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Abstract
Background and Objective: The Ki-67 proliferation index is a key biomarker
for assessing the malignancy and prognosis of intracranial tumors, but its
acquisition relies on invasive surgery. This study aimed to develop an ex-
plainable machine-learning model that non-invasively predicts Ki-67 status in
intracranial tumors using preoperative contrast-enhanced T1 (T1CE)-weighted
magnetic resonance imaging (MRI). Methods: We retrospectively analyzed
a final cohort of 573 pathologically confirmed cases, including 394 from the
First Affiliated Hospital of USTC and 179 from the First Affiliated Hospital
of Anhui Medical University, across five tumor types: glioma (n=369), menin-
gioma (n=53), acoustic neuroma (n=52), metastatic tumor (n=50), and sellar
lesion (n=49). Patients were dichotomized into high- (Ki-67 >=10%) and
low-expression groups. After standardized preprocessing and nnU-Net-based
tumor segmentation, we extracted clinical (age, gender), hand-crafted features
(n=23), and deep-learning (DL) features (n=256) from T1CE. A selection
strategy identified 46 features (2 clinical, 14 hand-crafted, 30 DL) for model
development. Results: Using 5-fold stratified cross-validation, an XGBoost
classifier achieved an out-of-fold AUC of 0.804 (95% CI: 0.769-0.838), accuracy
0.743, sensitivity 0.785, and specificity 0.691, with acceptable probability
calibration. SHapley Additive exPlanations (SHAP) provided global and local
interpretability, highlighting location, enhancement, and ring-related descrip-
tors (e.g., skullbase_{{{distance}}{{mm}}}, rim{{{core}}{{entropy}}}{diff},
ring_{{{continuity}}_{{pct}}}) alongside influential DL features. Conclusion:
These results indicate that a T1CE-based, explainable XGBoost model shows
promise for non-invasively predicting Ki-67 status across diverse intracranial
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tumor types, particularly for gliomas, offering imaging-derived evidence to
support clinical decision-making.
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ABSTRACT
Background and Objective: The Ki-67 proliferation index is a key biomarker
for assessing the malignancy and prognosis of intracranial tumors, but its ac-
quisition relies on invasive surgery. This study aimed to develop an explainable
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machine-learning model that non-invasively predicts Ki-67 status in intracranial
tumors using preoperative contrast-enhanced T1 (T1CE)-weighted magnetic res-
onance imaging (MRI). Methods:

We retrospectively analyzed a final cohort of 573 pathologically confirmed cases,

including 394 from the First Affiliated Hospital of USTC and 179 from the
First Affiliated Hospital of Anhui Medical University, across five tumor types:
glioma (n=369), meningioma (n=53), acoustic neuroma (n=52), metastatic tu-
mor (n=50), and sellar lesion (n=49). Patients were dichotomized into high-
(Ki-67 >=10%) and low-expression groups.

After standardized preprocessing and nnU-Net-based tumor segmentation,
we extracted clinical (age, gender), hand-crafted features (n=23), and deep-
learning (DL) features (n=256) from T1CE. A selection strategy identified 46
features (2 clinical, 14 handcrafted, 30 DL) for model development. Results:
Using 5-fold stratified cross-validation, an XGBoost classifier achieved an
out-of-fold AUC of 0.804 (95% CI: 0.769-0.838), accuracy 0.743, sensitivity
0.785, and specificity 0.691, with acceptable probability calibration. SHapley
Additive exPlanations (SHAP) provided global and local interpretability,
highlighting location, enhancement, and ring-related descriptors (e.g., skull-
base_{{{distance}}_{{mm}}},

rim_{{{core}}{{entropy}}}{diff},

ring_{{{continuity}}_{{pct}}})

alongside

influential DL features. Conclusion: These results indicate that a T1CE-based,
explainable XGBoost model shows promise for non-invasively predicting Ki-67
status across diverse intracranial tumor types, particularly for gliomas, offering
imaging-derived evidence to support clinical decision-making.

1. Introduction
Intracranial tumors are among the most prevalent malignant lesions in the cen-
tral nervous system, displaying notable heterogeneity in terms of malignancy,
invasiveness, and prognosis. Accurately assessing the biological behavior of tu-
mors is the fundamental prerequisite for optimizing treatment strategies[1, 2].
The Ki-67 proliferation index, as the

gold-standard biomarker for reflecting the proliferative activity of tumor cells,
directly correlates with tumor malignancy and clinical prognosis by labeling
proliferating cells in the G1, S, G2, and M phases[3, 4]. In common intracranial
tumors such as gliomas, meningiomas, and metastatic tumors, high Ki-67 expres-
sion (usually with a 10% threshold) not only serves as a crucial basis for tumor
grading (for example, high - grade gliomas often have a Ki-67 index >10%),
but is also closely associated with resistance to radiotherapy and chemotherapy,
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an increased risk of recurrence, and a shortened survival time for patients[3-5].
Moreover, the Ki-67 index can guide treatment selection. For

example, in meningiomas with high Ki-67 expression, postoperative adjuvant
radiotherapy significantly reduces the recurrence rate, while those with low ex-
pression may only need surgical resection[5, 6].

Currently, the acquisition of the Ki-67 index relies on histopathological exami-
nation of surgical or biopsy specimens, a process that has inherent limitations.
First, invasive procedures may lead to complications such as bleeding and infec-
tion, particularly for tumors located in critical functional areas like the brain-
stem or thalamus, where surgical biopsy carries extremely high risks. Second,
tumors exhibit intratumoral heterogeneity; biopsy sampling may result in“sam-
pling bias,”failing to comprehensively reflect the proliferative activity of the
entire tumor. Third, pathological results typically require several days post-
surgery to obtain, thus failing to provide timely support for preoperative treat-
ment decisions (such as surgical approach planning or the need for preoperative
neoadjuvant radiotherapy or chemotherapy)[7-9]. Therefore, developing a non-
invasive, accurate, and preoperatively applicable method for assessing the Ki-67
index holds significant clinical importance for advancing the precision diagnosis
and treatment of intracranial tumors.

Magnetic resonance imaging (MRI) has become the preferred imaging modality
for t he diagnosis and evaluation of intracranial tumors due to its high soft tissue
resolution, m ulti-sequence imaging capability, and non-invasiveness[10-12]. It
provides rich anatomical a nd functional information. In recent years, with the
advancement of radiomics and deep l earning technologies, the extraction of
quantitative features from MRI to predict the mole cular pathological status of
tumors has become a research hotspot. Previous studies have primarily focused
on Ki-67 prediction for single tumor types (e.g., gliomas) and relied on

manually delineated radiomics features, which have limited generalization and
clinical a pplicability[3, 7]. This study aimed to address this challenge by
constructing a unified mac hine learning model to achieve non-invasive predic-
tion of Ki-67 status for five common i ntracranial tumors, including gliomas,
meningiomas, acoustic neuromas, metastatic tumor s, and sellar lesions (pri-
marily pituitary adenomas)[13-16]. We integrated clinical informati on, inter-
pretable hand-crafted features, and deep learning features. These features were
ex tracted from supervised learning tasks to comprehensively capture tumor
proliferation-rel ated imaging phenotypes. We hypothesized that this multi-
modal feature fusion strategy c

an enhance the model’s predictive performance and generalization ability, and
reveal the model’s decision-making mechanisms through advanced interpretable
tools (SHAP), ther eby improving its credibility in clinical applications[17-19].

This study had three primary objectives: 1. To develop an automated workflow
applicable to various intracranial tumor types for predicting Ki-67 expression
levels. 2.
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To investigate the enhancement of predictive performance through a multimodal
strategy integrating clinical information, hand-crafted features, and deep learn-
ing features. 3. To elucidate the association between key imaging features and
Ki-67 status using interpretable AI techniques, thereby providing a basis for
clinical translation of the model.

2. Materials and methods
The overall workflow of our study is illustrated in Figure 1 [FIGURE:1]. The
process includes four main stages: (I) Data Collection and Preprocessing, (II)
Feature Extraction, (III) Feature Selection, and (IV) XGBoost Model Develop-
ment, Validation, and Evaluation[2022]

This flowchart illustrates the key steps of our methodology. (I) We start with a
dataset of 573 intracranial tumor cases, perform automated preprocessing and
unified 3D brain volume segmentation using nnU-Net. (II) We then extract
23 MRI-based hand-crafted features and 256 deep learning features. (III) A
feature selection process identifies the most relevant 14 hand-crafted and 30
deep learning features, along with 2 clinical features. (IV) Finally, these 46
selected features are used to train and evaluate an XGBoost classifier using
5-fold cross-validation, with performance assessed by metrics such as AUC.

2.1. Patient Cohort and Demographics
This retrospective study was approved by the Institutional Review Board, and
the requirement for written informed consent was waived. We identified a final
cohort of 573 patients with pathologically confirmed intracranial tumors who
underwent surgical resection or biopsy. Among these 573 cases, 394 were from
the First Affiliated Hospital of USTC and 179 were from the First Affiliated
Hospital of Anhui Medical University.

Inclusion criteria: (1) Postoperative pathology confirmed as intracranial tumors,
with tumor types including glioma, meningioma, acoustic neuroma, metastatic
tumor, or sellar lesions (primarily pituitary adenomas); (2) Availability of preop-
erative MRI with at least T1CE sequence within 2 weeks prior to surgery/biopsy,
with image quality meeting diagnostic requirements (no significant motion arti-
facts or magnetic susceptibility

artifacts); (3) Pathological report explicitly documenting Ki-67 proliferation in-
dex test results; (4)Availability of core clinical and pathological records required
for analysis.

Tumor Type

(Mean±SD)

Male n(%)

Female
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Ki-67 High n(%)

Ki-67 Low n(%)

Overall

51.9$±$13.8

(55.49%)

(44.5%)

(55.3%)

(44.7%)

Glioma

48.6$±$13.7

221(59.9%)

(40.1%)

(68.8%)

(31.2%)

Acoustic Neuroma

57.4$±$12.4

29 (55.8%)

(44.2%)

5 (9.6%)

47 (90.4%)

Meningioma

57.5$±$11.1

16 (30.2%)

(69.8%)

11 (20.8%)

42 (79.2%)

Metastatic Tumor

63.5$±$8.8

32 (64.0%)

(36.0%)

44 (88.0%)
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6 (12.0%)

Sellar Lesion

52.3$±$13.1

20 (40.8%)

(59.2%)

3 (6.1%)

46 (93.9%)

This table summarizes the demographic data, including age and gender, and the
distribution of Ki67 expression levels across the five different types of intracra-
nial tumors included in the study.

Exclusion criteria: (1) Previous antitumor treatments such as radiotherapy,
chemotherapy, targeted therapy, or immunotherapy; (2) Concurrent central ner-
vous system disorders (e.g., cerebral infarction, cerebral hemorrhage, multiple
sclerosis); (3) Severe artifacts in MRI images or incomplete scanning parameters;
(4) Substandard pathological specimen quality or non-standard Ki-67 detection
methods; (5) Unavailable key pathological records, non-evaluable imaging, or
unavailable follow-up information.

The final cohort comprised 573 patients, including 369 cases of glioma, 53 of
meningioma, 52 of acoustic neuroma, 50 of metastatic tumor, and 49 of sellar
lesions.

The overall mean age was 51.9 +/- 13.8 years, and the cohort included 318 males
, 255 females. For the analysis, patients were divided into two groups based on
the Ki-67 labeling index: a low-expression group (Ki-67 < 10%, n=256) and
a high-expression group (Ki-67 >= 10%, n=317). Detailed demographic and
histopathological information for the overall cohort and stratified by tumor type
is summarized in Table 1 .

2.2. MRI Acquisition and Preprocessing
Patients underwent preoperative brain MRI according to clinical protocols at
participating data sources. To ensure consistency and comparability across
the merged dataset, a standardized preprocessing pipeline was applied to all
MRI scans using tools from ITK-SNAP software. The pipeline consisted of the
following steps:

1. Image Registration and Standardization: All MRI se-
quences for each patient
were co-registered to the T1CE volume. Subsequently, all images were resampled
to a uniform isotropic resolution of 1.0 × 1.0 × 1.0 mm3.
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2. Bias Field Correction: The N4 bias field correction al-
gorithm was applied to
mitigate low-frequency intensity non-uniformities caused by magnetic field in-
homogeneities.

3. Intensity Normalization: Image intensities were normal-
ized by converting them
to Z-scores (zero mean, unit variance) relative to the mean and standard devia-
tion of intensities within the brain mask.

2.3. Tumor Segmentation
Regions of interest (ROIs) were independently manually delineated by two
boardcertified radiologists using ITK-SNAP software. In cases of inter-observer
disagreement, adjudication was carried out by a senior radiologist with more
than two decades of clinical experience. To standardize image resolution across
all volumetric datasets, voxel spacing was resampled to 1 mm3 isotropic dimen-
sions using a fixed-resolution interpolation technique[23]. Accurate and consis-
tent delineation of the tumor volume is critical for feature extraction, especially
in a multi-observer setting. As the ground truth masks in our cohort were anno-
tated by multiple radiologists, we employed the nnU-Net framework to develop a
unified, automated segmentation model[24]. The purpose of this was to create a
standardized segmentation pipeline that mitigates potential inter-observer vari-
ability, ensuring that the subsequent feature extraction is based on consistent
and reproducible tumor masks. The nnU-Net model was configured to use the
3d_{fullres} mode and was trained using a 5-fold cross-validation scheme. This
single, robust model was capable of segmenting all five tumor types, providing
a harmonized basis for our analysis.

2.4. Feature Extraction
To ensure the robustness and reproducibility of our results across different scan-
ners and acquisition protocols, we adopted a specific strategy for feature extrac-
tion based on a quality assessment of our cohort’s imaging data. Our analysis
revealed significant variability in slice thickness and anisotropy, particularly in
T2-weighted sequences. In contrast, T1-weighted contrast-enhanced (T1CE)
sequences more frequently offered thinslice or near-isotropic data, providing
clearer tumor boundaries and higher tumor-tobackground contrast.

Therefore, to minimize biases introduced by resampling thick-slice, anisotropic
data, we restricted the extraction of quantitative features—both hand-crafted
and deep learning—to the T1CE sequence only. The roles of T1 and T2 sequences
were primarily auxiliary:
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1. To Assist in Feature Engineering: The peritumoral
edema, most sensitively
visualized on T2 images, was segmented and used in conjunction with the T1CE
tumor mask to calculate the Edema Index (Edema Volume / Tumor Volume),
which was included as a hand-crafted feature.

2. To Inform Phenotypic Labels: Radiologists used T2 im-
ages to determine binary
phenotypic features (e.g., presence of a CSF cleft), which are less sensitive to
slice thickness variations.

This strategy maximizes the stable, high-resolution information from T1CE for
quantitative analysis while retaining the diagnostic value of T2 for assessing
peritumoral changes and qualitative phenotypes. From this foundation, we ex-
tracted three categories of features: 2.4.1. Clinical Features Two fundamental
clinical variables were collected from patient medical records:

Age: Patient’s age at the time of MRI scan (continuous variable).

Gender: Patient’s gender (binary variable, encoded as Male=1, Female=0).

2.4.2. Hand-Crafted Features A set of 23 quantitative, hypothesis-driven fea-
tures were engineered to capture macroscopic properties of the tumor and its
surrounding environment[25, 26]. These features were designed to quantify as-
pects of tumor volume, enhancement patterns, necrosis, spatial location, and
relationship with adjacent structures. The features were

grouped into categories including:

Volume and Ratios: e.g., tumor_{{{volume}}{{ml}}}, edema{{{volume}}{{ml}}},
edema{index}.

Enhancement/Necrosis: e.g., necrosis_{ratio}, enhancing_{ratio}.

Rim/Core Contrast: e.g., rim_{{{core}}{{mean}}}{ratio}, ring_{{{continuity}}_{{pct}}}.

Location and Geometry: e.g., laterality, center_{{{distance}}_{{mm}}}.

Cerebrospinal Fluid(CSF) Adjacency: e.g., csf_{{{cleft}}{{present}}},
min{{{csf}}{{distance}}}{mm}.

2.4.3. Deep Learning (DL) Features To capture intricate and hierarchical image
patterns not easily described by handcrafted features, we developed a task-
driven feature learning pipeline using a custom 3D U-Net architecture[27]. This
approach is distinct from using the segmentation model’s (nnU-Net) features.

The process was as follows:
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1. Model Architecture: A simplified 3D U-Net model (Sim-
pleUNet3D_{256}) was
constructed with an encoder-decoder structure. The model takes a T1CE image
patch as input and is trained to produce a corresponding tumor segmentation
mask.

2. Supervised Training: Within each fold of the 5-fold
cross-validation, the
network was trained on the training-split T1CE images with the tumor masks
(generated by the nnU-Net pipeline) serving as the ground truth. The training
objective was to minimize a Dice Loss function, effectively teaching the network
to perform the segmentation task.

3. Feature Extraction: After 30 epochs of training, the model’s weights were
frozen.

For each patient’s T1CE image, we performed a forward pass and extracted
the activation map from the penultimate layer of the decoder (d1). A global
average pooling operation was applied to this activation map, followed by a
linear projection layer, to produce a final, fixed-length feature vector of 256
dimensions.

This supervised pre-training strategy allows the network to learn a rich rep-
resentation of tumor morphology and texture relevant to its structure. These
learned features are then

transferred for the downstream task of Ki-67 prediction. 2.4.4. Radiomics
Features (for comparison) For comparative purposes, a comprehensive set of
1,131 standard radiomics features were also extracted from the tumor region
on T1CE images using the PyRadiomics library. These included first-order
statistics, shape features, and texture features (e.g., Gray Level Co-occurrence
Matrix [GLCM], Gray Level Run Length Matrix [GLRLM], Gray Level Size
Zone Matrix [GLSZM]). These features were not used for the final XGBoost
model training but were leveraged for a correlation analysis against the DL
features[28-31].

2.5. Feature Selection
With a high-dimensional initial feature set (2 clinical + 23 hand-crafted + 256
DL = 281 features), a multi-step feature selection process was implemented
to reduce dimensionality, mitigate the risk of overfitting, and select the most
informative predictors for the XGBoost model.
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1. Clinical Features: Both age and gender were retained a
priori due to their
established clinical relevance.

2. Hand-crafted Features: A univariate analysis was per-
formed by calculating the
point-biserial correlation coefficient between each of the 23 features and the
binary Ki-67 label. Features with a p-value less than 0.1 were selected, resulting
in a reduced set of 14 hand-crafted features.

3. Deep Learning Features: A two-stage selection was ap-
plied. First, to remove
redundant or non-informative features, a variance threshold was used to select
the top 100 DL features with the highest variance. Second, from this subset,
we calculated the absolute correlation of each feature with the Ki-67 label and
selected the top 30 features.

This process yielded a final, consolidated feature set of 46 dimensions (2 clinical
+ 14 hand-crafted + 30 DL) to be used as input for the final classification model.
A separate selection was performed on the radiomics features, where the top 10
features with the

highest absolute correlation to the Ki-67 label were identified solely for the
comparative heatmap analysis (Figure 8 [FIGURE:8]).

2.6. Model Development and Evaluation
2.6.1. XGBoost Classifier An XGBoost (Extreme Gradient Boosting) classi-
fier was chosen for the classification task due to its high performance, effi-
ciency, and inherent regularization capabilities, which help prevent overfitting.
The model was configured with a set of optimized hyperparameters, including
n_{estimators}=100, max_{depth}=4, and learning_{rate}=0.1. The objec-
tive was set to binary:logistic for binary classification. 2.6.2. Cross-Validation
and Performance Metrics To ensure a robust and generalizable evaluation of the
model, we employed a 5-fold stratified cross-validation strategy. The dataset
was partitioned into five folds, ensuring that the proportion of high- and low-
expression Ki-67 cases was consistent across all folds. In each iteration, the
model was trained on four folds and validated on the held-out fold. The predic-
tions from the held-out fold in each iteration were collected to form a complete
set of out-of-fold (OOF) predictions for the entire dataset.

The model’s performance was assessed using several standard metrics:

Area Under the Receiver Operating Characteristic Curve (AUC): To evaluate
the model’s overall discriminative ability.
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Accuracy: The proportion of correctly classified instances.

Sensitivity (Recall): The ability to correctly identify high-expression cases.

Specificity: The ability to correctly identify low-expression cases.

F1 Score: The harmonic mean of precision and sensitivity.

Matthews Correlation Coefficient (MCC): A balanced measure of classification
quality.

Confidence intervals (95% CI) for the performance metrics were calculated using
the

bootstrap method with 1000 resamples on the OOF predictions.

The performance was evaluated using the following equations:

Accuracy=

(TP+TN) (TP+TN+FP+FN)

Sensitivity(Recall)= Specificity= F1Score=2×
(TP+FN)

(TN+FP)

(TP×TN-FP×FN)

(TP+FP)(TP+FN)(TN+FP)(TN+FN)

Where:

True Positives (TP) are the high-expression cases correctly predicted as high.

True Negatives (TN) are the low-expression cases correctly predicted as low.

False Positives (FP) are the low-expression cases incorrectly predicted as high.

False Negatives (FN) are the high-expression cases incorrectly predicted as low.

2.7. Model Interpretability with SHAP
To understand the inner workings of the“black-box”XGBoost model and to iden-
tify which features were most influential in predicting Ki-67 status, we utilized
the SHapley

Additive exPlanations (SHAP) technique. SHAP is a game theory-based ap-
proach that assigns an importance value (SHAP value) to each feature for each
individual prediction, representing its contribution to pushing the model’s out-
put from the base value to the final prediction.

We generated several SHAP visualizations to interpret the model both globally
and locally:

SHAP Beeswarm Plots: To summarize the importance and impact of the top
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features across the entire dataset. These plots show the distribution of SHAP
values for each feature and how high or low feature values correlate with the
prediction.

SHAP Waterfall Plots: To explain individual predictions for representative
cases, illustrating how different features collaboratively contribute to the final
classification for a specific patient.

This analysis was performed separately for the hand-crafted features (including
clinical) and the deep learning features to assess the relative importance of each
feature category.

3.1. Patient Characteristics
The baseline characteristics of the 573 patients included in the study are de-
tailed in Metastatic tumors and gliomas exhibited the highest proportions of
Ki-67 highexpression cases (88.0% and 68.8%, respectively), consistent with
their aggressive nature.

Conversely, sellar lesions and acoustic neuromas, which are typically benign,
had the lowest rates of high Ki-67 expression (6.1% and 9.6%, respectively).

Overall, 317/573 patients (55.3%) were labeled as high Ki-67 and 256/573
(44.7%) as low. Tumor-type counts were: Glioma (n=369), Meningioma (n=53),
Acoustic Neuroma (n=52), Metastatic tumor (n=50), and Sellar lesion (n=49).

3.2. Model Performance
The XGBoost model, trained on the 46 selected features, demonstrated good
predictive performance in distinguishing between high and low Ki-67 expression
levels in the outof-fold (OOF) validation set. The pooled out-of-fold AUC was
0.804 (95% CI: 0.7690.838), indicating good discriminative ability. The ROC
curves for each fold and the

mean ROC curve are shown in Figure 2 [FIGURE:2].

each of the 5 cross-validation folds, along with the mean ROC curve (solid blue
line) and its 95% confidence interval (shaded area). The pooled out-of-fold AUC
of 0.804 demonstrates the model’s overall performance.

The overall classification performance metrics are summarized in Table 2 . The
model achieved an accuracy of 0.743, a sensitivity of 0.785, and a specificity of
0.691. The F1 score was 0.772 and the MCC was 0.479, reflecting a well-balanced
classification performance.

Dataset

AUC (95% CI)

Validation (OOF)
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Figure 3

Figure 1: Figure 3

Figure 4

Figure 2: Figure 4

0.804 [0.769-0.838]

Accuracy

Sensitivity

Specificity

F1 Score

The stability of the model was supported by consistent fold-wise ROC behavior
and a relatively narrow 95% confidence interval around the mean ROC curve
(Figure 2).

The confusion matrix for the OOF predictions (Figure 3

) further details the classification results, showing that the model correctly iden-
tified 249 of the 317 high-

expression cases and 177 of the 256 low-expression cases. The model’s calibra-
tion, assessed via a calibration curve (Figure 4

), indicated acceptable agreement between the predicted probabilities and the
observed frequencies.

Numerically, the OOF predictions consisted of 249 true positives, 177 true neg-
atives, 79 false positives, and 68 false negatives (n=573). The reliability curve
closely follows the diagonal over most probability bins, with only mild underes-
timation at the highestprobability bin (Figure 4).

predictions for all 573 patients, detailing true positives, true negatives, false
positives, and false negatives.

from the model and the actual observed proportion of high Ki-67 cases, demon-
strating acceptable model calibration.

3.2.1. Performance by Tumor Type To assess the model’s utility across different
pathologies, we analyzed its performance stratified by each of the five tumor
types. The confusion matrices for each subgroup are presented in Figure 5
[FIGURE:5] and Table 3 . The model showed the highest sensitivity for gliomas
and metastatic tumors, consistent with their high prevalence of elevated Ki-67,
while also identifying the low-proliferative status of sellar lesions and acoustic
neuromas.
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for each of the five tumor subtypes: Glioma (A), Metastatic Tumor (B), Acoustic
Neuroma (C), Meningioma (D), and Sellar Lesion (E).

Tumor type

Accuracy

Sensitivity

Specificity

Glioma

0.823 (209/254)

0.522 (60/115)

Meningioma

0.364 (4/11)

0.667 (28/42)

Acoustic neuroma

0.000 (0/5)

0.894 (42/47)

Metastatic tumor

0.818 (36/44)

0.167 (1/6)

Sellar lesion

0.000 (0/3)

1.000 (46/46)

These results indicate a high sensitivity for detecting elevated Ki-67 in glioma
and metastatic tumors, while predictions for benign-predominant entities (sellar
lesions, acoustic neuroma) favor specificity, reflecting their very low prevalence
of high Ki-67 in our cohort.

3.3. Model Interpretability using SHAP
SHAP analysis was conducted to provide insight into the model’s decision-
making process and to identify the most influential features. 3.3.1. Global
Feature Importance The SHAP beeswarm plots (Figures 6 and 7) illustrate the
global importance of the top hand-crafted and deep learning features, respec-
tively. Each point on the plot represents a single patient’s prediction, with the
color indicating the feature’s value (red for high, blue for low) and its position
on the x-axis showing its impact on the prediction
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(positive SHAP values push the prediction towards high Ki-67).

hand-crafted

features

(Figure

skullbase_{{{distance}}_{{mm}}},

rim_{{{core}}{{entropy}}}{diff}, and enhancement-related descriptors
emerged as highly influential predictors. Clinical features such as age showed
strong contribution, and location-/ring-related characteristics consistently
affected the probability of Ki-67 >=10%.

important features in this category. Features are ordered by their mean absolute
SHAP value.

Among the deep learning features (Figure 7 [FIGURE:7]), several abstract fea-
tures learned by the model demonstrated significant predictive power. For
instance, dl_{{{feat}}{{78}}}, dl{{{feat}}{{41}}}, and dl{{{feat}}_{{92}}}
showed notable contributions, capturing complex textural and

morphological patterns beyond the scope of the hand-crafted features.

DL features, revealing the complex image patterns captured by the model that
are critical for prediction.

Top global features by mean absolute SHAP (selected): skullbase_{{{distance}}{{mm}}}
(0.529), age (0.521), rim{{{core}}{{entropy}}}{diff} (0.418), enhance-
ment_p90 (0.258), center_{{{distance}}{{mm}}} (0.248), ring{{{continuity}}{{pct}}}
(0.224), min{{{csf}}{{distance}}}{mm} (0.202), tumor_{{{volume}}{{ml}}}
(0.159), enhancing{ratio} (0.128), enhancement_p10 (0.115). Values in
parentheses denote mean |SHAP| from the validation set. 3.3.2. Correlation
between DL and Radiomics Features

To better understand the nature of the abstract DL features, we performed a
correlation analysis between the top 10 most predictive DL features and the top
10 most predictive standard radiomics features. The resulting heatmap (Figure
8) reveals moderate to strong correlations between certain DL features and es-
tablished radiomic concepts like tumor intensity, texture, and shape, suggesting
that the DL model independently learned to

identify patterns analogous to well-known radiomic markers.

top 10 DL features and top 10 radiomics features (ranked by their correlation
with the Ki-67 label).

3.3.3. Local (Individual) Prediction Explanation SHAP waterfall plots
provide a transparent view of how the model arrives at a decision for an
individual patient. Figure 9A [FIGURE:9] shows a case correctly predicted
as having high Ki67 expression. The plot details how features such as
rim_{{{core}}{{entropy}}}{diff},
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skullbase_{{{distance}}{{mm}}}, and ring{{{continuity}}{{pct}}} cumula-
tively increase the SHAP value, pushing the prediction above the threshold.
Conversely, Figure 9B illustrates a case correctly predicted as low-expression,
where strong negative contributions from ring{{{continuity}}{{pct}}}, en-
hancing{ratio}, center_{{{distance}}_{{mm}}}, and age drive the prediction
toward low Ki-67.

a single patient, showing how each feature contributes to the final output. ex-
planation for a patient correctly classified as having low Ki-67 expression.

In a representative high-expression case (Figure 9A), positive contributions were
dominated

rim_{{{core}}{{entropy}}}{diff}

(+0.90),

skullbase_{{{distance}}_{{mm}}}

(+0.73),

ring_{{{continuity}}{{pct}}} (+0.57), and min{{{csf}}{{distance}}}{mm}
(+0.35), partially offset by negatives from center_{{{distance}}{{mm}}}
(−0.18) and enhancement_p90 (−0.14). In a representative low-expression
case (Figure 9B), large negative pushes came from ring{{{continuity}}{{pct}}}
(−0.99), enhancing{ratio} (−0.39), center_{{{distance}}_{{mm}}} (−0.37),
and age (−0.25), with only small positive offsets from several DL features.

3.4. Error Analysis
Across all OOF predictions, there were 147 misclassifications (79 false positives,
68 false negatives). By tumor type, misclassifications were most frequent in
glioma and meningioma (reflecting larger sample sizes and class imbalance),
with far fewer in metastasis and sellar lesions. In acoustic neuroma and sellar
lesions the model prioritized specificity over sensitivity (no true positives in our
cohort), which mirrors the rarity of high Ki-67 in these entities. Threshold
tuning by subtype or cost-sensitive training may improve sensitivity for these
rare high-expression cases without materially affecting AUC.

4. Discussion
In this study, we developed and validated a unified, explainable machine learning
framework for the non-invasive prediction of Ki-67 proliferation status across
five common types of intracranial tumors. By integrating multimodal features-
clinical, handcrafted radiomic, and deep learning descriptors-extracted solely
from routine preoperative T1CE MRI, our XGBoost model achieved an AUC of
0.804. This approach demonstrates the feasibility of obtaining a key molecular
prognostic marker non-invasively, which could inform preoperative planning,
risk stratification, and patient counseling.
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A primary contribution of this work is the development of a single model appli-
cable to a heterogeneous spectrum of intracranial tumors. Most prior radiomics
or deep learning studies have focused on predicting Ki-67 within a specific tumor
type, particularly glioma[3, 32]. While such models achieve notable accuracy,
their clinical utility is limited when the pathological diagnosis remains uncertain
preoperatively. Our model, trained on a mixed cohort of gliomas, meningiomas,
acoustic neuromas, metastatic tumors, and sellar lesions, more closely mirrors
the real-world diagnostic workflow. Its maintained performance across entities
with vastly different biological behaviors—from aggressive metastases to typi-
cally benign sellar lesions—suggests its potential for clinical application as an
imaging-based triage tool.

The multimodal feature fusion strategy contributed to the model’s overall per-
formance. SHAP analysis revealed that predictions were driven by a synergistic
combination of human-interpretable, hypothesis-driven features and abstract,
data-driven deep learning features. Macroscopic and interpretable characteris-
tics such as

skullbase_{{{distance}}{{mm}}}, rim{{{core}}{{entropy}}}{diff}, enhance-
ment_p90, ring_{{{continuity}}{{pct}}}, and tumor{{{volume}}_{{ml}}}
were strongly associated with Ki-67 risk stratification, aligning with established
radiological signs of aggressiveness[26]. Concurrently, the high-ranking deep
learning features captured subtler, hierarchical patterns of texture and morphol-
ogy beyond manual quantification. The moderate-to-strong correlation between
top DL features and conventional radiomics features (Figure 8) suggests the DL
network independently learned representations analogous to known radiomic
concepts, yet potentially more comprehensive. This suggests that hand-crafted
and DL features encode complementary biological and phenotypic information,
and their integration provides a more complete characterization of tumor
proliferation.

The implementation of explainable AI (XAI) through SHAP fundamentally
enhances the translational potential of our model. Moving beyond a“black-box”
prediction fosters clinical trust and facilitates integration into decision-making.
Globally, SHAP plots validate that the model learns clinically intuitive
relationships, such as the association between deep location (e.g., small
skullbase_{{{distance}}{{mm}}}), disrupted enhancement patterns (e.g., high
rim{{{core}}{{entropy}}}{diff}, low ring_{{{continuity}}_{{pct}}}), and
high proliferation risk. Locally, SHAP waterfall plots (Figure 9) offer a powerful
mechanism for clinicians to interrogate individual predictions. Understanding
why a specific tumor is predicted as high-risk-whether due to location-related,
enhancementrelated, or morphology-related imaging patterns-can provide
actionable imaging-derived evidence to support or question a treatment plan,
paving the way for personalized imaging biomarker reports.

Our stratified analysis revealed nuanced performance across tumor types. The
model showed high sensitivity in gliomas and metastases, where accurate iden-
tification of high proliferation is clinically critical. For typically benign entities
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like acoustic neuromas and sellar lesions, it prioritized high specificity, correctly
classifying the vast majority of lowKi-67 cases. This behavior appropriately re-
flects the prior probability in our cohort. The lower sensitivity for high-Ki-67
cases in these rare subgroups suggests that future iterations could benefit from
tumor-type-specific probability threshold tuning or cost-

sensitive learning to better identify the occasional aggressive variant without
compromising overall accuracy.

Despite these promising results, our study has limitations. First, its retrospec-
tive design and merged multi-source cohort may introduce selection bias and
heterogeneity.

Although data expansion improved diversity, further prospective validation on
broader multi-institutional datasets with varying MRI protocols is still essen-
tial to confirm robustness. Second, while we leveraged multiple sequences for
segmentation and qualitative assessment, quantitative feature extraction was
restricted to T1CE to ensure consistency. Incorporating advanced sequences
like diffusion-weighted imaging (DWI; for cellularity) or dynamic susceptibil-
ity contrast (DSC; for perfusion) could capture additional biological dimensions
and potentially improve accuracy. Third, the binary threshold of Ki-67 >=10%,
while clinically common, is a simplification. Proliferation exists on a continuum,
and its prognostic significance can be tumor-subtype-dependent.

Future work could explore regression models to predict continuous Ki-67 values
or multiclass stratification. Finally, the clinical utility of this model must be
prospectively evaluated to determine its impact on actual surgical planning,
adjuvant therapy decisions, and patient outcomes[33, 34].

In conclusion, this study presents a transparent, T1CE‑based XGBoost model
capable of non‑invasively predicting Ki‑67 status across multiple intracranial
tumor types. By integrating clinical, radiomic, and deep‑learning features, the
model achieves moderate overall performance (AUC 0.804), particularly for
gliomas, and provides interpretable imaging correlates of tumor proliferation,
offering a potential preoperative tool to aid clinical decision‑making. Further
validation and refinement of subtype‑specific thresholds are warranted for clini-
cal translation.
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