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Abstract 
Breast Cancer (BC) diagnosis requires predictive models with uncertainty, stability, and interpretability. Predictive models have 
a much better performance than traditional BC methods. The proposed framework is based on prediction, feature selection, 
explanation, stability, and uncertainty. This approach has provided us with both probabilistic risk estimation and an explanation 
of what is behind it. The present research was developed to predict uncertainty and improve clinical decision-making for further 
evaluation by linking Bayesian modeling with XAI, stability analysis, and uncertainty quantification. The current study 
mathematically presents BC classification. The framework applied is a hybrid explainable logistic regression model used to 
classify malignant and benign breast tumors. Moreover, Bayesian sparse feature selection was used with logistic regression, 
SHAP-based explanation, bootstrap stability analysis, and uncertainty on a single platform. Useful predictors were selected 
owing to Bayesian sparse priors, which perform model simplification and exclusion of irrelevant features. The SHAP value 
method was used to determine what global and local features mean in regard to prediction. Finally, bootstrap resampling was 
applied to carefully assess the strong and stable predictors and regression coefficients. 
 
Keywords: Breast cancer diagnosis, logistic regression, Bayesian selection, SHAP, explainable AI, stability analysis, WDBC 
dataset, posterior inference, probabilistic classification. 

 

1. Introduction 
Breast cancer (BC) is one of the most common cancer types and has become an important global health 
issue. Early and accurate diagnosis is critical for the treatment of the disease and its prevention from 
progression and possible mortality. Recently, artificial intelligence (AI) and machine learning (ML) have 
been used in automatic BC identification, diagnosis, and classification because computational models can 
reveal complicated relationships between data [9-12]. In particular, there has been an increase in the 
number of ML models for BC classification using structured data and quantitative characteristics [13-16]. 
The UCI ML Repository houses the WDBC dataset, which has established itself as one of the most commonly 
referenced databases for benchmarking various approaches for BC detection [3]. The WDBC dataset 
includes information and quantitative features obtained from digital images of fine needle aspiration from 
breast tumors. The main features of the cells are determined based on characteristics of their nuclei like 
texture, radius, area, perimeter, smoothness, symmetry, concavity, compactness, and fractal dimension [15, 
22]. Because the dataset comprises precisely defined predictors and binary outcomes, it is easy to conduct 
experiments in areas such as feature selection, classification, model interpretability, and uncertainty 
estimation. The dataset has been successfully utilized for traditional and advanced ML approaches, 
including vector support machines, logistic regression, and other ensemble learning approaches [23, 24]. 
Among these methods, logistic regression presents a professional probabilistic model for the medical 
classification of simple structures, probabilistic outcomes, and interpretable coefficients. The model, which 
results in only two possible class outputs, logistic regression, allows probability of malignancy predictions 
instead of binary classifications and adjusts its decision thresholds according to clinical needs. Such a 
probabilistic model can be used in different situations in terms of false-negative and false-positive 
outcomes. In addition, conventional logistic regression can lose its effectiveness, especially when the 
predictors are highly correlated with datasets that include many measurements of similar morphological 
features from many subjects. Thus, this provokes researchers to apply feature-selection techniques to find 
those features that provide information and reduce number of predictor variables used in the model. 
Bayesian selection provides a natural scheme to solve the problem that arises because of the uncertainties 
related to the selection of factors to be included in the model. Bayesian techniques for variable selection are 
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old and were developed using the idea of using the posterior probabilities of alternative models [1]. 
Subsequently, more advanced methods, such as stochastic variable selection techniques (e.g., Gibbs 
sampling), have been suggested [2]. Recently, new methods related to spike-and-slab techniques and 
variation Bayesian approaches for high-dimensional regression/classification have emerged, offering 
computationally effective solutions for the recognition of wide models employed in the analysis [7, 8]. These 
methods are also meaningful in the breast cancer classification context, as they help achieve parsimony and 
provide insights into the uncertainty of the inclusion of specific features. 
Predictive performance is important, but accuracy alone is inadequate for many healthcare applications. 
Clinical users must understand the reasons for the prediction. This need for understanding has triggered 
the acceptance and development of explainable AI (XAI) with a focus on the interpretation of complex and 
statistical ML results. A recent systematic scoping review indicated that the use of XAI in BC diagnosis and 
risk prediction has dramatically increased [4]. Among the popular XAI techniques is SHapley Additive 
exPlanations (SHAP), which provides additive contribution of different feature layers to be analyzed at the 
population and patient levels. This feature of SHAP makes it possible to identify morphological 
characteristics that are most important in terms of clinical diagnosis and serve as a complement to 
traditional methods of interpretation. 
The application of AI in medicine has accentuated the significance of uncertainty. A device can yield an 
extremely precise forecast even if the available information does not support it or if the input varies from 
that used for training. The latest healthcare advances using AI technology conclude that quantifying 
uncertainty has become increasingly and fervently emphasized in the context of credible prediction systems 
[5]. Probability calibration is vital because it considers the degree to which the predicted probabilities of a 
device relate to the occurrence of the result. Studies in this area have also shown that the efficacy of 
prediction and probability calibration aspects are closely related, although they remain a separate area of 
research [6]. Therefore, the information provided in this part of the research emphasizes that sound 
estimates of uncertainty can help differentiate forecasts that are more trustworthy from those that are less 
feasible. 
Another principle worth stressing is the interpretability and stability in the process of developing models 
for clinical use. Even if certain features are deemed important in one fitted model, they tend to lose their 
role when the training data change slightly. Therefore, resampling and bootstrap methods can be employed 
to assess the reproducibility of the predictors under consideration and the parameters of the fitted models. 
Consequently, the problem is also strongly correlated to the well-known issue of biased error estimation 
during the model selection and validation processes [28]. Thus, model evaluation should not only include 
predictive performance but also the stability of the model features used, reliability of probability estimates, 
and explanation consistency [12–16]. The effectiveness of ML approaches for BC diagnosis and 
classification has been previously highlighted in existing studies [22–24]. However, most methods focus 
solely on predictive accuracy, while lacking the integration of sparse feature selection, explainability, 
stability analysis, and uncertainty quantification into a single interpretable framework. This raises the 
urgent need for models that remain transparent about their nature and implement feature selection and 
trustworthy AI. Bayesian variable selection has a long history in statistical modelling. The spike-and-slab 
family proposed using a sparse prior that would put probability mass close to 0 for the coefficients that are 
not important while allowing a wider distribution for the relevant variables. The key contributions made in 
terms of the advancement of Bayesian variable selection and stochastic search variable selection have laid 
the statistical groundwork for sparse model selection and posterior inclusion probability. 
More recent research extends these ideas to sparse logistic regression and variational approximations, 
showing that Bayesian sparsity remains effective in modern classification tasks. In breast cancer diagnosis, 
many studies report strong accuracy for machine learning classifiers, relatively combine interpretability, 
feature stability, and uncertainty quantification in the statistical framework. A large part of the literature 
still focuses on point estimates and static feature importance, which can vary substantially across 
resampled data splits. Recent breast cancer explainability work confirms that XAI is increasingly used, but 
it also shows that most of the studies emphasize explanation generation rather than explanation stability 
or confidence-aware decision support. SHAP provides a principled explanation mechanism by itself, it does 
not solve feature instability or predictive uncertainty. Logistic regression is interpretable, may not 
adequately quantify parameter uncertainty unless Bayesian inference or resampling is used. Therefore, an 
integrated framework is needed in which feature selection, explanation, stability, and uncertainty are 
treated as mathematically linked components rather than independent post-processing steps. 
 This study proposes a hybrid Bayesian and explainable framework for BC classification using the WDBC 
dataset. In this framework we combine Bayesian sparse feature selection with logistic regression to identify 
a compact and informative set of morphological predictors. SHAP-based analysis is employed to visualise 
and quantify the contribution of individual features to model predictions. Bootstrap-based stability analysis 
is incorporated to evaluate the reproducibility of selected features and model coefficients across resampled 
datasets. Finally, uncertainty is assessed using Bayesian posterior predictive inference and probability-
calibration analysis. The overall objective is to develop a classification framework with predictive, 
interpretable, stable, and uncertainty-aware. 
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This study proposes a hybrid framework that addresses these requirements simultaneously. The main 
contributions are (i) a Bayesian sparse feature-selection layer is placed on top of logistic regression to 
identify a compact subset of informative WDBC features. (ii) SHAP explainability is used to give both global 
and patient-specific attributions. (iii) bootstrap-based stability analysis is incorporated to assess how 
reproducible the selected features and coefficients are across resampled training sets. (iv) Uncertainty 
quantification is integrated through Bayesian posterior predictive inference and calibration-based 
confidence assessment.  
 
2. Proposed Hybrid Explainable Logistic Regression Framework 
Let the dataset be 
                                                     [𝐷 = (𝑥𝑖 , 𝑦𝑖)𝑖=1

𝑛 , ]                                                                …(1) 
where (𝑥𝑖 ∈ 𝑅𝑝) is the feature vector and (𝑦𝑖 ∈ 0,1) denotes benign ((0)) or malignant ((1)) class. For the 
WDBC setting, (p=30). The goal is to learn a parsimonious probabilistic classifier with interpretable 
coefficients, stable feature selection, and explicit uncertainty quantification. 
2.1 Logistic Regression Likelihood 
The conditional probability of malignancy is modelled by 
[𝑃(𝑦𝑖 = 1 ∣ 𝑥𝑖 , 𝛽) = 𝜎(𝜂𝑖),   𝜂𝑖 = 𝛽0 + 𝑥𝑖

⊤𝛽, ]                                                                …(2) 

where (𝜎(𝑧) =
1

1+𝑒−𝑧) is the sigmoid function. The likelihood for the full dataset is 

                                     ∏ 𝜎(𝜂𝑖)
𝑦𝑖𝑛

𝑖=1 (1 − 𝜎(𝜂𝑖))
1−𝑦𝑖                                                             …(3) 

Equivalently, the negative log-likelihood is 

                   − ∑ 𝑦𝑖𝑙𝑜𝑔 𝜎 (𝜂𝑖)
𝑛
𝑖=1 [+(1 − 𝑦𝑖) 𝑙𝑜𝑔 (1 − 𝜎(𝜂𝑖)) ]                                               ...(4) 

 
2.2 Bayesian Feature Selection 
To select informative predictors, introduce binary inclusion indicators 

                                            [𝛾𝑗 ∈ 0,1,   𝑗 = 1, … , 𝑝]                                                          …(5) 

The coefficient prior is specified as a spike-and-slab mixture: 

   [𝛽𝑗 ∣ 𝛾𝑗 ∼ (1 − 𝛾𝑗), 𝑁(0, 𝜏0
2) + 𝛾𝑗, 𝑁(0, 𝜏1

2),   𝜏0
2 ≪ 𝜏1

2.]                                                …(6) 

The indicator prior is Bernoulli: 

                                             [𝛾𝑗 ∼ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝜋𝑗). ]                                                                 …(7) 

A simple noninformative choice is (𝜋𝑗 = 𝜋),  while a hierarchical prior can be used when prior clinical 

knowledge is available. The posterior is then 
                    [𝑝(𝛽, 𝛾 ∣ 𝐷) ∝ 𝑝(𝑦 ∣ 𝑋, 𝛽), 𝑝(𝛽 ∣ 𝛾), 𝑝(𝛾). ]                                                        …(8) 
The posterior inclusion probability (PIP) of feature (j) is 

                                           [𝑃𝐼𝑃𝑗 = 𝑃(𝛾𝑗 = 1 ∣ 𝐷). ]                                                                …(9) 

Features with large (𝑃𝐼𝑃𝑗) are retained in the final sparse model. A practical rule is 

                                           [𝛾𝑗
∗ = 𝐼(𝑃𝐼𝑃𝑗 > 𝜅), ]                                                                    …(10) 

where (𝜅 ∈ [0.5,0.95]) is selection threshold. 
 
2.3 MAP Formulation 
For computational efficiency, the Bayesian model can be approximated by a maximum a posteriori 
objective: 
       arg max{𝑙𝑜𝑔 𝑝 (𝑦 ∣ 𝑋, 𝛽) + 𝑙𝑜𝑔  𝑝 (𝛽 ∣ 𝛾) +𝑙𝑜𝑔 𝑝 (𝛾)}  ]                                          …(11) 
This is equivalent to minimizing 

               ∑ 𝛾𝑗
𝑝
𝑗=1 𝑙𝑜𝑔 𝜋 ∑ (1 − 𝛾𝑗)

𝑝
𝑗=1 𝑙𝑜𝑔 (1 − 𝜋) , ]                                                        …(12) 

with (𝜆0 = 1/(2𝜏0
2))𝑎𝑛𝑑(𝜆1 = 1/(2𝜏1

2)) . This formulation preserves the interpretability of logistic 

regression while embedding a sparse Bayesian prior. 
 
3. SHAP Explainability 
SHAP interprets a prediction by breaking it down into its additive contributions. In a given instance (x), its 
output is represented as follows 

                                [𝑓(𝑥) = 𝜙0 + ∑ 𝜙𝑗
𝑝
𝑗=1 , ]                                                                    …(13) 

where (𝜙0) is the baseline output and (𝜙𝑗) is the SHAP value of feature (j). In SHAP, the values attributed 

to various features are derived using the concepts of cooperative game theory. 
For logistics regression, the particular form of log-odds is very suitable  
                               𝛽0 + 𝑥⊤𝛽                                                                                                 …(14) 
This indicates that there is a contribution of natural features at the level of log-odds. The formula is as 
follows:                       

  [𝜙𝑗 ≈ 𝛽𝑗(𝑥𝑗 − 𝑥𝑗), ]                                                                                                             …(15) 
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where (𝑥𝑗) is the empirical mean of feature (j). Global feature importance is then obtained by averaging 

absolute SHAP values: 

                           [𝐼𝑗 =
1

𝑛
∑ |𝜙𝑖𝑗|𝑛

𝑖=1 . ]                                                                                …(16) 

In the case of WDBC, the feature importance of the tumour concavity, radius, area, perimeter, and concave 
points is expected, as these features are related to the geometric irregularities linked to malignancy. This 
conforms to the view expressed in the medical XAI literature that the methods of explanation should 
provide the attribution of features that are meaningful from the clinical viewpoint rather than only 
providing the number. 
  
4. Stability Analysis 
A model must be able to deliver a consistent feature set along with feature coefficient parameters across 
numerous resampled datasets as a measure of its clinical usefulness. Bootstrap stability analysis was used 
for this purpose. 

Let (𝐷(𝑏))  represent the (b)-th bootstrap sample, (𝑏 = 1, … , 𝐵) . For each sample, estimate (𝛽ˆ(𝑏))  and 

(𝛾ˆ(𝑏)). The selection frequency of feature (𝑗) is 

                            [𝑆𝑗 =
1

𝐵
∑ 𝐼(𝛾ˆ𝑗

(𝑏)
= 1)𝐵

𝑏=1 . ]                                                                …(17) 

A stable characteristic must have (𝑆𝑗)  close to 1. The coefficient stability index can be defined as a formula 

                             [1 −
! (𝛽ˆ𝑗

(1)
,…,𝛽ˆ𝑗

(𝐵)
)

|[𝛽ˆ𝑗] |+𝜖
]                                                                              …(18) 

In this formula, (𝜖 > 0) is a term that avoids the division by zero issue. A high value of (𝐶𝑆𝐼𝑗)  is a sign of 

the low sensitivity of the coefficient to the changes in the training data. The overall score of stability is 
defined as the following formula 

                             [
1

𝑝
∑ 𝑆𝑗

𝑝
𝑗=1 ]                                                                                            …(19) 

This metric calculates the variability of the sparse representation in case of a sampling change. The 
significance of stability in the process of making medical decisions is clear; without some level of 
consistency from sample to sample, physicians cannot trust the outcome. 
 
5. Uncertainty Quantification 
In breast cancer diagnosis, point predictions alone are insufficient, as a model might be correct on average 
but oversimplistic for borderline patients. Recent reports on healthcare uncertainty state that calibrated 
uncertainty increases robustness, makes deployment safer, and helps physicians detect cases of uncertainty 
for further evaluation by experts. 
 
5.1 Posterior Predictive Probability 
Under the Bayesian model, the posterior predictive probability for a new observation (𝑥∗)is 
                   ∫ 𝜎(𝛽0 + 𝑥∗

⊤𝛽), 𝑝(𝛽, 𝛾 ∣ 𝐷), 𝑑𝛽, 𝑑𝛾]                                                                …(20) 
This integral can be approximated through posterior samples, the Laplace approximation, or variational 
inference. The predictive uncertainty is then summarized by the Bernoulli variance: 
              𝑝∗(1 − 𝑝∗),   𝑝∗ = 𝑃(𝑦∗ = 1 ∣ 𝑥∗, 𝐷). ]                                                            …(21) 
Maximum uncertainty is obtained at (𝑝∗ = 0.5), corresponding to borderline cases. 
5.2 Credible Intervals 

For each coefficient (𝛽𝑗), 𝑎(100(1 − 𝛼) credible interval is obtained from the posterior: 

                  [𝛽𝑗 ∈ [𝑞𝛼/2, 𝑞1−𝛼/2], ]                                                                …(22) 

where (𝑞𝛼/2)  and  (𝑞1−𝛼/2)  are posterior quantiles. When there is no overlap with zero in the credible 

interval, the relevant feature has high relevance to the outcome, which serves as an alternative, more 
interpretable, statistically based method to apply instead of running a simple p-screen. 
5.3 Calibration-Based Confidence 
We will evaluate the predictive probabilities based on the observed frequencies using calibration, reliability 
charts, and the Brier score. 
 

                           
1

𝑛
∑ (𝑝𝑖 − 𝑦𝑖)2𝑛

𝑖=1 ]                                                                …(23) 

Lower Brier scores indicate better probabilistic calibration. This is especially useful because clinical 
decision support depends on well-calibrated risk estimates, not merely ranking performance. General 
calibration methods are widely used in probabilistic classification, and probability calibration is recognized 
as an important step when model outputs are to be interpreted as confidence estimates. 
6. Algorithm 
Hybrid Explainable Bayesian Logistic Regression for Breast Cancer Diagnosis 
Input: Training data (𝐷) , bootstrap size (B), inclusion threshold (𝜅) , confidence level (𝛼) 
Output: Sparse Bayesian classifier, SHAP explanations, stability scores, uncertainty estimates 
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1. Standardize all features in(𝐷). 
2. Initialize Bayesian logistic regression with spike-and-slab priors. 

3. Estimate the posterior (𝑝(𝛽, 𝛾 ∣ 𝐷)) using MAP, Laplace, or variational approximation. 

4. Compute posterior inclusion probabilities (𝑃𝐼𝑃𝑗). 

5. Select features satisfying (𝑃𝐼𝑃𝑗 > 𝜅). 

6. Refit the sparse logistic regression model on the selected subset. 
7. Compute SHAP values for global and local explanations. 

8. Generate bootstrap resamples(𝐷(1), … , 𝐷(𝐵)). 

9. Estimate feature selection frequencies(𝑆𝑗), coefficient stability indices, and overall model stability. 

10. Compute posterior predictive probabilities and uncertainty scores for new cases. 
11. Report calibrated probabilities, confidence intervals, and explanation plots. 
 
7. Statistical Evaluation 
The proposed framework should be evaluated using stratified cross-validation and bootstrap validation. 
The following metrics are recommended: 

[𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁 + 𝑇𝑃

𝑇𝑁 + 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃
] 

[𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝐹𝑁 + 𝑇𝑃
, 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁

𝐹𝑃 + 𝑇𝑁
] 

[𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, 𝐹1 =

2 ⋅ 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
] 

[𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅
1

0

(𝑢), 𝑑𝑢, ] 

 Along with Brier score and calibration error. Because it focuses on diagnosis, sensitivity and calibration are 
of utmost importance. To establish statistical significance and compare the proposed framework with 
baseline models, techniques such as the Wilcoxon signed-rank test and paired t-test, which depend on 
whether the problem conforms to the normal distribution, can be applied. Feature stability is typically 
reported in terms of selection frequency distributions and coefficient sign consistency. The quality of the 
explanation can be assessed through SHAP stability measurements and interpretability evaluations by 
clinicians. 
 

8. Discussion 
This model is good because it takes advantage of logistic regression, which is interpretable. Bayesian feature 
selection allows redundancy to be removed and provides resistance to related variables in the context of 
breast cancer. The next stage was to apply SHAP to change the final sparse model into an interpretable 
medical diagnostic tool by identifying the features that lead to a possible diagnosis of cancer. Stability 
analysis is an important element of the framework because a model can be trusted when the features are 
stable during resampling. Uncertainty quantification can also indicate the reliability of the prediction. This 
combination of methods is ideal for the WDBC dataset because its features are useful and can be easily 
calculated. 
 

9. Conclusion 
The current study introduces a hybrid model of explanatory logistic regression for identifying pathological 
breast tumours that integrates Bayesian variable selection and SHAP interpretation. The arithmetic 
footprint of the proposed model is represented in the mathematical world of sparse Bayesian inference and 
classification, while the model itself is interpretable to help medical professionals in their work. By allowing 
the user to obtain the posterior probabilities of inclusion, the model helps identify the most significant 
features for tumor characterization. The SHAP coefficients make it possible to understand both the general 
and individual predictions. Bootstrap stability analysis is used to assess the stability of the model results. 
Finally, posterior predictive uncertainty provides calibrated confidence intervals for predicted 
probabilities. Thus, this methodology can be applied in a medical context, where proper predictive 
performance, interpretability, and reliability are required. 
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