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Abstract

Predicting response to neoadjuvant chemother-
apy (NAC) in breast cancer remains a clini-
cal challenge. We developed a machine learn-
ing framework combining bibliographically-
weighted Elastic Net for dimensionality reduc-
tion with regularized Logistic Regression (LR)
as the primary model, and a selective escalation
strategy using a multilayer perceptron (MLP)
for ambiguous predictions. From GSE205568
(n=2551), 730 robust genes were selected.
LR achieved strong performance (nested-CV
AUCPR = 0.82, ROC-AUC = 0.93), but un-
certainty analysis identified a “gray zone” near
the decision threshold, concentrating misclassi-
fications. Routing these cases to an MLP and
aggregating outputs via stacking with isotonic
recalibration improved gray-zone AUCPR by
+0.24 and yielded perfect calibration (ECE =~
0). External validation on GSE25065 (n=198)
showed that while discrimination transferred
(ROC-AUC = 0.94, AUCPR = 0.76), recali-
bration and local threshold adjustment were re-
quired to recover clinically useful performance
(F1 = 0.74, Recall = 0.95) (de Hond et al.,
2023). These findings support the use of LR as
a reliable baseline, augmented by explicit un-
certainty detection and selective complexity to
improve robustness in clinical prediction.
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Data and Code Availability The data used in
this study are publicly available in the Gene Expres-
sion Omnibus (GEQO) database under accession 1D
GSE205568 and ID GSE25065 from the National
Center for Biotechnology Information (NCBI), ac-
cessible at: https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi.

The code used for data preprocessing, analysis and
result generation is deposited in a GitHub repository,
available at: https://anonymous.4open.science/
r/chemo-response-prediction-5785/.

Institutional Review Board (IRB) This study
was conducted using publicly available data and did
not involve direct participation or intervention with
human or animal subjects. Therefore, approval from
an Institutional Review Board (IRB) was not re-
quired.

1. Introduction

Breast cancer accounts for 26.1% of cancer diagnoses
in women, making it the most frequent type of can-
cer in this group (PAHO, 2025). In 2022, the world-
wide incidence reached 105.4 and mortality 38.9 per
100,000 women (WHO, 2025). At the regional level
in the Americas, during the same year, it was re-
ported as the leading cause of cancer-related deaths
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among women, representing 15.7%, with more than
200,000 new cases recorded (PAHO, 2025). Peru has
contributed to this trend, showing a 3.97% increase
in mortality between 2013 and 2022 (Terrel-Poccomo
et al., 2025). These metrics highlight the urgent need
to continue efforts aimed at reducing mortality. It is
well established that early action against cancer is
crucial. In this context, neoadjuvant chemotherapy
(NAC) is one of the first treatments administered.
Its goal is to reduce tumor size to enable breast-
conserving surgery and achieve a pathological com-
plete response (pCR). Treatment response is classi-
fied as either pCR or residual disease (RD), represent-
ing the absence or presence of invasive cancer cells in
the breast and axillary lymph nodes after treatment,
respectively (Chica-Parrado et al., 2020). However,
not all patients achieve a pCR, and this outcome is as-
sociated with poorer survival rates as well as a higher
risk of locoregional recurrence and metastasis (Chica-
Parrado et al., 2020; Trabulus et al., 2024). Antici-
pating prognosis in NAC could therefore serve as a
valuable tool for making more effective clinical deci-
sions to combat cancer in a timely manner.

Machine learning models have been widely applied
for such predictions, particularly due to their ability
to extract, analyze, and identify linear and non-linear
relationships that can only be revealed when ana-
lyzing large-scale omics data (Krasniqi et al., 2025).
Although several projects have generated gene ex-
pression data linked to neoadjuvant chemotherapy
response, these datasets are often not fully compat-
ible, which complicates cross-study comparisons and
limits their utility for training robust machine learn-
ing models. Batch effects and technical heterogeneity
across large-scale omics studies remain a major bar-
rier to reproducibility, further emphasizing the need
for strategies that enable the effective integration of
multiple datasets to maximize their value for predic-
tive modeling (Yu et al., 2024).

In that framework, this work presents a predic-
tive framework for neoadjuvant chemotherapy re-
sponse in breast cancer that integrates bibliographi-
cally weighted gene selection with regularized logistic
regression as an interpretable baseline. The approach
incorporates explicit uncertainty detection through a
“gray zone,” where ambiguous cases are routed to a
multilayer perceptron, thereby improving local dis-
crimination. A meta-learning strategy with isotonic
recalibration ensures reliable calibration and a bal-
anced trade-off between precision and recall. Exter-
nal validation confirms the need for recalibration and

threshold adjustment to achieve clinically useful per-
formance.

2. Data Selection

The models were built using gene expression microar-
ray data and clinical information. For the training
and testing phases, data from the GSE205568 project
were used. This data set corresponds to a curated
and standardized collection of breast cancer gene
expression studies. The curation process included
the integration of information from the treatment
regimen, clinic pathological variables, clinical out-
come data, and gene expression profiles (GEO, 2024).
For the validation phase, data from the GSE25065
project were used, which includes gene expression
profiles along with clinical and outcome information
from breast cancer patients treated with neoadjuvant
chemotherapy (GEO, 2011).

3. Data Preprocessing

The GSE205568 dataset was constructed by integrat-
ing 28 GEO datasets, which were selected and merged
based on overlapping genes. Prior to analysis, the
merged expression matrix was subjected to a stan-
dardized preprocessing pipeline. Low-variance genes
were removed through variance filtering to reduce
noise, and expression values were log2-transformed.
Subsequently, quantile normalization was applied to
minimize batch effects across studies (Vinu Jose
et al., 2025).

Additional preprocessing steps included the exclu-
sion of rows with missing values and the selection of
patients who had received neoadjuvant chemother-
apy, based on clinical metadata. To ensure con-
sistent gene-level annotation, identifiers were con-
verted from NCBI_IDs to official HUGO gene sym-
bols. Clinical outcome variables related to NAC were
dichotomized: patients achieving pathological com-
plete response (pCR) were assigned a value of 1, while
those with non-complete pathological response were
assigned a value of 0. The results of the preprocessing
step are summarized in Table 1.

For external validation, the GSE25065 dataset was
employed. As this dataset contains probe-level mea-
surements derived from Affymetrix arrays, probes
corresponding only to the final gene set (resulting
from dimensionality reduction applied to the training
data) were retained. Probe identifiers were mapped
to HUGO gene symbols to ensure compatibility with
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Figure 1: Workflow for harmonizing and integrating
datasets from multiple projects of GEO

the processed GSE205568 dataset. Furthermore, clin-
ical response data were used to dichotomize treat-
ment outcomes in the validation cohort, where pCR
was labeled 1 and residual disease (RD) was labeled
0. The protocol designed to harmonize both datasets
used to make both datasets compatible is explained
in Figure 1. This procedure can be used to make
GEO datasets compatible, allowing them to serve as
a validation cohort for machine learning models or to
expand the training and testing datasets for model
development.

4. Dimensionality Reduction
4.1. Elastic Net — Feature Selection

An Elastic Net with a stability selection scheme was
applied (60 iterations with stratified resampling of
rows and columns) using the SAGA solver (Algamal
and Lee, 2015). A distinctive aspect of this proce-
dure was the incorporation of a priority weight de-
rived from evidence available in the scientific litera-
ture (National Library of Medicine, 2025). Specifi-
cally, a priority matrix was constructed from a file
containing the number of PubMed hits associated
with each gene; this file was computed once with-
out labels and reused unchanged across folds to avoid
leakage.

Publication counts were transformed into a loga-
rithmic score (priority_log), standardized across genes
(z-score), and mapped to a column-wise scaling factor
applied after standardization of X:

o log(h;) — p
3 o )

w; = clip(exp(vz;), 1.0, 3.0).

with slope v = 0.5. The resulting adjusted value
acted as a differential penalization, effectively emu-
lating penalty.factor in glmnet through column
rescaling prior to model fitting and used only dur-
ing the stability-selection stage (the baseline classifier
was re-fit without priority scaling).

Features were retained if selected in at least 60% of
resamples (threshold 0.60), yielding a robust subset of
730 genes (Table 1). As a robustness check, we varied
v € {0,0.25,0.5,0.75,1.0} (and clipping limits in a
secondary check) under the same nested-CV protocol,
observing stable outer-fold performance.

Table 1: Dataset features before and after the pre-
processing phase.

GSE project Samples Genes Labels Distribution
Before preprocessing
GSE205568 3736 9185 pCR/npCR —
GSE25065 198 22283 pCR/RD
After preprocessing
GSE205568 2551 730 1/0 635/1916
GSE25065 198 730 1/0 42/156

pCR: pathological complete response; npCR:
non—pathological complete response; RD: residual disease.
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5. Mathematical Models Employed

Several supervised learning approaches were imple-
mented for the binary classification of gene expres-
sion profiles. The models included Support Vector
Machines (SVM) with linear kernel, Random Forest,
XGBoost, and Naive Bayes (Gaussian and Bernoulli
variants). All models were trained within a homoge-
neous preprocessing pipeline to ensure methodologi-
cal consistency.

5.1. Logistic Regression (LR)

The primary focus of this study, however, was the
Logistic Regression (LR) model with regularization.
Logistic Regression estimates the probability of class
membership through the sigmoid function:

1
P(yzl\X):m (1)
p
2=Bo+ > BiX; (2)
j=1

where the parameters § are estimated by maxi-
mizing the penalized likelihood. In this study, an L2
(ridge) regularization term was added:

n

4B) == [vilog Plyi | X2)

+ (1= y)log (1= P(ys | X0))]

+ AlIBl:-
3)

This formulation is particularly well-suited for
high-dimensional data (p > n), such as microar-
ray experiments, since it controls overfitting while
preserving predictive performance (Mahmood and
Kadir, 2025; Liao and Chin, 2007).

Logistic Regression was prioritized in this study
due to several methodological advantages: (i) it pro-
vides interpretable coefficients directly linked to gene-
level effects, (ii) it scales efficiently to thousands of
predictors when combined with regularization, (iii)
it is robust under class imbalance when used with
appropriate evaluation metrics, and (iv) it integrates
naturally with prior feature selection steps, enabling
the model to capture robust linear patterns from the
reduced set of 730 genes.

5.2. Multi-Layer Perceptron (MLP)

The second model considered was a Multi-Layer Per-
ceptron (MLP), implemented as a non-linear classi-
fier. This model was specifically applied to the cases
located in the gray zone defined by Logistic Regres-
sion, with the aim of refining predictions in scenar-
ios of higher uncertainty. The architecture included
an input layer for gene expression profiles, one or
more hidden layers with non-linear activation func-
tions (ReLU), and a sigmoid output layer for binary
classification. Training was carried out using back-
propagation with an adaptive optimizer.

Unlike Logistic Regression, the MLP can capture
complex and non-linear relationships among genes,
although it requires more careful hyperparameter
tuning and is less interpretable. The application
of the MLP in the gray zone is inspired by recent
advances in selective classification or reject option
in neural networks, which improve reliability by ab-
staining from predicting in ambiguous cases (Hasan
et al.; Hendrickx et al., 2024). Unlike traditional ap-
proaches, where uncertain cases remain unclassified,
our strategy leverages the MLP as a second-stage
model to resolve ambiguity, thereby improving both
coverage and predictive accuracy.

6. Results

6.1. Dataset summary and preprocessing

After curation and feature selection, the primary
training dataset (GSE205568) comprised n = 2551
samples and a reduced feature set of p = 730 genes
following Elastic Net stability selection with biblio-
graphic prioritization. The external validation co-
hort (GSE25065) comprised n = 198 samples and
was reduced to the same p = 730 features by map-
ping array probes to the selected gene set. Clini-
cal outcomes were dichotomized as pathological com-
plete response (pCR = 1) versus residual disease (RD
/ npCR = 0). All subsequent modeling was per-
formed inside a homogeneous pipeline (variance fil-
tering, log2-transformation, quantile normalization,
feature selection) and evaluated using nested cross-
validation where indicated.

6.2. Model comparison (nested
cross-validation)

Table 2 summarizes the principal aggregated metrics
obtained with a stratified nested CV protocol (outer



PREDICTING CHEMOTHERAPY RESPONSE IN BREAST CANCER

k=5, inner k=3). All models shared an identical
preprocessing-and-training pipeline in which hyper-
parameters were tuned via GridSearchCV optimizing
AUCPR; preprocessing steps were fit exclusively on
the training split of each fold (no leakage), with fixed
random seeds and class-weight balancing when appli-
cable. Given the class imbalance, AUCPR was the
primary optimization metric, and ROC-AUC, accu-
racy, F'1, precision, and recall are reported for com-
pleteness. A regularized logistic regression (L2) pro-
vided the best trade-off between discrimination, cal-
ibration, and interpretability and was therefore se-
lected as the principal baseline model.

6.3. Out-of-fold performance and calibration

Out-of-fold (OOF) predictions from the selected
Logistic Regression model yielded: ROC-AUC =
0.9139, AUCPR = 0.7982, Brier score = 0.1190 and
Expected Calibration Error (ECE) = 0.1022. The
best F1 threshold on OOF predictions was toor =
0.6292; a median operational threshold from nested
folds was tmedian = 0.578. These calibration metrics
motivated a deeper analysis of uncertainty around the
decision threshold (see next subsection).

6.4. Empirical “gray zone” of predictive
uncertainty

Analysis of OOF prediction margins revealed a strong
association between small distance to the decision
threshold and increased classification error: Spear-
man correlation between absolute margin and error
indicator was p ~ —0.359 (p-value < 10~77). Bin-
ning of OOF probabilities identified a concentrated
interval of increased error rates in the approximate
probability range [0.55, 0.70]. An asymmetric em-
pirical gray zone defined from OOF statistics was
set to [0.553, 0.727]; approximately 2.7% of samples
fell within this region. Because errors concentrate in
this narrow band, we explored a selective strategy in
which ambiguous cases are routed to a more expres-
sive model.

We report absolute counts to contextualize impact
given the small gray-zone fraction. In the develop-
ment OOF set, the gray zone contained Ngpay = 69
cases (= 2.7% of 2551). Within this subset, the LR
baseline made 25 errors (FP=20, FN=5). The gray-
boosted MLP reduced errors to 19 (FP=13, FN=6;
A = —6, —24%), and the calibrated stacking to 22
(FP=16, FN=6; A = —3, —12%). Thus, the refine-

ment step corrects a meaningful share of ambiguous
cases despite the small coverage of the gray zone.

6.5. Selective complexity: gray-boosted MLP
and stacking

A hierarchical pipeline was implemented in which a
global LR classifier provided full-cohort predictions,
while cases falling within the empirically defined gray
zone were routed to a gray-boosted MLP. The final
predictions for these ambiguous instances were then
aggregated through a stacking meta-learner (meta-
LR) (Wang et al., 2024) with isotonic recalibration.
Out-of-fold evaluation showed that the gray-boosted
MLP achieved a ROC-AUC of 0.9205 and an AUCPR
of 0.8400. The stacking pipeline with isotonic re-
calibration obtained a ROC-AUC of 0.9204 and an
AUCPR of 0.8124, while also achieving markedly im-
proved calibration, as reflected by a Brier score of
0.0825 and an ECE of 0.0000. At the classification
level, stacking yielded an F1 score of 0.7777, with
precision and recall values of 0.7759 and 0.7795, re-
spectively. For comparison, the baseline LR model
evaluated on the same out-of-fold partition reached
an F1 score of 0.7365, precision of 0.7111, and re-
call of 0.7638. These results indicate that selective
escalation of model complexity in the gray zone not
only improves discrimination but also achieves supe-
rior calibration and more balanced classification per-
formance compared to the baseline alone.

6.5.1. PERFORMANCE INSIDE THE GRAY ZONE

Table 3 reports performance restricted to the empir-
ically defined gray-zone subset (OOF estimate).

The stacking pipeline substantially improves dis-
crimination and positive predictive value within the
gray zone, indicating that selective allocation of
model complexity yields practical gains where the
baseline is uncertain. Approximately 2.7% of sam-
ples were routed to the specialized branch under OOF
estimation.

6.6. Uncertainty quantification and
decision-curve analysis

Bootstrap (N=400) uncertainty bands were com-
puted for ROC, PR and calibration curves for both
LR and STACKING pipelines. These bands are pre-
sented in the figures recommended for inclusion (see
Figure 2).
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Figure 2: Bootstrap uncertainty bands for ROC, PR and calibration curves for Logistic Regression (left
column) and STACKING (right column). Include these figures to document discrimination and calibration
uncertainty.
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Table 2: Nested cross-validation performance (outer 5-fold averages + standard deviation). Primary opti-

mization metric: AUCPR.

Model AUCPR ROC-AUC Accuracy F1 Precision Recall

Logistic Regression (L2, C=0.1)  0.824 +0.034  0.926 £0.013  0.882+£0.013  0.765+0.022 0.758 £0.038  0.775 + 0.026
SVM (linear) 0.770 £0.030  0.900 £ 0.016  0.86240.010  0.726 £0.017  0.717 £0.033  0.739 = 0.036
XGBoost 0.709 £ 0.026  0.859 £ 0.011  0.8124+0.019  0.650 £0.018  0.611£0.047  0.701 == 0.049
Random Forest 0.641 £0.026  0.827+£0.019 0.7724£0.035 0.601 £0.031  0.541+£0.058  0.685 = 0.053
Gaussian Naive Bayes 0.476 £0.018  0.749 &+ 0.010  0.694 + 0.025  0.540 £ 0.020  0.433 £0.027  0.721 £ 0.045
Bernoulli Naive Bayes 0.434+£0.014  0.734+0.015  0.655+0.029  0.524+0.007  0.401 +0.019  0.762 =+ 0.062
Table 3: Out-of-fold (OOF) performance restricted to 1. Compute raw model probabilities p =

empirical gray-zone samples. Values shown to three
decimal places.

Model AUCPR Precision F1

LR (gray zone) 0.443 0.474 0.590
STACKING (gray zone) 0.681 0.600 0.625
Uplift (STACK - LR) 0.238 0.126 0.035

6.7. External validation on GSE25065

External performance was evaluated under two sce-
narios to illustrate the effect of threshold transfer and
recalibration.

Scenario A — Fixed operational threshold
We applied the model trained on GSE205568 with its
out-of-fold (OOF) operating threshold toor = 0.6292
directly to GSE25065. Discrimination was preserved
(ROC-AUC = 0.9361, AUCPR = 0.7773), but the
fixed threshold produced no positive predictions in
the external cohort (Accuracy = 0.7879, F1 = 0.0000,
Precision = 0.0000, Recall = 0.0000); the confusion
452 8 This re-
flects the non-transferability of decision thresholds
across cohorts with different prevalence or measure-
ment scales, not a failure of ranking.

matrix illustrates the collapse.

Scenario B — Isotonic recalibration with held-
out testing To adapt probabilities and the decision
boundary without contaminating evaluation, we used
a single stratified split of the full external cohort into
a calibration subset and an independent test subset
(StratifiedShuffleSplit, test_size = 0.50, random_state
= 42). No model refitting or weight updates were
performed at any stage.

Protocol. The trained model parameters remained
fixed throughout.

Pr(response | z) on GSE25065.

2. On the calibration subset, fit a monotone isotonic
regressor m : [0,1] — [0,1] (with out-of-bounds
clipping) to obtain calibrated scores p = m(p).

3. On the calibration subset only, select the operat-
ing threshold t.,, that maximizes F1 along the

precision—recall curve of p.
Freeze m(-) and tcaip.

5. Apply the frozen m(-) and tcanp, to the held-out test
subset and compute final metrics and the confu-
sion matrix.

No labels or distributional information from the test
subset influenced calibration or threshold selection.

Table 4: Calibration and held-out test results.

Split AUROC AUPRC Acc. F1 P R CM
Calibration 0.9423  0.7923 0.9091 0.8085 0.7308 0.9048 7' [
Test (held-out) 0.9377  0.7605 0.8586 0.7407 0.6061 0.9524 13

Acc.: Accuracy; F1: Fl-score; P: Precision; R: Recall; CM:
Confusion Matrix.

Results. This shows that isotonic recalibration
plus locally optimized thresholding restores clinically
useful operating points in the external cohort while
strictly avoiding information leakage.

6.8. Model interpretation (SHAP)

After fixing the 730-gene panel, we re-fit the final
L2-regularized logistic regression on the full develop-
ment set using the same pipeline (median imputation
+ standardization) and computed SHAP values with
the linear explainer on the log-odds scale. Global im-
portance was summarized as mean absolute SHAP
across samples. Importantly, bibliographic priorities
were not used at this stage; hence, importances reflect
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the model’s learned contributions within the selected
panel rather than publication frequency.

The highest contributors included PHIP, FMO2,
PACS1, GALNT6 and REST, consistent with prolif-
eration/survival, xenobiotic and glycosylation axes,
and transcriptional regulation; alongside these, less-
discussed genes in this context (e.g., MSANTDZ2,
ABTB2, TESMIN) also emerged, suggesting that
literature-informed selection helped focus the search
space while the ranking itself is data-driven (Fig-
ure 3). For transparency at the ensemble
level, we interpreted the stacking meta-learner (lo-
gistic regression) over the OOF feature matrix
7z = {oof_lr,oof mlp,|oof 1r — tyR|,00f mlp —
oof_1r,is_gray} using the same linear SHAP frame-
work. The meta-model relied primarily on cali-
brated base probabilities (oof mlp, oof_lr), with
smaller contributions from disagreement/uncertainty
features, yielding a parsimonious and interpretable
combination (Figure 4).!

LR — Global feature importance (mean |[SHAP|)

0.0 0.2 0.4 0.6 0.8
Mean |SHAP| (log-odds)

Figure 3: Global gene importance for LR (mean
|SHAP|).

7. Discussion

The results indicate that a bibliographically-weighted
Elastic Net feature selection followed by a regularized
logistic regression yields strong and stable discrimi-
nation for predicting pathological complete response
from microarray data (nested-CV AUCPR =~ 0.82;
ROC-AUC = 0.93), but that global performance met-
rics mask concentrated uncertainty near the deci-
sion threshold. An empirical gray zone derived from
OOF statistics (approximately 2.7% of samples, in-
terval [0.553,0.727]) accumulated a disproportionate

1. Concise biological references for the highlighted genes will
be added in the revision.

Stacking meta-LR — Feature importance (mean |[SHAP|)

oof_mip

oof Ir

Joof_Ir - thr_lr|

oof_mlp - oof_Ir

is_gray

0.‘0 0;2 Ot4 0.‘6 0;8
Mean |SHAP| (log-odds)
Figure 4: Stacking meta-learner feature impor-
tance (mean |SHAP|) over OOF meta-features.
The meta-model weights oof mlp and oof_lr most
strongly, with modest contributions from disagree-
ment/uncertainty terms.

share of classification errors, and routing these am-
biguous cases to a gray-boosted multilayer perceptron
combined via stacking produced meaningful improve-
ment within that subset (AUCPR uplift ~ +0.238)
while preserving or slightly improving global calibra-
tion. External validation confirmed that discrimina-
tion largely transfers to an independent cohort but
also demonstrated that an operating threshold se-
lected in the training environment may fail in a new
population; isotonic recalibration and local thresh-
old selection were therefore necessary to recover clin-
ically useful recall and precision. Practical limita-
tions include the small absolute size of the gray-zone
subgroup (which constrains population-level impact),
the increased complexity and operational burden in-
troduced by a stacked pipeline, and the modality-
specific nature of the study (microarray preprocess-
ing and probe-to-gene mapping), all of which warrant
careful re-evaluation prior to deployment in different
assay platforms or clinical settings. A useful com-
parison between similar computational projects is the
twelve-gene signature of Wu et al. (2022), which offers
good discrimination (AUC = 0.83) with high clinical
feasibility but does not address calibration or cohort
transferability. Our framework instead focuses on re-
liability through uncertainty detection and recalibra-
tion, underscoring complementary trade-offs between
simplicity for deployment and robustness for safe gen-
eralization.

Overall, these findings support a pragmatic frame-
work in which a robust, interpretable linear baseline
is retained for the majority of cases, uncertainty is
explicitly detected, and selective escalation to higher-
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capacity models is applied only for well-characterized
ambiguous instances, with mandatory cohort-specific
recalibration before clinical use.

7.1. Gene-level interpretation

After fixing the 730-gene panel, SHAP analysis
of the final L2-logistic regression (priorities not
used at this stage) showed that the strongest
drivers were PHIP, FMO2, PACS1, GALNT6 and
REST, mapping to plausible biological axes for NAC
response (growth/survival, xenobiotic metabolism,
glycosylation/ECM remodeling and transcriptional
regulation). In parallel, less-discussed genes in
this setting (e.g., MSANTD2, ABTB2, TESMIN)
also contributed non-trivially, indicating that while
literature-informed selection narrowed the search
space, the learned ranking is data-driven rather than
a reflection of publication frequency. At the en-
semble level, SHAP on the meta-learner confirmed
that calibrated base probabilities (oof _mlp, oof_1r)
dominate, with smaller gains from simple disagree-
ment/uncertainty terms; this supports a efficient
stacking strategy that remains interpretable while de-
livering the gray-zone improvements reported above.

8. Conclusion

This study demonstrates that a bibliographically-
weighted Elastic Net feature selection followed by
a regularized logistic regression yields a reliable
and interpretable predictive baseline for neoadju-
vant chemotherapy response from curated microar-
ray data, attaining nested-CV AUCPR values near
0.82 and ROC-AUC values near 0.93. While global
discrimination is high, a concentrated empirical gray
zone around the decision threshold accumulates most
classification uncertainty; selectively directing these
ambiguous instances to a gray-boosted multilayer
perceptron and aggregating predictions via a stack-
ing meta-learner produces measurable improvements
in precision and AUCPR within that subset, with a
reported AUCPR uplift of approximately 0.238 inside
the gray zone and modest improvements in overall F'1
and calibration. Crucially, external validation reveals
that although discrimination can generalize across co-
horts, clinically useful binary decisions do not trans-
fer without adjustment: isotonic recalibration and lo-
cally chosen operating thresholds were necessary to
recover high recall and acceptable precision in the in-
dependent cohort. These results suggest that while

the baseline logistic regression is usable, its raw prob-
abilities are unreliable at extremes and near the deci-
sion boundary, underscoring the need for explicit cal-
ibration. In contrast, stacking with isotonic calibra-
tion achieves near-perfect reliability (Brier and ECE
approaching zero) and, more importantly, corrects
misclassifications precisely in the gray zone of clin-
ical uncertainty—arguably the most critical region
for safe decision-making. For translational deploy-
ment, we therefore recommend adopting a conserva-
tive, interpretable baseline model, implementing ex-
plicit uncertainty detection with selective escalation
of model complexity, and institutionalizing cohort-
specific probability recalibration and threshold selec-
tion as part of the deployment protocol. Future work
should prospectively evaluate this framework in inde-
pendent, prospectively collected cohorts and examine
its applicability to other molecular modalities and
clinical contexts to firmly establish generalizability
and clinical utility.
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