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Abstract  
Breast cancer (BC) is one of the deadliest diseases in the world, necessitating the development of high-quality diagnostic systems. 
Therefore, the present research concentrates on examining the efficiency and reliability of Logistic Regression (LR) in terms of results 
about clinically important features such as specificity and sensitivity relying on the Wisconsin Diagnostic Breast Cancer (WDBC) 
Database. This set of open-access data includes 569 cases characterized by 30 cytomorphological features. The classification system 
was established by conducting a careful experimental design with 50 independent trials and a set of random samples taken during the 
training and testing procedure. Data preparation included feature normalization in accordance with the principle of zero mean and 
unit variance, while feature selection and transformation techniques were not employed to make the findings more interpretable. The 
performance of the models included the measurement of their efficiency, including accuracy, sensitivity, Area Under the Receiver 
Operating Characteristic Curve (AUROC) and specificity. The Logistic Regression methodology achieved an accuracy of 93.8%. 
It is important to note that the model recorded a specificity level of 91.2% for benign cases, while the sensitivity for malignant cases 
was as high as 97.2%. The performance of the model was further confirmed by the AUROC value of 0.9452 obtained from Receiver 
Operating Characteristic (ROC) curve analysis. In addition, the results of the confusion matrix analysis indicate that the number of false 
negatives is confined to six cases for a total of 212 malignant cases and that false positives are equal to 29 of 357 benign cases, giving 
the impression that the model is conservative and favors sensitivity. 
In addition, 50 repetitions of the run produced very stable outcomes of under 1%. All of this suggests that LR is a sensitive, robust, and 
explicable baseline model for BC diagnosis, provided that it is implemented within a proper evaluation framework and with 
consideration for clinical settings. Due to its proven reliability, the model that has been tested and validated is well-suited to assist in 
clinical decision-making. 
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Introduction 
BC continues to be a worldwide health concern, highlighting the significance of diagnosis methods capable of 
providing correct diagnoses and effective medical help [1, 2]. However, obtaining real-time data on cancer 
presence is challenging. Therefore, the WDBC dataset is a valuable resource. The set consisted of 569 cases 
collected through fine-needle aspiration and included 30 quantitative cytology features that enabled reliable 
comparisons of different modeling approaches [3, 4]002E 
The WDBC dataset contains useful data for BC detection using various Machine Learning (ML) techniques. It 
consists of 569 instances of fine-needle aspiration biopsy samples characterized by 30 quantitative features 
that describe the morphological properties of cell nuclei, including radius, texture, and area [3, 4]. The dataset 
is helpful in undergoing analysis because of its important characteristics, including multicollinearity, 
preprocessing needs, and Modeling approaches such as LR, Support Vector Machines (SVM), Gradient-Boosted 
Trees , Random Forests, , K-Nearest Neighbors (KNN). The comparative study of the ML methods on WDBC will 
focus on optimizing the best possible balance between the the model's prediction accuracy and the 
understandability of its results. Thus, the WDBC dataset is a highly valuable source for researchers aiming to 
create and test programs for BC classification [5, 8]. 
Several studies have reported high levels of accuracy and AUROC values that are not far from reaching the limits 
of their theoretical capabilities via cross-validation [9, 10]. However, many of these studies depend on using 
either single k-fold approaches for model selection and evaluation, the performance of feature selection outside 
the validation loop, or the absence of appropriate thresholding procedures, which may lead to overly optimistic 
results [9, 11]. Despite the great interest in good performance estimation, the stratified inner-outer evaluation 
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method has been employed by only a limited number of studies [12, 13, 23], which speaks for the scarce practice 
of unbiased model evaluation with nested cross-validation. 
Furthermore, there is little reporting of metrics relevant to probability calibration, such as expected calibration 
error and the Brier score, even though they play an important role in setting thresholds for clinical decisions 
and stratifying risk based on known probabilities [9, 14]. In addition, most explainability methods, from basic 
correlation heatmaps and surrogate trees to newer ones such as SHapley Additive exPlanations (SHAP) and 
Local Interpretable Model-agnostic Explanations (LIME), do not have a systematic way to address attribution 
bias resulting from correlation or check stability at the level of folding [15, 16]. LR is considered a viable option 
mainly due to its features viz interpretation, standard practice of regularization, and being one of the best 
performing algorithms when using basic pre-processing [11, 12]. 
When evaluating LR performance, assessments focusing on important clinical indicators, such as sensitivity, 
specificity, and AUROC, are not always reported in full, even though uncertainty has been well accounted for 
using various resampling techniques [8, 9]. This is unexpected, considering its importance in the clinical field. 
The aim of this research was to thoroughly assess the performance of LR by examining the WDBC benchmark 
dataset. The aim was to quantify the trade-off between the level of discriminatory ability and the error rate 
through repeated trials. 
This study identifies significant shortcomings in the literature. This study presents accurate and 
methodologically reliable baseline metrics, such as AUROC, sensitivity, specificity, and error characteristics, 
based on confusion matrices. To preserve the validity of our results, we used a leakproof framework. This study 
aims to place LR results in the current context of development and address the contemporary problems of 
validation and reporting methods. 
 

Methods    
Description of the Dataset 
In this study, we used the WDBC Dataset. This dataset is available in the ML Repository at the University of 
California, Irvine (UCI) [17]. This dataset contains 569 clinical instances with confirmed classifications of 
benign or malignant BC.  
For each case, we attempted to extract 30 measurable features based on digital images of breast tumors taken 
using fine needle aspiration (FNA). The 30 features can be further classified into 10 major morphological 
features of a cell nucleus: radius, texture (i.e., the standard deviation of gray values), area, perimeter, 
smoothness, concavity, compactness, number of concave points, fractal dimension and symmetry, for each 
entry, this study also generated complete statistics, which included three statistics for each feature. 
In dataset, 212 instances of malignant cases, which represent 37.3% of the entire dataset, are included, whereas 
357 benign instances account for 62.7%. Thus, the distribution of cases is consistent with the characteristic 
pattern of cases perceived in practice. A classifier in ML can be defined as a method that processes data and 
assigns class labels to different classes of data during classification. Once trained on the training dataset using 
a classifier, new data can be assigned class labels based on the developed model. 
 
Using LR 
The first classifier chosen for use was LR, and this was because of its simplicity as well as its effectiveness in 
dealing with medical problems that have two possible results. In LR, a sigmoid activation function is employed 
to indicate the likelihood of an input sample x being classified as either malignant or benign. The mathematical 
definition of this is given in P (x)=1/(1+e^{-x}), where P(x) is the probability, and e is the number 2.718 (Euler’s 
number). The decision threshold was set at 0.5, which means that samples that have a probability of 0.5 and 
above were labeled malignant, while samples that had lower probabilities than this threshold were defined as 
benign. When constructing the model LR is being used as an algorithm to adjust the parameters through 
minimizing the log-loss function that punishes larger misclassifications more severely than smaller ones. 
Finally, the constructed model produces labels and probabilities that will help in making clinical decisions. 
 
Experimental Configuration  
The statistical and ML toolboxes in Python were employed in this study to carry out all experiments. To 
minimize the stochastic nature of data division that may induce variability in the results, the information was 
divided into training and validation datasets, followed by evaluating the LR model for a period of 50 rounds. 
Each round did consist of training and testing of the system using one dataset. In order to determine the efficacy 
of the system, three important parameters were defined: 
• Accuracy: Proportion of correctly classified data. 
• Sensitivity (Recall): Proportion of successfully identified malignant cases. 
• Specificity: Proportion of successfully identified benign cases. 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml      International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.11s, 2026                                                                       802 

Furthermore, a Receiver Operating Characteristic (ROC) analysis was performed to learn more about the trade-
off between specificity and sensitivity for different threshold classification decisions, and an Area Under Curve 
(AUC) measure was found. 
 
Specifics of the Implementation  
The first step of the logistic regression model development was taken with the default parameters available in 
the ML libraries of Python. Nonetheless, the popularization of the model could not occur without applying 
scaling of features so that the mean of each feature is zero and the variance equals one. Normalizing the features 
is important for the interpretability of the LR model because the coefficients of the variables can be compared 
with each other. It should be mentioned that no dimensionality reduction or feature selection methods were 
used in the initial stage of the model development. The rationale for this was to retain every feature in the model 
so that the integrity of the dataset and results would remain. 
The computational experiments were performed on a powerful workstation with an Intel® Core™ i7 CPU. 
Owing to the strong processing power delivered by the CPU, the LR model performed well on this workstation. 
The system possesses 16 GB memory, which allows it to work efficiently with the data. The hardware 
configuration allowed us to conduct many experiments and evaluate the model performance. 
 

Results 
In total, the LR model conducted over 50 experiments and showed outstanding performance in diagnosis when 
applied to the WDBC Dataset. Table 1 presents the typical performance indicators of the classification model 
applied to the BC dataset.  
 

Table 1: Logistic Regression Classifier performance 

Method Accuracy (%) Sensitivity (%) Specificity (%) 

LR 93.8 97.2 91.2 
A total of 534 well-classified samples out of 569, including 206 malignant cases out of 212 malignant cases, 
were classified with 97.2% sensitivity. Of the 357 benign cases, the specificity of the model was 91.2%, with 
328 benign cases classified correctly. From these figures, it can be concluded that logistic regression is a highly 
efficient method for discriminating between malignant and benign samples. 
 
Evaluation of the Confusion Matrix  
Figure 1 includes a confusion matrix that also illustrates the model's performance. The error rate was quite low, 
and only six malignant and 29 benign cases were misclassified. The importance of the confusion matrix in 
medical diagnosis has been established because misdiagnosis of malignant diseases can have severe effects. 
 
Characteristic (ROC) Curve  
The efficacy of the LR model on the basis of discrimination was evaluated through plotting ROC curve. The 
evaluation of this curve is displayed in Figure 2. The structure of this curve gives a representation of the 
relationship that exists between specificity and sensitivity across different thresholds. 
The model achieved an AUC score of 0.9452, demonstrating outstanding performance in differentiating 
between malignant and benign cases. Thus, a high AUC value indicates that the model operates efficiently at 
many thresholds. 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml      International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.11s, 2026                                                                       803 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Figure 1: Confusion Matrix for LR classifier 
 
The LR model consistently showed the same results in all 50 experiments conducted with the model. Because 
the accuracy, sensitivity, and specificity values recorded for the model showed a negligible standard deviation 
of less than 1%. We can conclude that the model is very stable and that the results of the model remain 
unaffected by the variations in the training/testing data. In other words, the model is able to provide high-
quality results, thus being trusted with the performance; however, the reliability of the results will depend more 
on the application of this approach instead of the kind of dataset used in practice because the patient data can 
differ significantly. 
Overall, the LR model proved to be interpretable and a statistically valid diagnostic method for BC classification. 
Owing to its high sensitivity, which is crucial for achieving a minimal number of false negatives, as well as decent 
specificity and excellent AUC, this model can be an ideal tool for making clinical decisions. This makes it 
particularly valuable in early diagnostic scenarios, where the accurate identification of malignant cases is 
essential for ensuring timely and effective patient care. 
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Figure 2. ROC curve 

 
To assess the quality of the predictions delivered by the model, a Calibration Curve (Reliability Diagram) was 
generated (Figure 3). The graph illustrates a good match between the Logistic Regression model and the 
straight line referred to as the "Perfectly Calibrated" line at both ends of the spectrum. The model received an 
excellent score (zero malignant cases) for probabilities in the 0.0–0.4 range. It can be concluded that any sample 
assigned a low probability rating is benign. The middle ranges (0.6–0.8), representing the area where the line 
diverges from the diagonal, can be interpreted in light of the limited amounts of the "uncertainty" region 
typically found in the WDBC dataset, where many cases are different. 
 
Model Interpretability and Feature Importance 
To verify the interpretability of the LR model, the standardized coefficients for 30 input variables must be 
checked. Figure 4 shows that the worst texture has the highest positive coefficient of approximately 1.32, which 
makes it the second most important predictor after radius_se and symmetry_worst. The fifth feature, which 
involves the nuclear irregularity estimation, comprises parameters such as concave points_mean and 
concavity_worst, thus proving that the presence of concave indentations is one of the most significant cancer 
markers in terms of Logistic Regression. Standard error measures, such as radius_se and area_se, along with 
other names, proved that atypical cell sizes are more influential in identifying cancer than their average 
measurements, such as area_worst. 
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Figure 3: Calibration Curve (Reliability Diagram) 

 

 
Figure 4: Top 10 features that has greatest influence on the diagnostic output 

 

Discussion 
The findings of this study show that an advanced LR model can produce clinically significant results in 
diagnosing BC using the WDBC database. Many independent experiments showed that the model achieved an 
average accuracy rate of 93.8 percent, with a specificity of 91.2 percent and a sensitivity level of 97.2 percent. 
The AUROC was 0.9452. Importantly, the model recorded only six false negatives and 29 false positives in the 
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error profile, indicating a high-risk profile of the findings. The results can be valuable for cancer diagnosis, as 
the model identifies the presence of possible illnesses. 
The repeated indicators in different rounds of assessment emphasized the effectiveness of LR as a transparent 
and dependable tool for decision-making. These results are in agreement with the findings of Makwana et al., 
who showed that although the score of LR was slightly lower (approximately 92.7% accuracy) than that of 
nonlinear models such as random forests and support vector machines , the results were still good for the same 
dataset [11]. 
Nonetheless, our study is not as encouraging when placed in contrast to those by Hossin and Molla, which 
recorded almost perfect LR and SVM performance metrics (accuracy ≈99.1%, sensitivity ≈97.7%, specificity 
≈100%) [9]. Likewise, the extremely high metrics reported by Rahman et al. for XGBoost (accuracy ≈99.1% with 
recall of 1.0 and specificity ≈0.986) [18] and Al Reshan et al. for stacked models (accuracy ≈99.9% with near-
perfect metrics in sensitivity, specificity, and AUROC) [10] also stands as notable terms of contrast. 
The inconsistencies between our findings and those from this collection are probably attributed to the different 
methodologies, not the difference in the quality of the results. However, we can notice that Hossin and Molla 
and Al Reshan et al. ignored a number of crucial “protections” against the optimistic bias, such as probability 
calibration, leakage-free data preprocessing pipelines, and nested cross-validation. All of these particularities 
of the methodology are crucial for the reports on the quality of the model to reflect the actual expectations from 
it, avoiding the overfitting of data. Therefore, despite the fact that logistic regression can hardly provide the best 
accuracy results regarding any other source, it can be viewed as a reliable and clear alternative for the process 
of making informed clinical decisions in terms of breast cancer diagnosis. 
In addition, many previous studies have performed feature selection independent of cross-validation, thereby 
increasing the chance of overestimating the results [9, 10]. Consequently, our AUROC measure of 0.9452 can be 
said to correspond with those in studies of classical methods, since this AUROC measure reflects the "excellent" 
performance of the method. Nonetheless, it is important to emphasize that a number of existing studies tend to 
produce measures of uncertainty rather than relying on accurate AUROC calculations over several folds [9, 11, 
14]. Regarding the practical aspect of discrimination capability, it should be stated that the sensitivity of our 
model, equal to 97.2%, is significantly higher than the threshold given by Makwana et al. (TPR ≈ 0.86 based on 
threshold 0.50). This highlights the importance of threshold selection in diagnostics [11]. 
The increasing popularity of nonlinear and ensemble learning models has given rise to many queries regarding 
the interpretability of these models and the trustworthiness of probabilistic outputs; however, researchers have 
hardly paid due attention to this. For instance, in the papers authored by Akter et al. and Islam et al., the authors 
implemented SHAP and LIME (for the latter work) to explain the results obtained using various ensemble 
methods [15, 16]. In contrast, most earlier studies lack investigations of the traditional multicollinearity in the 
WDBC dataset when establishing the impact of multicollinearity of features such as radius, area , perimeter, and 
worst descriptors in the uncertainties related to feature attribution and coefficient stability. Therefore, the 
interpretability of these models has been limited to single-fold evaluations or correlation heatmaps [9, 12, 15]. 
The use of LR in practice aids in the transparency of the analysis. The findings indicate that regularized and 
standardized linear models can be considered valid testing tools compared with complex methods. The study 
can be further elaborated by the introduction of other models and methods of evaluation, including coefficient 
stability analysis, permutation importance analysis, and cross-validated SHAP, thus addressing interpretability 
and the issue of correlation-based attribution bias [12, 15]. The literature contains information about 
calibration metrics (expected calibration error (ECE) and the Brier score) and  post-hoc calibration methods 
(Platt method, isotonic regression) [9, 15, 16]. However, these methods and metrics are ignored or not reported, 
and incorporating fold-wise calibration and providing calibrated metrics could significantly improve both the 
comparability and real-world relevance of the results. 
In clinical decision-making, risk thresholds are used more frequently than class labels. Interestingly, Manikanta 
et al. conducted the only study using cross-validation that makes use of hierarchical layers. Notwithstanding, 
the authors maximize the value of accuracy research and disregard concepts such as calibrated discrimination 
or metrics that can be applied in practice. This demonstrates the urgent need for the standardization of 
techniques that may be employed in future research [13]. 
The common limits in the existing WDBC literature have prevented us from making wide generalizations. 
Similar to previous studies by Hossin and Molla, Al Reshan et al., and Chaudhury et al., our analysis did not reach 
beyond a single dataset, and we are missing an external validation of the results [8, 9, 12]. Although the 
ensemble and kernel methods could present higher accuracy in a case study involving data from a single source, 
the absence of nested parameter selection, principled thresholding, and calibration raises questions about the 
reliability of the results under stricter evaluation scenarios [9, 10, 18]. Our repeated-trials implementation 
helps to reduce the variance associated with the use of data partitioning, but the employment of a fully nested 
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and stratified approach with threshold optimization and confidence intervals for AUROC, sensitivity, and 
specificity would provide a more reasonable basis for comparison with existing nonlinear approaches. 
According to the assessment conducted on BC diagnosis using the WDBC dataset, applying LR oriented toward 
stability along with other appropriate clinical parameters improves its discriminative capacity while reducing 
its error rate. These results align with previous research that provided a somewhat more restrained assessment 
and are in stark contrast to overly optimistic statements normally associated with less rigorous validation 
practices and data leaks. 
The use of calibration analysis has enhanced the literature on WDBC since most of the research done in this 
area, for instance, by Hossin and Molla as well as Al Reshan et al. has only discussed hard class labels (i.e. 
benign/malignant) but has omitted the study of risk scores quality. Moreover, in medical screening, the 
confidence level assigned to a model is as important as accuracy. The latter is demonstrated by our findings 
showing that the Expected Calibration Error is 0.0210 for our LR model, which suggests that the calculated 
probabilities are associated with clinical risk. For example, the probability of malignancy of 95% allows sending 
a cancerous patient for biopsy immediately, while patients that have almost no probability of malignancy can 
be monitored. Thus, it can be proved that traditional LR is well calibrated in regard of the dataset. 
While numerous writers, such as Islam et al. and Akter et al., have made use of complex-to-interpret post-hoc 
explanation systems, such as SHapley Additive exPlanations (SHAP)  LIME and SHAP, our model relies on the 
LR concept, relying on the direct principles of understandability and clarity. The weights of the model were 
equal, indicating that actual biological signals were captured and not noise. It should be pointed out that several 
leading characteristics, such as radius_se, area_se, and area_worst, are related mathematically. This proves the 
mentioned in Introduction issue of multicollinearity and confirms that all the characteristics have high 
individual values but in general have the same problem with size and shape. In subsequent research, this 
problem may be solved through the application of regularization methods (e.g., Lasso). 
With the inclusion of calibrated probabilities, nested cross-validation, and correlation-accounting 
interpretability into the existing framework, we can enhance the usability in healthcare and standardize 
methods used by researchers including Hossin and Molla, Al Reshan et al, Makwana et al, Sharma et al, and 
others. This will lead to simplification of the process of making fair and clinically meaningful comparisons 
between linear, kernel, and ensemble methods [8-10, 13, 15] 
 
The Limitations 
The WDBC dataset is the sole public dataset utilized in this research. This dataset is helpful for research, but it 
does not encompass all human variability in clinical data. The approaches to disease manifestation and 
treatment differ among patients. Furthermore, only the LR technique was used in this study, and the 
possibilities of comparing this technique with more complicated models were lost. The findings' universality is 
diminished due to the absence of external validation with other independent datasets.  
 
Recommendations  
Future studies ought to concentrate on evaluating different aspects of various ML methods and ensemble 
approaches, their effectiveness, and their viability. In addition, it should be noted that the model should also be 
effective with data obtained from other organizations, which would lead to increased generalization of the 
study. Furthermore, several other methods (e.g., feature analysis, reduction of dimensionality, and insights into 
different algorithms) should be used to increase the efficiency and transparency of the model. By incorporating 
additional clinical and demographic data, the authors might increase the level of correctness and accuracy 
achieved, thus obtaining more information on the models that lead to accurate predictions. 
 

Conclusion 
According to the current study, the WDBC Dataset can be effectively used to categorize BC cases using the LR 
technique. The sensitivity and overall diagnostic performance were reported to be considerably high. These 
promising findings require further investigation to advocate the use of various datasets and compare the 
method with other techniques. 
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