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ABSTRACT— 

A model's predictive performance is not enough to make sure whether machine learning models are appropriate for diagnosis. This work provides a simple leakage-

free pipeline for binary classification and subsequent explanation for the Wisconsin Diagnostic Breast Cancer (WDBC) dataset. It is tested on the WDBC dataset. 

In this paper, we compare four classifiers, which include logistic regression, support vector machine (SVM), k-nearest neighbors, and random forest. To ensure that 

the experiment is conducted honestly, stratification is used when splitting the data, and all of the preprocessing techniques are applied only to the training set to 

avoid any leakage of information from the test set. The models are chosen based on the results of the five-fold cross-validation and tested once on the independent 

test data. The SVM achieved the highest accuracy (97.37%) and F1-score (96.30%), while logistic regression achieved the highest ROC-AUC (99.60%). SHAP 

and permutation importance revealed that the models are mostly dependent on shape and texture features of tumors, including the worst texture, concavity, and 

radius. 

Index: Explainable AI, Disease Diagnosis, Machine Learning, SHAP, Breast Cancer 

I. INTRODUCTION 

Machine learning techniques can detect latent patterns in clinical laboratory data, genetic data, and image data. Nevertheless, a highly accurate 

classification or regression score obtained by a model in the context of diagnostics is not sufficient for evaluating whether the model is accurate, calibrated, 

unbiased, and safe for practical application in a medical environment. Explanation may assist in identifying features that have affected the prediction 

made; however, the explanation is not proof that the model has learned a valid medical process. Recent research on breast cancer XAI stresses the 

importance of analyzing explanation behavior along with performance and bias of the dataset [2]. 

The classification of breast cancer can be considered an interesting case of methodological application since WDBC is a digital representation of the fine-

needle aspirate using quantitative tumor morphology measurements. In previous studies, comparisons of classical classifiers and post-hoc approaches 

have been conducted for the Wisconsin datasets and have provided important morphological variables but showed variable results across datasets and 

different protocols [1]. The study of GraphX-Net is based on the problem of recurrence prediction and the relational model of patients, which is a different 

task than the one performed here [3]. 

The following paper considers one pipeline that includes auditing, leakage-controlled preprocessing, stratified modeling, held-out testing, and global/local 

explanations. Four different classifiers are evaluated under a single-state evaluation protocol. The research is about a process that could be used for 

benchmarking but not for deploying clinical solutions. 

II. RELATED WORK 

The results from past research on breast cancer indicate that the good scores will depend on the dataset, the target, the split, and the feature representations. 

There is an analysis of various models in which the best classification models on both WBC  

and WDBC differ, and some critical variables that are considered include ‘bare nuclei’ and ‘worst area’. These results cannot be generalized to another 

experiment without using the same dataset and protocol [1]. In the review of XAI for breast cancer datasets, the methods mentioned are SHAP, LIME, 

and Grad-CAM, among others [2]. 

Unlike the WDBC dataset used to distinguish between benign and malignant tumors, GraphX-Net attempts to predict breast cancer recurrence. The 

method makes use of a graph structure that has been created based on the METABRIC dataset and includes feature contributions from Shapley values; 

according to the paper, the model achieved a test accuracy of 98.9% on its own test set [3]. 
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Experiments in other diseases show the relevance of a detailed experimental design protocol, yet their criteria depend on the disease and the dataset. 

Experiments on diabetic retinopathy employ image classification through deep CNNs and visual local explanations [4]. Experiments in liver cirrhosis 

include parameter tuning by cross-validation, XAI, and clinical features [5]; in autism diagnosis, multiple models on age-related datasets are used together 

with SHAP [6]; experiments on heart diseases involve stacking, resampling, cross-validation, and SHAP [7]; experiments on chronic kidney disease 

involve SHAP to reduce the number of clinical features [8], while in experiments on randomized learning models, different computational methods such 

as LIME and SHAP are employed [9]. Cancer stage classification based on rare somatic mutations is another example [10]. However, these experiments 

cannot be used to validate the WDBC experiment. 

III. PROPOSED METHODOLOGY 

This problem is modeled as a binary classification problem with post-hoc explanation added to the evaluation criteria. The process is outlined in Fig. 1. 

First, the data are audited for missing values, duplicate records, target encoding, feature types, and class imbalance. Then, the data are split between 

development and held-out test sets in a stratified manner. All steps of the pre-processing pipeline that involve estimation of model parameters are done 

using the training set only. Model comparison is done by means of five-fold stratified cross-validation on the training set. The chosen model is tested on 

the held-out test set. 

 

Fig. 1. Leakage-conscious workflow for the WDBC case study. The held-out test partition is kept outside model selection.  

A. Dataset and Target Definition 

The data used in the experiment is the Wisconsin Diagnostic Breast Cancer Data from the scikit-learn library. Dataset Characteristics: Multivariate, Text, 

Classification; Number of Instances: 569; Number of Attributes: 30 real-valued features; Attribute Information: Ten real-valued features are computed 

for each cell nucleus: radius (mean of distances from the center), texture (standard deviation of gray-scale values), perimeter, area, smoothness, 

compactness, concavity, concave points, symmetry, and fractal dimension; Diagnosis is Binary; Malignant: Positive Class; Benign: Negative Class [13]. 

TABLE I. WDBC CASE-STUDY DATA PROFILE 

Item Reported Value Interpretive note 

Observations 569 
Public benchmark dataset used by the scikit-learn 

implementation. 

Input features 30 numeric variables 
10 morphology measures, each summarized by mean, 

standard error, and worst. 

Target Benign/malignant Malignant is defined as the positive class in this paper. 

Train/test design 80:20 stratified; seed 42 455 training and 114 held-out test cases. 

Models Logistic regression, SVM, KNN, random forest Scaling is stated for LR/SVM/KNN; RF uses unscaled inputs. 

 

For an observation x=(x₁,…,x_d), the model estimates p(y=1|x), with y=1 denoting malignancy. A threshold τ maps probability to a class:  

ŷ=1 if p(y=1|x)≥τ and ŷ=0 otherwise.  

The reported threshold-dependent classification metrics use τ=0.5. That default is a reproducibility convention, not a clinically optimized operating 

threshold. 

B. Split, Preprocessing, and Leakage Control 
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The data is split into training and test datasets in an 80/20 proportion with stratification and random seed value 42, producing 455 observations for training 

and 114 observations for testing. Scaling is done in training-fold pipelines for LR, SVM, and KNN models, while the random forest algorithm uses 

unscaled numeric features. Scaling is done for the training fold using the fitting observations from that fold and then used on the validation fold of that 

training fold only. Standardization is  

z_j=(x_j−μ_j)/σj,  

where μj and σj are estimated from the current training fold. As there are no missing values in the chosen WDBC dataset, there is no need for imputation 

in this analysis. If an imputer, a feature selector, or a resampling method is used in future studies, it should be fit or applied after splitting into training 

and test sets, but not before. 

C. Candidate Classifiers 

The logistic regression model gives a linear probabilistic baseline; SVM is a margin classifier and also gives a non-linear classifier when using an RBF 

kernel; KNN is a similarity classifier based on standardized features; and random forest combines decision trees. These models have different inductive 

biases yet are still practical with small or well-tuned parameters. For logistic regression,  

log[p/(1−p)]=β₀+Σⱼβⱼxⱼ.  

The RBF kernel is 

K(x_i,x_j)=exp(−γ||x_i−x_j||²).  

KNN classification is based on assigning a class label by means of k nearest training observations. Random Forest involves combining the predictions 

from multiple trained decision trees. 

D. Cross-Validation and Model Selection 

We perform five-fold stratified cross-validation on the training subset. Each configuration is tested in five folds, maintaining approximately equal class 

distributions for each ROC-AUC metric, which is explicitly specified as the tuning target. The chosen configuration is retrained on the whole training 

subset and tested once on the separate test subset. 

CV=(1/K)ΣₖMₖ, with K=5. 

The proposed solution keeps the test dataset away from any information related to the model selection process, provided that each step of transformations 

and hyperparameter optimization is carried out on the training dataset only.  

E. Evaluation Metrics 

Accuracy, precision, recall (sensitivity), F1-score, and ROC-AUC are reported. 

Accuracy=(TP+TN)/(TP+TN+FP+FN), 

Precision=TP/(TP+FP), Recall=TP/(TP+FN), 

F1=2(Precision x Recall) / (Precision + Recall). 

The ROC-AUC measures ranking regardless of the threshold, while accuracy, precision, recall, and F1 at τ=0.5 are threshold-dependent. In addition to 

this, we need to consider specificity, confidence intervals, calibration, and specific operating characteristics depending on thresholds to expand our 

evaluation criteria list 

F. Explainability Layer 

SHAP expresses a model output as a baseline plus feature attributions: 

f(x)=E[f(X)]+Σⱼφⱼ  

The sign of φⱼ gives us information about which direction the corresponding feature pushes the explained model output. The mean absolute SHAP value 

provides a summary of the attribution magnitude. The general formulation of SHAP is provided by Lundberg and Lee [11]. 

Permutation importance for score  

S: Iⱼ = S(model, X, y) − meanᵣ.[S(model, permuteᵣ(Xⱼ), y)].  

Positive values indicate score loss after shuffling feature j. 

Permutation importance represents the drop in a selected score for assessing the model's performance when a feature is permuted. This is a model-

dependent, global measure of reliance and does not explain one particular prediction. The correlation between features leads to shared and masked 

importance, which means that the ranking depends on the scoring function used, as well as the data and permutation. 
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IV. EXPERIMENTAL RESULTS 

Of the 114 instances from the holdout test dataset, the SVM had the best accuracy (97.37%) and F1 score (96.30%), and logistic regression had the best 

ROC-AUC (99.60%). The findings are presented in Table I below. The SVM model generated the best accuracy and F1 score of 97.37% and 96.30%, 

respectively, while the logistic regression generated the best ROC-AUC of 99.60%. This explains the reason why a single measure should not be used to 

select models. 

TABLE II. REPORTED HELD-OUT PERFORMANCE AND DERIVED SVM COUNTS 

Model Accuracy Precision Recall F1-score ROC-AUC 

SVM  97.37% 100.00 92.86 96.30% 0.995* 

LR 96.49 97.50 92.86 95.12 99.60% 

KNN  94.74 97.37 88.10 92.50 0.982* 

RF 96.49 100.00 90.48 95.00 0.995* 

 

 

Fig. 2. Comparative performance of four candidate classifiers on the held-out test set. 

Fig. 3 shows that the ROC curves for all four methods indicate that all four methods provide strong separation of classes on this test dataset. Logistic 

regression gives us the best AUC value, while SVM gives the best accuracy rate at the default threshold value. This may be attributed to the advantage 

of feature scaling and the use of a nonlinear SVM decision boundary. 

 

Fig. 3. ROC curves for the four candidate classifiers on the held-out test set. 
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A. Error Analysis 

The observed SVM confusion matrix has zero false positives and three false negatives. With the given 42 malignant cases resulting from the test dataset, 

this implies 39 true positives and 72 true negatives. Accuracy is computed as 111/114=97.37%; precision is 39/39=100%; recall is 39/42=92.86%; and 

F1 score is approximately 96.30%. The mathematical computations are consistent with the given SVM accuracy and F1 score, given the stated class 

numbers and confusion matrix conventions. The confusion matrix for the chosen model is illustrated in Fig. 4 below. 

TABLE III. SVM CONFUSION MATRIX 

Actual/Predicted Benign Malignant 

Benign 72 (TN) 0 (FP) 

Malignant 3 (FN) 39 (TP) 

 

Derived metrics, with malignant as positive: sensitivity = 39/(39+3) = 92.86%; specificity = 72/(72+0) = 100%; precision = 39/(39+0) = 100%; accuracy 

= (72+39)/114 = 97.37%; F1 = 2×(1.000×0.9286)/(1.000+0.9286) ≈ 96.30%. These calculations are conditional on the figure’s class orientation and the 

stated 42 malignant test cases. 

 

Fig. 4. Confusion matrix of the highest-accuracy SVM classifier. 

B. Global Explanation 

Permutation importance and SHAP were applied to determine whether the classifier utilized meaningful morphology variables. Permutation importances 

in the presented case study had the greatest effect on worst-symmetry, worst-texture, worst-concavity, worst-concave-points, mean-concave-points, mean-

concavity, and worst-radius. Ranking of the variables does not show which variable causes cancer. It rather shows the process in which the model operates 

using this particular dataset. Correlation of variables might influence the ranking of importance. 

 

Fig. 5. Top permutation-importance features for the highest-AUC logistic-regression model. 
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SHAP analysis offers another perspective on global importance. Figure 6 shows the ranking of features according to the mean absolute SHAP value. The 

largest mean absolute impact among features in this study belongs to worst texture, which is followed by radius error, worst symmetry, mean concave 

points, and worst radius. There is some degree of overlap between the two sets of explanations, but not full agreement, which is understandable considering 

that they evaluate different metrics. In case of substantial differences between rankings, correlation among features, model sensitivity, and stability should 

be checked. 

 

Fig. 6. Global SHAP importance for the logistic-regression model 

C. Local Explanation and Clinical Plausibility 

The local explanation is derived for one specific patient and not for the entire dataset. For instance, a patient-specific explanation will determine which 

measured features increase or decrease the chances that a particular patient has cancer compared to the baseline of the machine learning algorithm. This 

is much closer to how a doctor will question the decision-making process of the algorithm – why has this particular patient been assigned a high-risk 

value? 

Medically plausible explanations constitute only one of many steps in the validation procedure; they do not ensure that predictions are medically accurate. 

Predictive models may identify associations between variables that are useful statistically but not medically correct. For example, acquisition-site IDs, 

preprocessing mistakes, and redundant variables can act as a shortcut. Therefore, the validation process of explanations should encompass a thorough 

investigation performed by domain experts, subgroup analysis, and ideally external validation by means of applying the dataset collected according to a 

different procedure. Specifically, the survey made by Bai et al. highlights the problems with bias in XAI systems [2]. 

V. DISCUSSION 

This shows that building an interpretable pipeline for making diagnoses using classical machine learning is feasible. The highest accuracy and F1 score 

in the WDBC case study belong to the SVM model; the logistic regression model showed the best ROC-AUC value. Which model would be preferable 

depends on the purpose of applying it. It is useful to have a simple baseline for comparison. In cases where a linear model works as well as a complex 

one, evaluation might be cheaper. 

The findings are in agreement with previous studies mentioned in this paper. According to Khater et al., classical machine learning in combination with 

model-agnostic explanations can reveal important features related to breast tumors [1]. GraphX-Net proves that Shapley values can be incorporated into 

more complicated relational models [3], whereas the liver cirrhosis and heart disease studies prove the need for cross-validation and explicit XAI layers 

in medical prediction [5], [7]. This study takes this approach, but employs classic classification models due to the small size of the dataset. 

The second factor to consider is computational efficiency. Although deep learning may be the right choice in cases where the input is high-dimensional 

images and genomics data, classical models are better suited in situations where the input is low-dimensional and structured. Muhammad et al. observed 

the computational difficulty and obscurity in using deep models and experimented with randomized models [9].  

Explanation techniques should be considered independent of the explanation of the model. Explanation does not always mean that the model is correct 

or medically approved. SHAP values evaluate the model but do not establish causality. Furthermore, the permutation feature importance can be biased in 

the case of the presence of correlated predictors. Reporting predictive performance, stability of explanation, subgroup analysis, and limitations of the 

study in the dissertation is very important. The statement is especially true in the case of applying the models in medicine, where the explanation can lead 

to false assurance. 
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VI. LIMITATIONS AND FUTURE WORK 

The experiment relies solely on a single publicly available tabular dataset, limiting its generalizability. While the WDBC dataset is good for reproducibility 

purposes, it cannot be used as a replacement for clinical validation. The use of a morphologically engineered dataset rather than the actual images makes 

it impossible to draw any conclusion about an AI solution for images.  

Correlation among features makes explanations difficult to understand because if two features represent similar information, then attributes may be spread 

across both features. Future research needs to study SHAP, permutation importance, partial dependence, and accumulated local effects, and measure 

explanation stability in bootstrapped or cross-validated datasets. Thirdly, the practicality of explanations depends on the choice of the threshold, 

calibration, decision curve analysis, and external validation of the model. Lastly, the study of fairness includes the study of performance and explanation 

behavior on subgroups of patients if the demographic features are present. 

It is natural to consider an extension of the above framework for the evaluation of other diseases as well. The literature provided by us includes studies 

of diabetic retinopathy, liver cirrhosis, autism, heart disease, and chronic kidney disease [4]-[8]. An analysis of multiple diseases would allow us to 

understand whether the interpretation method is still stable when the input consists of structured data, images, and high-dimensional molecular 

information. One can also consider comparing inherently interpretable models with black-box models and assessing whether better prediction justifies 

more interpretation overhead. 

VII. IMPLEMENTATION, REPRODUCTIBILITY, AND TRUSTWORTHINESS 

The design of the code is purposefully kept simple. The experimental setup uses Python along with pandas for data management, NumPy for numeric 

computation, scikit-learn for preprocessing and classification, Matplotlib for visualization, and SHAP for additive feature attribution. These commonly 

used libraries make sure that the workflow does not require any GPU or large deep learning framework to execute. This code design can be easily used 

in a clinical setting by modifying only the data loading part and keeping the validation and explainability parts the same. 

To enable reproducibility, the experimental setup will utilize a fixed random seed and will ensure that the model selection step is independent of the test 

evaluation process. The fixed random seed value will be set to 42 for train/test split, cross-validation, and permutations. Hyperparameter tuning will be 

conducted using only the training dataset, and the test dataset will not be used in selecting a particular model or explaining the configuration. The test 

metrics obtained will thus reflect a unique holdout estimate following a chosen protocol. 

The difference between predictive validity and explanation validity is significant. While predictive validity determines whether the model applies to 

future predictions, explanation validity determines how well the explanation procedure describes the model and how stable the explanation is to be 

interpretable. The important measure of stability for the feature ranking procedure is the following one: 

S = (2 / R(R−1)) Σ(r<s) ρ(rankr, ranks), 

Where R is the number of repeated runs and ρ is the Spearman rank correlation between two feature-importance rankings. A high S indicates that 

influential features remain similarly ordered under resampling or repeated cross-validation.  

Accuracy and ROC-AUC cannot determine the calibration of the predicted probability. Diagnostic models can classify the patients correctly, but at the 

same time yield predicted probabilities that are always overestimated or underestimated. Thus, future studies should include calibration plots, Brier score, 

and sensitivity and specificity at a certain cut-off value. In case the model is designed to be used as a screening test, then sensitivity will take priority; 

whereas if the purpose is to assist in confirming diagnosis, then specificity and positive predictive value will become more significant. 

The analysis of the bias should also become a part of the workflow. If demographic, institutional, scanning, or acquisition information is available, the 

performance of each subgroup must be reported independently. The SHAP ranking of the entire set might mask the performance disparity between 

subgroups. Moreover, high overall performance does not imply good performance of the model in each subgroup. The survey on the XAI of breast cancer 

models notes that transparency of the model does not eliminate dataset bias per se [2]. 

The proposed solution is outlined as a layered system approach, where the data layer manages data quality and leaks, the learning layer selects the model 

and makes the prediction, the evaluation layer measures discrimination and errors, the XAI layer provides explanations of the prediction, and the clinical 

review layer verifies plausibility, stability, and limitations of the result. Separating these layers simplifies the process analysis and prevents confusion 

between an obvious explanation and clinical validation. 

The suggested sequence of events for completing the dissertation is to first develop baseline measures; then conduct cross-validation, calibration, 

explanation stability, subgroup analysis, and finally include an external validation data set. This sequence provides a focus on properly evaluating the 

model prior to using more complex XAI techniques. Additionally, it will allow for the development of measurable milestones. 

VIII. CONCLUSION  

The study aimed to prove that a diagnostic model could be evaluated in terms of its predictive power and explanations simultaneously. Without using any 

techniques other than classical machine learning and relying on Python libraries, the process is possible even on a regular computer without a GPU. For 
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the breast cancer dataset, all four models performed well in separating benign and malignant instances. Depending on the metrics, the best-performing 

classifier could vary. SVM was the winner on accuracy and F1-score, whereas logistic regression was the best on ROC-AUC, which would not be clear 

by the accuracy measure alone. 

From the error analysis perspective, the reason for this becomes obvious. While the SVM did not make any false positives, it missed three malignant 

cases out of 42, and missing cancer in screening is a far more costly error. 

The results of the interpretations were encouraging. Both SHAP and permutation importance indicated that the most significant features for predicting 

whether or not a patient has cancer include the shape and texture of the tumor; specifically, "worst texture," "worst concavity," "concave points," and 

"radius." All of these features are ones that a physician would believe to be important. While there was some inconsistency among the interpretations, 

this is to be expected since each measure is based on a different concept. For example, SHAP indicates how much an individual feature contributes to 

changing the prediction, whereas permutation importance indicates how much the performance of the model decreases after a specific feature is randomly 

shuffled. 

Therefore, combining both measures provides a more comprehensive view of the model's performance than either measure alone. This interpretation 

explains how the model utilizes the data set provided. It does not demonstrate causation of any sort. 

In conclusion, building a leak-free pipeline with explanation integrated into the process is feasible for tabular data, especially in medicine. It also proved 

that a simpler model can easily outperform a more sophisticated one. Given the limited amount of data from a single source, these results should be 

considered a solid proof of concept rather than evidence of clinical feasibility. 
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