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Abstract 
 
Accurate identification of advanced tumor stages is essential for timely clinical decision-
making and personalized treatment planning. This study proposes an explainable 
ensemble learning framework for predicting advanced tumor stage using a dataset 
containing 10,000 samples with 18 clinical and radiological features. Four machine 
learning models, namely Logistic Regression, Naïve Bayes, AdaBoost, and LightGBM, were 
evaluated using stratified train–test splits along with standard performance metrics. 
LightGBM achieved the highest performance, with an accuracy of 86.05% and an F1-score 
of 76.61%, outperforming linear and probabilistic classifiers. ROC–AUC and precision–
recall analyses further confirmed the superior discriminative ability of ensemble 
methods. SHAP explainability techniques highlighted mitotic count, Ki-67 index, 
enhancement, and necrosis as the most influential predictors of advanced stage. The 
proposed framework demonstrates strong predictive capability and provides clinically 
interpretable insights, underscoring its potential as a decision-support tool in oncological 
diagnostics. Future work will involve external validation and integration of additional 
multimodal data to enhance generalizability. 
 

 

Copyright: © 2025 by the authors. This is an open-access article distributed under the 
terms of the Creative Commons Attribution-NonCommercial 4.0 International License. 
(https://creativecommons.org/licenses/by-nc/4.0/) 

1. Introduction 

Cancer remains a leading cause of morbidity and 
mortality worldwide, with early diagnosis and accurate 
staging playing a critical role in guiding therapeutic 
decisions and improving patient outcomes [1, 2]. Tumor 
staging provides essential insights into disease 
progression, helping clinicians determine prognosis, 
select appropriate treatment strategies, and monitor 
therapeutic response [3, 4]. As treatment modalities 
become more personalized, the precision of staging 
becomes increasingly important for identifying patients 

who may benefit from targeted therapies or more 
intensive management. 

Traditional staging processes typically rely on clinical 
evaluations, radiological imaging, and histopathological 
assessments. While these methods form the cornerstone 
of oncologic practice, they can be subject to inter-
observer variability and may fail to fully capture complex 
patterns associated with disease severity [5–7]. 
Additionally, advanced tumor stages are often associated 
with more aggressive biological behavior, increased 
metastatic potential, and reduced survival rates, 
underscoring the need for timely and reliable  
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Table 1. Dataset features and descriptions. 

Feature Description 
tumor_type Primary tumor classification based on pathology or imaging characteristics 
size Maximum tumor diameter measured in millimeters 
location Anatomical region where the tumor is situated 
edema Presence and extent of peritumoral edema 
necrosis Degree of necrotic tissue within the tumor mass 
enhancement Contrast enhancement pattern on imaging 
shape Tumor geometric configuration (e.g., round, irregular) 
margins Tumor border definition (well-defined or infiltrative) 
calcification Presence of calcified components within the lesion 
cystic_components Proportion of cystic or fluid-filled regions 
hemorrhage Evidence of intratumoral bleeding 
ki67_index Proliferation index measured by Ki-67 immunostaining (%) 
mitotic_count Number of mitotic figures per high-power field 
age Patient age in years at time of diagnosis 
gender Biological sex of the patient 
symptoms_duration Duration of presenting symptoms before diagnosis (weeks) 
neurological_deficit Presence of neurological impairment at presentation 
kps_score Karnofsky Performance Status, assessing functional ability 

 
identification [8–10]. Efforts to enhance staging accuracy 
continue to evolve, incorporating new imaging 
modalities, molecular markers, and computational tools 
to improve the detection and characterization of tumors 
across diverse patient populations. 

Recent advancements in medical data acquisition have 
led to the availability of large, heterogeneous datasets 
comprising clinical indicators, pathological markers, and 
imaging-derived features [11–13]. Extracting meaningful 
insights from such multidimensional data is challenging 
using conventional statistical approaches [14, 15]. This 
has motivated the adoption of machine learning 
techniques, which offer powerful capabilities for 
recognizing nonlinear relationships, integrating diverse 
feature types, and generating accurate predictive models 
[16–18]. In oncology, machine learning methods have 
shown promise for enhancing diagnostic accuracy, risk 
stratification, and treatment planning by leveraging 
patterns that are not readily identifiable through 
traditional clinical evaluation. 

Despite their predictive strength, many machine learning 
models operate as “black boxes,” limiting trust and 
adoption in clinical environments where transparency is 
essential. To address this challenge, Explainable Artificial 
Intelligence (XAI) techniques, such as Shapley Additive 
exPlanations (SHAP), provide a principled way to quantify 
feature importance and clarify model decision pathways 
[19, 20]. Integrating XAI with machine learning 
frameworks enhances interpretability, enabling clinicians 
to understand not only what predictions are made but 
also why. This transparency is crucial for validating model 
reliability, improving clinical acceptance, and supporting 
evidence-based decision-making. 

The present study aims to develop an explainable 
machine learning framework capable of accurately 
predicting advanced tumor stages using routinely 
collected clinical and radiological features. It evaluates 
the performance of four machine learning algorithms 
and compares their predictive capabilities using standard 
classification metrics. In addition, SHAP-based 
explainability techniques are employed to generate 
transparent, clinically meaningful interpretations of 
model behavior. By combining strong predictive 
performance with interpretable analytics, this study aims 
to enhance the reliability and clinical utility of machine 
learning–assisted tumor stage assessment. 

2. Materials and Methods 

2.1. Dataset 

The dataset used in this study was sourced from a 
publicly available Kaggle repository and consists of 
10,000 patient records, each characterized by 18 clinical 
and radiological features along with a target variable 
indicating tumor stage [21]. The original stage labels 
(Stage I, II, III, and IV) were restructured into two clinically 
meaningful categories for binary classification: non-
advanced tumors (Stages I–III, 3,235 samples) and 
advanced tumors (Stage IV, 6,765 samples).  

All features included in this study are presented in Table 
1, along with their corresponding descriptions. These 
features represent a combination of demographic, 
pathological, and imaging-derived variables commonly 
used in tumor characterization and prognosis 
assessment. 
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2.2. Data Preprocessing 

Before model development, several preprocessing 
procedures were implemented to enhance data quality 
and ensure suitability for machine learning analysis [22, 
23]. All categorical features were transformed using label 
encoding, allowing the model to interpret non-numerical 
variables effectively. This step ensured that both clinical 
and radiological categorical attributes were represented 
in a numerically consistent format. 

After encoding, the dataset was split into training and test 
sets using an 80/20 stratified split to preserve the original 
distribution of non-advanced and advanced tumor cases. 
After stratification, the training subset contained 2,593 
non-advanced and 5,407 advanced samples, while the 
testing subset included 642 non-advanced and 1,358 
advanced samples. This stratified approach ensured that 
performance evaluation remained unbiased and 
representative of real-world class proportions. 

2.3. Machine Learning Models 

To construct a robust, explainable framework for 
advanced tumor-stage prediction, four supervised 
machine learning algorithms were implemented: Logistic 
Regression, Naïve Bayes, AdaBoost, and LightGBM. These 
models were selected to represent a diverse spectrum of 
learning paradigms, including linear classification, 
probabilistic modeling, adaptive boosting, and gradient-
boosted decision trees, respectively. 

Logistic Regression was employed as a baseline linear 
model due to its interpretability and the ability to quantify 
the strength and direction of feature associations with 
tumor advancement [24, 25]. Naïve Bayes, which applies 
Bayes’ theorem under conditional independence 
assumptions, was included for its computational 
efficiency and effectiveness when handling mixed 
numerical and categorical feature sets [26, 27]. 

To capture potential nonlinear relationships within the 
dataset and improve predictive performance, two 
ensemble-based algorithms were incorporated. 
AdaBoost (Adaptive Boosting) constructs an ensemble of 
weak learners by iteratively adjusting feature weights and 
emphasizing previously misclassified samples, thereby 
reducing overall classification error [28, 29]. LightGBM, a 
high-performance gradient boosting framework, utilizes 
histogram-based splitting and leaf-wise tree growth 
strategies to efficiently model complex feature 
interactions, making it well-suited for structured clinical 
datasets [30, 31]. 

All models were trained using their respective default 
hyperparameters to ensure a fair and unbiased 

comparative baseline. Additionally, a random state of 42 
was applied to all algorithms and data-splitting 
procedures to guarantee reproducibility of results. 

2.4. Performance Evaluation 

The predictive performance of all machine learning 
models was assessed using four widely adopted 
classification metrics: accuracy, precision, recall, and F1-
score [32]. These metrics were selected to ensure a 
comprehensive evaluation of model effectiveness, 
particularly given the class imbalance between non-
advanced and advanced tumor cases and the clinical 
significance of correctly identifying advanced tumors. All 
evaluation metrics were calculated using the 
independent test set, which was kept entirely separate 
from the training and resampling procedures. This 
approach ensured an unbiased estimation of each 
model’s generalization capability. 

Accuracy quantifies the overall proportion of correctly 
classified samples across both classes. Precision 
measures the proportion of instances predicted as 
advanced tumors that are truly advanced, reflecting the 
model’s ability to minimize false-positive predictions. 
Recall (sensitivity) indicates the proportion of actual 
advanced tumor cases correctly identified and is 
especially important in clinical contexts where missed 
detections carry substantial medical risk. Finally, the F1-
score, defined as the harmonic mean of precision and 
recall, provides a balanced performance measure that 
accounts for both false positives and false negatives, 
making it suitable for evaluating models under 
imbalanced class distributions. 

2.5. SHAP Explainability 

To ensure transparency and interpretability within the 
predictive framework, SHAP was applied to the best-
performing machine learning model to analyze and 
explain its outputs [33]. SHAP is grounded in cooperative 
game theory and computes Shapley values, which 
quantify each feature's contribution to the model’s 
prediction. This approach enables a detailed examination 
of how both clinical and radiological attributes, such as 
tumor size, necrosis, enhancement patterns, 
neurological deficits, and performance status, shape the 
models' decision-making process. 

By illustrating the direction (positive or negative 
influence) and magnitude of each feature’s contribution, 
SHAP facilitates the identification of the key factors most 
strongly associated with advanced tumor classification. 
Such interpretability is crucial in clinical environments, 
where understanding the rationale behind a model’s 
prediction is as important as achieving high predictive  
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Table 2. Model performance was evaluated on the test set. 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 
Logistic Regression 82.85 78.48 64.17 70.61 
Naïve Bayes 82.85 83.30 58.26 68.56 
AdaBoost 85.50 82.23 69.94 75.59 
LightGBM 86.05 84.18 69.63 76.61 

 
accuracy. SHAP-based insights thus support both 
clinician trust and informed clinical decision-making. 

3. Results and Discussion 

The predictive performance of the four machine learning 
models was evaluated using accuracy, precision, recall, 
and F1-score on the independent test set. The results are 
summarized in Table 2. 

The comparative results indicate that ensemble-based 
learning methods outperformed linear and probabilistic 
models in predicting advanced tumor stages. LightGBM 
achieved the highest overall performance across all 
metrics, with an accuracy of 86.05% and an F1-score of 
76.61%, reflecting its ability to capture complex nonlinear 
patterns within the clinical and radiological features. 

AdaBoost also demonstrated strong predictive capability, 
achieving an accuracy of 85.50% and an F1-score of 
75.59%, outperforming both Logistic Regression and 
Naïve Bayes in recall and overall balance between 
precision and sensitivity. This highlights the benefit of 
adaptive boosting in handling misclassified samples and 
refining decision boundaries. 

In contrast, Logistic Regression and Naïve Bayes achieved 
comparable accuracy (82.85%), but their recall was 
notably lower, particularly for Naïve Bayes (58.26%). This 
reduction in sensitivity suggests limitations in capturing 
the nonlinear interactions and heterogeneous patterns 
characteristic of tumor progression. Although Naïve 
Bayes achieved the highest precision (83.30%), its low 
recall indicates a tendency to miss a substantial portion 
of advanced-stage cases, an undesirable outcome in 
clinical settings where early detection of advanced 
disease is crucial. 

To further examine the classification behavior of each 
model, confusion matrices were generated for the test 
set (Figure 1). These matrices provide valuable insight 
into how well each algorithm distinguishes between non-
advanced and advanced tumor stages, particularly in 
terms of false positives and false negatives, two critical 
error types in clinical decision-making. 

Logistic Regression demonstrated moderate 
performance, correctly identifying 1,245 advanced cases 
but misclassifying 230 non-advanced instances as 
advanced. The relatively high number of false negatives 

(113 advanced cases predicted as non-advanced) 
indicates limited sensitivity, consistent with the model’s 
lower recall. 

Naïve Bayes produced the fewest false negatives among 
all models (75 misclassified advanced cases), reflecting 
stronger sensitivity. However, it also generated a 
comparatively higher number of false positives (268 non-
advanced cases labeled as advanced), which aligns with 
its high precision but lower recall. This behavior suggests 
a bias toward predicting the advanced class, likely 
influenced by the dataset’s class imbalance. 

The AdaBoost model demonstrated improved balance 
between sensitivity and specificity, achieving 1,261 
correct advanced predictions and reducing both false 
positives (193) and false negatives (97) relative to the 
linear and probabilistic models. This balanced behavior 
contributes to its higher F1-score compared to Logistic 
Regression and Naïve Bayes. 

LightGBM achieved the strongest performance, correctly 
identifying 1,274 advanced cases while producing the 
fewest false positives (195) and the fewest false negatives 
(84). This result aligns with LightGBM’s superior precision 
and F1-score, demonstrating its ability to model complex 
feature interactions and effectively separate the two 
classes. 

To further evaluate the discriminative capability of the 
models across varying classification thresholds, Receiver 
Operating Characteristic (ROC) curves and Area Under 
the Curve (AUC) values were computed for each 
algorithm (Figure 2). The ROC–AUC metric provides a 
threshold-independent assessment of model 
performance by capturing the trade-off between the true 
positive rate (sensitivity) and the false positive rate. 

As shown in Figure 2, all four models achieved AUC values 
above 0.84, indicating strong overall classification ability. 
LightGBM achieved the highest AUC (0.8692), indicating 
its superior ability to distinguish between non-advanced 
and advanced tumor stages. AdaBoost also performed 
competitively, achieving an AUC of 0.8642, consistent 
with its strong recall and F1-score reported earlier. 

Logistic Regression achieved an AUC of 0.8503, 
outperforming Naïve Bayes despite similar accuracy 
levels. This suggests that Logistic Regression maintains  
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(c) (d) 

Figure 1. Confusion matrices of the four machine learning models evaluated on the test set: (a) Logistic Regression, (b) Naïve Bayes, (c) 
AdaBoost, (d) LightGBM. 

 
more stable performance across different decision 
thresholds. Naïve Bayes, with an AUC of 0.8494, displayed 
the lowest score among the evaluated models, but still 
demonstrated good discriminative ability. Its curve shows 
relatively higher variability at lower false positive rates, 
which aligns with its observed tendency to misclassify 
non-advanced cases as advanced. 

Figure 3 presents the precision–recall (PR) curves for the 
four evaluated models, offering a detailed view of 
performance in the context of class imbalance. Logistic 
Regression achieved the highest average precision (AP = 
0.88), indicating strong consistency in identifying tumor-
positive cases across different recall levels. AdaBoost and 
LightGBM displayed comparable performance (AP = 0.87 
each), with both models maintaining high precision at 
moderate to high recall values, demonstrating reliable 
detection capability even when aiming to capture more 
positive cases. In contrast, Naïve Bayes achieved a lower 
AP (0.83) and exhibited sharper fluctuations in precision, 
suggesting greater sensitivity to changes in the decision 
boundary. Overall, the PR curves reaffirm the robustness 
of the ensemble methods and Logistic Regression in 
handling imbalanced tumor classification tasks. 

To further assess model performance under class 
imbalance, Precision–Recall (PR) curves and Average 

Precision (AP) scores were generated for each classifier 
(Figure 3). Unlike ROC curves, PR curves provide a more 
informative evaluation when the positive class (advanced 
tumors) is more prevalent, and the cost of false negatives 
is clinically high. 

As shown in Figure 3, all four models demonstrate strong 
and comparable performance, each achieving an Average 
Precision (AP) of 0.90. This consistently high AP score 
indicates that the models maintain a favorable balance 
between precision and recall across a wide range of 
thresholds. Notably, all models maintain precision above 
0.85 across most recall levels, indicating their ability to 
correctly identify advanced cases while keeping false 
positives relatively low. 

The LightGBM and AdaBoost curves exhibit greater 
stability across the mid-to-high recall ranges, suggesting 
improved robustness in identifying advanced tumors 
even when operating under more sensitive decision 
thresholds. Logistic Regression and Naïve Bayes, while 
performing similarly overall, show slightly more 
variability at lower recall levels, which aligns with earlier 
findings on their weaker sensitivity and limited capture of 
complex feature interactions. 

To enhance interpretability and provide clinically 
meaningful insights into model behavior, SHAP analysis  
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Figure 2. Receiver Operating Characteristic (ROC) curves for all machine learning models. 

 

Figure 3. Precision–Recall (PR) curves for the four machine learning models. 
 
was conducted for the best-performing classifier, 
LightGBM. The global feature importance rankings 
derived from mean absolute SHAP values are presented 
in Figure 4. 

The SHAP summary reveals that mitotic_count is the most 
influential predictor of advanced tumor stage, exhibiting 
the highest average impact on model output. This aligns 
with established oncological evidence linking elevated 
mitotic activity to aggressive tumor behavior and poor 
prognosis. The ki67_index, another marker of cellular 
proliferation, ranks second in importance, reinforcing the 
role of proliferative activity as a key determinant of tumor 
advancement. 

Radiological features also contributed significantly to the 
model’s predictions. Attributes such as enhancement, 
necrosis, size, and hemorrhage were among the top 
contributors, reflecting their clinical relevance for 

identifying tumors with high metabolic activity, structural 
disruption, and rapid growth. These imaging-derived 
features are commonly associated with late-stage 
manifestations, explaining their strong influence within 
the predictive framework. 

Mid-level contributors, including tumor_type, edema, 
location, and margins, provided additional structural and 
morphological context. Although less dominant 
individually, their combined influence supports the 
model’s ability to distinguish nuanced variations in tumor 
presentation. 

Demographic and clinical baseline variables such as age, 
kps_score, and symptoms_duration exhibited moderate 
importance, while neurological_deficit and gender had 
minimal impact on prediction outcomes. This suggests 
that biological and radiological markers more strongly  
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Figure 4. Global SHAP feature importance bar plot, showing the 
mean absolute SHAP value for each predictor. 

drive advanced tumor stage in this dataset than by 
patient demographics or general clinical condition. 

To further investigate how individual feature values 
influence model predictions, a SHAP beeswarm plot was 
generated for the LightGBM model (Figure 5). Unlike the 
global feature importance plot, which summarizes 
average impact, the beeswarm visualization illustrates 
the full distribution of SHAP values for each feature 
across all samples. This provides deeper insight into both 
global patterns and instance-level variability in model 
behavior. 

The beeswarm plot confirms the dominant influence of 
mitotic_count and ki67_index, with high feature values 
(depicted in red) consistently pushing predictions toward 
the advanced class. This strong positive impact aligns 
with their biological role as markers of aggressive tumor 
proliferation. Conversely, lower values of these features 
(shown in blue) tend to shift predictions toward the non-
advanced class, reflecting their association with slower-
growing tumors. 

Radiological features, including enhancement, necrosis, 
size, and hemorrhage, also demonstrate distinct SHAP 
value distributions. High enhancement and necrosis 
levels, for example, strongly drive predictions toward 
advanced stages, reflecting typical imaging 
characteristics of late-stage tumors. Variation in SHAP 
spread across these features indicates substantial 
heterogeneity in radiological presentation among 
patients, which the model effectively captures. 

Features such as tumor_type, edema, location, and 
margins exhibit moderate but consistent contributions, 
with SHAP distributions showing both positive and 
negative impacts depending on specific clinical contexts. 
This suggests that these features influence model 
decisions in more nuanced ways, interacting with other 
attributes to refine stage prediction. 

Lower-impact features, including age, shape, 
cystic_components, and kps_score, display narrower 
SHAP ranges, indicating a more modest influence on 
model outcomes. Neurological_deficit and gender show 
near-zero SHAP values across samples, underscoring 
their limited predictive utility within this dataset. 

The findings of this study demonstrate the potential of 
machine learning, particularly ensemble-based 
approaches such as LightGBM and AdaBoost, to 
significantly enhance the prediction of advanced tumor 
stages using routinely available clinical and radiological 
features. The strong performance metrics, combined 
with the high interpretability provided by SHAP analysis, 
support the feasibility of deploying such models in clinical 
workflows to assist with the early identification of high-
risk patients. By highlighting the most influential 
predictors, such as mitotic count, Ki-67 index, 
enhancement, and necrosis, the framework offers 
valuable decision-support insights that align with 
established oncological understanding. These insights 
could help clinicians prioritize diagnostic imaging, guide 
biopsy decisions, and stratify patients for timely 
therapeutic intervention. 

Moreover, integrating explainability into predictive 
modeling strengthens clinician trust and promotes the 
safe adoption of artificial intelligence in medical 
environments. The model's ability to capture complex 
interactions between radiological, pathological, and 
demographic variables underscores its potential utility as 
a supplemental tool for precision oncology and 
personalized patient management. 

Despite promising results, this study presents several 
limitations that should be acknowledged. First, the 
dataset was obtained from a single public source (Kaggle) 
and may not fully capture the heterogeneity present in 
real-world clinical populations. This introduces potential 
sampling bias and limits the generalizability of the 
findings across institutions with different imaging 
protocols, patient demographics, or diagnostic criteria. 

Second, although the dataset included a broad range of 
clinical and radiological features, additional variables 
such as genomic markers, treatment histories, or 
longitudinal imaging data were not available. These 
factors may provide deeper insights into tumor  
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Figure 5. SHAP beeswarm plot showing the distribution of 
feature contributions across all samples. 

progression and could further improve prediction 
accuracy. 

Third, the study used default hyperparameters for all 
models to ensure consistent baseline comparisons. While 
this allowed fair benchmarking, more extensive 
hyperparameter tuning could potentially enhance model 
performance. Additionally, although class imbalance was 
addressed through stratified splitting, more advanced 
imbalance-handling techniques (e.g., SMOTE, cost-
sensitive learning) were not explored in depth. 

Finally, the lack of external validation limits the ability to 
assess the model's robustness in new clinical settings. 
Validation using multi-center datasets would provide a 
stronger indication of the framework’s real-world 
applicability. 

Future research should expand the dataset to include 
more diverse and representative patient populations, 
ideally by incorporating multi-institutional or longitudinal 
data. This would improve the robustness and 
generalizability of the predictive models. Integrating 
additional high-dimensional features, such as radiomics, 
genomics, or deep learning-derived histopathological 
embeddings, could further enhance predictive capability 
and capture underlying biological complexity. 

Advanced hyperparameter optimization and model 
calibration techniques should be explored to refine 
performance and improve reliability across various 
decision thresholds. Investigating more sophisticated 

ensemble methods or hybrid deep learning architectures 
may also yield performance gains. 

Finally, future studies should aim to conduct external 
validation and prospective clinical evaluations to 
determine the predictive framework's real-world impact. 
Incorporating clinician feedback into model refinement 
and developing user-friendly interfaces for clinical 
deployment would support translating this work into 
practical decision-support systems. 

4. Conclusions 

This study presented an explainable ensemble learning 
framework for predicting advanced tumor stages using 
clinical and radiological features. Among the evaluated 
models, LightGBM demonstrated the highest predictive 
performance, while SHAP analysis provided transparent 
insights into key determinants, including mitotic count, 
Ki-67 index, enhancement, and necrosis. The integration 
of accuracy-focused algorithms with interpretable 
machine learning strengthens the potential for clinical 
adoption, offering a reliable decision-support tool for 
early identification of high-risk patients. Although further 
validation across diverse, multi-center datasets is 
necessary, the findings highlight the promise of 
explainable AI for improving diagnostic precision and 
supporting personalized oncology care. 
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