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ABSTRACT

Abstract—Computer-aided diagnosis tools need classifiers that separate malignant from benign breast masses reliably, and that remain

trustworthy when only part of the available measurements can be obtained. This paper studies that problem as a binary classification task on

the public Wisconsin Diagnostic Breast Cancer dataset of 569 fine-needle-aspirate samples, where the positive class is malignant (37.3%). Four

machine learning models (logistic regression, RBF support vector machine, random forest, gradient boosting) and a majority-class baseline are

compared with repeated stratified 5×10-fold cross-validation on a 455-sample training split and a single evaluation on a 114-sample held-out

test split. Two scenarios are examined: (A) a compact scenario using only the 10 “mean” nucleus measurements, and (B) a full scenario using

all 30 measurements (mean, standard error, worst value). All models reach a cross-validated ROC-AUC of 0.98–0.99 in both scenarios. In

scenario A the selected gradient boosting model achieves a held-out accuracy of 0.947 and AUC of 0.979 (95% CI 0.947–0.998); in scenario B

the selected SVM achieves accuracy 0.965 and AUC of 0.995 (95% CI 0.982–1.000). The two scenarios differ by less than the uncertainty

of the evaluation, so the added features give at most a small, statistically unconfirmed gain. Permutation importance concentrates on mean

area and mean concave points in scenario A and is diffuse in scenario B because many features are strongly correlated. The results are a

methodological benchmark, not evidence of clinical readiness.

Index Terms—Machine Learning, Breast Cancer Diagnosis, Medical Decision Support, Feature Subsets, Permutation Importance, Model

Evaluation

I. INTRODUCTION

Machine learning is increasingly used in medical decision

support, including cytology and radiology workflows where a

model estimates the probability that a lesion is malignant. For

fine-needle aspiration (FNA) of breast masses, a well-known

line of work extracts numerical descriptors of cell nuclei from

digitised images and trains classifiers on them [1, 2, 3]. These

descriptors are cheap to compute, but a deployed system may

not always have all of them, or may prefer a simpler model

that relies on fewer inputs.

This paper therefore asks a focused empirical question:

how much does classification performance change when a

model uses only the 10 mean nucleus measurements compared

with the full set of 30 measurements, and do conclusions

depend on the choice among standard models? The main

contributions are:

• A reproducible comparison of four machine learning mod-

els and a baseline on a public diagnostic dataset.

• Two feature scenarios—compact (mean values) and full

(mean, standard error, worst)—evaluated under one

leakage-free protocol.

• An honest account of uncertainty: bootstrap intervals on

a held-out set, the size of fold-to-fold variation, and a dis-

cussion of why permutation importance is hard to interpret

when features are strongly correlated.

II. PROBLEM STATEMENT

A. Unreported Evaluation Uncertainty

Studies on this dataset frequently report accuracies above 95%

for many different models, often from a single run or from

cross-validation used both to tune and to report results [7].

When every model scores near the ceiling, rankings between

models are easily over-interpreted.

B. Need for Guidance on Feature Availability

Decision-support systems may operate with a reduced set

of measurements. It is unclear how much of the achievable

performance is retained with the compact feature set, and how

much of any remaining gap is larger than the noise in the

evaluation.

III. RESEARCH OBJECTIVES

1. To develop and compare machine learning models that

classify a breast mass as malignant or benign.

2. To evaluate prediction quality in a compact scenario (10

mean features) and a full scenario (30 features), to quantify

the uncertainty of the comparison, and to identify the most

influential attributes.

IV. LITERATURE REVIEW

A. Computer-Aided Diagnosis from FNA Images

Wolberg and Mangasarian applied a multisurface pattern-

separation method to breast cytology data for diagnosis [2].

Street et al. described the extraction of nuclear features from

digitised FNA images, which became the basis of the dataset

used here [1]. Mangasarian et al. later addressed both diagno-

sis and prognosis of breast cancer using linear programming

[3]. The dataset is distributed through the UCI Machine Learn-

ing Repository [4].

B. Machine Learning in Cancer Research

Kourou et al. reviewed machine learning applications in can-

cer prognosis and prediction and noted the importance of

validation and of the quality of the underlying data [5]. Rudin

argued that, for high-stakes decisions, interpretable models

should be preferred over post-hoc explanations of black-box
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TABLE 1. INPUT VARIABLES BY STATISTIC

Group Examples Count

Mean (scenarios A, B) mean radius, mean area 10

Standard error (B only) radius error, area error 10

Worst value (B only) worst radius, worst texture 10

models [6].

C. Evaluation Methodology

Cawley and Talbot showed that using the same data for

model selection and for performance estimation produces op-

timistic results [7]. Hooker et al. discussed the limitations

of permutation-based importance when features are depen-

dent [8]. The calibration of predicted probabilities can be

summarised by the Brier score [9].

V. RESEARCH GAP

Prior work reports high accuracy on this dataset, but often

without a held-out evaluation separate from model selection,

and without confidence intervals. This study addresses the

narrower gap of comparing a compact and a full feature set

under a single, leakage-free evaluation protocol with uncer-

tainty estimates, and of stating clearly what the data can and

cannot support.

VI. RESEARCH METHODOLOGY

Fig. 1 summarises the pipeline.

A. Dataset

The data are the Wisconsin Diagnostic Breast Cancer (WDBC)

dataset [4, 1]: 569 FNA samples, of which 357 are benign

and 212 malignant, with no missing values. For each sam-

ple, ten real-valued nucleus measurements (radius, texture,

perimeter, area, smoothness, compactness, concavity, concave

points, symmetry, fractal dimension) are summarised by three

statistics—the mean, the standard error and the worst (largest)

value—giving 30 numeric features (Table 1). The data were

loaded through scikit-learn.

B. Target and Scenarios

The target is malignant = 1 and benign = 0; 37.3% of samples

are malignant, so the majority-class baseline predicts “benign”

and has accuracy 0.626 on the test set. Malignant is treated

as the positive class, so precision, recall and F1 describe ma-

lignancy detection. Scenario A (compact) uses the 10 mean

features; scenario B (full) uses all 30.

C. Preprocessing and Models

Features are standardised inside each training fold through

a single pipeline to avoid leakage. The models are logistic

regression (L2, C=1), an RBF-kernel SVM (C=1, probability

estimates by Platt scaling), a random forest (500 trees) [11],

and gradient boosting (100 trees, depth 3, learning rate 0.1)

[12], plus a majority-class baseline. All use scikit-learn 1.8.0

[13] with default settings otherwise; no hyperparameter tuning

was performed. The random seed is 42.

D. Evaluation Protocol

Data are split once into a stratified training set (455 samples)

and a held-out test set (114 samples). Models are compared

on the training set only, using repeated stratified 5-fold cross-

validation with 10 repeats (50 folds). The model with the

highest mean cross-validated ROC-AUC in each scenario is

refit on the full training set and evaluated once on the test set

at a decision threshold of 0.5. We report accuracy, precision,

recall, F1 and ROC-AUC, plus the Brier score [9], with 95%

bootstrap confidence intervals (2,000 resamples) [10] for ac-

curacy and AUC on the test set. Feature influence is measured

by permutation importance on the test set (30 repeats, drop in

ROC-AUC).

VII. RESULTS

A. Cross-Validated Model Comparison

Table 2 and Fig. 2 show the training-set cross-validation re-

sults. In both scenarios every model is far above the baseline.

In scenario A the four models reach AUC 0.982–0.985, and

logistic regression, SVM and gradient boosting are tied at

0.985 to three decimals; gradient boosting is selected by a

margin below the third decimal, so the choice among them

is not meaningful. In scenario B, logistic regression and the

SVM are tied at 0.994 and the tree ensembles are slightly

lower (0.988); the SVM is selected by a margin below the

third decimal. Differences between models are smaller than

the fold-to-fold standard deviations, which are 0.006–0.011

for AUC. Note that folds share training data, so these standard

deviations are not standard errors of the mean.

B. Held-Out Test Performance

Table 3 gives the single test-set evaluation of the selected

model in each scenario. In scenario A the gradient boosting

model reaches accuracy 0.947 and AUC 0.979. In scenario

B the SVM reaches accuracy 0.965 and AUC 0.995, with the

Brier score halving from 0.046 to 0.022. Fig. 3 and Fig. 4

show the ROC curves and confusion matrices. In scenario A

the model missed 4 of 42 malignant samples and flagged 2

of 72 benign samples as malignant; in scenario B it missed

2 of 42 and flagged 2 of 72. For a screening use case, a

missed malignancy is usually the costlier error, so the lower

miss count in scenario B is favourable, but a difference of

two samples in a 114-sample test set is well within sampling

variation. The 95% confidence intervals for accuracy (0.904–

0.982 vs. 0.930–0.991) and for AUC (0.947–0.998 vs. 0.982–

1.000) overlap substantially. The test AUC for both scenarios

is consistent with the cross-validated values (0.985 and 0.994).

C. Feature Importance

Fig. 5 shows permutation importance. In scenario A, two fea-

tures dominate: mean area (mean AUC drop 0.110) and mean

concave points (0.084), followed by mean texture (0.024); all

other features contribute less than 0.003. In scenario B no

single feature exceeds a drop of 0.007 (worst texture, 0.006),

and the standard deviations are of similar size as the means.

This does not mean that the features are unimportant: 21 of

the 435 feature pairs have an absolute correlation above 0.9

(maximum 0.998), so permuting one feature leaves correlated

copies that carry the same information. The B-scenario rank-

ing is therefore unstable and should not be over-interpreted

[8].

VIII. DISCUSSION

The central finding is that a compact set of ten mean nu-

cleus measurements already supports high-quality classifica-
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Figure 1: Experimental pipeline used in this study.

TABLE 2. CROSS-VALIDATION RESULTS ON THE TRAINING SET (MEAN ± SD OVER 50 FOLDS; MALIGNANT = POSITIVE CLASS; SELECTED MODEL IN

BOLD)

Scenario Model Accuracy F1 Recall ROC-AUC

A: mean only

Majority baseline 0.626 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.500 ± 0.000

Logistic Regression 0.939 ± 0.020 0.916 ± 0.028 0.892 ± 0.043 0.985 ± 0.007

SVM (RBF) 0.942 ± 0.021 0.918 ± 0.031 0.881 ± 0.053 0.985 ± 0.009

Random Forest 0.937 ± 0.023 0.916 ± 0.031 0.911 ± 0.043 0.982 ± 0.011

Gradient Boosting 0.940 ± 0.020 0.919 ± 0.027 0.916 ± 0.039 0.985 ± 0.008

B: all 30

Majority baseline 0.626 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.500 ± 0.000

Logistic Regression 0.972 ± 0.016 0.962 ± 0.022 0.947 ± 0.037 0.994 ± 0.007

SVM (RBF) 0.970 ± 0.019 0.959 ± 0.025 0.948 ± 0.037 0.994 ± 0.006

Random Forest 0.956 ± 0.024 0.940 ± 0.034 0.928 ± 0.051 0.988 ± 0.009

Gradient Boosting 0.956 ± 0.025 0.939 ± 0.035 0.926 ± 0.049 0.988 ± 0.010

TABLE 3. HELD-OUT TEST PERFORMANCE (n=114)

Metric A: Grad. Boosting B: SVM (RBF)

Accuracy 0.947 0.965

95% CI 0.904–0.982 0.930–0.991

Precision 0.950 0.952

Recall 0.905 0.952

F1 0.927 0.952

ROC-AUC 0.979 0.995

95% CI 0.947–0.998 0.982–1.000

Brier score 0.046 0.022

Baseline accuracy 0.632 0.632

tion on this dataset: cross-validated AUC is 0.985 in scenario

A against 0.994 in scenario B. The gain from the full feature

set is consistent in direction across logistic regression, SVM

and the tree ensembles, but it is small—about one fold-to-fold

standard deviation—and the held-out intervals overlap, so the

evidence supports “at most a small improvement” rather than a

confirmed one. The Brier score does favour scenario B (0.022

vs. 0.046), indicating better-calibrated probabilities, but it too

comes from a single 114-sample test set.

Three cautions apply. First, scores near the ceiling leave

little room to discriminate between models; the selection of

gradient boosting in A and of the SVM in B reflects differences

below the third decimal and should not be read as a recommen-

dation. Second, a simple, interpretable model such as logistic

regression performs as well as the more complex ensembles

in both scenarios, which is consistent with arguments for pre-

ferring interpretable models in high-stakes settings [6]. Third,

the descriptors in this dataset are computed from curated, digi-

tised images collected at one source; performance on images

from other laboratories, scanners or staining protocols is not

shown by this study.

IX. THREATS TO VALIDITY

Table 4 lists the main limitations. In addition, the decision

threshold of 0.5 is a default; a screening setting would nor-

mally choose a threshold that favours sensitivity, and this

TABLE 4. THREATS TO VALIDITY

Threat Explanation

Small sample Only 569 samples (114 in the test set); inter-

vals are wide and one split was used.

Single source One public dataset from one source; results

may not transfer to other laboratories or imag-

ing setups.

Untuned mod-

els

Default hyperparameters were used; tuning

might change the model ranking slightly.

Correlated fea-

tures

21 feature pairs have |r| > 0.9; permutation

importance is unreliable for them.

Ceiling effect AUC near 0.99 leaves little room to separate

models or scenarios.

Fairness The dataset contains no patient demograph-

ics, so subgroup performance could not be

audited.

Clinical use This is a retrospective benchmark; no prospec-

tive or clinical validation was performed.

would change precision and recall.

X. CONCLUSION

This paper compared four machine learning models and a

baseline for classifying breast masses as malignant or benign

on the Wisconsin Diagnostic Breast Cancer dataset. With

only the 10 mean nucleus measurements, the selected gradient

boosting model reached a held-out accuracy of 0.947 and AUC

of 0.979; with all 30 measurements the selected SVM reached

0.965 and 0.995. The difference between the two scenarios

is small relative to the uncertainty of the evaluation, and the

choice among models is not meaningful at this performance

level. The results show that standard models are accurate on

this curated dataset, but they do not establish clinical useful-

ness. Future work will use repeated outer splits or nested

cross-validation, hyperparameter tuning, threshold selection

for a target sensitivity, external validation on other cytology

datasets, and integration with explanation modules, followed

by evaluation under clinical supervision.
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Figure 2: Cross-validated ROC-AUC by model and scenario. The dashed line marks chance level.
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Figure 3: Test-set ROC curves for the selected model in each scenario.
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Figure 4: Test-set confusion matrices (A and B).

DATA AND CODE AVAILABILITY

The dataset is publicly available from the UCI Machine Learning

Repository (Breast Cancer Wisconsin, Diagnostic) [4] and is also

distributed with scikit-learn. All experiments use random seed 42

and scikit-learn 1.8.0.
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Figure 5: Permutation importance (test set) for the selected model in each scenario; top eight features, mean ± SD over 30 repeats.
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