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Background: Accurate preoperative identification of high mitotic count is important for risk stratification in gastrointestinal stromal 
tumors (GISTs), yet biopsy is invasive and conventional imaging alone does not directly reflect microscopic proliferative activity. We 
aimed to develop and externally validate an interpretable model integrating CT features and serologic indicators.
Methods: This multicenter retrospective study included 802 patients from three Shanxi hospitals, randomly split into a training cohort 
(n = 562) and an internal validation cohort (n = 240), plus an external validation cohort from Dalian (n = 255). LASSO and 
multivariable logistic regression were used for feature selection and nomogram construction. Five individual machine-learning models 
and 31 stacking ensembles were trained, and SHAP was used to interpret model behavior.
Results: Tumor size, liquefaction/necrosis, coarse vessel sign, peritumoral fat stranding, platelet-to-lymphocyte ratio, and albumin-to- 
fibrinogen ratio were independent predictors of high mitotic count. Among individual models, SVM achieved the highest internal- 
validation AUC (0.866). The best stacking model (SVM+ANN+Logit) reached an AUC of 0.867 on internal validation and 0.955 on 
external validation, with good calibration and favorable decision-curve performance. The gain over the best single model was small 
but consistent.
Conclusion: An interpretable model combining CT and serologic features may provide a practical non-invasive tool for preoperative 
estimation of mitotic count in GISTs. Prospective validation is still needed before routine clinical implementation.
Keywords: gastrointestinal stromal tumors, mitotic count, stacking ensemble learning, computed tomography, serological indicators, 
risk stratification

Introduction
Gastrointestinal stromal tumors (GISTs) are the most common mesenchymal neoplasms of the digestive tract, originating 
from the interstitial cells of Cajal. They show marked heterogeneity in biological behavior, ranging from indolent growth 
to highly aggressive phenotypes.1 An epidemiological study covering 19 countries reported an incidence of 10–15 cases 
per million population; in China the incidence is higher, reaching 19–22 cases per million annually, with the peak age of 
onset typically between 60 and 70 years.2 Studies indicate that 81.3% of patients present with related symptoms at 
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diagnosis, while 18.7% are discovered incidentally without apparent discomfort.2,3 For patients with localized GIST, 
achieving R0 resection remains the first-line treatment strategy.4 Notably, despite significant intertumoral heterogeneity, 
all GISTs carry inherent potential for recurrence and metastasis depending on the characteristics of the primary tumor.5 

According to the NCCN Guidelines (2022), the overall postoperative recurrence rate for GIST is approximately 30%– 
40%, and can be as high as 50% in high-risk patients. Tumor size, mitotic count, and primary tumor location are the 
primary determinants of recurrence risk.4 Drug resistance is also a core challenge: although several generations of 
tyrosine kinase inhibitors are available, about 40%–50% of patients develop secondary KIT/PDGFRA mutations and 
resistance within 18–24 months of treatment.6

Mitotic count is a direct quantitative indicator of tumor proliferative activity and thus reflects the rate of tumor cell 
division. Li et al7 confirmed that appropriate preoperative therapy can reduce tumor size to improve resectability and, by 
modulating tumor biology, decrease the mitotic count—thereby reducing the risks of drug resistance and postoperative 
recurrence. Other studies investigating the relationship between neoadjuvant therapy efficacy and risk stratification in 
GIST found that low-risk patients derive limited benefit from neoadjuvant therapy, and unnecessary drug exposure may 
increase the risk of resistance; by contrast, high-risk patients can benefit substantially, with highly proliferative clones 
being preferentially eliminated, mitotic count reduced, risk category downstaged, and ultimately incidence of drug 
resistance and recurrence lowered.8,9 These findings collectively emphasize that accurate preoperative prediction of 
mitotic count and precise risk stratification are essential to develop individualized treatment strategies and maximize 
therapeutic benefit for GIST patients.

Currently, preoperative prediction of mitotic count in GIST still lacks practical and robust tools. Most existing models 
rely on traditional logistic regression or nomograms, which are typically limited to single-modality feature sets, failing to 
fully leverage routinely available preoperative laboratory and imaging data for a comprehensive evaluation of associa
tions with mitotic count. To address this, the present study integrates preoperative serological indicators with CT features 
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to construct a comprehensive and reliable predictive model for GIST mitotic count. To our knowledge, stacking ensemble 
learning combined with SHAP-based interpretability has not been widely applied to preoperative prediction of mitotic 
count in GISTs.

Therefore, this study aims to (1) develop six independent machine learning models and 31 Stacking ensemble models, 
and (2) integrate preoperative serological indicators with CT features to identify the optimal Stacking ensemble model 
for accurately predicting mitotic count in gastrointestinal stromal tumors, thereby providing a reliable basis for 
preoperative risk stratification.

Methods
Study Design
This retrospective multicenter study screened 1057 eligible patients treated between January 2017 and January 2025. 
Cases were retrospectively identified from the surgical and pathology databases of the Second Hospital of Dalian Medical 
University (n = 255) and three hospitals in Shanxi Province (n = 802): Shanxi Provincial People’s Hospital (n = 305), the 
Second Hospital of Shanxi Medical University (n = 278), and Yuncheng Central Hospital Affiliated to Shanxi Medical 
University (n = 219). All included cases underwent surgery and had postoperative pathological confirmation of primary 
GIST. The three Shanxi cohorts were used for model development and internal validation, whereas the Dalian cohort 
served as an external validation set. Because the study was retrospective and no prospective screening log was 
maintained, strict consecutiveness could not be fully verified, and some selection bias may remain. The overall workflow 
combined conventional statistics, machine learning, stacking, and SHAP-based interpretation.

Ethical Approval
This study is a multicenter retrospective clinical study approved by the Clinical Research Management Committee of the 
lead center, The Second Hospital of Dalian Medical University (Approval No.: Dayieryuanlinshen [2025] No. 238). As it 
uses only de-identified historical clinical data with minimal risk to participants, informed consent was waived by the 
committee. All procedures followed the Declaration of Helsinki and relevant national regulations. Patient data were 
anonymized before analysis to protect privacy and confidentiality.

Data Collection
Inclusion Criteria: ① Availability of complete clinicopathological data with postoperative pathological confirmation of 
GIST; ② Undergone radical surgical resection; ③ Preoperative abdominal non-contrast and contrast-enhanced CT scans 
with complete and available data; ④ Availability of serological test results within one week preoperatively, including at 
minimum complete blood count, liver function, and coagulation profile; ⑤ No prior treatments before surgery.

Exclusion Criteria: ① Missing clinical, pathological, imaging, or serological data; ② Presence of metastatic or 
recurrent GIST, concurrent other active malignancies, severe infections, or autoimmune diseases that may significantly 
interfere with serological indicators; ③ Patients with tumor rupture.

Standardization of CT Imaging, Serological Testing, and Mitotic Count
This study used retrospective data that had already been generated in routine practice. Therefore, “standardization” in the 
present study refers to harmonized retrospective reassessment and data abstraction rather than prospective unification of 
image acquisition across centers. Before centralized data extraction and review, the investigators developed a unified 
case-report form and prespecified definitions for all imaging, serological, and pathological variables. These harmonized 
criteria were then applied consistently to archived CT images, laboratory records, and pathology reports from all 
participating centers.

The collected clinical characteristics included patient age and sex. CT features were retrospectively reassessed from 
archived contrast-enhanced studies according to the predefined imaging checklist by investigators with radiologic 
expertise, and discrepant readings were resolved by consensus when needed. Because postoperative pathology was an 
inclusion criterion, reviewers were aware that the lesions were GISTs; however, mitotic-count grouping was not used as 
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a reference during imaging feature scoring. Formal interobserver agreement statistics were not prospectively recorded, 
and kappa/ICC values were therefore unavailable. Imaging evaluation was primarily based on contrast-enhanced CT 
findings, encompassing tumor location, boundary characteristics, calcification patterns, size measurement, liquefaction or 
necrosis, morphological features, growth pattern, ulceration, enhancement pattern and degree, the “coarse vessel” sign, 
and the status of peritumoral fat stranding. Tumor location was categorized as gastric or non-gastric (eg, duodenum, 
jejunum, ileum, colon, esophagus, omentum). Boundaries were classified as well-defined or ill-defined. Calcification was 
defined as an intralesional attenuation measurement exceeding 120 Hounsfield Units (HU). The maximum tumor 
diameter was measured on axial, coronal, and sagittal images, and the average of two maximum measurements (in 
millimeters) was recorded, categorized as ≤2 cm, 2–5 cm, 5–10 cm, and >10 cm. Liquefaction was characterized by an 
attenuation of −20 to 20 HU on non-contrast images; both liquefaction and necrosis showed no enhancement on contrast- 
enhanced scans. Morphological features were classified as regular (smooth margins, round or oval shape) or irregular 
(lobulated or uneven margins). Growth patterns were categorized as intraluminal, extraluminal, or mixed. Ulceration was 
identified by an uneven tumor surface with local tissue discontinuity forming a significant defect area. Enhancement 
degree during the portal venous phase was classified as mild (≤ muscle), moderate (between muscle and liver), or marked 
(≥ liver), based on a comparison of lesion CT attenuation with that of liver and muscle tissue. The enhancement pattern 
was classified as homogeneous or heterogeneous. The “coarse vessel” sign referred to the presence of visible dilated 
feeding or draining vessels around the tumor and was recorded as present or absent. Peritumoral fat stranding is normally 
well-defined; when affected by tumor growth or invasion, adjusted window settings revealed heterogeneous fat density or 
stranding, classified in this study as clear or blurred.

Collection of Serological Indicators: Blood samples were collected from fasting patients in the morning within 7 days 
prior to surgical tissue sampling at each center. For biochemical testing, serum was separated using coagulation- 
promoting tubes after centrifugation (≥1500 g for 10–15 minutes) post 30–60 minutes at room temperature. For 
coagulation testing, plasma was obtained using 3.2% sodium citrate anticoagulant tubes (ensuring a 9:1 blood-to- 
anticoagulant ratio) within 1 hour of collection. Complete blood count was performed using K2-EDTA tubes and 
analyzed within 2 hours of collection. All testing followed the standard operating procedures of the respective centers 
and was executed within a unified operational framework. Biochemical enzyme assays employed the IFCC recommended 
method (37°C), fibrinogen was measured by the Clauss method, and the International Normalized Ratio was calibrated 
and traceable to the International Sensitivity Index at each center.

Indicator Calculation: To comprehensively assess systemic inflammation, immune function, and nutritional status, the 
following six hematological derived indices were calculated: Platelet-to-Lymphocyte Ratio (PLR): Peripheral blood 
platelet count divided by lymphocyte count (both in ×109/L). Monocyte-to-Lymphocyte Ratio (MLR): Peripheral blood 
monocyte count divided by lymphocyte count (both in ×109/L). Systemic Immune-Inflammation Index (SII): Peripheral 
blood platelet count × neutrophil count / lymphocyte count (all in ×109/L). Albumin-to-Fibrinogen Ratio (AFR): Serum 
albumin concentration divided by fibrinogen concentration (both in g/L). Prognostic Nutritional Index (PNI): Serum 
albumin concentration (g/L) × 0.1 + peripheral lymphocyte count (×109/L) × 5. Advanced Lung Cancer Inflammation 
Index (ALI): Serum albumin concentration (g/L) × peripheral lymphocyte count (×109/L) / peripheral blood neutrophil 
count (×109/L). All calculations ensured consistent units for numerators and denominators, resulting in dimensionless 
values.

Pathological Data: Mitotic counts were extracted from final postoperative pathology reports. According to the 
modified NIH 2008 criteria, mitotic counts were assessed microscopically in tumor-rich areas with typical morphology 
over 50 high-power fields (HPFs). Based on this, GISTs were dichotomized into two groups: low mitotic count (≤5/50 
HPFs) and high mitotic count (>5/50 HPFs). Because a centralized repeat count was not performed within the present 
study, the reproducibility of mitotic counting could not be quantified.

Statistical Analysis
Mitotic count was dichotomized as ≤5 versus >5 per 50 high-power fields (HPFs). In the development dataset, 180/562 
(32.0%) patients in the training cohort and 74/240 (30.8%) in the internal validation cohort had high mitotic count; in the 
external validation cohort, 64/255 (25.1%) had high mitotic count. All analyses were performed in R version 4.5.1 using 
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packages including missForest, caret, glmnet, autoReg, tableone, and rms. In preprocessing, categorical variables were 
encoded as factors while continuous variables remained numeric. Missing values were imputed with missForest, and the 
Shanxi cohort was stratified by outcome and randomly split into training and internal validation sets at a 7:3 ratio (562/ 
240). Baseline characteristics were compared between outcome groups within the training set and between the training 
and validation sets using the tableone package. Because this was a retrospective study, no formal a priori sample-size 
calculation was performed. Instead, sample adequacy was assessed according to the events-per-variable (EPV) principle 
to ensure that the number of outcome events was sufficient for the candidate predictors included in the model.

Predictors in the training set were standardized prior to variable selection using Least Absolute Shrinkage and 
Selection Operator (LASSO) regression. The optimal λ value was determined via ten-fold cross-validation, and the 
corresponding validation curve was plotted. Variables selected by LASSO were subsequently included in univariate and 
multivariate logistic regression models to calculate odds ratios (ORs) and 95% confidence intervals (CIs). A nomogram 
was developed based on the multivariate model to provide individualized prediction probabilities. All statistical tests 
were two-sided, with a significance level set at α = 0.05.

Using the training and internal validation sets partitioned in R, subsequent analyses were carried out in Python 3.13.5. 
Multiple supervised learning models were developed and compared, including logistic regression, random forest, 
XGBoost, LightGBM, SVM, and ANN. Models were trained on the training set and evaluated on the internal validation 
set. Key Python libraries used included scikit-learn, xgboost, lightgbm, missforest, shap, scipy, and matplotlib. For the 
six final features, a logistic regression classifier was trained using L2 regularization with a regularization strength of C = 
1, the liblinear solver, and a maximum of 1000 iterations to ensure convergence. For the calculation of threshold- 
dependent performance metrics, predicted probabilities were converted to binary class labels using a prespecified default 
threshold of 0.50. No additional data-driven threshold optimization was performed, as the primary objective of this study 
was to compare the discrimination performance of different models, with AUC prespecified as the main metric for model 
evaluation.

Data Preprocessing
Data cleaning and preprocessing included standardization and conversion of textual descriptors into numeric codes to 
ensure data quality and accuracy. Continuous variables were retained in their original numeric form. Categorical 
variables were encoded as follows: sex (male = 1; female = 0); tumor size (≤2 cm = 1; 2–5 cm = 2; 5–10 cm = 3; 
>10 cm = 4); tumor location (gastric = 1; non-gastric = 2); boundary (well-defined = 0; ill-defined = 1); ulceration, 
calcification, liquefaction/necrosis, and coarse-vessel sign (yes = 1; no = 0); morphology (regular = 0; irregular = 1); 
growth pattern (intraluminal = 1; extraluminal = 2; mixed = 3); enhancement pattern (homogeneous = 0; heterogeneous 
= 1); enhancement degree (mild = 1; moderate = 2; marked = 3); peritumoral fat stranding (clear = 0; blurred = 1); and 
mitotic count (≤5/50 HPFs = 0; >5/50 HPFs = 1). Patients with more than 20% missing data were excluded from the 
analysis. Ordinal encoding reflected prespecified clinical ordering, although this approach may not fully capture non- 
linear between-category effects.

Development of Individual Machine Learning Models
First, LASSO penalized regression was employed for feature selection, with the optimal penalty parameter (λ) deter
mined via cross-validation to compress redundant features. Subsequently, the selected variables were incorporated into 
a multivariate logistic regression analysis to further identify independent risk factors associated with a high mitotic count 
in GISTs. Based on the final set of variables, a nomogram prediction model was constructed using the rms package and 
subjected to internal validation.

Concurrently, we developed five individual machine learning models for the same prediction task, including SVM, 
XGBoost, LightGBM, RF, and ANN. To enhance reproducibility, the hyperparameter search spaces prespecified in the 
Python implementation were as follows: for SVM, C = {1, 2}, kernel = {linear, rbf, poly}, gamma = {scale, auto, 0.01, 
0.02}, and degree = {2, 3} for the polynomial kernel; for XGBoost, learning_rate = {0.04, 0.05, 0.06}, max_depth = {1, 
2}, n_estimators = {50, 80}, subsample = {0.6, 0.7, 0.8, 0.9}, gamma = {0.9, 1.0}, and colsample_bytree = {0.5, 0.6}, 
with reg_alpha = 12 and reg_lambda = 18 fixed; for LightGBM, learning_rate = {0.10, 0.12}, max_depth = {1, 2}, 
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num_leaves = {3, 4}, min_child_samples = {20, 30}, n_estimators = {50, 100}, subsample = {0.7, 0.8}, and colsam
ple_bytree = {0.7, 0.8}, with reg_alpha = 6 and reg_lambda = 10 fixed; for RF, n_estimators = {25}, max_features = {2}, 
max_depth = {3, 4}, min_samples_split = {15, 17}, and ccp_alpha = {0.012, 0.013, 0.015}; and for ANN, hidden_
layer_sizes = {(50, 50), (75, 75), (100, 100), (50, 50, 50), (125, 125, 125)} and activation = {relu, tanh, logistic}, with 
alpha = 0.0001, learning_rate_init = 0.002, max_iter = 500, early_stopping = True, and validation_fraction = 0.1. Final 
model configurations were selected according to internal validation performance within these prespecified search spaces. 
Specifically, the selected SVM model used C = 2, a polynomial kernel, gamma = 0.02, degree = 2, and class_weight = 
balanced, whereas the selected XGBoost model used learning_rate = 0.04, max_depth = 2, n_estimators = 80, subsample 
= 0.8, gamma = 0.9, colsample_bytree = 0.5, reg_alpha = 12, and reg_lambda = 18. For LightGBM, RF, and ANN, the 
final configurations were likewise chosen as the best-performing combinations within the above prespecified search 
spaces. Categorical variables were processed using a consistent encoding strategy across all models.Following model 
training, model-appropriate SHAP methods were applied for interpretability analysis: TreeSHAP for tree-based models 
(XGBoost, LightGBM, RF) and KernelSHAP for SVM and ANN models. This allowed for quantifying feature 
importance and determining the direction of feature effects at the individual prediction level.

Model evaluation primarily used AUC as the key metric for discriminative ability. This was supplemented by an 
assessment of calibration capability: Calibration curves were plotted on the internal validation set to examine the 
agreement between predicted probabilities and observed outcomes. To enhance clinical utility, the nomogram was 
used to generate individualized risk predictions. Finally, the AUC values of the individual machine learning models 
were compared against that of the logistic regression-based nomogram to identify the single model with the best 
discriminative performance.

Development and Validation of the Stacking Ensemble Model
This study employed Stacking ensemble learning to enhance predictive performance and robustness. The Stacking 
architecture consists of base-learners at the first level and a meta-learner at the second level. First, five base-learners 
(SVM, XGBoost, LightGBM, ANN, RF) were trained on the training set using stratified 10-fold cross-validation. Out-of- 
fold (OOF) predictions generated from these models were used as first-level features for meta-learner training, helping 
mitigate information leakage and improving generalizability.

Using the five prespecified base learners, we constructed 31 distinct stacking schemes by varying the ensemble 
architecture and meta-learner configuration. Each scheme was evaluated through internal validation to compare dis
crimination performance across candidate ensembles. For the final selected model (SVM + ANN + Logit), the stacking 
implementation used an SVM base learner with C = 3, a polynomial kernel, gamma = 0.1, and degree = 2; an ANN base 
learner with activation = logistic, hidden_layer_sizes = (25,), and max_iter = 1000; and a logistic-regression meta-learner 
with C = 0.8, solver = liblinear, max_iter = 1000, and random_state = 123. Predicted probabilities were converted to 
binary class labels using a fixed threshold of 0.50 for the calculation of threshold-dependent performance metrics, 
without additional threshold optimization. Model-specific procedures to reduce overfitting, including regularization, early 
stopping, and subsampling where applicable, were incorporated in the prespecified implementation.

Model selection was primarily based on AUC metric, through which the optimal Stacking ensemble model was 
identified. This model was subsequently compared against the five individual machine learning models and the traditional 
logistic regression-based nomogram to select the best overall performer. The final selected Stacking model underwent 
external validation, where its AUC, calibration curve, and DCA were assessed to evaluate clinical utility. Interpretability 
analysis and visualization were performed using SHAP. To ensure reproducibility, the training and validation processes 
employed fixed random seeds and adhered to a pre-defined evaluation protocol. Based on the final selected optimal 
model, an online prediction platform was established, allowing users to input feature parameters to obtain results.
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Results
Patient Characteristics
The retrospective cohort included 802 eligible patients with GISTs. These patients were randomly divided into 
a training set (n = 562) and an internal validation set (n = 240) at a ratio of 7:3. To ensure the comparability of 
baseline characteristics between the training and validation sets, the study confirmed that there were no statistically 
significant differences (P > 0.05) in clinical characteristics, CT imaging features, or serological indicators. (Table 1) 

Table 1 Baseline Characteristics of the Training and Internal Validation Sets

Training (n=562) Validation (n=240) p value

Mitotic count (%)

≤5/50HPF 382 (68.0) 166 (69.2) 0.802

>5/50HPF 180 (32.0) 74 (30.8)
Sex (%)

Male 261 (46.4) 106 (44.2) 0.607

Female 301 (53.6) 134 (55.8)
Tumor size (%)

≤2cm 137 (24.4) 58 (24.2) 0.978

2-5cm 243 (43.2) 107 (44.6)
5-10cm 117 (20.8) 47 (19.6)

>10cm 65 (11.6) 28 (11.7)

Tumor location (%) 0.231
Gastric 373 (66.4) 148 (61.7)

Non-gastric 189 (33.6) 92 (38.3)

Boundary (%) 1
Well-defined 385 (68.5) 164 (68.3)

Ill-defined 177 (31.5) 76 (31.7)

Ulceration (%) 0.115
No 374 (66.5) 174 (72.5)

Yes 188 (33.5) 66 (27.5)

Calcification (%) 1
No 388 (69.0) 166 (69.2)

Yes 174 (31.0) 74 (30.8)

Liquefaction/Necrosis (%) 0.807
No 372 (66.2) 156 (65.0)

Yes 190 (33.8) 84 (35.0)
Morphological features (%) 1

Regular 397 (70.6) 169 (70.4)

Irregular 165 (29.4) 71 (29.6)
Growth pattern (%) 0.467

Intraluminal 327 (58.2) 138 (57.5)

Extraluminal 126 (22.4) 62 (25.8)
Mixed 109 (19.4) 40 (16.7)

Enhancement pattern (%) 0.351

Homogeneous 340 (60.5) 136 (56.7)
Heterogeneous 222 (39.5) 104 (43.3)

Enhancement degree (%) 0.26

Mild 197 (35.1) 77 (32.1)
Moderate 175 (31.1) 89 (37.1)

Marked 190 (33.8) 74 (30.8)

Coarse vessel sign (%) 0.896
No 393 (69.9) 166 (69.2)

Yes 169 (30.1) 74 (30.8)

(Continued)
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Baseline characteristics of the external validation cohort are summarized in Supplementary Table S1. Compared 
with the development cohort, the external cohort showed significant differences in tumor location and several 
imaging features (including margin clarity, ulceration, calcification, morphology, growth pattern, enhancement 
degree, and peritumoral fat stranding), as well as inflammation- and nutrition-related indices (MLR, PLR, SII, 
AFR, PNI, and ALI). The prevalence of high mitotic count was slightly lower in the external cohort (25.1% vs 
31.7%, p=0.055).

Feature Selection
To identify key variables that significantly distinguish between high mitotic count (>5/50 HPFs) and low mitotic count 
(≤5/50 HPFs), we performed LASSO regression analysis on the initial candidate variables. The optimal tuning parameter 
(λ) was determined by analyzing the LASSO coefficient trajectory and selection plot, with λ = 0.0065 ultimately selected 
as the screening threshold (Figure 1). Based on this criterion, we identified 16 variables demonstrating strong predictive 
capability for high mitotic count in GISTs: sex, age, tumor size, tumor location, boundary characteristics, ulceration, 
calcification, liquefaction/necrosis, enhancement pattern, coarse vessel sign, peritumoral fat stranding, MLR, PLR, SII, 
AFR, and ALI. Subsequently, we conducted refined selection using multivariable logistic regression analysis, ultimately 
identifying six features significantly associated with mitotic count (P < 0.05): tumor size, liquefaction/necrosis, coarse 
vessel sign, peritumoral fat stranding, PLR, and AFR (Table 2).

Development of the Nomogram Model
Based on the six selected variables, we first constructed a logistic regression model. To evaluate its predictive 
performance, a nomogram was developed for visual representation (Figure 2). The AUC values were calculated for 
both the training set and the internal validation set. The model achieved an AUC of 0.889 (95% CI: 0.856–0.922) in the 
training set and 0.864 (95% CI: 0.808–0.920) in the internal validation set, indicating high stability and reliability, and 
confirming its favorable predictive accuracy (Figure 3a–c).

Development and Evaluation of Individual Machine Learning Models
In addition to the logistic regression model, five machine learning classifiers were developed using the six selected 
features: SVM, XGBoost, LightGBM, ANN, and Random Forest. For each model we generated validation-set visualiza
tions including the confusion matrix (Figure 4), ROC curve (Figure 3a), calibration curve (Figure 3b), DCA (Figure 3c), 
and SHAP analysis (Figure 5). Corresponding plots for the training set are provided in the supplementary material 
(Supplementary Figures S1–S4, Table S2).

On the internal validation set (Table 3), all models demonstrated good discrimination with AUCs ranging from 0.81 to 
0.87. SVM achieved the highest AUC (0.866), followed by logistic regression (0.864) and ANN (0.863).

Table 1 (Continued). 

Training (n=562) Validation (n=240) p value

Peritumoral fat stranding (%) 0.829

Clear 397 (70.6) 167 (69.6)
Blurred 165 (29.4) 73 (30.4)

Age (mean (SD)) 61.70 (11.17) 63.18 (10.35) 0.078

MLR (mean (SD)) 0.35 (0.37) 0.35 (0.29) 0.774
PLR (mean (SD)) 192.35 (113.34) 183.02 (109.96) 0.282

SII (mean (SD)) 841.53 (971.49) 746.38 (1020.94) 0.211

AFR (mean (SD)) 12.38 (4.26) 12.64 (4.20) 0.421
PNI (mean (SD)) 11.92 (3.55) 11.57 (3.09) 0.183

ALI (mean (SD)) 18.91 (12.73) 20.16 (12.96) 0.206
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In terms of generalizability, SVM and ANN were the most stable: their AUCs declined only slightly from training to 
validation (SVM: 0.885→0.866; ANN: 0.892→0.863) with minimal fluctuation in other metrics. Logistic regression also 
showed strong stability (0.889→0.864) and offers the advantage of clear interpretability. By contrast, LightGBM and 
Random Forest showed larger performance drops (LightGBM: 0.914→0.834; Random Forest: 0.887→0.828), suggesting 
potential overfitting.

Figure 1 LASSO Variable Selection for Predicting Mitotic Count in GISTs.

Table 2 Multivariate Logistic Regression Analysis of Factors Associated with Mitotic Count in GISTs

Variable Names ≤5/50HPF 
(N=382)

>5/50HPF 
(N=180)

Univariate Logistic 
Regression

P (univariable) Multivariate Logistic 
Regression

P (multivariable)

OR(Univariable) OR(Multivariable)

Sex Male 164 (42.9%) 97 (53.9%)

Female 218 (57.1%) 83 (46.1%) 0.64 (0.45–0.92) p=0.015 0.89 (0.54–1.47) p=0.643

Tumor size ≤2cm 128 (33.5%) 9 (5%)

2-5cm 203 (53.1%) 40 (22.2%) 2.80 (1.32–5.97) p=0.008 1.88 (0.83–4.26) p=0.132

5-10cm 42 (11%) 75 (41.7%) 25.40 (11.71–55.09) p<0.001 10.83 (4.40–26.67) p<0.001

>10cm 9 (2.4%) 56 (31.1%) 88.49 (33.35–234.81) p<0.001 29.86 (9.56–93.31) p<0.001

Tumor location Gastric 279 (73%) 94 (52.2%)

Non-gastric 103 (27%) 86 (47.8%) 2.48 (1.71–3.59) p<0.001 1.10 (0.65–1.88) p=0.717

Boundary Well-defined 303 (79.3%) 82 (45.6%)

Ill-defined 79 (20.7%) 98 (54.4%) 4.58 (3.12–6.73) p<0.001 1.11 (0.63–1.97) p=0.721

Ulceration No 258 (67.5%) 116 (64.4%)

Yes 124 (32.5%) 64 (35.6%) 1.15 (0.79–1.67) p=0.468

Calcification No 259 (67.8%) 129 (71.7%)

Yes 123 (32.2%) 51 (28.3%) 0.83 (0.56–1.23) p=0.355

Liquefaction/Necrosis No 296 (77.5%) 76 (42.2%)

Yes 86 (22.5%) 104 (57.8%) 4.71 (3.22–6.89) p<0.001 2.05 (1.23–3.43) p=0.006

Enhancement pattern Homogeneous 278 (72.8%) 62 (34.4%)

Heterogeneous 104 (27.2%) 118 (65.6%) 5.09 (3.48–7.45) p<0.001 1.44 (0.85–2.43) p=0.180

Coarse vessel sign No 316 (82.7%) 77 (42.8%)

Yes 66 (17.3%) 103 (57.2%) 6.40 (4.31–9.53) p<0.001 2.09 (1.22–3.59) p=0.007

Peritumoral fat stranding Clear 304 (79.6%) 93 (51.7%)

Blurred 78 (20.4%) 87 (48.3%) 3.65 (2.48–5.35) p<0.001 2.23 (1.28–3.88) p=0.005

Age Mean ± SD 61.1 ± 11.2 62.9 ± 10.9 1.01 (1.00–1.03) p=0.091

MLR Mean ± SD 0.3 ± 0.3 0.4 ± 0.5 2.48 (1.35–4.55) p=0.004 0.97 (0.40–2.34) p=0.943

PLR Mean ± SD 174.9 ± 
103.2

229.5 ± 
124.7

1.00 (1.00–1.01) p<0.001 1.00 (1.00–1.01) p=0.006

SII Mean ± SD 818.2 ± 
945.3

891.0 ± 
1025.9

1.00 (1.00–1.00) p=0.408

AFR Mean ± SD 13.0 ± 4.1 11.0 ± 4.2 0.88 (0.84–0.93) p<0.001 0.93 (0.88–0.99) p=0.023

ALI Mean ± SD 20.4 ± 13.5 15.8 ± 10.2 0.97 (0.95–0.98) p<0.001 0.99 (0.96–1.01) p=0.344
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Detailed assessment on the validation set highlighted complementary strengths and weaknesses: SVM combined 
the highest AUC with excellent generalization; ANN achieved the best Kappa (0.570) and the most balanced overall 
performance; LightGBM attained the highest sensitivity (0.730) and F1-score (0.706) but appeared prone to over
fitting; logistic regression remained a robust, interpretable baseline with only a small performance gap relative to more 
complex models; and XGBoost exhibited high specificity but relatively low sensitivity. Considering discriminative 
performance, stability, and generalizability, SVM was selected as the optimal model for predicting high mitotic count 
in GISTs.

Development and Validation of the Stacking Ensemble Model
Based on the performance of individual base learners, we evaluated and selected optimal stacked architectures by 
comparing combinations of five base models (LightGBM, Random Forest, SVM, XGBoost, ANN) with 
a logistic-regression meta-learner (Supplementary Table S3).

A total of 31 stacked combinations were developed and tested (Table 4). AUCs ranged from 0.726 to 0.867, with 
sensitivities generally between 0.59 and 0.69 and specificities largely between 0.87 and 0.93. The top five ensembles by 
AUC were: SVM + ANN + Logit (0.867), RF + SVM + Logit (0.861), and ANN + Logit, RF + SVM + ANN + Logit, RF 
+ ANN + Logit (all 0.860).

Figure 2 Nomogram for Preoperative Prediction of Mitotic Count in GISTs Based on CT Features and Serological Indicators.

Figure 3 Performance Evaluation of the Models on the Internal Validation Set. (a) Receiver operating characteristic curves; (b) Calibration curves; (c) Decision curve 
analysis.
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The best ensemble, SVM + ANN + Logit, achieved on the internal validation set: AUC 0.867, accuracy 0.804, 
sensitivity 0.635, specificity 0.880, PPV 0.702, NPV 0.844, F1-score 0.667, and Kappa 0.529. RF + SVM + Logit 
reached AUC 0.861 (accuracy 0.817, sensitivity 0.689, specificity 0.874, F1-score 0.699), improving sensitivity and F1 
while maintaining high specificity. Simpler two-model stacks such as SVM + Logit and RF + Logit yielded lower AUCs 
(0.726 and 0.782, respectively), indicating that multi-model stacks with targeted complementarity are more likely to 
provide robust gains.

Figure 4 Confusion Matrices of Individual Machine Learning Models in the Internal Validation Set. (a) Logit; (b) LightGBM; (c) Random Forest; (d) SVM; (e) XGBoost; (f) 
ANN.

Figure 5 SHAP Summary Plots of Individual Machine Learning Models from the Internal Validation Set. (a) Logit; (b) LightGBM; (c) Random Forest; (d) SVM; (e) XGBoost; 
(f) ANN.
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Compared with single models, the SVM + ANN + Logit ensemble produced the highest overall AUC (Supplementary 
Figure S5a), slightly outperforming the best individual model, SVM (AUC 0.866). At the default decision threshold its 
accuracy and F1 were marginally lower than SVM’s (accuracy 0.804 vs 0.817; F1 0.667 vs 0.690), while specificity and 
PPV/NPV remained comparable (specificity 0.880 vs 0.886; PPV 0.702 vs 0.721; NPV 0.844 vs 0.855). Although the 
improvements in threshold-dependent metrics were modest, the stacked model was selected as the final model because 
AUC was prespecified as the primary discrimination metric and the ensemble integrates complementary decision patterns 

Table 3 Performance Comparison of Individual Machine Learning Models in the Internal 
Validation Set

Model Accuracy Sensitivity Specificity PPV NPV F1 Kappa AUC

Logistic 0.808 0.608 0.898 0.726 0.837 0.662 0.529 0.864

LightGBM 0.813 0.730 0.849 0.684 0.876 0.706 0.568 0.834

RandomForest 0.800 0.608 0.886 0.703 0.835 0.652 0.513 0.828
SVM 0.817 0.662 0.886 0.721 0.855 0.690 0.560 0.866

XGBoost 0.742 0.203 0.982 0.833 0.734 0.326 0.234 0.825

ANN 0.817 0.703 0.867 0.703 0.867 0.703 0.570 0.863

Table 4 Performance Metrics of the Stacking Ensemble Model on the Internal Validation Set

Model_ID Model_Composition Accuracy Sensitivity Specificity PPV NPV F1 Kappa AUC

Model_17 SVM+ANN+Logit 0.804 0.635 0.880 0.702 0.844 0.667 0.529 0.867

Model_19 RF+SVM+Logit 0.817 0.689 0.874 0.708 0.863 0.699 0.567 0.861
Model_18 RF+ANN+Logit 0.813 0.676 0.874 0.704 0.858 0.690 0.555 0.860

Model_27 ANN+Logit 0.825 0.595 0.928 0.786 0.837 0.677 0.560 0.860

Model_7 RF+SVM+ANN+Logit 0.813 0.676 0.874 0.704 0.858 0.690 0.555 0.860
Model_4 RF+XGB+SVM+ANN+Logit 0.808 0.662 0.874 0.700 0.853 0.681 0.544 0.857

Model_11 XGB+SVM+ANN+Logit 0.817 0.635 0.898 0.734 0.847 0.681 0.554 0.856

Model_12 XGB+RF+ANN+Logit 0.813 0.676 0.874 0.704 0.858 0.690 0.555 0.855
Model_23 XGB+ANN+Logit 0.821 0.635 0.904 0.746 0.848 0.686 0.562 0.854

Model_3 RF+LGBM+SVM+ANN 0.813 0.676 0.874 0.704 0.858 0.690 0.555 0.854

Model_1 RF+XGB+LGBM+SVM+ANN+Logit 0.813 0.676 0.874 0.704 0.858 0.690 0.555 0.853
Model_9 LGBM+RF+ANN+Logit 0.817 0.689 0.874 0.708 0.863 0.699 0.567 0.853

Model_8 LGBM+SVM+ANN+Logit 0.813 0.676 0.874 0.704 0.858 0.690 0.555 0.852

Model_20 LGBM+ANN+Logit 0.821 0.622 0.910 0.754 0.844 0.682 0.558 0.852
Model_5 XGB+LGBM+SVM+ANN+Logit 0.817 0.689 0.874 0.708 0.863 0.699 0.567 0.851

Model_6 RF+XGB+LGBM+ANN+Logit 0.813 0.676 0.874 0.704 0.858 0.690 0.555 0.851

Model_13 XGB+RF+SVM+Logit 0.808 0.676 0.868 0.694 0.857 0.685 0.547 0.850
Model_14 XGB+LGBM+ANN+Logit 0.821 0.689 0.880 0.718 0.864 0.703 0.575 0.848

Model_10 LGBM+RF+SVM+Logit 0.813 0.689 0.868 0.699 0.862 0.694 0.559 0.847

Model_15 XGB+LGBM+SVM+Logit 0.817 0.689 0.874 0.708 0.863 0.699 0.567 0.846
Model_2 RF+XGB+LGBM+SVM+Logit 0.808 0.676 0.868 0.694 0.857 0.685 0.547 0.846

Model_31 XGBoost+Logit 0.821 0.622 0.910 0.754 0.844 0.682 0.558 0.840

Model_25 XGB+RF+Logit 0.813 0.689 0.868 0.699 0.862 0.694 0.559 0.840
Model_16 XGB+LGBM+RF+Logit 0.817 0.689 0.874 0.708 0.863 0.699 0.567 0.838

Model_26 XGB+LGBM+Logit 0.821 0.622 0.910 0.754 0.844 0.682 0.558 0.837
Model_24 XGB+SVM+Logit 0.821 0.635 0.904 0.746 0.848 0.686 0.562 0.837

Model_22 LGBM+RF+Logit 0.817 0.635 0.898 0.734 0.847 0.681 0.554 0.824

Model_30 LightGBM+Logit 0.817 0.554 0.934 0.789 0.825 0.651 0.532 0.823
Model_21 LGBM+SVM+Logit 0.817 0.568 0.928 0.778 0.828 0.656 0.535 0.819

Model_29 RandomForest+Logit 0.813 0.703 0.861 0.693 0.867 0.698 0.562 0.782

Model_28 SVM+Logit 0.758 0.365 0.934 0.711 0.767 0.482 0.345 0.726
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from heterogeneous learners. We therefore report both the stacking model and the simpler logistic regression nomogram 
to support practical clinical use.

Decision curve analysis (Supplementary Figure S5c) indicated meaningful net clinical benefit, and the calibration 
curve demonstrated reliable and stable probability estimates (Supplementary Figure S5b). Overall, these results suggest 
that the stacked ensemble offers stronger predictive performance and greater clinical utility than individual learners.

External Validation of the Final Model
To evaluate the robustness and generalizability of the final Stacking ensemble model, validation was performed on an 
external validation cohort (The Second Hospital of Dalian Medical University, n=255). The model demonstrated stable 
predictive performance in the independent test dataset, with an AUC of 0.955 (95% CI: 0.923–0.978) (Figure 6b), an 
accuracy of 0.894, a specificity of 0.927, and a sensitivity of 0.797, indicating favorable discriminative ability and 
predictive efficiency. Using the external validation cohort data, a confusion matrix was generated (Figure 6a), and the 
model’s performance was further analyzed based on the classifications of true positives, true negatives, false positives, 
and false negatives. The results showed high accuracy in the classification task.

Furthermore, to further validate the clinical utility of the model, DCA based on the external validation set (Figure 6d) 
showed that the model provides significant net clinical benefit across a range of risk thresholds. Simultaneously, the 
calibration curve demonstrated good agreement between the predicted probabilities and the actual event rates, further 
supporting the reliability and stability of the model’s results (Figure 6c). These findings indicate that the model’s 

Figure 6 Performance Evaluation of the Final Stacking Ensemble Model on the External Validation Set. (a) Confusion matrix; (b) ROC curve; (c) Calibration curve; (d) 
Decision curve analysis.

Journal of Inflammation Research 2026:19                                                                                          https://doi.org/10.2147/JIR.S593404                                                                                                                                                                                                                                                                                                                                                                                                      13

Ren et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/593404/593404%20Revised%20Supplementary%20Material.doc
https://www.dovepress.com/article/supplementary_file/593404/593404%20Revised%20Supplementary%20Material.doc


predictive performance on the external validation dataset is not only stable but also holds potential for clinical 
application.

SHAP Visualization of the Model
We applied SHAP to visualize the final Stacking model and provide intuitive, feature-level explanations. As shown in 
Figures 7 and 8, six key features ranked by predictive importance are: tumor size, coarse vessel sign, liquefaction/ 
necrosis, peritumoral fat stranding, PLR and AFR. These features form the core indicators for assessing high mitotic 
count; their importance order both reveals the model’s decision basis and offers clinical reference for prognosis and 
treatment planning. Force plots and waterfall plots (Supplementary Figures S6 and S7) further strengthen local 
interpretability.

Application of the Model
Based on our selected optimal Stacking ensemble model (ANN + SVM + Logit), we developed an online prediction 
platform for high mitotic count using 6 high-risk features to assist in clinical decision-making. The platform is freely 
accessible: https://predictive-model-for-high-mitotic-count-in-gist-hrbo6dtusar2kj.streamlit.app/. The underlying source 

Figure 7 Global Model Interpretation Based on SHAP: Feature Importance Plot.

Figure 8 Global Model Interpretation Based on SHAP: Feature Dependency Bee Swarm Plot.
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code and trained model weights (excluding any patient data) can be obtained from https://github.com/AsherSense/ 
Predictive-Model-for-High-Mitotic-Count-in-GIST. Figure 9 illustrates an example interface of the platform.

Discussion
Although the prediction of mitotic count in GISTs has been increasingly investigated, a systematic model that integrates 
multiple features for the accurate prediction of high mitotic count in GISTs is currently lacking. In this study, we 
developed six individual machine learning models and 31 Stacking ensemble models, evaluated their performance, and 
identified the optimal model for predicting high mitotic count in GISTs. The results demonstrated that the SVM+ANN 
+Logit Stacking ensemble model was the optimal model.

Current risk stratification for GISTs primarily relies on the modified NIH (mNIH) 2023 criteria, which is based on the 
evaluation of postoperative pathological specimens. This system utilizes tumor size, primary tumor location, mitotic 
count, and rupture status as key indicators for risk stratification.10 Regarding the acquisition of these indicators, tumor 
size, primary location, and rupture status can be non-invasively obtained through preoperative imaging such as CT. 
However, the preoperative assessment of mitotic count faces significant limitations: on one hand, obtaining mitotic count 
preoperatively via invasive procedures like biopsy increases the risk of tumor rupture and iatrogenic dissemination.11 On 
the other hand, GISTs exhibit considerable heterogeneity in size, and biopsy retrieves minimal tissue, prone to sampling 
bias. This may fail to capture areas with the highest mitotic count, resulting in non-representative samples that mislead 
risk assessment and subsequently lead to deviations in patient treatment strategies.12 A Japanese multicenter study 
confirmed this issue, showing a concordance rate of only 50% for mitotic count determination via biopsy.13 Therefore, as 
the sole core indicator within the mNIH (2023) criteria that is difficult to assess non-invasively preoperatively, the 

Figure 9 Example of the online GIST mitotic count prediction platform.
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accurate non-invasive prediction of mitotic count is crucial for precise risk stratification and personalized treatment 
planning in GIST patients.

Mitotic count serves as a significant prognostic indicator in GISTs. Although initially proposed for GIST risk 
stratification, its fundamental biological significance lies in directly reflecting tumor cell proliferative activity. 
Specifically, a higher mitotic count indicates greater biological aggressiveness and consequently increased risks of 
recurrence and metastasis.14 Studies have confirmed that the prognostic value of mitotic count surpasses that of tumor 
size. One such study demonstrated no statistical association between tumor size and patient recurrence or metastasis 
outcomes, whereas high mitotic count emerged as the sole predictor for elevated recurrence risk.15

A mutually reinforcing regulatory relationship exists between abundant inflammatory cells within the tumor micro
environment and tumor proliferation. Driven by mediators such as cytokines, chemokines, and enzymes, this inflamma
tory microenvironment acts as “fertile soil”, fostering proliferation by promoting angiogenesis and inhibiting immune- 
mediated killing. Serological inflammatory indicators directly reflect this state.16 Hanahan et al emphasized that 
inflammation is a hallmark of cancer involved in all developmental stages,17 while tumors themselves can induce 
inflammatory responses to block anti-tumor surveillance and remodel their environment.18

Clinically, high-grade tumors exhibit increased microvessel density, which correlates positively with neutrophil 
counts.19 Specifically, Cananiz et al20 identified MLR, NLR, and PLR as independent risk factors for GIST recurrence, 
and Lu et al21 confirmed the association between chronic inflammation and colorectal cancer survival. These findings 
substantiate the prognostic value of serological indicators. Currently, preoperative prediction of mitotic count in GISTs is 
limited because CT imaging only captures macroscopic morphological characteristics. Therefore, incorporating serolo
gical indicators is essential to reflect microscopic biological features, providing more comprehensive support for 
preoperative assessment.

CT examination, as one of the routine preoperative imaging modalities for GISTs, enables the non-invasive acquisi
tion of tumor morphological characteristics. The results of this study identified four CT imaging features as risk factors 
for high mitotic count in GISTs: tumor size, liquefaction/necrosis, the coarse vessel sign, and peritumoral fat stranding. 
The study by Ren et al22 indicated that tumor size is an independent risk factor for high mitotic count in GISTs, 
particularly when the diameter exceeds 5 cm or 10 cm, which is more suggestive of a high mitotic count and malignant 
risk stratification. CT can intuitively distinguish the density differences between necrotic tissue and normal tissue; 
therefore, the presence of tumor necrosis on imaging often indicates active cell proliferation and is associated with an 
increased mitotic count. Mazzei et al,23 in predicting mitotic count based on CT findings, confirmed a significant 
correlation between the rate of tumor necrosis and mitotic count. Furthermore, other studies have pointed out that 
necrosis often occurs in areas with strong tumor invasiveness and is closely related to the proliferation process.24 The 
coarse vessel sign refers to the clear visibility of large feeding or draining vessels at the tumor margin on imaging and 
serves as an important basis for assessing tumor malignancy and proliferation potential.25 Multivariate logistic regression 
by Zhou et al26 also demonstrated that this sign is indicative of high-risk GISTs. Focal peritumoral fat stranding on CT 
often manifests as heterogeneous density or fine linear stranding within the local fat space at the tumor edge. In this 
study, it was graded as clear or blurred. Hisanaga et al,27 in a breast cancer study, found that more blurred peritumoral fat 
stranding was associated with larger tumor size and poorer prognosis. However, this indicator has not been routinely 
quantified in the prognostic analysis of GISTs. The findings of this study provide an important supplement to this field, 
offering potential clinical and research reference value.

Tumor-associated inflammation has been recognized as a hallmark of cancer, playing a crucial role in tumor initiation, 
progression, and treatment response. In recent years, researchers have developed various inflammation-based predictive 
indicators, including ALI, MLR, PLR, PNI, SII, and AFR. These indicators are all associated with adverse prognosis, and 
systemic inflammatory markers have demonstrated superior prognostic value compared to local immune markers.16 This 
study identified PLR and AFR among serological indicators as key predictors for mitotic count in GISTs. Zhao et al,28 

investigating the prognostic value of inflammatory markers in predicting recurrence-free survival in GISTs, found that 
preoperative PLR was an independent risk factor affecting prognosis, with lower PLR associated with reduced recurrence 
rates. Wei et al29 reached the same conclusion, reporting that elevated PLR was significantly associated with poor 
prognosis in GISTs. AFR is an important parameter reflecting a patient’s coagulation status, systemic inflammation, and 

https://doi.org/10.2147/JIR.S593404                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2026:19 16

Ren et al                                                                                                                                                                             

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



nutritional state. Li et al30 found that AFR had significantly stronger predictive power for GIST prognosis compared to 
other serological indicators. In their study, lower AFR was associated with greater tumor aggressiveness and higher risk 
stratification. These findings are consistent with our results, further supporting the clinical significance of PLR and AFR 
as key predictive indicators for GISTs.

This study developed a stacking ensemble-learning framework that combined complementary base learners. Among 
all evaluated models, the final SVM+ANN+Logit configuration achieved the highest AUC, although its improvement 
over the best single model was modest. Therefore, the added value of the ensemble may lie not only in discrimination, 
but also in better probability calibration, greater model flexibility, and improved robustness.

Although the proportion of high mitotic count was numerically lower in the external cohort than in the internal cohort 
(25.1% vs 31.7%, p = 0.055), the two cohorts also differed in several baseline characteristics. In particular, significant 
differences were observed in tumor location, boundary, ulceration, calcification, morphology, growth pattern, enhance
ment degree, peritumoral fat stranding, and several serologic indices. These findings suggest that the external cohort was 
not simply a repetition of the internal population, but represented a different case mix across centers. Therefore, the 
favorable discrimination performance in the external cohort may reflect not only the model’s generalizability, but also 
differences in baseline case composition between centers.

However, several limitations should be acknowledged. First, this was a retrospective study, and both CT feature 
extraction and mitotic-count assessment relied on human interpretation. Although standardized definitions and expert 
review were used, formal interobserver agreement statistics, such as kappa values or intraclass correlation coefficients, 
were not available. As a result, the reproducibility of imaging and pathological assessments could not be fully 
quantified. Second, because eligible cases were identified retrospectively and strict consecutiveness could not be 
completely confirmed, selection bias may still have been present. Third, the current fusion strategy remained relatively 
simple and included only conventional CT morphologic features and serologic indices, without radiomics, deep- 
learning features, or more explicit interaction modeling. Future studies may expand this framework toward radio
genomic and multi-omics integration, including spatially resolved or single-cell-level data, to better capture tumor 
heterogeneity.31 Fourth, KIT/PDGFRA and other related genomic variables were not included. Given the known 
molecular heterogeneity of GIST and the clinical importance of genotype for treatment decision-making, larger 
multicenter studies integrating next-generation sequencing data with imaging and serologic variables are 
warranted.32 Finally, no formal a priori sample-size calculation was performed because of the retrospective design, 
and prospective validation is still needed.

In conclusion, the SVM+ANN+Logit stacking model showed slightly better overall discrimination than the best 
single model and may serve as an interpretable, non-invasive decision-support tool for the preoperative estimation of 
high mitotic count in GISTs. Its generalizability and clinical usefulness should be further evaluated in prospective 
multicenter studies.
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