or masses frequently overlap in appearance with malig-
nant tumors or benign inflammatory conditions. The diagnostic ambi-
guity underscores the need for more objective and accurate
imaging-based tools to support clinical decision-making.

Radiomics has emerged as a promising approach for extracting
quantitative features from standard medical images, transforming
visual information into objective imaging biomarkers (9, 10). By
enabling detailed characterization of pulmonary lesions, radiomics
has shown encouraging results in differentiating malignant from
benign nodules, identifying tumor subtypes, predicting treatment
response and prognosis (11-18). In addition to oncologic applications,
researchers have also explored the use of radiomics on contrast-
enhanced CT scans in the identification of PTB. For example, the
study of Yang et al. showed radiomics was able to distinguish PTB
from lung adenocarcinoma, while Zhao et al. found radiomics to be
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useful in distinguishing PTB from non-neoplastic inflammatory con-
ditions such as organizing pneumonia and fungal infections (19, 20).
However, previous studies mainly focused on specific comparison
groups and were therefore limited in their clinical scope. In routine
clinical practice, pulmonary tuberculosis may present as a solid lung
lesion that closely resembles a wide spectrum of non-tuberculous con-
ditions, including both benign and malignant tumors, making accu-
rate differential diagnosis challenging. To date, the feasibility of
radiomics for differentiating PTB from a broad range of non-tubercu-
lous solid lung lesions, including both benign and malignant tumors,
has not been investigated.

To address this gap, this study aims to develop and validate a
radiomics model based on contrast-enhanced CT for distinguishing
PTB from non-tuberculous solid lung lesions, and to determine
whether combining radiomic and clinical-semantic features enhances
diagnostic performance.

2 Materials and methods
2.1 Study patients

This retrospective study was performed in accordance with the
Declaration of Helsinki and approved by the Institutional Review
Board and Ethical Committee of Tianjin Medical University Cancer
Institute and Hospital. Data from 924 patients were retrospectively
collected between April 2012 and October 2017. The dataset is private
due to patient confidentiality and institutional data-sharing policies.
The inclusion criteria were as follows: (a) patients had a primary soli-
tary solid lung lesion with a diameter >8 mm on CT images; (b)
patients underwent preoperative contrast-enhanced chest CT exami-
nations; and (c) patients had available postoperative pathological
results. The exclusion criteria were: (a) poor-quality CT images; (b)
absence of CT images; (c) receipt of preoperative therapy; (d) incom-
plete clinical data or ambiguous pathological diagnosis; and (e) a his-
tory of other malignant tumors.

2.2 Pathological evaluation

Two pathologists independently assessed the pathological speci-
mens using the fifth edition of the WHO Classification of Thoracic
Tumors (21), with any discrepancies resolved through discussion.
Based on this classification, the histologic types of lung lesions
included tuberculosis, adenocarcinoma, squamous cell carcinoma,
large cell carcinoma, pulmonary hamartoma, sclerosing hemangioma,
and inflammatory pseudotumor. These types were stratified into pul-
monary tuberculosis and non-tuberculosis solid lung lesions.

2.3 Radiomics features from segmented
tumors

Tumor segmentation was performed semi-automatically using the
3D Slicer software (version 5.6.2) by two experienced radiologists.
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Following the initial segmentation, the results were reviewed and
manually adjusted on contrast-enhanced CT images by a senior radi-
ologist to ensure accuracy. Before radiomics feature extraction, all CT
data was resampled to 1 x 1 x 1 mm voxel size to ensure consistent
spatial resolution. Radiomics features were then extracted using
PyRadiomics version 3.0.1 from both the original images and a series
of transformed images processed with wavelet, Laplacian of Gaussian,
gradient, logarithmic, square, square root, exponential, two-dimen-
sional and three-dimensional local binary pattern filters. The extracted
1834 features encompassed first-order statistics, shape descriptors,
and various texture matrices, including the gray level co-occurrence
matrix, gray level run length matrix, gray level size zone matrix, gray
level dependence matrix, and neighboring gray tone difference matrix.
A fixed bin width of 25 HU was applied for grey-level discretization
to ensure consistency in texture feature extraction across scans. To
evaluate feature robustness, a random sample of 50 cases was selected
for reproducibility testing using the intraclass correlation coefficient.
One month later, the same subset was independently re-segmented by
both radiologists to assess intra- and inter-observer consistency.
Features with an intraclass correlation coefficient (ICC) above 0.75
were deemed reliable and retained for further analysis.

2.4 CT examination and clinical-semantic
features

Chest CT scans were performed using Discovery CT750HD,
LightSpeed 16, and Somatom Sensation 64 CT devices. The scanning
range was from the lung apex to below the diaphragm. The tube volt-
age was 120 kV; and the tube current was automatically adjusted. The
reconstruction thickness was 1.25 mm with a spacing of 0.984 mm in
GE CT systems, whereas the reconstruction thickness was 1.5 mm
with a spacing of 0.95 mm for Siemens CT devices.

CT characteristics of lung lesions were independently evaluated
and measured by two senior thoracic radiologists with 11 and 16 years
of clinical experience in chest imaging, respectively. The radiologists
were blinded to both the pathological diagnosis and the study objec-
tive. In cases of disagreement, final decisions were made through dis-
cussion and consensus by the radiologists. A total of two clinical
features and fourteen semantic imaging features were included in the
analysis. These features included age, sex, lesion location, long-axis
diameter, short-axis diameter, shape, calcification, necrosis, cavitation,
air bronchograms, pleural indentation, vascular invasion, postob-
structive pneumonia, satellite nodules, pleural effusion and lymph
node enlargement.

2.5 Model development

In this study, we developed three models which include radiomics,
clinical-semantic, and combined models for the differentiation of PTB
from non-tuberculous lung solid lesions.

Prior to model construction, all radiomic features were standard-
ized using Z-score normalization to reduce bias arising from differ-
ences in feature scales. The mean and standard deviation for each
feature were calculated exclusively from the training set and subse-
quently applied to normalize the training and validation sets, thereby
preventing information leakage during model development. The fea-
ture selection process was conducted in four consecutive stages.
Initially, features with an intraclass correlation coefficient below 0.75
were discarded to ensure measurement consistency. Next, one-way
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analysis of variance (ANOVA) was employed to eliminate features
lacking statistical relevance to the clinical outcome, applying a thresh-
old of 0.1. In the third step, Spearman correlation analysis was per-
formed to identify redundant features. For any pair of features with a
correlation coefficient greater than 0.7, the one with less clinical or
statistical relevance was removed to avoid multicollinearity. Finally,
the least absolute shrinkage and selection operator (LASSO) regres-
sion with ten-fold cross-validation was implemented to identify the
most informative features for model construction. The final binary
logistic regression model with backward selection was trained with
class-weight balancing to mitigate the effect of sample imbalance. In
the class-weight balancing strategy, the weight assigned to each class
is inversely proportional to its frequency in the training data. This
increases the penalty for misclassifying the minority class and helps
mitigate the bias toward the majority class during model training. To
ensure model integrity and prevent data leakage, all feature selection
steps including ANOVA, Spearman correlation, and LASSO were per-
formed strictly and exclusively on the training set.

To develop the clinical-semantic model, logistic regression was
also employed. Initially, univariate analysis was performed to identify
potential predictors, with variables showing a p-value less than 0.1
considered for further evaluation. These candidates were then entered
into a multivariate logistic regression model with backward likelihood
ratio selection and class weighting to identify independent predictors
and finalize the model.

After developing separate models based on radiomics and clinical-
semantic features, we constructed a combined model for PTB predic-
tion. Specifically, the optimal features from the final radiomics and
clinical-semantic models were combined into a single feature set and
used for logistic regression modeling with backward elimination. To
mitigate the impact of sample imbalance, the class-weight balancing
strategy was also applied during model development. Based on the
final logistic regression model, a nomogram was constructed to pro-
vide an individualized estimate of the probability of PTB.

2.6 Statistical analysis

Statistical analyses were conducted using Python (version 3.10.11)
and R (version 4.4.2). Radiomics features were extracted using
PyRadiomics (version 3.0.1). Categorical variables were summarized
as counts and percentages, whereas continuous variables were
expressed as means with corresponding standard deviations. Group
comparisons between PTB and non-tuberculosis cohorts were per-
formed using the chi-square test for categorical variables (22). For
continuous variables, either the independent-samples t-test or the
Wilcoxon rank-sum test was employed, based on the distribution
characteristics of the data (23). Model performance was evaluated
using average precision (AP), the area under the receiver operating
characteristic curve (AUC), sensitivity, specificity, positive predictive
value (PPV), negative predictive value (NPV), F1 score and balanced
accuracy. The optimal cutoff probability was determined by the maxi-
mum Youden index on the training set’s receiver operating character-
istic curve. Once determined, the optimal cutoff was fixed and applied
unchanged to the internal and temporal validation sets to calculate
performance metrics, ensuring that the evaluation remained indepen-
dent and free from information leakage. Differences in AP between
models were evaluated using bootstrap resampling. AUC values were
reported with 95% confidence intervals on training and internal vali-
dation sets. Statistical differences in AUC between models were
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examined using the DeLong test (24). Decision curve analysis was
performed to assess the clinical utility of the models by quantifying
the net benefit across a range of threshold probabilities. The Hosmer-
Lemeshow test was used to evaluate the goodness-of-fit of the logistic
regression models by comparing the predicted probabilities with the
observed outcomes across deciles of risk (25). A two-tailed
p-value < 0.05 was considered indicative of statistical significance. To
provide a more rigorous validation, we also incorporated the Brier
score, calibration slope, and calibration intercept for all sets. For
model interpretability, the Shapley Additive Explanations (SHAP)
method was used to determine the relative importance of individual
radiomic features, offering a visual understanding of how each feature
contributed to the prediction outcomes (26). The CLEAR and
METRICS checklists are provided as Supplementary material, and the
manuscript has been written with reference to the RQS 2.0 tool to
enhance transparency and reporting quality (27-29).

3 Results
3.1 Patient information

After excluding patients with a history of cancer, preoperative
therapy, poor image quality, absence of CT images, or incomplete
clinicopathological information, a total of 900 patients were enrolled
in the study. The patient selection process is illustrated in Figure 1.
Among the 900 patients, those enrolled before October 2016 were
randomly divided into training and internal validation sets at a 3:1
ratio, while those recruited between October 2016 and October 2017
served as the temporal validation set. Across the three sets, PTB

10.3389/fmed.2026.1754750

patients were generally younger than non-tuberculosis patients, with
mean ages of 52.88 + 9.74, 55.91 + 10.90, and 53.42 + 8.72, compared
t0 57.75 + 9.35, 56.27 + 8.18, and 59.24 + 8.29 in the non-PTB groups.
The majority of PTB patients were female, accounting for 69.9, 56.5,
and 61.5% of the training, internal validation, and temporal validation
sets, respectively. Peripheral lesions were the predominant location in
both PTB and non-tuberculosis groups. Compared with non-tuber-
culosis lesions, PTB lesions were smaller in size, with both long- and
short-axis diameters showing consistent differences across the two
groups (all p < 0.05). Furthermore, PTB lesions were more frequently
associated with the absence of necrosis, lack of vascular invasion and
lack of lymph node enlargement. Detailed patient characteristics of
PTB and non-tuberculosis cases for sets are summarized in Table 1.

3.2 Feature selection

In the repeatability analysis, 1,522 radiomic features showed good
intra- and inter-observer reliability with ICC values exceeding 0.75
and were retained for further analysis. These features were then sub-
jected to a multi-step feature selection pipeline, in which a combina-
tion of ANOVA, Spearman correlation analysis, LASSO and binary
logistic regression was applied, resulting in seven predictive radiomic
The included 1bp-2D_glrlm_
ShortRunLowGrayLevelEmphasis, log-sigma-1-0-mm-3D_firstorder_

features. identified features
RootMeanSquared, wavelet-HHH_glcm_Correlation, log-sigma-1-0-
mm-3D_glszm_SizeZoneNonUniformityNormalized, wavelet-
HLH_firstorder_Mean, logarithm_gldm_DependenceNonUniformity
Normalized, and original_shape_Flatness For the selection of clinical-
semantic features, univariable analysis initially identified the following
variables as potentially predictive for PTB assessment including satel-
lite nodules, short diameter, age, long diameter, postobstructive

Patients with solid lung lesions between April 2012 and
October 2017 (N=924)

Exclusion

poor-quality CT images (N=2)

absence of CT images (N=3)

receipt of preoperative therapy (N=10)

incomplete clinical data or ambiguous pathological
diagnosis (N=6)

a history of other malignant tumors (N=3)

Before October 2016 | After October 2016
3:1 ratio
Training set Internal validation set Temporal validation set

PTB (N= 83)
non-TB (N=391)

PTB (N=23)
non-TB (N=136)

PTB (N=26)
non-TB (N=241)

FIGURE 1

interpretability.

Shape, texture, clinical and

Patient selection process and study workflow. PTB represents the pulmonary tuberculosis group, and non-TB represents the group with non-
tuberculous solid lung lesions. After feature extraction and selection, models were constructed using logistic regression. The areas under the receiver
operating characteristic and precision-recall curves were used for model evaluation, and SHapley additive explanations was applied to enhance model

Radi clinical- ic bined models

-1

Spearman correlation
analysis,
least absolute shrinkage
and selection operator,
logistic regression

¥

first-order statistics,

semantic features

Model interpretation Model evaluation

SHAP Feature Importance
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TABLE 1 Clinical-semantic features of patients in the training, internal validation and temporal validation sets.

Clinical- Training set (n = 474) Internal validation set (n = 159) Temporal validation set
semantic (n = 267)
features
Non-TB PTB Non-TB PTB p Non-TB PTB p-
(n=391) (n=283) (n =136) (n = 23) value (n=241) (n=26) value
Age (years) 57.75 +9.35 52.88 £9.74 <0.001 56.27 + 8.18 55.91 + 10.90 0.854 59.24 + 8.29 53.42+8.72 0.001
Sex 0.028 1.000 0.668

Male 169 (43.2%) 25 (30.1%) 60 (44.1%) 10 (43.5%) 82 (34.0%) 10 (38.5%)

Female 222 (56.8%) 58 (69.9%) 76 (55.9%) 13 (56.5%) 159 (66.0%) 16 (61.5%)

Lesion location 0.028 0.046 0.007

Peripheral 346 (88.5%) 80 (96.4%) 114 (83.8%) 23 (100.0%) 176 (73.0%) 25 (96.2%)

Central 45 (11.5%) 3 (3.6%) 22 (16.2%) 0 (0.0%) 65 (27.0%) 1(3.8%)

Long-axis 30.95+14.92 | 23944997 | <0001 | 32.18+1601 | 22.13%10.07 0.004 3049+ 1556 | 21.04+7.89 0.003
diameter (mm)
Short-axis 24341179 | 1795+6.68 | <0.001 | 253941216 | 1674+7.05 0.001 | 23.84x1271 | 1585628 | 0.002
diameter (mm)
Shape 0.226 0.116 1.000

Round 210 (53.7%) 38 (45.8%) 73 (53.7%) 8 (34.8%) 118 (49.0%) 13 (50.0%)

Irregular 181 (46.3%) 45 (54.2%) 63 (46.3%) 15 (65.2%) 123 (51.0%) 13 (50.0%)
Calcification 0.033 0.549 0.478

No 335 (85.7%) 63 (75.9%) 114 (83.8%) 18 (78.3%) 221 (91.7%) 23 (88.5%)

Yes 56 (14.3%) 20 (24.1%) 22 (16.2%) 5(21.7%) 20 (8.3%) 3 (11.5%)

Necrosis 0.023 0.169 0.011

No 329 (84.1%) 78 (94.0%) 106 (77.9%) 21 (91.3%) 195 (80.9%) 26 (100.0%)

Yes 62 (15.9%) 5 (6.0%) 30 (22.1%) 2 (8.7%) 46 (19.1%) 0 (0.0%)

Cavitation 0.014 0.511 1.000

No 334 (85.4%) 61 (73.5%) 119 (87.5%) 19 (82.6%) 198 (82.2%) 22 (84.6%)

Yes 57 (14.6%) 22 (26.5%) 17 (12.5%) 4 (17.4%) 43 (17.8%) 4 (15.4%)

Air 0.873 0.770 <0.001
bronchograms

No 324 (82.9%) 68 (81.9%) 110 (80.9%) 20 (87.0%) 161 (66.8%) 26 (100.0%)

Yes 67 (17.1%) 15 (18.1%) 26 (19.1%) 3 (13.0%) 80 (33.2%) 0 (0.0%)

Pleural 0.894 0.338 0.008
indentation

No 113 (28.9%) 23 (27.7%) 45 (33.1%) 5(21.7%) 91 (37.8%) 3 (11.5%)

Yes 278 (71.1%) 60 (72.3%) 91 (66.9%) 18 (78.3%) 150 (62.2%) 23 (88.5%)

Vascular 0.004 0.533 0.056
invasion

No 311 (79.5%) 77 (92.8%) 115 (84.6%) 21 (91.3%) 207 (85.9%) 26 (100.0%)

Yes 80 (20.5%) 6(7.2%) 21 (15.4%) 2 (8.7%) 34 (14.1%) 0 (0.0%)
Postobstructive <0.001 0.003 0.078
pneumonia

No 288 (73.7%) 76 (91.6%) 88 (64.7%) 22 (95.7%) 165 (68.5%) 13 (50.0%)

Yes 103 (26.3%) 7 (8.4%) 48 (35.3%) 1(4.3%) 76 (31.5%) 13 (50.0%)

Satellite nodules <0.001 <0.001 <0.001

No 389 (99.5%) 44 (53.0%) 133 (97.8%) 11 (47.8%) 236 (97.9%) 15 (57.7%)

Yes 2 (0.5%) 39 (47.0%) 3(2.2%) 12 (52.2%) 5(2.1%) 11 (42.3%)

Pleural effusion 0.634 0.604 1.000
(Continued)

Frontiers in Medicine 05 frontiersin.org


https://doi.org/10.3389/fmed.2026.1754750
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org

Zheng et al.

TABLE 1 (Continued)

Clinical-
semantic
features

Training set (n = 474)

Non-TB
(n = 391)

PTB p
(n=83) value

Internal validation set (n = 159)

Non-TB
(n = 136)

10.3389/fmed.2026.1754750

Temporal validation set
(n = 267)

Non-TB
(n =241)

]
(n = 26)

PTB p
(n=23) value

p_
value

No 385 (98.5%) 81 (97.6%) 128 (94.1%) 23 (100.0%) 236 (97.9%) 26 (100.0%)

Yes 6 (1.5%) 2(2.4%) 8(5.9%) 0(0.0%) 5(2.1%) 0(0.0%)
Lymph node 0.008 0.169 0.275
enlargement

No 309 (79.0%) 76 (91.6%) 106 (77.9%) 21 (91.3%) 196 (81.3%) 24 (92.3%)

Yes 82 (21.0%) 7 (8.4%) 30 (22.1%) 2 (8.7%) 45 (18.7%) 2(7.7%)

The PTB group refers to patients with pulmonary tuberculosis, while the non-TB group refers to those with non-tuberculous solid lung lesions.

pneumonia, vascular invasion, cavitation, lymph nodes, necrosis, sex,
calcification and lesion location. After performing multivariate logistic
regression analysis, seven clinical-semantic features were found to be
statistically significant in predicting PTB. These included lesion loca-
tion, calcification, vascular invasion, postobstructive pneumonia, sat-
ellite nodules, lymph nodes, and sex. Detailed results of the univariable
and multivariable analyses are presented in Table 2. To construct the
combined model, features selected from both the clinical-semantic
and radiomics models were further refined. A final set of five features
identified, including logarithm_gldm_DependenceNon
UniformityNormalized, log-sigma-1-0-mm-3D_firstorder_RootMean
Squared, vascular invasion, satellite nodules and Ibp-2D_glrlm_
ShortRunLowGrayLevelEmphasis. Based on the final logistic regres-
sion model, a nomogram for predicting the probability of PTB was
constructed, as shown in Supplementary Figure S1.

was

3.3 Model performance

The combined model yielded the highest APs across the training,
internal validation, and temporal validation sets (0.91, 0.85, and 0.62),
significantly outperforming the clinical-semantic model (0.64, 0.61,
and 0.41) in all sets (p < 0.001, p < 0.001, and p = 0.006). The radiomics
model also showed good discrimination, with APs of 0.88, 0.82, and
0.45, which were higher than those of the clinical-semantic model
across the three sets. Furthermore, the combined model achieved
higher F1-scores than the clinical-semantic model (0.84 vs. 0.50, 0.83
vs. 0.40, and 0.46 vs. 0.32 in the training, internal validation, and tem-
poral validation sets, respectively), indicating improved identification
of true PTB cases under class imbalance. The F1-scores of the com-
bined and radiomics models were comparable across sets. Besides,
NPV, balanced accuracy, and PPV were also calculated for model
evaluation. Across all sets, the three models showed consistently high
NPVs (0.91-0.99), indicating reliable exclusion of PTB when predic-
tions were negative. Balanced accuracy remained relatively stable for
the radiomics and combined models (0.92-0.94 in the training set,
0.91-0.92 in internal validation, and 0.76-0.77 in temporal validation),
suggesting that the models maintained good performance across both
classes despite class imbalance. As expected in sets with relatively low
PTB prevalence, PPV values were comparatively lower. However, the
combined model consistently achieved the highest PPV and balanced
accuracy across all sets, indicating improved robustness and generaliz-
ability compared with the clinical-semantic model alone. Detailed per-
formance metrics are presented in Figure 2 and Table 3.
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The clinical utility of the predictive models was evaluated
using decision curve analysis. In the training set, the combined
model was associated with higher net benefit across a wide range
of threshold probabilities (approximately 0.10-0.85) compared
with the radiomics model. The radiomics model generally yielded
greater net benefit than the clinical-semantic model at lower
threshold probabilities (approximately 0.10-0.50). A comparable
pattern was observed in the internal validation set, where the
combined model maintained relatively higher net benefit across
most threshold probabilities. In the temporal validation set, the
overall net benefit was relatively lower than that observed in the
training and internal validation sets; however, the combined
model remained associated with relatively greater clinical benefit
within the lower to moderate threshold range. Overall, these find-
ings suggest that the combined model, which integrates radiomic
and clinical-semantic information, may provide additional clinical
value for decision-making.

To evaluate model calibration, quantitative calibration metrics
were calculated, as summarized in Supplementary Table S2. Across all
cohorts, the combined model achieved the lowest Brier scores (0.05,
0.06, and 0.12 in the training, internal validation, and temporal valida-
tion sets, respectively), compared with the radiomics model (0.07,
0.08, and 0.14) and the clinical-semantic model (0.14, 0.14, and 0.15).
The calibration slope for the combined model remains near the ideal
value of 1 in the training set (1.03) and shows acceptable calibration
in the internal validation set (0.73). Overall, the Brier scores and cali-
bration slopes indicate acceptable calibration of the combined model
across the different datasets.

3.4 Misclassification of non-tuberculosis
pathological types

The study also examined non-tuberculosis cases that were mis-
classified as PTB by the combined model, as illustrated in Figure 3.
Squamous cell carcinoma and inflammatory pseudotumor showed
relatively higher proportions of misclassification. For squamous cell
carcinoma, 33% (8/24) of cases in the training cohort were predicted
as PTB, compared with 14% (1/7) in the internal validation cohort and
16% (14/90) in the temporal validation cohort. Inflammatory pseudo-
tumor was misclassified as PTB in 3% (3/95), 6% (2/35), and 23%
(6/26) of cases in the training, internal validation, and temporal vali-
dation cohorts, respectively. Moderate misclassification was observed
for adenocarcinoma and hamartoma. In the case of adenocarcinoma,
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TABLE 2 Results of univariate and multivariate analysis for the prediction of PTB.

Variable

OR (95% Cl)

Univariate analysis

10.3389/fmed.2026.1754750

Multivariate analysis

OR (95% Cl)

p-value

p-value

Age <0.001 0.61 (0.48-0.77)

Sex (female vs. male) 0.029 1.77 (1.06-2.94) <0.001 0.3 (0.19-0.46)
Location (central vs. peripheral) 0.041 0.29 (0.09-0.95) 0.009 0.15 (0.04-0.62)
Long-axis diameter (mm) <0.001 0.53 (0.39-0.73)

Short-axis diameter (mm) <0.001 0.44 (0.31-0.63)

Shape (irregular vs. round) 0.190 1.37(0.85-2.21)

Calcification 0.029 1.9 (1.07-3.38) 0.008 0.35(0.16-0.76)
Necrosis 0.025 0.34 (0.13-0.87)

Cavitation 0.009 2.11(1.2-3.71)

Air bronchograms 0.838 1.07 (0.58-1.98)

Pleural indentation 0.828 1.06 (0.63-1.8)

Vascular invasion 0.007 0.3 (0.13-0.72) <0.001 0.1 (0.03-0.32)
Postobstructive pneumonia <0.001 0.26 (0.12-0.58) <0.001 0.15 (0.06-0.39)
Satellite nodules <0.001 172.4 (40.25-738.5) <0.001 179.79 (37.59-859.84)
Pleural effusion 0.577 1.58 (0.31-7.99)

Lymph node enlargement 0.011 0.35(0.15-0.78) 0.037 0.37 (0.14-0.94)

5% (8/151) of cases in the training cohort were predicted as PTB, with
corresponding proportions of 4% (2/49) in the internal validation
cohort and 8% (6/74) in the temporal validation cohort. Hamartoma
showed similarly low proportions of misclassification across the
cohorts. In contrast, large cell carcinoma and sclerosing lesions
showed minimal or no misclassification as PTB, particularly in the
validation cohorts.

3.5 Model interpretation

The left panel of Figure 4 presents the SHAP feature importance
plot, which ranks variables according to their overall contribution to
the predictions of the combined model. The most influential features
included the radiomic variables logarithm_gldm_DependenceNon
UniformityNormalized,  Ibp-2D_glrlm_ShortRunLowGrayLevel
Emphasis, and log-sigma-1-0-mm-3D_firstorder_RootMeanSquared,
as well as the clinical-semantic variables vascular invasion and satellite
nodules. The right panel of Figure 4 shows the SHAP summary plot,
which illustrates both the magnitude and direction of each feature’s
contribution to the model output. Positive SHAp values indicate a
greater likelihood of classification as PTB, whereas negative values
indicate a lower likelihood. Higher values of logarithm_gldm_
DependenceNonUniformityNormalized tended to correspond to
more positive SHAP values, suggesting that increased texture hetero-
geneity may be associated with a higher probability of PTB prediction.
In contrast, higher values of log-sigma-1-0-mm-3D_firstorder_
RootMeanSquared appeared to correspond to more negative SHAP
values, indicating a potential association with non-tuberculosis pre-
dictions. Besides, the presence of satellite nodules tended to be associ-
ated with positive SHAP values, suggesting a higher likelihood of PTB
prediction, whereas vascular invasion was more often associated with
negative SHAP values, indicating a tendency toward non-tuberculosis
classification.
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3.6 Example cases

To provide insight into case-level interpretability, two patients
were randomly selected, and their prediction results were visualized
in SHAP waterfall plots (Figure 5). These plots show how individual
features contributed positively or negatively to the final predicted
outcome.

4 Discussion

Accurate prediction of PTB is essential for effective disease con-
trol, the formulation of personalized treatment strategies, and
informed clinical decision-making. However, the imaging character-
istics of PTB often overlap with those of benign and malignant solid
lung lesions, making diagnosis challenging. To address this issue, we
developed a radiomics model to distinguish PTB from non-tubercu-
losis cases. The radiomics model achieved good performance, with
APs of 0.88, 0.82, and 0.45 in the training, internal validation, and
temporal validation sets, respectively. Building upon this, we further
investigated whether incorporating clinical-semantic features could
enhance model performance. The resulting combined model yielded
improved APs of 0.91, 0.85 and 0.62 across the three sets. Additionally,
decision curve analysis suggested that both the radiomics model and
the combined model may offer clinical benefit across varying thresh-
old probabilities.

Radiomics provides a noninvasive approach for quantitatively
characterizing lesion heterogeneity from medical images. In this
study, several radiomics features contributed to the discrimination
between pulmonary tuberculosis and other solid lung lesions. Among
them, higher values of logarithm_gldm_DependenceNonUniformity
Normalized were associated with an increased probability of
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FIGURE 2
Comparison of model performance for predicting pulmonary tuberculosis across the training, internal validation, and temporal validation sets.
Precision-recall curves show model performance in terms of precision and recall, with average precision (AP) used to summarize performance,
particularly under conditions of class imbalance. Model discrimination is also measured by the area under the receiver operating characteristic (ROC)
curve. Decision curve analysis illustrates the clinical net benefit of each model across a range of threshold probabilities.

TABLE 3 Performance metrics of the clinical-semantic, radiomics, and combined models for predicting pulmonary tuberculosis.

Dataset Model AP AUC Sensitivity Specificity PPV NPV Balanced- F1- p-value
(95% Cl) Acc score
Training Clinical- 0.64 0.82 (0.76-0.87) 0.72 0.76 0.39 0.93 0.74 0.50 <0.001
semantic
Radiomics 0.88 0.96 (0.93-0.98) 0.93 0.92 0.71 0.98 0.92 0.81 0.084
Combined 0.91 0.97 (0.94-0.99) 0.95 0.93 0.75 0.99 0.94 0.84 Reference
Internal Clinical- 0.61 0.82(0.71-0.91) 0.57 0.79 0.31 0.91 0.68 0.40 <0.001
validation semantic
Radiomics 0.82 0.93 (0.83-1.00) 0.91 0.90 0.62 0.98 091 0.74 0.753
Combined 0.85 0.94 (0.85-0.99) 0.87 0.96 0.80 0.98 0.92 0.83 Reference
Temporal Clinical- 0.41 0.76 (0.65-0.86) 0.65 0.74 0.22 0.95 0.70 0.32 0.006
validation semantic
Radiomics 0.45 0.85 (0.76-0.93) 0.69 0.85 0.33 0.96 0.77 0.45 0.007
Combined 0.62 0.89 (0.82-0.94) 0.65 0.87 0.35 0.96 0.76 0.46 Reference

Bootstrap resampling was used to compare the APs of the clinical-semantic and radiomics models against the combined model, which served as the reference.
tuberculosis in the model. This feature reflects variability in depen- also
dence size within the lesion and may be related to greater internal
textural heterogeneity observed in some tuberculosis lesions. In

addition, Ibp-2D_glrlm_ShortRunLowGrayLevelEmphasis
showed a higher contribution in tuberculosis cases, suggesting a
potential association with fine-scale low-intensity textural patterns.
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FIGURE 4
SHAP-based interpretability of the combined model. The left panel shows the SHAP feature importance plot ranking features by their overall

contribution to the model. The right panel shows the SHAP summary plot illustrating the direction and magnitude of each feature's effect on model
predictions.
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FIGURE 5
SHAP waterfall plots for case-level interpretation of the combined model. The upper and lower patients were randomly selected as examples of

pulmonary tuberculosis and non-tuberculosis, respectively.

Another selected radiomics feature, log-sigma-1-0-mm-3D_fir-  intensity within the lesion. In clinical-semantic features, we found
storder_RootMeanSquared, captures intensity-related information  that the presence of satellite nodules was a valuable imaging bio-
after image filtering and may reflect subtle variations in signal = marker for differentiating PTB. This finding was consistent with
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previous studies based on CT scans (30, 31). Vascular invasion was
also included in the final model and may provide additional contex-
tual information regarding lesion morphology and surrounding
structures. Together, the integration of radiomics features and clini-
cal-semantic variables may allow the model to capture complemen-
tary aspects of lesion appearance, thereby supporting the
differentiation between pulmonary tuberculosis and other solid lung
lesions.

Researchers have also focused on the differentiation of PTB
from other solid lung lesions using radiomics-based approaches.
For instance, Zhao et al. developed a radiomics model to distin-
guish PTB from non-tuberculosis infectious lesions based on 101
CT scans (20). They reported that combining radiomics and
semantic features improved model performance, with an AUC of
0.83 compared to 0.71 for the semantic model alone. In our study,
the combined model was developed using 474 lesions and
achieved a higher AUC of 0.94 in the internal validation set. This
performance difference may be attributed to the larger dataset,
which allowed for more comprehensive feature extraction and
more robust model training. Another study evaluated the utility
of integrating radiomics and clinical features to differentiate PTB
from adenocarcinoma using 235 PET-CT scans (32). Their com-
bined model also yielded a favorable AUC of 0.91 in the validation
set. Although similar performance levels can be reached using
PET-based imaging, our study offers a cost-effective alternative
based on contrast-enhanced CT, which is more accessible in rou-
tine clinical practice.

We further analyzed the patterns of false-positive PTB predic-
tions. In the combined model, a small number of squamous cell
carcinomas were predicted as PTB. Clinically, this could initially
prompt microbiological testing or additional diagnostic evaluation
when tuberculosis is suspected. However, the diagnosis of PTB is
rarely established based solely on imaging findings, and persistent
diagnostic uncertainty would typically lead to tissue biopsy, thereby
reducing the likelihood of substantial delay in cancer diagnosis. In
addition, some inflammatory pseudotumors were also predicted as
PTB, likely reflecting shared inflammatory imaging characteristics.
These cases would usually undergo similar microbiological evalua-
tion and further diagnostic assessment in routine clinical practice.
The proposed combined model is intended as a decision-support
tool rather than a standalone diagnostic method, and its predictions
should be interpreted alongside clinical findings, laboratory results,
and radiologist assessment. We recognize several limitations in our
study. First, the study only included pathologically confirmed cases,
which may introduce spectrum bias, as these patients often repre-
sent diagnostically challenging lesions requiring invasive evaluation
rather than the full spectrum of pulmonary tuberculosis encoun-
tered in routine clinical practice. Future prospective studies incor-
porating clinically diagnosed TB cases, confirmed by
microbiological testing, treatment response, or long-term follow-
up, are warranted to further evaluate the model in real-world set-
tings. Second, although CT images from multiple scanners were
included, variability in acquisition protocols and scanner settings
may influence the reproducibility of radiomic features. In this study,
standardized preprocessing and stability-based feature selection
were applied to mitigate scanner-related variability. Nevertheless,
advanced harmonization approaches, such as ComBat (33), may
further reduce scanner-related effects in future multi-center valida-
tions. Third, relevant laboratory and clinical variables, such as
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tuberculosis immunologic tests (e.g., T-cell spot test), inflammatory
markers, or prior TB history, were not included in the current anal-
ysis. These tests were not consistently available for all patients in
this retrospective cohort, which limited their incorporation into the
model. Integrating such laboratory indicators and clinical informa-
tion in future studies may further improve model performance and
provide a more comprehensive assessment of tuberculosis risk.
Fourth, only contrast-enhanced CT images were included in this
study, whereas non-contrast CT is more commonly used in the
evaluation of pulmonary tuberculosis in routine clinical practice.
Radiomic features derived from contrast-enhanced images may
differ from those obtained from non-contrast scans; therefore, the
generalizability of the current model to non-contrast CT requires
further investigation.
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