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Abstract

Drug response prediction models are widely used to nominate biomarkers and
guide preclinical drug prioritization. However, their reported performance hinges
on rigorous separation of training and test data during cross-validation (CV).
Here we show that a commonly used pattern—supervised feature screening
performed on the full dataset before CV—introduces data leakage that system-
atically underestimates prediction error. Analyzing 265 drugs across 1,462 cancer
cell lines, we find that leakage-free CV increases mean squared error (MSE) by
16.6%, with low feature-set overlap between leaked and leakage-free pipelines
(mean Jaccard 0.18). A manual audit of 12 recent deep learning and classical
methods found confirmed leakage in 10. Such inflated performance estimates
likely contribute to computational predictions that fail during independent val-
idation or experimental follow-up. We provide an audit guide and reference
implementation to prevent leakage, and introduce a tissue-aware Data Shared
Elastic Net (DSEN) that, under correct evaluation, improves prediction for 65.7%
of drugs while yielding sparser, more targeted biomarker sets.
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1 Introduction

Genomic markers that predict drug sensitivity in cancer cells are routinely nominated
using machine learning models trained on large-scale pharmacogenomic screens such
as the Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug Sensitivity in
Cancer (GDSC) [1–4]. These models aim to identify molecular features—gene expres-
sion, mutations, copy number alterations—that stratify cell lines by drug response
and may ultimately guide patient selection in clinical trials.

Cross-validation (CV) is the standard approach for estimating prediction perfor-
mance in these high-dimensional settings, where the number of features often exceeds
the number of samples by orders of magnitude. However, subtle errors in CV imple-
mentation can introduce data leakage—the inadvertent use of test-set information
during model training—leading to optimistic performance estimates that do not reflect
true generalization [5–8].

Here we systematically quantify one prevalent form of leakage in drug response
prediction: supervised feature screening performed on the full dataset before CV splits
are defined. We demonstrate that this pattern inflates performance estimates by 16.6%
on average, destabilizes selected biomarker sets, and is present in 10 of 12 recently
published methods we audited. We provide a practical audit guide and reference imple-
mentation for leakage-free evaluation, and introduce a tissue-aware modeling approach
that yields genuine improvements under correct assessment.

2 Results

2.1 A widely used “feature screening then cross-validation”
pattern leaks test-set information

Drug response prediction in pharmacogenomics is typically high dimensional: tens of
thousands of molecular features are used to predict continuous sensitivity measure-
ments across hundreds to thousands of cell lines for each compound, as in widely used
resources such as CCLE and GDSC [1–4]. To make this tractable, many pipelines apply
supervised feature screening (for example, selecting features correlated with response)
and then report cross-validation (CV) performance of the downstream model. When
screening is computed once using all samples, it implicitly uses test-fold labels (and
often test-fold feature statistics), violating the CV assumption that the test fold is
held out and biasing error estimation [5–7].

We quantified the impact of this pattern using GDSC/Sanger release 6.0 drug
sensitivity for 265 compounds, matched to CCLE molecular features for 1,462 cell
lines spanning 31 tissue lineages—the most commonly used dataset pairing across the
methods we audited (Online Methods). For each drug, we compared two elastic-net
pipelines: (i) an incorrect implementation that applies variance filtering, correlation
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screening and scaling to the full dataset once and then runs CV; and (ii) a correct
implementation that repeats screening and scaling independently within each CV fold
using training data only (Fig. 1a; Online Methods). Both pipelines used identical
hyperparameter grids and performance metrics.

Leakage-free CV increased the estimated prediction error for most compounds.
Across 265 drugs, the corrected pipeline increased mean MSE by 16.6% (median
14.0%), and 83.0% of drugs showed inflated performance under the leaked pipeline
(Fig. 1b–c). The effect was heterogeneous: 35.8% of drugs showed ≥20% inflation and
10.9% showed ≥40% inflation, reaching 70.3% for the most affected compound.

2.2 Leakage distorts biomarker discovery by producing
non-replicable feature sets

Beyond performance, drug response modeling is often interpreted through the lens of
selected genomic features as candidate biomarkers or mechanistic hypotheses. Because
leaked screening uses information from the test fold, it can stabilize or enrich feature
sets that do not generalize.

We evaluated the overlap between the feature sets selected by the incorrect and
correct pipelines using the Jaccard index at a stringent stability threshold (features
selected in ≥80% of bootstrap resamples; Online Methods). Overlap was low (mean
Jaccard 0.18; median 0.04), and 36.3% of drugs had zero overlap (Fig. 1d). The
leaked pipeline also produced much larger “stable” signatures: on average, 18.1 fea-
tures met the ≥80% threshold under the incorrect pipeline versus 2.2 under the correct
pipeline—an eight-fold inflation that could generate many false-positive candidates
for experimental follow-up. Together, these results indicate that leakage can simul-
taneously inflate apparent accuracy and overstate confidence in derived biomarker
lists.

2.3 Forensic audit of recent methods reveals recurring leakage
modes

To assess how broadly leakage risks extend beyond a single elastic-net baseline, we
conducted a manual, code-level audit of 12 drug response prediction methods spanning
classical machine learning and deep learning (Supplementary Note 1). Methods were
selected based on high citation counts and availability of public code repositories, and
include DeepCDR [9], DrugCell [10] and MOLI [11]. We categorized leakage into six
recurring modes, including preprocessing fit on the full dataset, test data used for
early stopping or model selection, and evaluation splits that mix cell lines or drugs
across train and test despite claims of cold-start generalization.

Across the audited methods, 10/12 contained confirmed leakage by direct inspec-
tion of released code (Supplementary Table 1). Importantly, several leakage modes (for
example, monitoring test performance during training) can bias results even when a
nominal train/test split exists. These observations underscore that leakage is not con-
fined to a single modeling family, and motivate providing reusable evaluation templates
and audit checklists.
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2.4 A tissue-aware Data Shared Elastic Net improves
prediction under leakage-free evaluation

Correct evaluation often reduces headline performance, but it also clarifies where
methodological innovations yield genuine gains. Motivated by the hierarchical struc-
ture of pharmacogenomic panels (cell lines grouped by tissue lineage), we applied
the Data Shared Elastic Net (DSEN) [12], which decomposes each regression
coefficient into a component shared across tissues and a tissue-specific deviation
(Online Methods). DSEN adapts the data-shared lasso framework [13] to elastic-net
regularization [14, 15] for large-scale drug-by-drug modeling.

Across 265 drugs evaluated with leakage-free CV and tissue-stratified folds, DSEN
improved MSE relative to a standard elastic net for 65.7% of compounds, with mean
improvement 1.66% (median 0.71%; Fig. 2). Improvements were concentrated in a
subset of compounds (95th percentile 8.94%), with a maximum improvement of 23.6%
for Imatinib, consistent with strongly context-dependent drug activity (Fig. 2).

DSEN also reduced model complexity. In bootstrap feature-selection analyses,
DSEN selected fewer features than the standard elastic net for 93.2% of drugs, reduc-
ing the number of ever-selected features by 39% on average (mean 658 features for
elastic net versus 382 for DSEN; Supplementary Fig. 1; Online Methods). For 8.3%
of drugs, the learned model contained no shared features, suggesting predominantly
tissue-specific predictive structure (Supplementary Fig. 2).

2.5 DSEN retains biological signal as assessed by recovery of
known drug targets

To test whether corrected evaluation and tissue-aware modeling preserve meaningful
biological signal, we curated 464 drug–target pairs (262 unique drugs) and mapped
target gene names to features in our molecular matrix (87.3% of curated pairs mapped
to a gene represented in the feature space; Online Methods). Using a stability thresh-
old of ≥50% of bootstrap resamples (relaxed from the 80% used for Jaccard analyses
to improve sensitivity for this validation task), known targets were recovered infre-
quently by both models, as expected under strong regularization and highly polygenic
response. Nevertheless, DSEN showed modestly higher target recovery than the stan-
dard elastic net: among 220 drugs with at least one target present in the feature set,
DSEN recovered any target for 5.5% of drugs versus 4.5% for elastic net, and full
target sets for 4.5% versus 3.2% (Fig. 4).

Case studies highlighted biologically coherent recoveries, including BRAF for
BRAF inhibitors and MDM2 for Nutlin-3a (Supplementary Table 2), supporting that
leakage-free evaluation does not eliminate signal but provides more conservative and
reproducible estimates.

3 Discussion

Drug response prediction sits at the intersection of high-dimensional biology and
methodological innovation, making it particularly susceptible to subtle evaluation
errors. Our results demonstrate that supervised feature screening and normalization
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performed once on the full dataset—an often implicit “preprocessing” step—can pro-
duce substantial optimism in reported accuracy, even for relatively simple elastic-net
baselines. Importantly, the same pattern can propagate into biomarker discovery by
amplifying the apparent stability and size of selected feature sets.

The practical implication is not that prior biological conclusions are necessarily
invalid, but that many published performance numbers and feature rankings are likely
overconfident. This matters for comparative benchmarking, for claims of improvement
over baselines, and for downstream tasks such as drug repurposing where inflated accu-
racy can translate into misleading prioritization. Because leakage can arise in many
forms—especially in deep learning workflows that repeatedly evaluate on a “test” split
during training—robust evaluation requires systematic safeguards and transparent
reporting.

We therefore provide two concrete deliverables intended to improve practice.
First, we release an audit taxonomy and a reproducible reference implementation of
leakage-free CV for drug response prediction, designed to be directly reusable by the
community. Second, we introduce DSEN as a tissue-aware baseline that yields consis-
tent (though modest) gains under correct evaluation while reducing model complexity
and maintaining biological signal. DSEN’s improvements are not universal, highlight-
ing that tissue-dependent structure is drug specific and motivating future work on
adaptive sharing across lineages or molecular subtypes.

Our study has limitations. Quantification of performance inflation focused on a
widely used elastic-net pipeline and one benchmark dataset; other leakage types iden-
tified in the audit (for example, test-set early stopping or pair-level splits inconsistent
with cold-start claims) could yield different magnitudes of bias. In addition, our
manual audit emphasizes code-level evidence; re-running each audited method with
corrected splits is an important but computationally intensive direction for follow-up.
Despite these limits, the convergence of quantitative inflation, feature instability and
widespread audit findings suggests that leakage is a field-wide reproducibility risk.

4 Online Methods

4.1 Data sources

We analyzed drug sensitivity measurements from GDSC/Sanger release 6.0 and molec-
ular features derived from CCLE/DepMap releases distributed with the CCLE update
by Ghandi et al. [2–4]. The predictor matrix contained 86,546 features spanning gene
expression, copy number, mutation and protein measurements for 1,462 cell lines, and
drug response covered 265 compounds (AUC/activity-area values). Data provenance
is documented in the accompanying code repository.

4.2 Correct and incorrect cross-validation pipelines

For each drug, we fit elastic-net regression models using glmnet [16] to predict
response from molecular features. The incorrect pipeline applied the full preprocess-
ing stack once using all samples: (i) variance filtering, (ii) correlation screening with
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the response, (iii) duplicate-feature removal, and (iv) scaling (excluding binary muta-
tion features), and then performed 5-fold CV on the filtered matrix. The correct
pipeline repeated the same steps independently within each fold, fitting preprocessing
on the training split and applying it to the held-out split.

Both approaches used the same hyperparameter grid over the elastic-net mixing
parameter (α) and selected λ by minimum CV error along the regularization path.
We report mean squared error (MSE) on held-out folds and compute standard errors
as the fold-to-fold standard deviation divided by

√
K (fixing a common SD-versus-SE

reporting mistake).

4.3 Data Shared Elastic Net (DSEN)

DSEN models responses across tissues as related tasks. For tissue t, coefficients are
parameterized as βshared+βtissue,t. We construct a sparse block matrix Z that couples
shared and tissue-specific coefficients and fit elastic-net models with penalty factors
that control the ratio between shared and tissue-specific regularization and optionally
weight tissue-specific penalties by tissue sample size. Cross-validation used stratified
folds over tissue labels with per-fold feature screening and scaling performed using
training data only.

4.4 Bootstrap feature selection analyses

To quantify feature selection characteristics, we performed bootstrap resampling (100
replicates) and counted how often each feature received a non-zero coefficient. We
report counts of selected features, distributions of selection frequencies, and overlap
metrics (Jaccard index) where applicable.

4.5 Drug–target curation and target recovery

We curated drug–target relationships from GDSC metadata and standardized gene
names using a curated alias-to-HGNC mapping. Target recovery was evaluated by
checking whether each drug’s target gene(s) appeared among selected model features
(selected in ≥50% of bootstrap replicates) for elastic net and DSEN.

4.6 Use of large language models

Large language models were used to assist with drafting and editing the manuscript
text. All scientific claims, quantitative results and citations were verified against the
repository source code and result files by the authors, who take full responsibility for
the content.

4.7 Reporting summary

No human participants or animal experiments were involved.
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Data availability

Processed result tables and figures will be made available in an accompanying code
repository upon publication. The underlying CCLE/DepMap molecular data and
GDSC drug response data are available from their original sources.

Code availability

All analysis code, including leakage-free CV implementations, DSEN, and an audit
guide, will be made available upon publication.
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