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ABSTRACT

Predicting breast cancer recurrence from routine clinical records is hard when the data are few, noisy, and
largely categorical. This study builds a three-way hybrid ensemble that combines Random Forest, which
captures nonlinear interactions among clinical variables; Logistic Regression, which offers a linear,
interpretable decision boundary; and Bernoulli Naive Bayes, which suits sparse one-hot encoded attributes.
Their predicted probabilities are merged by soft voting. The models were evaluated on the Ljubljana breast
cancer dataset (286 patients, nine categorical attributes) using most-frequent-value imputation, one-hot
encoding, a stratified held-out test split, and stratified 5-fold cross-validation. Under cross-validation, Naive
Bayes was the strongest single learner (accuracy 0.727, ROC-AUC 0.701). The hybrid came close but did
not surpass it on either measure (0.724, 0.680); its advantage lay in the highest F1-score of any model tested
(0.528) and the smallest fold-to-fold variation in accuracy. Adding Naive Bayes to an earlier two-model
Random Forest-Logistic Regression hybrid improved accuracy, ROC-AUC, and F1. A randomized search
over all three learners and the voting weights nudged ROC-AUC to 0.684 but cut F1 to 0.424, repeating the
precision-recall trade-off seen in the two-model study and suggesting that tuning for ROC-AUC is a poor
substitute for an objective that reflects the clinical cost of a missed recurrence. The hybrid’s accuracy sits
within the 65-78% range historically reported for this dataset. On this evidence, adding a structurally
different learner did more for the ensemble than tuning an existing one, a useful pointer to where effort pays
off in small-sample clinical prediction.

Keywords: Breast Cancer Recurrence; Hybrid Ensemble; Random Forest; Logistic Regression; Naive
Bayes; Soft Voting; Machine Learning; Healthcare Informatics

INTRODUCTION

Breast cancer remains one of the most diagnosed cancers worldwide (Bray et al., 2024), and predicting
whether a treated patient will experience a recurrence is central to post-treatment surveillance and resource
planning (Lu et al., 2023; Mazo et al., 2022). Clinical recurrence prediction, however, rarely has the luxury
of large, clean, continuously-measured datasets. Records collected in ordinary clinical practice are often
categorical or binned (age ranges, tumor-size brackets, nodal-involvement ranges rather than exact counts),
incomplete, and modest in number, especially for single-institution studies. Models built for this setting need
to be robust to that reality rather than assume the abundance of data typical of benchmark machine learning
tasks.

Three model families are commonly reached for in this kind of tabular clinical prediction problem, each for
a different reason. Random Forests handle nonlinear interactions and mixed categorical inputs without much
preprocessing effort, and they are comparatively resistant to overfitting on small samples because of bagging
and feature subsampling (Breiman, 2001; Grinsztajn et al., 2022). Logistic Regression produces a linear,
interpretable decision boundary whose probability outputs are comparatively easy to check for calibration —
a property that matters in a clinical context where a model's reasoning may need to be explained to a
physician or an ethics board (Christodoulou et al., 2019; Hosmer et al., 2013; Van Calster et al., 2019).
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Naive Bayes classifiers, though built on a conditional-independence assumption that is rarely literally true of
clinical attributes, are known to perform competitively on small, high-dimensional, sparsely-populated
categorical data precisely because they estimate far fewer parameters than either of the other two
approaches, which makes them less prone to overfitting when the training set is small (Rish, 2001,
Wickramasinghe & Kalutarage, 2021). Combining the three through a soft-voting ensemble, which averages
predicted class probabilities rather than hard labels, is intended to let each model contribute where it is
strongest, and to let their different failure modes partially cancel out (Sagi & Rokach, 2018).

This paper builds and evaluates such a three-way hybrid classifier on a well-known benchmark, the
Ljubljana Institute of Oncology breast cancer dataset, deliberately chosen because it is small, categorical,
and moderately class-imbalanced — the conditions this hybrid approach is meant to address, and also the
conditions under which claims of large accuracy gains from ensembling should be treated with some
suspicion. The specific contributions of the paper are fourfold: (1) a complete, reproducible preprocessing-
to-evaluation pipeline for the dataset, including imputation and one-hot encoding; (2) a systematic
comparison of Random Forest, Logistic Regression, Naive Bayes, and the soft-voting hybrid, using both a
held-out test split and 5-fold cross-validation; (3) a hyperparameter optimization study that tunes all three
base learners and the relative voting weights jointly, together with an honest account of what that tuning did
and did not improve; and (4) a comparison of the size of the gain obtained by adding a third, structurally
different base learner against the size of the gain obtained by hyperparameter tuning alone, which turns out
to favor the former.

Related Work

The Ljubljana breast cancer dataset has served as a benchmark since it was first used to evaluate the AQ15
rule-induction system, which reported roughly 66-72% classification accuracy on the recurrence task
depending on the domain-specific tuning applied (Michalski et al., 1986). Clark and Niblett (1987), working
on rule induction in noisy domains, reported results in a similar 65-72% range, while the Assistant-86
decision-tree system of Cestnik et al. (1987) reached about 78%. Across the classical machine learning
literature that has used this dataset as a testbed, reported accuracies cluster between 65% and 78% (Zwitter
& Soklic, 1988), a ceiling that later work has generally attributed to genuine noise in the recurrence labels
and the coarse, binned nature of the input attributes rather than to weaknesses in any particular algorithm.
Recent systematic reviews have catalogued a growing body of machine learning models for recurrence
prediction, most of them built on larger and richer clinical cohorts than this one (Lu et al., 2023; Mazo et al.,
2022); a meta-analysis of 34 such studies reported a pooled validation c-index of about 0.77 but concluded
that no model was yet reliable enough for broad clinical use (Lu et al., 2023).

Ensemble methods more broadly are motivated by the observation that combining multiple imperfect
models can reduce variance and improve generalization beyond what any single model achieves, provided
the base learners make sufficiently uncorrelated errors (Dietterich, 2000; Sagi & Rokach, 2018). Random
Forest itself is an ensemble of decision trees built through bootstrap aggregation and random feature
selection, and it has become a standard baseline for tabular classification because of its resistance to
overfitting and minimal need for feature scaling (Breiman, 2001; Grinsztajn et al., 2022). Naive Bayes
classifiers assume conditional independence of features given the class, an assumption that rarely holds
exactly but which empirically causes little harm in practice and can even help on small samples because it
constrains the model to estimate far fewer parameters than a fully general classifier would (Rish, 2001;
Wickramasinghe & Kalutarage, 2021). Despite its simplicity, Naive Bayes has repeatedly been shown to be
competitive with, and sometimes superior to, more sophisticated classifiers on small or sparsely-populated
categorical datasets, which motivates its inclusion here alongside two considerably more complex model
families. Soft voting, which averages predicted probabilities across heterogeneous base learners rather than
combining hard votes, is a natural extension of the ensembling idea to structurally different model types, and
has seen use in medical prediction tasks (Sherazi et al., 2021) because it lets a well-calibrated probabilistic
model correct for the overconfidence that tree ensembles and generative classifiers can each show near
decision boundaries, in different ways.
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The present work differs from most prior applications of this dataset in three respects. First, it evaluates a
genuinely heterogeneous three-way hybrid — a tree ensemble, a linear discriminative model, and a
generative probabilistic model, combined by soft voting — rather than a single algorithm family or a
homogeneous ensemble (bagged trees, boosted trees). Second, it treats hyperparameter optimization as an
object of study, reporting what tuning changes about the trade-off between accuracy and recall rather than
reporting only the single best configuration found. Third, it directly compares the performance gain obtained
from architectural diversity (adding a third, differently-structured base learner) against the gain obtained
from hyperparameter tuning of an existing configuration, a comparison that is often implicit but rarely made
explicit in ensemble learning studies on small clinical datasets.

MATERIALS AND METHODS
Dataset

The dataset used is the breast cancer recurrence dataset donated by M. Zwitter and M. Soklic of the
University Medical Center, Institute of Oncology, Ljubljana, and distributed through the UCI Machine
Learning Repository (Dua & Graff, 2019; Zwitter & Soklic, 1988). It contains 286 patient instances,
described by nine categorical predictor attributes and a binary class label. Table 1 summarizes the attributes
and their value ranges.

Attribute Type Values Missing
class (target) | binary no-recurrence-events (201), recurrence-events (85) 0
age binned range 20-29 through 70-79 (6 bins) 0
menopause categorical premeno, ge40, It40 0
tumor-size binned range 0-4 mm through 50-54 mm (11 bins) 0
inv-nodes binned range 0-2 through 24-26 (7 bins) 0
node-caps binary yes, no 8
deg-malig ordinal grade 1,2,3 0
breast binary left, right 0
breast-quad categorical left-up, left-low, right-up, right-low, central 1
irradiat binary yes, no 0

Table 1. Dataset attributes, value ranges, and missing-value counts (n = 286).

The target class is imbalanced, with 70.3% of patients showing no recurrence and 29.7% showing recurrence
within the observation period. Nine missing values are present in total, coded as '?' in the source file: eight in
node-caps and one in breast-quad. All other attributes are complete.

Preprocessing

Missing categorical values were imputed using the most-frequent-value strategy within each attribute,
applied only to the training fold in every cross-validation split to avoid information leakage from the held-
out data (Vabalas et al., 2019). All nine categorical attributes, including the ordinal deg-malig grade, were
then one-hot encoded; deg-malig was treated as nominal rather than numeric given the small sample size and
the absence of a clear justification for treating grade differences as equally spaced. Encoding produced 41
binary indicator features from the original 9 attributes. The imputation and encoding steps were wrapped in
a single scikit-learn ColumnTransformer so that both operations are refit correctly within each cross-
validation fold rather than applied once to the full dataset.

Model Architecture

The hybrid classifier consists of three base learners combined through soft voting. The Random Forest base
learner is an ensemble of decision trees, each trained on a bootstrap sample of the training data with a
random subset of features considered at each split; its class-1 probability output is the fraction of trees
voting for the recurrence class. The Logistic Regression base learner fits a linear decision boundary in the
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one-hot-encoded feature space and outputs a probability through the sigmoid (logistic) function; these
probabilities are not guaranteed to be well calibrated, particularly once class weighting is applied (van den
Goorbergh et al., 2022). The third base learner is a Bernoulli Naive Bayes classifier, chosen specifically
because the preprocessing pipeline already represents every attribute as a set of binary indicator features
after one-hot encoding — exactly the input Bernoulli Naive Bayes is designed for. It estimates,
independently for each binary feature, the likelihood of that feature being present given each class, combines
these likelihoods with the class priors via Bayes' theorem, and outputs a posterior probability for the
recurrence class. Random Forest and Logistic Regression were configured with class_weight="balanced' in
the default configuration to compensate for the 70/30 class imbalance without resorting to synthetic
resampling; Naive Bayes has no class_weight option; in the default configuration it uses the empirical class
priors estimated from the training fold, although setting fit_prior=False, which is included in the search
space (Table 2), replaces these with uniform priors and so acts as a simple imbalance correction.

Given predicted probabilities pgrg, pLr, and pyg for the recurrence class from the three base learners, and
voting weights wgg, wir, and wyg, the hybrid model's final probability estimate is the weighted average:

WREPRF + WLRPLR T WNBDPNB
WRp + WLR + WnB

Phybrid =

with equal weights (wgr = wig = wyg = 1) in the default configuration and the final class prediction taken
as recurrence if ppyprig = 0.5.

Hyperparameter Optimization

A randomized search (RandomizedSearchCV, scikit-learn; Bischl et al., 2023) was run over the joint
hyperparameter space of all three base learners and the voting weights simultaneously, rather than tuning
each learner independently, since the optimal setting for one learner can depend on how much influence it is
given in the vote.

The search space is summarized in Table 2. Forty candidate configurations were sampled and each evaluated
by 5-fold stratified cross-validation on the training split, scored by ROC-AUC; the configuration with the
highest mean cross-validated AUC was refit on the full training split and evaluated on the held-out test set.
Because the hyperparameters were selected on the training split, the cross-validated figures later reported for
the tuned model over the full dataset (Table 5) partly reuse patients that informed that selection. Those
figures are therefore optimistically biased in the tuned model's favour; a fully unbiased comparison would
require nested cross-validation (Vabalas et al., 2019).

Component Parameter Search space
Random Forest n_estimators 80 - 260
Random Forest max_depth None, 3,5, 8, 12
Random Forest min_samples_leaf 1-8

Random Forest min_samples_split 2-12

Random Forest max_features sgrt, log2, all

Random Forest

class_weight

None, balanced, balanced_subsample

Logistic Regression

C (inverse regularization)

0.001 - 10 (uniform)

Logistic Regression

solver

Ibfgs, liblinear

Logistic Regression

class_weight

None, balanced

Naive Bayes alpha (Laplace smoothing) 0.01 - 3.0 (uniform)

Naive Bayes fit_prior True, False

Voting relative weights (RF: LR : NB) | 12 combinations, e.g. 1:1:1, 3:1:1, 2:2:1, 1:1:3
Table 2. Hyperparameter search space for the joint RandomizedSearchCV over the three-way hybrid
pipeline.
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Experimental Setup and Evaluation Metrics

Data were split into an 80% training set (228 patients) and a 20% held-out test set (58 patients) using
stratified sampling to preserve class proportions, with a fixed random seed (42) for reproducibility. All
model comparisons additionally used 5-fold stratified cross-validation over the full dataset to reduce
sensitivity to any single split, which matters given the dataset's small size. Five standard metrics were
reported: accuracy, precision, recall, F1-score, and ROC-AUC, computed with the recurrence class treated
as the positive class. Confusion matrices are reported at the standard 0.5 probability threshold. All
experiments were implemented in Python using scikit-learn (Pedregosa et al., 2011).

RESULTS
Base Learners vs. Hybrid Ensemble — Held-Out Test Set

Table 3 reports performance of Random Forest, Logistic Regression, and Naive Bayes individually,
alongside the default (untuned, equal-weight) three-way hybrid model, on the 58-patient held-out test set,
using the same train/test split for all four for direct comparability.

Model Accuracy Precision Recall F1 ROC-AUC
Random Forest 0.690 0.467 0.412 0.438 0.636
Logistic Regression 0.655 0.435 0.588 0.500 |0.684
Naive Bayes 0.707 0.500 0.412 0.452 | 0.687
Hybrid (soft voting) 0.690 0.467 0.412 0.438 |0.679

Table 3. Held-out test-set performance (n = 58), single 80/20 stratified split, random_state = 42.

On this particular split, Naive Bayes alone obtained the highest accuracy and the highest precision of any
individual model, and its ROC-AUC (0.687) slightly exceeded Logistic Regression's (0.684) — a notable
result given that Naive Bayes is by far the simplest of the three base learners, estimating no interaction terms
and only a small number of parameters per feature. Logistic Regression still produced the best recall and F1-
score. The default hybrid landed close to Random Forest on the confusion matrix at the 0.5 threshold, but its
ROC-AUC (0.679) sat between the three base learners, reflecting that soft voting is combining probability
estimates that disagreed on which patients were most at risk. Figure 1 shows the confusion matrix and ROC
curve for the hybrid model in isolation; Figure 2 places all four side by side, and Figure 3 overlays their
ROC curves directly.

Confusion Matrix (test set) ROC Curve (test set)
1.0 A1
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Figure 1. Confusion matrix and ROC curve for the default three-way hybrid model on the held-out test set.

Page 3829
www.rsisinternational.org



https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi

A

P INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (1JRSI)
2 ISSN No. 2321-2705 | DOI: 10.51244/1JRSI | Volume XIII Issue XV October 2026 | Special Issue on Public Health

Random Forest
Ace=069 F1=0.44

Actual

8 10

Actual

no-rec

129

Confusion Matrices — Base Models vs Hybrid (RF + LogReg + NB, fest set)

Logistic Regression
Aec=0.66 F1=0.50

10

Actual

[EC

Naive Bayes
Aec=0.71 F1=045

10 1

Actual

no-ec

[e

10

Hybrid (soft voting]
Acc=0.69 F1=0.44

o-Tec
Predicted

T
no-Tec

Predicted

no-TeC e
Predicted

T
no-Tec

Predicted

Figure 2. Confusion matrices for Random Forest, Logistic Regression, Naive Bayes, and the hybrid model
on the same held-out test set.
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Figure 3. ROC curves for Random Forest, Logistic Regression, Naive Bayes, and the hybrid model on the
held-out test set.

Cross-Validated Comparison

Because a single 58-patient test split is small enough that its outcome can be sensitive to which patients
happen to fall into it, all four models were re-evaluated by 5-fold stratified cross-validation across the full
286-patient dataset. These results, summarized in Table 4, are the more reliable basis for comparing the
models, although, as discussed below, the differences between models are modest relative to their fold-to-
fold variation.
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Model Accuracy (mean = SD) | ROC-AUC (mean + SD) | F1 (mean + SD)
Random Forest 0.692 +0.061 0.656 +0.113 0.458 +0.152
Logistic Regression 0.650 + 0.057 0.653 + 0.066 0.486 + 0.058
Naive Bayes 0.727 £ 0.047 0.701 +£0.072 0.516 +0.103
Two-model hybrid (RF + LR)* 0.685 0.659 0.489

Hybrid (soft voting) 0.724 £ 0.041 0.680 + 0.078 0.528 + 0.104

Table 4. Five-fold stratified cross-validation results across the full dataset (n = 286). *Two-model Random
Forest + Logistic Regression hybrid from the earlier iteration of this study, shown for reference.

Under cross-validation, Naive Bayes was in fact the strongest individual base learner on both accuracy and
ROC-AUC, ahead of Random Forest by 3.5 and 4.5 percentage points respectively, and ahead of Logistic
Regression by an even wider margin. This is a useful corrective to the assumption, common in ensemble
design, that a more complex model necessarily contributes more: on a dataset this small and this categorical,
the low-variance, few-parameter Naive Bayes classifier generalized better than either of its more flexible
counterparts. The three-way hybrid nonetheless achieved the best F1-score of any model tested (0.528) and
the lowest accuracy variance across folds, indicating that even though Naive Bayes was individually
stronger, blending in Random Forest and Logistic Regression's probability estimates still improved the
balance between precision and recall beyond what Naive Bayes achieved alone. Comparing this three-way
hybrid to the two-way Random Forest + Logistic Regression hybrid examined in an earlier iteration of this
study (0.685 accuracy, 0.659 AUC, 0.489 F1) shows an improvement on every metric from adding Naive
Bayes as a third, structurally different base learner: +3.9 points accuracy, +2.1 points AUC, +3.9 points F1.
Two caveats apply. Most of these differences are smaller than one fold-to-fold standard deviation (for
example, 0.724 + 0.041 for the hybrid against 0.727 + 0.047 for Naive Bayes), and no formal significance
test was applied, so they are best read as indicative rather than conclusive. The two-model figures, now
listed in Table 4 for reference, come from the earlier iteration of the study.

Hyperparameter Optimization Results

The best configuration found by the randomized search used 230 Random Forest trees with max_depth = 8,
max_features = 'log2', min_samples_leaf = 1, min_samples_split = 8, and no class-weight adjustment; a
Logistic Regression with C = 0.741 and no class-weight adjustment; a Naive Bayes classifier with a Laplace
smoothing parameter (alpha) of 0.358; and voting weights of 3:1:1, giving Random Forest three times the
influence of either Logistic Regression or Naive Bayes in the final vote. This configuration achieved a mean
ROC-AUC of 0.688 in the inner 5-fold cross-validation on the 228-patient training split (the 0.684 in Table
5 comes from 5-fold cross-validation over the full dataset), against a background of 40 sampled
configurations whose cross-validated AUC ranged from about 0.65 to 0.69 (Figure 4, left panel) — again a
fairly flat optimization surface.

Metric Default hybrid (5-fold CV) Tuned hybrid (5-fold CV)
Accuracy 0.724 £ 0.041 0.720 + 0.040
ROC-AUC 0.680 £ 0.078 0.684 £ 0.082
F1-score 0.528 £ 0.104 0.424 £ 0.146

Table 5. Default vs. tuned three-way hybrid model, 5-fold cross-validation on the full dataset. Tuned-model
figures are optimistically biased because its hyperparameters were selected on the training split (see Section
3.4).

On the held-out test set, the tuned model scored 0.741 accuracy, 0.583 precision, 0.412 recall, 0.483 F1, and
0.677 ROC-AUC, with a confusion matrix of 36 true negatives, 5 false positives, 10 false negatives, and 7
true positives. Figure 4 summarizes the search's score distribution, the default-versus-tuned bar comparison,
and the ROC curves for both configurations on the test set.
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Figure 4. Hyperparameter search score distribution, default-vs-tuned comparison, and test-set ROC curves
(three-way hybrid).

Tuning raised cross-validated ROC-AUC by 0.4 percentage points but lowered accuracy slightly (-0.4
points) and cut F1-score by 10.4 percentage points relative to the default hybrid — a considerably larger
recall trade-off than the two-model version of this study showed under the same search procedure. The
chosen configuration dropped class-weight balancing from both Random Forest and Logistic Regression and
gave Random Forest three times the voting weight of either other learner, which together pushed the
ensemble toward higher precision and lower recall on the minority recurrence class. This reinforces a pattern
already visible in the two-model study: a randomized search scored on ROC-AUC alone reliably finds
configurations that rank patients well in aggregate, but does not reliably preserve sensitivity to the minority
class at the fixed 0.5 decision threshold used for classification, regardless of how many base learners are in
the ensemble. The direction of the effect is consistent with simulation evidence that imbalance corrections
mainly shift predicted probabilities toward the minority class, buying sensitivity at a fixed threshold at the
cost of calibration without improving discrimination (van den Goorbergh et al., 2022); removing class
weighting, as the tuned configuration did, moves the ensemble the other way.

DISCUSSION

Four findings stand out. First, and most striking, is that the simplest of the three base learners — Naive
Bayes — was individually the strongest under cross-validation, outperforming both Random Forest and
Logistic Regression on accuracy and ROC-AUC. This runs against the intuition, common when building an
ensemble, that more flexible models will dominate simpler ones; on a 286-row categorical dataset, the
opposite held. Naive Bayes's independence assumption, which is usually presented as its main weakness,
functions here as a strong regularizer: it estimates far fewer parameters than either Random Forest or
Logistic Regression, and with so little training data, that parameter economy appears to matter more than the
ability to model interactions or fit a flexible decision boundary.

Second, adding Naive Bayes as a third base learner appears to have improved the hybrid ensemble more
than hyperparameter tuning did. Moving from the two-model (Random Forest + Logistic Regression) hybrid
examined previously to the three-model hybrid raised cross-validated F1 by 3.9 points and accuracy by 3.9
points, whereas tuning the three-model hybrid's own hyperparameters — a considerably more expensive
search — improved ROC-AUC by less than half a point and, on F1, made the model measurably worse. The
selection bias in the tuned model's cross-validated figures (Section 3.4) works in tuning's favour, so if
anything this comparison flatters the search. For a practitioner working with a small, fixed dataset, this
suggests that diversifying the set of base learners is likely to be a better use of limited effort than an
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extensive hyperparameter search over a fixed set of learners, at least until the marginal learner choices have
been exhausted. This fits benchmark evidence that Random Forest, in particular, gains relatively little from
tuning compared with other learners (Probst et al., 2019).

Third, the same precision-recall trade-off observed in the two-model study reappeared, more sharply, in the
three-model study: optimizing the search for ROC-AUC found a configuration with a half-point AUC gain
but a ten-point F1 loss, driven by reduced recall on the recurrence class. This is not a flaw specific to adding
Naive Bayes; it is a structural consequence of scoring a hyperparameter search on a ranking metric (ROC-
AUC) while evaluating classification performance at a fixed probability threshold, since discrimination and
calibration are distinct properties and a gain in one says little about the other (\Van Calster et al., 2019). The
finding is worth taking seriously because it recurred across two separate searches, which suggests it is not an
artifact of one particular random search but a property of tuning this class of model against this objective on
this kind of imbalanced clinical data. Two searches on a single dataset are not enough to establish that
firmly, however.

Fourth, these results remain consistent with, rather than a dramatic improvement over, the historical
performance of classical rule-induction and decision-tree systems on this exact dataset (65-78% accuracy;
Cestnik et al., 1987; Clark & Niblett, 1987; Michalski et al., 1986). The three-way hybrid's cross-validated
accuracy of 72.4% sits comfortably inside that historical range rather than exceeding its upper bound. That
consistency is itself informative: even a heterogeneous three-model ensemble with a targeted
hyperparameter search does not meaningfully push past a ceiling that has held for nearly four decades of
work on this dataset, which reinforces that the ceiling is a property of the data — its size, its label noise, and
its coarse categorical binning — rather than of any particular modeling approach applied to it.

The study has several limitations. The dataset is drawn from a single institution and a specific patient
population from the late 1980s, which limits how far its conclusions generalize to contemporary or
geographically different populations, including the Nigerian clinical context this work is ultimately
motivated by, where breast cancer incidence is rising and late-stage presentation remains common
(Azubuike et al., 2018; Bray et al., 2024). The categorical binning of continuous variables such as tumor size
and node count discards information that a model trained on the original continuous measurements might
exploit. The sample is also small in a formal sense: with 85 recurrence events and roughly forty encoded
binary predictors, it falls well short of the minimum sample sizes now recommended for developing clinical
prediction models (Riley et al., 2020). Class imbalance was addressed only through class-weighting on two
of the three base learners, not through resampling methods such as SMOTE (Fernandez et al., 2018), and
Naive Bayes received no imbalance correction in the default configuration, which is a reasonable direction
for follow-up work, although recent evidence suggests that such corrections can degrade probability
calibration and should be applied with care (van den Goorbergh et al., 2022). Model comparisons rest on a
single run of 5-fold cross-validation without formal significance testing, and the tuned model's cross-
validated estimates carry the selection bias described in Section 3.4; repeated cross-validation with nested
tuning would address both. Finally, the hyperparameter search was deliberately kept modest (40 candidates)
to fit the available compute; a larger, ideally Bayesian, search (Akiba et al., 2019; Bischl et al., 2023) might
close some of the gap between the reported configurations and the optimum, though the flat score
distributions observed in both the two-model and three-model searches (Figure 4) suggest the returns to a
larger search may be limited on a dataset this small.

CONCLUSION

This study built and evaluated a three-way hybrid ensemble — Random Forest, Logistic Regression, and
Naive Bayes, combined by soft voting — for breast cancer recurrence prediction on the Ljubljana UCI
dataset, extending an earlier two-model (Random Forest + Logistic Regression) version of the same study.
Naive Bayes, the simplest of the three base learners, turned out to be the strongest individually under cross-
validation, and adding it to the ensemble improved every headline metric over the two-model hybrid by a
wider margin than a dedicated hyperparameter search over the resulting three-model ensemble later
achieved. Hyperparameter optimization again pushed ROC-AUC marginally higher but noticeably reduced
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recall on the minority recurrence class, reproducing a precision-recall trade-off first observed in the two-
model study and suggesting that it is a repeatable property of ROC-AUC-driven tuning on this kind of
imbalanced clinical data rather than a one-off result. The three-way hybrid's cross-validated accuracy
(72.4%) remains within the historical 65-78% range reported for this dataset by classical machine learning
systems, reinforcing that the paper's central lesson is about where the data's ceiling lies, not merely about
which model or combination of models is used to approach it.

Future work should pursue six directions: tuning the hyperparameter search directly against a recall- or cost-
sensitive objective rather than ROC-AUC alone, or against an imbalance-aware summary such as the
Matthews correlation coefficient (Chicco & Jurman, 2020); re-running the model comparisons with
repeated, nested cross-validation, formal significance testing, and a leave-one-learner-out ablation; applying
resampling techniques such as SMOTE alongside class-weighting to address the imbalance more directly,
including for the Naive Bayes component, which receives no imbalance correction in the default
configuration; testing whether a fourth structurally different base learner (for instance, a gradient-boosted
tree or a k-nearest-neighbors classifier) continues the pattern observed here of architectural diversity
outperforming tuning; validating the pipeline on a larger, more contemporary, and ideally multi-institutional
dataset, including data more representative of the Nigerian and West African clinical settings this work aims
ultimately to serve, with reporting aligned to the TRIPOD+AI guidance (Collins et al., 2024); and adding
model explainability tools such as SHAP values (Lundberg & Lee, 2017), so that clinicians can inspect why
the hybrid model made a particular prediction rather than treating it as a black box.
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