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ABSTRACT 

 

  
Artificial intelligence (AI) can match specialist accuracy in cancer detection, yet adoption in clinical 

practice remains limited because most high-performing models are opaque, poorly calibrated and 

trained on data that cannot be shared across institutions. This paper proposes a unified explainable AI 

(XAI) framework that integrates (i) a transfer-learning convolutional neural network for medical 

images, (ii) a calibrated soft-voting ensemble for tabular cytological and clinical features, (iii) 

complementary explanation methods (Grad-CAM for images and SHAP for features), (iv) a confidence-

based uncertainty gate that refers ambiguous cases to clinicians, and (v) a federated privacy layer. The 

tabular branch was evaluated on the Wisconsin Diagnostic Breast Cancer dataset (569 cases) with 

stratified five-fold cross-validation. The calibrated ensemble achieved an accuracy of 98.4% (± 0.9), 

an F1-score of 0.978, an area under the ROC curve of 0.995 and the lowest Brier score (0.018) of all 

compared models. Referring the 3.9% of cases with predicted probabilities between 0.3 and 0.7 to 

clinician review reduced misclassifications from 9 to 4. SHAP analysis identified concave points, 

perimeter and area of the cell nuclei as dominant, clinically plausible predictors. Image-branch results 

on histopathology are presented in an illustrative format only, to demonstrate the intended evaluation 

protocol, and are not measured results. The framework shows how accuracy, calibration, 

interpretability and privacy can be addressed together in a single clinical decision-support design. 
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Introduction 

Cancer remains a leading cause of death worldwide, and early, accurate diagnosis is the strongest determinant 

of survival. Deep learning has transformed medical image analysis[1], reaching dermatologist-level 

performance in skin-cancer classification[2] and contributing to what is described as “high-performance 

medicine”[3]. Despite these advances, few diagnostic AI systems are used routinely at the bedside. Three 

obstacles recur in the literature: clinicians cannot see why a model reaches a decision; predicted probabilities 

are often poorly calibrated and therefore unreliable for risk communication; and patient data are fragmented 

across institutions that cannot legally share them[4][5]. 

Recent work has addressed these obstacles separately. A comparison of explainable machine-learning models 

for cancer classification from cytological features showed that interpretable, feature-level explanations can 

accompany high accuracy[6]. A demonstration of lightweight transfer learning with MobileNet for 

pneumonia detection from medical images showed strong performance while supporting deployment on 

modest hardware[7]. A multimodal machine-learning framework for privacy-preserving and scalable cancer 

diagnosis across healthcare systems was also proposed[8]. Each study tackles one dimension of the problem; 

none combines image and tabular modalities, calibrated uncertainty, dual explanation and privacy in one 

pipeline. 
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Related Work 

Explainability Methods 

Post-hoc explanation methods fall into two broad families. Model-agnostic methods such as LIME[9] and 

SHAP[10] attribute a prediction to input features; SHAP is grounded in cooperative game theory and offers 

consistency guarantees. Gradient-based methods such as Grad-CAM[11] highlight image regions that drive 

a convolutional network's output. A widely cited caution holds that post-hoc explanations of black-box 

models can be unfaithful and argues for inherently interpretable models in high-stakes settings[12], a concern 

this framework addresses by preferring interpretable base learners where accuracy permits. 

Image-Based Cancer Classification 

Residual networks[13], MobileNetV2[14] and EfficientNet[15] are standard backbones for transfer learning 

in medical imaging. The BreakHis dataset of breast histopathology images[16] is a widely used benchmark. 

Calibration and Privacy 

Calibration methods such as isotonic regression convert raw scores into reliable probabilities[17]. Federated 

learning trains models across sites without moving raw data[18]. Table 1 summarises how the closest prior 

studies relate to the present framework. 

Table 1. Comparison of the Proposed Framework With Closely Related Studies. 

Study 
Data 

modality 
Explainability 

Calibration / 

uncertainty 
Privacy 

Adopted in this 

work 

Siddiqui et 

al. 

(2023)[6] 

Tabular 

cytology 

Yes (feature-

level) 
No No 

Explainable cytology 

classification → 

tabular branch 

Rahman et 

al. 

(2024)[7] 

Medical 

images 
Limited No No 

MobileNet transfer 

learning → image 

branch 

Kabir et al. 

(2024)[8] 
Multimodal Partial No Yes 

Multimodal, privacy-

preserving design → 

fusion and privacy 

layers 

Esteva et 

al. 

(2017)[2] 

Dermoscopic 

images 
No No No 

Benchmark for 

image performance 

Proposed 

framework 

Images + 

tabular 

Grad-CAM + 

SHAP 

Isotonic calibration + 

gate 
Federated — 

Methodology 

Framework Overview 

The framework comprises four layers (Figure 1). The data layer prepares images and structured features. The 

modelling layer trains a convolutional network for images and a calibrated ensemble for tabular data. The 

explanation layer produces Grad-CAM saliency maps and SHAP attributions. The decision layer fuses the 
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two probability estimates, applies an uncertainty gate and generates an explanation report for the clinician. 

A privacy layer allows each branch to be trained by federated averaging across sites. 

 

Figure 1. Architecture of the proposed unified explainable AI framework. Blue boxes are trainable 

models; the dark box is the decision layer, which forwards low-confidence cases to clinician review 

[authors' design]. 

Datasets 

Table 2. Datasets Used in the Study. 

Dataset Modality Samples Classes Use in this paper 

Wisconsin Diagnostic 

Breast Cancer[19] 

30 nuclear features from 

fine-needle aspirate images 
569 

357 benign, 

212 malignant 

Tabular branch 

(real experiments) 

BreakHis[16] 
Breast histopathology 

images, 40×–400× 
7,909 

Benign / 

malignant 

Image branch 

(illustrative 

reporting format 

only) 

Tabular Branch 

The 30 cytological features describe the mean, standard error and “worst” value of ten nuclear properties, 

including radius, texture, perimeter, area, smoothness, concavity and concave points. Five base learners were 

compared: logistic regression, a support vector machine with a radial basis function kernel, random forest 

(500 trees), histogram gradient boosting and a two-layer multilayer perceptron (64 and 32 units). Scale-

sensitive models were preceded by standardisation. The proposed model is a soft-voting ensemble of logistic 

regression, SVM and gradient boosting, each calibrated by isotonic regression with internal three-fold cross-

validation; the ensemble averages the calibrated probabilities. All models were implemented in scikit-learn 

[20]. 

Image Branch 

Following the lightweight transfer-learning strategy described for pneumonia detection[7], the image branch 

uses an ImageNet-pretrained MobileNetV2 backbone[14] with a new classification head, trained in two 

stages: frozen-backbone training of the head, then fine-tuning of the upper blocks at a lower learning rate. 
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Images are resized to 224 × 224 pixels, stain-normalised and augmented with flips, rotations and colour jitter. 

ResNet-50 and EfficientNet-B0 serve as comparison backbones. Splits are made at patient level to avoid 

leakage between training and test sets. 

Explanation Layer 

For the tabular branch, exact TreeSHAP values were computed for the gradient-boosting model[10]. Global 

importance is the mean absolute SHAP value per feature. Explanation stability was assessed by computing 

the top-five SHAP features in each of the five cross-validation folds and counting the features common to all 

folds. For the image branch, Grad-CAM[11] maps are generated from the last convolutional block and 

overlaid on the input image for pathologist review. 

Fusion and Uncertainty Gate 

When both modalities are available, calibrated probabilities from the two branches are combined by weighted 

late fusion. The uncertainty gate withholds an automatic decision when the fused probability of malignancy 

p lies within an indeterminate band (t₁ ≤ p < t₂) and routes the case to clinician review together with its 

explanation report. The band width controls the trade-off between automation and safety and was examined 

at three settings. 

Privacy Layer 

Building on the privacy-preserving design proposed for multimodal cancer diagnosis[8], each participating 

institution trains a local copy of the model, and only model parameters are aggregated centrally by federated 

averaging[18]. Raw images and patient records never leave the site. The federated layer is described as part 

of the architecture; its empirical evaluation is left to future work. 

Evaluation Protocol 

Tabular models were evaluated by stratified five-fold cross-validation (random seed 42) and are reported as 

mean ± standard deviation across folds. Malignant was the positive class. Metrics were accuracy, precision, 

recall (sensitivity), F1-score, area under the ROC curve (AUC) and the Brier score, which measures 

probability calibration (lower is better). Reporting follows the spirit of the TRIPOD statement for diagnostic 

prediction models[21]. 

Results 

Tabular Branch Performance 

Table 3 reports the cross-validated performance of all models on the Wisconsin dataset. All models 

performed strongly (AUC ≥ 0.992). The proposed calibrated ensemble achieved the highest accuracy (98.4%) 

and F1-score (0.978) and the lowest Brier score (0.018), indicating the most reliable probabilities. The SVM 

achieved a marginally higher sensitivity (0.972 versus 0.967) and AUC (0.996 versus 0.995), differences 

well within one standard deviation. 

Table 3. Five-Fold Cross-Validated Performance on the Wisconsin Diagnostic Breast Cancer Dataset 

(Mean ± SD). 

Model Accuracy Precision Recall F1-score AUC Brier ↓ 

Logistic regression 
0.974 ± 

0.017 

0.986 ± 

0.018 

0.944 ± 

0.052 

0.963 ± 

0.024 

0.995 ± 

0.005 

0.020 ± 

0.008 
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Model Accuracy Precision Recall F1-score AUC Brier ↓ 

SVM (RBF) 
0.979 ± 

0.009 

0.973 ± 

0.026 

0.972 ± 

0.023 

0.972 ± 

0.012 

0.996 ± 

0.005 

0.020 ± 

0.009 

Random forest 
0.954 ± 

0.013 

0.949 ± 

0.024 

0.929 ± 

0.044 

0.938 ± 

0.019 

0.992 ± 

0.005 

0.032 ± 

0.007 

Gradient boosting 
0.967 ± 

0.013 

0.966 ± 

0.012 

0.943 ± 

0.032 

0.954 ± 

0.018 

0.992 ± 

0.006 

0.029 ± 

0.014 

Multilayer perceptron 
0.981 ± 

0.010 

0.991 ± 

0.011 

0.958 ± 

0.034 

0.973 ± 

0.014 

0.995 ± 

0.006 

0.019 ± 

0.009 

Proposed calibrated 

ensemble 

0.984 ± 

0.009 

0.991 ± 

0.011 

0.967 ± 

0.032 

0.978 ± 

0.012 

0.995 ± 

0.007 

0.018 ± 

0.008 

Note. Best value in each column in bold in the original data file. Malignant is the positive class. ↓ = lower is 

better. These results are from experiments actually run for this paper. 

 

Figure 2. ROC curves of all tabular models (pooled out-of-fold predictions). The x-axis is restricted to 

false positive rates of 0–0.25 to separate the curves; AUC values are fold means. 

Calibration differed more than discrimination (Figure 3). Tree-based models were over-confident in the 

middle probability range, whereas the calibrated ensemble tracked the diagonal closely, supporting its use 

for communicating risk to clinicians and for the uncertainty gate. 
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Figure 3. Reliability diagram for three models (eight quantile bins). Points close to the dashed diagonal 

indicate that predicted probabilities match observed malignancy rates. 

Effect of the Uncertainty Gate 

Table 4 shows the effect of referring indeterminate cases to clinician review. A narrow band (0.3–0.7) 

referred 22 of 569 cases (3.9%) and more than halved the number of automated errors, from 9 to 4. Widening 

the band further referred more cases without reducing errors, because the four remaining errors were 

confident misclassifications. 

Table 4. Automation–Safety Trade-off of the Uncertainty Gate (Proposed Ensemble, n = 569). 

Indeterminate band Cases referred, n (%) 
Accuracy on 

automated cases 
Automated errors 

None (no gate) 0 (0.0) 98.42% 9 

0.3 ≤ p < 0.7 22 (3.9) 99.27% 4 

0.2 ≤ p < 0.8 38 (6.7) 99.25% 4 

0.1 ≤ p < 0.9 60 (10.5) 99.21% 4 

Explainability Analysis 

Figure 4 shows the ten features with the highest mean absolute SHAP values. The worst (largest) perimeter, 

area and concave points of the cell nuclei were the strongest contributors to a malignant prediction, followed 

by mean concave points and worst concavity. These features correspond to recognised cytological hallmarks 

of malignancy—nuclear enlargement and irregular, indented nuclear contours—and agree with earlier 

explainable-cytology findings[6]. In the stability analysis, two features (worst concave points and mean 

concave points) appeared in the top five in every fold. This shows that the most important feature family is 

stable while the ranking of correlated size features (perimeter, area, radius) varies between folds, a known 

effect of multicollinearity on SHAP attributions. 
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Figure 4. Global SHAP feature importance for the gradient-boosting model (top ten of 30 features). 

“Worst” denotes the mean of the three largest values in each image. 

Image Branch (Illustrative Results) 

The following table and figure illustrate how the image branch would be reported under the evaluation 

protocol described in the Image Branch subsection above, and must be replaced with measured results before 

any submission; the values shown are placeholders that demonstrate the intended reporting format only and 

are not measured performance. 

Table 5. Image-Branch and Ablation Results on BreakHis (400×, Patient-Level Split) — Illustrative 

Format, Not Measured Results. 

Configuration 
Accuracy 

(%) 
F1-score (%) AUC 

Expected 

calibration 

error 

MobileNetV2 (transfer-learning 

strategy) 
93.8 93.1 0.972 0.061 

ResNet-50 95.1 94.6 0.981 0.055 

EfficientNet-B0 95.9 95.4 0.985 0.049 

EfficientNet-B0 + isotonic 

calibration 
95.9 95.4 0.985 0.027 

Proposed hybrid (image + tabular 

fusion) 
96.8 96.3 0.989 0.024 

Proposed hybrid + uncertainty gate 97.2* 96.8* — — 

Note. *Computed on automated (non-referred) cases only. All values in this table are illustrative 

placeholders demonstrating the intended reporting format and are not measured results. 
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Figure 5. Illustrative comparison format for image-branch models. Values are placeholders 

demonstrating the reporting format and are not measured results. 

Discussion 

The experiments support the central premise of the framework: in clinical decision support, reliability 

depends on more than accuracy. All tabular models discriminated well, so accuracy alone would not separate 

them. Calibration did: the proposed ensemble produced the most trustworthy probabilities, which is what 

makes a confidence-based gate meaningful. The gate then converted calibrated uncertainty into a concrete 

safety mechanism, halving automated errors at the cost of reviewing fewer than one case in twenty-five. This 

mirrors how clinicians already work, escalating uncertain cases rather than forcing a binary call. The SHAP 

results show that the explanations are clinically meaningful rather than merely decorative: the model relies 

on nuclear size and contour irregularity, the same features cytopathologists use. The stability analysis adds 

an important caution, echoing a widely cited warning about post-hoc explanation methods[12]. Explanations 

of correlated features can shift between training runs, so explanation reports should present feature families 

or grouped attributions rather than a single ranked list. By adopting the explainable cytology approach of 

prior work[6], the lightweight transfer learning of a related pneumonia-detection study[7] and the privacy-

preserving multimodal design proposed elsewhere[8], the framework shows how separate advances can be 

combined coherently. Its modular structure means that each branch can be improved independently, for 

example by replacing the CNN backbone, without redesigning the decision layer. 

Conclusion 

This paper presented a unified explainable AI framework for clinical decision support and cancer 

classification that integrates image and tabular modalities, calibrated ensemble learning, dual explanations, 

an uncertainty gate and a federated privacy layer. Real cross-validated experiments on cytological data 

showed that a calibrated soft-voting ensemble achieves 98.4% accuracy with the best probability calibration, 

that a narrow uncertainty gate halves automated errors by referring 3.9% of cases, and that SHAP 

explanations highlight clinically recognised features of malignancy. 
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