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ABSTRACT

Machine-learning models for breast-cancer cytology are rarely published in a form that others can
rerun, and their explanations are rarely checked for stability. This study develops a reproducible,
configuration-driven pipeline automated preprocessing, SHAP-based feature selection, a
comparative model panel following the explainable-model comparison of Siddiqui et al. [1], a soft-
voting ensemble, probability calibration, a screening threshold and a prediction interface returning
a probability, a decision and the three features that drove it — and replicates it, unchanged, on two
independent Wisconsin cytology datasets with different measurement systems: the Wisconsin
Diagnostic Breast Cancer dataset (WDBC; 569 samples, 30 computer-measured nuclear features)
and the original Wisconsin Breast Cancer dataset (WBCD; 699 samples, 9 pathologist-scored
features, 16 missing values). On held-out test sets the ensemble reached, at a screening threshold
chosen on development data, a sensitivity of 0.943 and specificity of 0.944 on WDBC (AUC 0.971)
and a sensitivity of 0.983 and specificity of 0.957 on WBCD (AUC 0.986), with Brier scores of 0.032
on both. The pipeline was exactly reproducible under a fixed seed, and changing the seed altered test
AUC by at most 0.0007. Feature selection retained 6-10 of 30 features on WDBC and 4-6 of 9 on
WBCD, with mean pairwise Jaccard similarity of 0.74 and 0.73 across folds, and SHAP rankings
were consistent across folds (mean Spearman p 0.83 and 0.75). In both datasets the explanation was
dominated by nuclear size and shape irregularity — worst area, perimeter and concave points in
WDBC; uniformity of cell size and shape and bare nuclei in WBCD consistent with cytopathological
criteria. Prediction took about 0.8 ms per case and a full explained prediction about 0.26 s. Because
the two datasets use different features, this is a replication of the pipeline rather than external
validation of a single fitted model; validation on an independent measured-feature dataset remains
necessary.
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Introduction

Breast cancer is the most frequently diagnosed cancer worldwide [2], and fine-needle aspiration (FNA)
cytology is an important, minimally invasive step in its diagnosis. Machine-learning classifiers trained on
cytological features have reported very high accuracy for decades [3]-[5], and explainable methods such as
SHAP now make it possible to show which features drive each prediction [6]. Comparative studies, including
that of Siddiqui et al. [1], have evaluated explainable machine-learning models for cancer classification using
cytological features and provide a basis for choosing among model families.

Two gaps limit the translation of this work. The first is reproducibility: published models are often described
rather than released as executable pipelines, preprocessing and feature selection are frequently performed
outside cross-validation, and results can depend on undocumented random choices [7], [8]. The second is
validation: models are seldom tested beyond their development data [9], [10], and the explanations
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themselves are rarely checked for stability [11]. A model whose explanation changes with the training sample
cannot support a clinician’s reasoning.

This study addresses both gaps with a pipeline built for reproducibility and tested on two independent
Wisconsin cytology datasets. Its contributions are:

1. aconfiguration-driven pipeline in which every data-dependent step — imputation, scaling, SHAP-based
feature selection, model fitting, calibration and threshold selection — is fitted on training data only, with
a prediction interface that returns a probability, a screening decision and the three most influential
features;

2. implementation of the comparative model panel of Siddiqui et al. [1] together with a soft-voting
ensemble inside that pipeline;

3. replication of the unchanged pipeline on two datasets with different measurement systems, reporting
held-out sensitivity and specificity, calibration, inference time, reproducibility under fixed and varied
seeds, feature-selection stability and explanation consistency;

4. aclear statement of what this replication does and does not establish relative to external validation.
Related Work

The two Wisconsin datasets have different origins. The original Wisconsin Breast Cancer dataset (WBCD)
records nine cytological characteristics, each graded from 1 to 10 by an examiner, for 699 FNA samples [3],
[5]; the later Wisconsin Diagnostic Breast Cancer dataset (WDBC) records thirty features computed by image
analysis of digitised nuclei — the mean, standard error and worst value of ten nuclear properties — for 569
samples [4], [12]. Both have been used extensively to benchmark classifiers, but almost always one at a time.

SHAP attributions [6], [13] are widely used to explain cytology classifiers, and comparative work such as
that of Siddiqui et al. [1] has examined how explainable models differ on cytological features. Explanations
from different models, or from the same model trained on different samples, can disagree [11], which
motivates measuring their stability. Feature-selection stability is commonly measured by set-overlap indices
[14], [15], and calibration — the agreement between predicted and observed risk — is essential when
probabilities are shown to clinicians [16]-[18]. Reporting guidance for prediction models emphasises
transparent development and validation [10], [19].

Materials and Methods
Datasets

Table 1. Datasets used for development and replication

Characteristic wWDBC WBCD
Samples (malignant) 569 (212) 699 (241)
Features 30  computer-measured nuclear | 9 examiner-graded features, each

features (mean, SE and worst of 10 | scored 1-10
properties)

Missing values 0 16 (bare nuclei)
Development / held-out test 426/ 143 (53 malignant) 524 /175 (60 malignant)
Source UCI repository [12]; Street et al. [4] UCI repository via mlbench [20];

Wolberg and Mangasarian [3]

Each dataset was split once, stratified by diagnosis, into a 75% development set and a 25% held-out test set
(Table 1). The test sets were used only for final evaluation. Malignancy was the positive class.
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Pipeline

Figure 1 shows the pipeline. A single configuration file fixes the random seed, the candidate numbers of
selected features, the calibration method and the target screening sensitivity; the same code and configuration
were applied to both datasets. Missing values are imputed with the training median, and scale-sensitive
models standardise features inside each training fold. Feature selection ranks features by the mean absolute
SHAP value of a gradient-boosting model fitted on training data [6], [21], then chooses the smallest number
of top-ranked features whose five-fold cross-validated AUC is within 0.002 of the best.

Configuration
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Figure 1. Reproducible explainable pipeline; the model panel follows the comparative approach of
Siddiqui et al. [1].

The model panel implements the comparative approach of Siddiqui et al. [1], training logistic regression
(LR), a support vector machine (SVM) [22], random forest (RF) [23] and gradient boosting (GB) [24] under
one protocol, and combines them in a soft-voting ensemble [25]. Every model is calibrated by Platt scaling
with internal five-fold cross-validation [26]. A screening threshold is chosen as the highest threshold giving
out-of-fold sensitivity of at least 0.98 on the development set. The prediction interface returns, for a single
sample, the calibrated probability, the decision at the screening threshold and the three features with the
largest SHAP contributions, computed with a permutation explainer over a 60-sample background.

Evaluation

For each dataset and model we report held-out sensitivity and specificity at the screening threshold, AUC,
the Brier score [27], the calibration slope and expected calibration error (ECE) [18]. Reproducibility was
assessed by refitting the ensemble with the same seed and comparing hashed predictions, and by refitting
with five different seeds. Stability was assessed by refitting the ensemble in ten folds of each development
set and recording the selected features (mean pairwise Jaccard similarity) and the rank correlation of SHAP
importance between folds [11], [14]. Inference time was measured per case for prediction alone and for
prediction with explanation. All analyses used scikit-learn [28] and SHAP.
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Results
Held-out performance

Table 2. Held-out test performance at the screening threshold chosen on development data

Dataset Model Sens. Spec. AUC Brier Slope ECE
WDBC LR 0.943 0.933 0.976 0.042 1.28 0.040
WDBC SVM 0.943 0.911 0.972 0.037 1.10 0.034
WDBC RF 0.962 0.933 0.966 0.033 1.19 0.030
WDBC GB 0.943 0.944 0.976 0.033 1.19 0.049
WDBC Ensemble 0.943 0.944 0.971 0.032 113 0.036
WBCD LR 0.967 0.957 0.989 0.033 1.01 0.040
WBCD SVM 0.967 0.957 0.979 0.032 1.13 0.030
WBCD RF 0.983 0.948 0.989 0.034 112 0.044
WBCD GB 0.983 0.957 0.987 0.033 1.13 0.019
WBCD Ensemble 0.983 0.957 0.986 0.032 111 0.038

Note. Sens., sensitivity; Spec., specificity; Slope, calibration slope (1 = ideal); ECE, expected calibration error over
ten quantile bins.

Table 2 and Figure 2 summarise held-out performance. On WDBC the ensemble selected six features and, at
its screening threshold of 0.14, detected 50 of 53 malignancies with 5 false positives among 90 benign
samples (sensitivity 0.943, specificity 0.944, AUC 0.971). On WBCD it selected four features and detected
59 of 60 malignancies with 5 false positives among 115 (sensitivity 0.983, specificity 0.957, AUC 0.986).
No model was consistently best: on WDBC logistic regression and gradient boosting had the highest AUC
(0.976), and on WBCD logistic regression and random forest did (0.989). The ensemble had the lowest or
equal-lowest Brier score on both datasets (0.032).

On WDBC, test AUC (0.971) was lower than the cross-validated AUC on the development set (0.995 +
0.007). With only 53 malignant test cases, a handful of malignancies with low scores — 4 were missed at the
conventional 0.50 threshold — is enough to move the AUC by this amount; on WBCD the two estimates
agreed closely (0.986 vs 0.990). The selection rule deliberately favours the smallest adequate feature set,
trading a small amount of discrimination for interpretability and stability; its tolerance can be changed in the
configuration file.
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Figure 2. (a) ROC curves and (b) calibration curves of the ensemble on the held-out test sets of both
datasets; dashed ROC lines show logistic regression.
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Calibration

After Platt scaling, held-out probabilities were well calibrated on both datasets (Figure 2b): the ensemble’s
calibration slope was 1.13 on WDBC and 1.11 on WBCD, and its ECE 0.036 and 0.038. Slopes slightly
above 1 indicate predictions that are, if anything, marginally under-confident. Within the ten development
folds, calibration slopes varied widely (mean 3.07 = 2.38 on WDBC and 1.70 + 0.92 on WBCD), because
each fold contains few intermediate-probability cases; calibration estimates from small validation sets should
therefore be read with caution.

Reproducibility

Refitting the ensemble with the same seed reproduced the held-out predictions exactly on both datasets
(identical prediction hashes). Changing the seed altered test AUC by a standard deviation of 0.0002 on
WDBC and 0.0007 on WBCD, and the Brier score by at most 0.0001; sensitivity at the screening threshold
did not change, and the standard deviation of specificity was at most 0.009. The pipeline’s results therefore
do not depend on a fortunate random seed.

Feature-selection stability and explanation consistency

Figure 3 shows how often each feature was selected across ten development folds and the SHAP importance
of the selected features on the test sets. On WDBC, 5 features were selected in every fold (mean concave
points, worst texture, worst area, worst concavity, worst concave points) and the number selected ranged
from 6 to 10; mean pairwise Jaccard similarity of the selected sets was 0.74 (minimum 0.56). On WBCD, 2
features were selected in every fold (uniformity of cell size, bare nuclei), with Jaccard similarity 0.73
(minimum 0.60). SHAP importance rankings were consistent across folds, with mean Spearman correlations
of 0.83 on WDBC and 0.75 on WBCD.

MeAn CONCAVe DRANs
WSt larluie

WOTSL pren

worst concawnly
WOIST CONCINE Doines
Wors! panoteier
WSt radus

Wotst mmocthiness
Mean tetum

e ermor

worsl pren

WOrst perimeter

WEPR CONCave pUines

wurst testurm

MeAN CORCIWNe DOITeS

WOPSE Concaty

.00

Figure 3. Feature-selection frequency across ten development folds (a, b) and SHAP importance of the
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Although the two datasets share no features, their explanations converged on the same cytological concept.
On WDBC the most influential features were worst area, worst perimeter and worst concave points —
measures of nuclear size and contour irregularity [4]. On WBCD they were uniformity of cell size, bare nuclei
and uniformity of cell shape — examiner grades of pleomorphism in cell size and shape and of nuclei stripped
of cytoplasm [3]. Both point to enlarged, irregular nuclei as the main evidence of malignancy, which supports
the explanations’ clinical plausibility.

Prediction interface and inference time

Table 3. Example outputs of the prediction interface for one malignant test case from each dataset
Dataset Probability Decision (threshold) Top-3 reasons (SHAP contribution) | Latency
wDBC 0.970 refer as suspicious (0.14) worst concave points (+0.24); worst | 301 ms
perimeter (+0.20); mean concave
points (+0.05)

WBCD 0.959 refer as suspicious (0.15) uniformity of cell shape (+0.29); | 379 ms
uniformity of cell size (+0.23); bare
nuclei (+0.07)

Table 3 shows the interface output for one malignant test case from each dataset. Prediction alone took about
0.8 ms per case on both datasets, and a prediction with its SHAP explanation a median of 260 ms (WDBC)
and 258 ms (WBCD) on a two-core processor, well within the time available in a cytology workflow.

Discussion

The pipeline met its reproducibility goals: identical results under a fixed seed, negligible sensitivity to the
seed, stable feature selection and consistent explanations, achieved by fitting every data-dependent step inside
the training data [7], [8]. Implemented within this pipeline, the comparative model panel of Siddiqui et al.
[1] again showed that no single model family dominates on cytological data; the calibrated ensemble offered
the most reliable probabilities rather than the highest AUC, consistent with the view that simpler models
remain strong baselines in this setting [29].

The replication across two datasets is the main new evidence. The same code, without modification, produced
accurate, calibrated and stable models from thirty measured features and from nine examiner grades, and its
explanations identified the same underlying cytological signal in both. This is evidence that the pipeline
transfers across measurement systems. It is not external validation of a single fitted model, because the
WDBC model cannot be applied to WBCD features; that requires an independent dataset with compatible
measurements [9], [10].

Limitations

Both datasets come from the same institution and era, are relatively small, and contain mostly clear-cut cases;
their held-out test sets (143 and 175 samples) give wide confidence intervals around sensitivity and
specificity. The 16 missing values in WBCD were imputed rather than modelled. Hyperparameters were
fixed by configuration, not tuned. Explanations were evaluated for stability and plausibility but not by
cytopathologists. Most importantly, no independent dataset with WDBC-compatible measured features was
available, so true external validation remains to be done.

Future Work

The priority is external validation: applying the released WDBC model, unchanged, to independent FNA
images from another centre, after extracting the same nuclear measurements. A reader study in which
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cytopathologists rate the interface’s explanations, and prospective evaluation of the screening threshold,
would follow. The pipeline is designed so that both steps require only a new data file and no code changes.

Conclusion

A reproducible, configuration-driven explainable pipeline — implementing the comparative model panel of
Siddiqui et al. [1] with SHAP-based feature selection, calibration, a screening threshold and a prediction
interface produced accurate and well-calibrated breast-cancer classifiers on two independent Wisconsin
cytology datasets with different measurement systems. Results were exactly reproducible, robust to the
random seed and supported by stable explanations that converged on nuclear size and shape irregularity in
both datasets. The pipeline is ready for the external validation on independent measured-feature data that
clinical use requires.
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