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Abstract

Predicting how tumors respond to specific drugs is a fundamental obstacle in precision
oncology, largely because of the vast molecular diversity observed across cancers. Deep
learning approaches have demonstrated potential for modeling complex relationships be-
tween molecular profiles and drug responses, yet their adoption in clinical settings has
been hindered by limited transparency and poor generalization across different datasets.
In this work, we introduce Residual Attention Variational Autoencoder with Elastic Net
(ResAttnVAE-EN), a deep generative model augmented with attention mechanisms that
combines somatic genomic alterations (SGAs) and transcriptomic profiles to learn bio-
logically interpretable cellular representations for predicting drug sensitivity. Leveraging
large-scale pharmacogenomic datasets from the Genomics of Drug Sensitivity in Can-
cer (GDSC) database, we show that ResAttnVAE-EN consistently surpasses standard
variational autoencoder and regression-based benchmarks across a broad panel of ther-
apeutic compounds. The attention layers highlight genomically coherent pathway-level
drivers, and the learned latent spaces encode cellular states that generalize across mul-
tiple cancer types for response prediction. Notably, models derived from cell line ex-
periments effectively distinguish survival trajectories and treatment outcomes in inde-
pendent The Cancer Genome Atlas (TCGA) lung cancer patient cohorts. These find-
ings position attention-augmented deep generative approaches as a reliable and inter-
pretable framework for clinically translatable drug sensitivity modeling. Code is available
at https://github.com/renshuangxia/ResAttnVAE.
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1. Introduction

Selecting effective therapies for individual cancer patients is a pressing clinical need, yet
predicting how a specific tumor will respond to a given drug remains remarkably difficult.
Tumors exhibit extensive molecular heterogeneity—even patients whose cancers harbor the
same driver mutations can experience vastly different treatment outcomes (Iorio et al., 2016;
Garnett et al., 2012). This variability limits the reliability of mutation-based biomarkers
alone and highlights the need for models that can integrate diverse molecular signals to
inform treatment decisions (Marquart et al., 2018). For clinicians, more accurate drug
sensitivity predictions could directly improve therapeutic selection, reduce exposure to in-
effective regimens, and support more personalized care.

From a machine learning perspective, this prediction task is challenging because it re-
quires capturing complex, nonlinear relationships among high-dimensional genomic and
transcriptomic features while maintaining generalizability across biologically distinct can-
cer types. Traditional approaches based on linear or kernel-based models using gene ex-
pression or mutation data offer interpretability but fall short in modeling coordinated
pathway activity and higher-order feature interactions (Geeleher et al., 2014; Ding et al.,
2018). Deep learning methods, particularly deep generative models such as variational au-
toencoders (VAEs) (Kingma and Welling, 2014), can learn compact latent representations
that summarize rich molecular profiles and encode cellular states spanning tissue bound-
aries (Baptista et al., 2021; Way and Greene, 2018). However, these models frequently
sacrifice interpretability—a critical requirement for clinical trust and adoption—making it
difficult for practitioners to understand why a particular prediction is made.

Several efforts have sought to address these limitations. Prior work has explored super-
vised deep learning architectures for drug response modeling (Menden et al., 2013; Chiu
et al., 2019; Li et al., 2021), as well as generative approaches that learn biologically mean-
ingful embeddings from omics data (Dincer et al., 2020; Xue et al., 2020). Interpretable
architectures such as DrugCell (Kuenzi et al., 2020) embed biological ontologies into neu-
ral networks to provide mechanistic insight. Attention mechanisms (Vaswani et al., 2017),
widely successful in natural language processing and computer vision, offer a principled
means of weighting input features by relevance and have begun to be applied in biomedical
contexts (Tao et al., 2020). Nevertheless, the integration of attention into deep genera-
tive frameworks for pharmacogenomic prediction remains largely unexplored, leaving a gap
between predictive performance and mechanistic transparency.

In this work, we introduce Residual Attention Variational Autoencoder with Elastic Net
(ResAttnVAE-EN), a two-stage framework that pairs a residual attention-based variational
autoencoder (ResAttnVAE) with Elastic Net (EN) drug response classifiers (Fig. 1). Re-
sAttnVAE incorporates somatic genomic alterations (SGAs) and cancer type information
into multiple hidden layers through self-attention and residual connections, enabling the
model to learn pathway-informed cellular representations. These representations are then
used by EN classifiers for drug sensitivity prediction, combining robust performance with
feature-level interpretability. We benchmark our approach against multiple generative and
end-to-end baselines, examine the biological coherence of attention-derived insights, and
validate clinical relevance using independent patient cohorts.

2



ResAttnVAE-EN for Drug Sensitivity Prediction

This work makes four contributions: (i) attention within a VAE’s residual pathway
for tumor-specific SGA weighting, unexplored in pharmacogenomics; (ii) a two-stage de-
sign outperforming an end-to-end variant with the same backbone (AUROC 0.719 vs.
0.665); (iii) interpretability without sacrificing performance; and (iv) integrating the full ge-
nomic/transcriptomic profile, unlike single-gene testing, to catch responsive patients biomarker
testing would miss.

Generalizable Insights about Machine Learning in the Context of Healthcare

This work offers several insights for the machine learning in healthcare community. First,
incorporating attention mechanisms into deep generative models yields both improved pre-
dictive accuracy and interpretable, pathway-coherent feature attributions—suggesting that
interpretability and performance need not be at odds. Second, latent representations learned
from cell line pharmacogenomic data transfer meaningfully to patient settings, stratifying
survival and treatment response in independent clinical cohorts. Finally, the two-stage
design—separating representation learning from prediction—provides a modular paradigm
adaptable to other healthcare domains where integrating heterogeneous data and maintain-
ing transparency are equally important.

2. Related Work

Deep learning and representation learning for drug response. Deep learning meth-
ods have been increasingly applied to drug response prediction (Baptista et al., 2021).
Menden et al. (2013) were among the first to use neural networks for this task, and more re-
cent architectures include deep neural networks on integrated genomic profiles (Chiu et al.,
2019) and DeepDSC (Li et al., 2021). However, most models treat prediction as a single
end-to-end task, risking overfitting when labeled data are limited (Costello et al., 2014). An
alternative strategy first learns meaningful representations and then uses them for down-
stream prediction. VAEs (Kingma and Welling, 2014) have been adopted to learn compact
latent spaces from molecular profiles (Way and Greene, 2018). Dincer et al. (2020) used
VAEs for drug response prediction from gene expression embeddings, and Xue et al. (2020)
trained deep generative models on transcriptomic perturbation data.

Interpretable models and attention mechanisms. A persistent challenge in clini-
cal deep learning is insufficient interpretability. Kuenzi et al. (2020) addressed this with
DrugCell, embedding the Gene Ontology hierarchy into a neural network. Pathway-guided
approaches such as PathDNN (Deng et al., 2020) incorporate known biological pathways
into network architectures. Attention mechanisms (Vaswani et al., 2017) offer another route
to interpretability, and Tao et al. (2020) introduced contextual attention for drug sensitivity
prediction. Despite these advances, the integration of attention into deep generative models
for pharmacogenomic prediction remains largely unexplored.

Clinical translation from cell line models. A critical question for any pharmacoge-
nomic model is whether predictions trained on cell line data generalize to patient settings.
Several studies have demonstrated that cell-line-derived models can stratify patient out-
comes (Geeleher et al., 2014; Ding et al., 2018), though challenges remain due to distri-
butional differences between preclinical and clinical data. Prior work showed that both
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DeepGRMF (Ren et al., 2022) and ResGitDR (Ren et al., 2024) predictions correlate with
survival outcomes in TCGA lung cancer patients, supporting the feasibility of cell-line-to-
patient transfer for drug sensitivity models.

Positioning of the present work. ResAttnVAE-EN integrates attention mechanisms
into a VAE framework for pharmacogenomic representation learning. Unlike DrugCell, it
learns pathway-coherent representations without explicit ontology structure. Unlike end-
to-end approaches, it separates representation learning from prediction, improving stability.
The attention mechanism provides genomic-level interpretability, while Elastic Net classi-
fiers support feature-level transparency.

3. Methods

3.1. Model Architecture and Training

Residual Attention Variational Autoencoder with Elastic Net (ResAttnVAE-EN) is a two-
stage framework consisting of a representation learning module and a drug response pre-
diction module (Fig. 1).

Representation Learning Module (Fig. 1A). The representation learning component
employs a VAE that reconstructs gene expression profiles while integrating SGA information
through self-attention and residual connections. Each SGA gene is associated with two
learnable embedding vectors, e1m and e2m, capturing its effects at different network depths:
e1m operates at the encoder and decoder hidden layers, while e2m acts at the latent bottleneck.
Embeddings are initialized using Gene2Vec pretrained representations (Ren et al., 2024; Du
et al., 2019) (see Appendix B).

Attention Mechanism for SGA Weighting. A multi-head self-attention mechanism
computes tumor-specific importance weights over SGA embeddings (Tao et al., 2020), en-
abling the model to dynamically prioritize different genomic alterations depending on the
mutational context of each tumor (Fig. 1A).

Residual Integration and Latent Representation Learning. Attention-weighted
signal embeddings are incorporated into the VAE through residual connections (Fig. 1A).
Two signal embeddings are computed from the two attention blocks:

e1 =
∑
m

α1
m · e1m (1)

e2 =
∑
m

α2
m · e2m (2)

where α1
m and α2

m are the attention weights for SGA gene m from the first and second
attention blocks, respectively. The encoder hidden representation is obtained by combining
the input gene expression X with signal embedding e1 through a residual connection:

H1 = ReLU(W1 ·X + e1) (3)

At the latent bottleneck, signal embedding e2 is integrated to obtain the variational param-
eters:

µ = Wµ(H1 + e2) (4)
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Figure 1: The architecture of ResAttnVAE-EN. (A) The variational autoencoder recon-
structs gene expression while integrating SGA information through self-attention
and residual connections. (B) Original gene expression and each hidden repre-
sentation are used to predict drug response with Elastic Net models; the best-
performing model is selected per drug.

log σ2 = Wσ(H1 + e2) (5)

z = µ+ σ · ϵ, ϵ ∼ N (0, I) (6)

The decoder mirrors the encoder structure, with signal embedding e1 added through a
residual connection to produce the decoded hidden representation:

H3 = ReLU(W3 · z + e1) (7)

X̂ = Wout ·H3 (8)

The sampled latent variable z serves as the second hidden representation H2. The train-
ing objective combines a mean squared error reconstruction loss with a Kullback–Leibler
divergence term regularizing the latent distribution toward a standard normal prior:

L = MSE(X, X̂) +DKL(q(z|X)∥p(z)) (9)
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Drug Response Prediction Module (Fig. 1B). Latent representations extracted from
each hidden layer of ResAttnVAE, along with original gene expression profiles, serve as
candidate feature sets for drug response prediction. Elastic Net (EN) logistic regression
was selected as the downstream classifier (Zou and Hastie, 2005) due to its capacity for
sparse feature selection while accommodating correlated predictors. For each compound,
EN models are trained separately on four feature sets: raw gene expression, first hidden layer
representation, second hidden layer representation, and third hidden layer representation.
Hyperparameters C and L1 ratio are optimized via grid search with 10-fold cross-validation.
For each drug, the representation yielding the highest average AUROC is selected as the final
model (Fig. 1B). Identical cross-validation partitions are enforced across both representation
learning and supervised prediction stages to prevent information leakage.

Baseline Architectures (Fig. 2). We compare ResAttnVAE-EN against several base-
lines (Fig. 2). The standalone Elastic Net (EN) is the simplest baseline, training directly
on raw SGAs and gene expression data without any representation learning.

The remaining baselines (VAE-EN, ResVAE-EN, and ResAttnVAE-EN) all follow the
same two-stage design: a representation learning module is first trained to learn hidden
representations of cellular states, which are then used as input features to a separate Elas-
tic Net classifier for each drug. These models differ only in how the representation learning
module is constructed. VAE-EN (Fig. 2A) uses a standard VAE that concatenates gene ex-
pression and SGAs as a single input vector, without further genomic integration at deeper
layers. ResVAE-EN (Fig. 2B) uses gene expression as both input and reconstruction target,
and injects transformed SGA vectors into each hidden layer via feedforward residual con-
nections, but treats all SGAs equally without tumor-specific weighting. ResAttnVAE-EN
extends this by replacing the feedforward injection with a multi-head self-attention mecha-
nism, enabling the model to dynamically assign tumor-specific importance weights to SGAs
before integrating them into the hidden layers.

Finally, ResAttnVAEDR (Fig. 2C) shares the same attention-enhanced representation
learning as ResAttnVAE-EN, but collapses the two-stage design into a single end-to-end
network that jointly optimizes representation learning and drug response prediction in one
objective.

Model Complexity. ResAttnVAE-EN has more parameters than EN and VAE-EN (SGA
embeddings, Gene2Vec, attention), added for interpretability rather than raw performance.
That complexity maintains rather than degrades performance suggests attention captures
real biological structure; we hypothesize this advantage grows with more data (a scaling-law
effect), left for future work.

Clinical Prediction and Survival Analysis. For clinical validation, ResAttnVAE-EN
was evaluated in two complementary settings, both following previously established frame-
works (Ren et al., 2022, 2024).

Survival analysis. Clinical data including treatments and overall survival were collected
for 62 LUAD and LUSC patients from TCGA who received combinations of cisplatin,
pemetrexed, paclitaxel, and/or vinorelbine as adjuvant therapies. EN models trained on
GDSC data were applied to derive sensitivity probabilities, and patients were stratified
into predicted responders and non-responders using a percentile-based threshold. Overall
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Figure 2: Baseline architectures. (A) Standard VAE concatenates all inputs. (B) ResVAE
adds SGA vectors via residual connections. (C) ResAttnVAEDR uses attention-
enhanced representations to predict drug response end-to-end.

survival differences were assessed using Kaplan–Meier curves with log-rank testing (see
Appendix D for details).
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Drug response prediction in TCGA. Predictive accuracy was further evaluated using
curated TCGA drug response data from Ding et al. (2016), comprising 1,133 records across
762 patients after filtering. For patients receiving multiple drugs, overall sensitivity was
computed using a noisy-or aggregation. A drug coverage ratio was introduced to assess
how prediction accuracy scales with the completeness of pharmacological information (see
Appendix D).

Embedding Analysis Using Connectivity Maps. To assess whether learned repre-
sentations capture biologically meaningful structure, connectivity maps were constructed
for both SGA genes and drugs based on cosine similarity of their learned embeddings (Ren
et al., 2024) (see Appendix E for construction details).

4. Cohort

4.1. Cohort Selection

Pharmacogenomic and molecular data were prepared following previously described proce-
dures (Ren et al., 2024). Cancer cell line data were obtained from the GDSC project (Yang
et al., 2013), with cell lines included if they possessed complete gene expression pro-
files, SGAs, and dose–response measurements. For clinical validation, two independent
TCGA (Tomczak et al., 2015) patient cohorts were used: (1) for survival analysis, LUAD
and LUSC patients with RNA-seq profiles, documented chemotherapy regimens, and recorded
overall survival, restricted to those receiving adjuvant chemotherapy; and (2) for drug re-
sponse evaluation, curated pan-cancer patient–drug response annotations from Ding et al.
(2016), dichotomized into responders and non-responders (Geeleher et al., 2014).

4.2. Data Extraction

Somatic Genomic Alterations. SGA preprocessing followed previously described pro-
cedures (Ren et al., 2024). Each SGA was represented as a binary variable indicating the
presence of somatic mutations or copy number alterations. The analysis was restricted to a
curated panel of 1,084 genes compiled from three complementary sources: 527 driver genes
from the Cell Model Passports, 634 expression-regulatory genes identified by Cai et al.
(2020), and 324 mutation-associated genes used by Foundation Medicine (see Appendix C
for data sources and preprocessing details).

Gene Expression. Gene expression data for GDSC cell lines consisted of RMA-normalized
microarray measurements (Garcia-Alonso et al., 2018), while TCGA expression profiles were
derived from RNA sequencing. Genes were selected using variance-driven criteria described
by Ding et al. (2018). Cross-platform harmonization was achieved through nonparanormal
(NPN) transformation followed by min–max normalization, enabling transfer of cell-line-
trained models to patient cohorts without shared-sample batch correction (see Appendix C).

Drug Sensitivity. Drug sensitivity measurements were obtained from the GDSC website
and summarized using activity area (AA) across 367 compounds. Responses were discretized
into sensitive and resistant categories using the waterfall method (Ding et al., 2018) (see
Appendix C for binarization details). This procedure yields a median sensitive fraction
of approximately 15.5% across the 367 drugs, reflecting realistic pharmacological response
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Table 1: Comparative performance of various deep generative models for predicting drug
sensitivity. ResAttnVAE-EN achieves the highest average AUROC and the largest
number of well-predicted drugs across all thresholds.

Method Average AUROC # AUROC > 0.7 # AUROC > 0.8 # AUROC > 0.9

EN 0.7089 193 58 2
VAE-EN 0.7180 219 61 3
ResVAE-EN 0.7182 213 62 3
ResAttnVAE-EN 0.7190 221 65 3
ResAttnVAEDR 0.6647 119 21 0

rates rather than a balanced design choice. Because AUROC is threshold-independent and
robust to class imbalance, we adopt it as our primary evaluation metric throughout.

5. Results on Real Data

5.1. Evaluation Approach

All models were assessed using 10-fold cross-validation on the GDSC dataset spanning
367 compounds. Predictive performance was measured by area under the receiver oper-
ating characteristic curve (AUROC), and models were compared across multiple clinically
meaningful thresholds. Clinical generalizability was evaluated by applying cell-line-trained
models to independent TCGA lung cancer patient cohorts to assess survival stratification
and treatment response prediction.

5.2. ResAttnVAE-EN Outperforms Baseline Approaches in Drug Sensitivity
Prediction

As reported in Table 1, ResAttnVAE-EN achieved the highest average AUROC (0.7190)
among all evaluated models and identified the largest number of compounds with AUROC
values surpassing the 0.7 and 0.8 thresholds (221 and 65, respectively). Although VAE-
EN and ResVAE-EN attained comparable average AUROC values, the key advantage of
ResAttnVAE-EN lies not in average AUROC alone but in consistently identifying a broader
set of well-predicted drugs, indicating improved robustness across the compound library
rather than gains concentrated among a few drugs.

End-to-end deep learning architectures (ResAttnVAEDR) performed substantially worse,
with markedly lower average AUROC (0.6647 vs. 0.7190) and fewer compounds exceeding
any performance threshold. This sharp performance drop, despite ResAttnVAEDR sharing
the same attention-enhanced representation learning as ResAttnVAE-EN, further confirms
that the two-stage design—rather than model capacity alone—prevents overfitting. These
findings suggest that jointly optimizing representation learning and response prediction
in a single supervised objective may be prone to overfitting in pharmacogenomic settings
where labeled training examples are scarce. Decoupling unsupervised representation learn-
ing from downstream prediction, as implemented in ResAttnVAE-EN, produces more stable
and transferable models.
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Table 2: The number of drugs achieving the highest AUROC using original gene expression
or various hidden representations. Different drugs preferentially rely on different
levels of abstraction.

Method Original gene expression First hidden Second hidden Third hidden

VAE-EN 200 155 3 9
ResVAE-EN 219 128 4 16
ResAttnVAE-EN 195 152 5 15

5.3. Latent Representations Complement Raw Gene Expression for Drug
Response Prediction

We investigated which feature sets contributed most strongly to prediction by examining,
for each drug, whether raw gene expression or a particular hidden layer representation
yielded the highest AUROC (Table 2). While original expression profiles remained the
top-performing feature set for a sizable proportion of compounds, latent representations—
especially those from early hidden layers—frequently surpassed raw features in ResAttnVAE-
EN.

This pattern carries two implications: representations from ResAttnVAE encode biolog-
ical signal not readily captured by raw expression, and different compounds favor different
levels of abstraction—some driven by a few informative genes captured directly by EN,
others by pathway-level activity better summarized by SGA-guided latent representations.
Since the drug response module selects the best feature set per compound (Section 3.1), the
framework adapts to both.

5.4. SGA Embeddings Reflect Pathway-Level Organization

In ResAttnVAE, each SGA gene is associated with two learnable embedding vectors captur-
ing its impact on the cellular signaling system at different levels of the network hierarchy.
The model learns these embeddings solely through gene expression reconstruction, without
receiving any explicit pathway annotations. Under this design, SGAs that perturb distinct
members of a common signaling pathway are expected to exert similar functional impacts
and thus develop similar embeddings. To test this, we computed pairwise cosine similarities
across all SGA embeddings and identified the top 10 nearest neighbors for each gene.

We used the ten major cancer pathways reported by Sanchez-Vega et al. (2018) as
ground truth for evaluating pathway coherence, constructing a nearest-neighbor connectiv-
ity map among SGA genes shared between the training dataset and the reported pathway
gene sets. An edge was drawn between two genes if one or both ranked among the other’s
top neighbors, with edges colored by pathway membership (Fig. 3A). The embeddings of
PI3K pathway members — PIK3CA, PIK3R1, and PTEN — consistently ranked among
each other’s closest neighbors, and comparable clustering was observed across other major
pathways including RTK–RAS and HIPPO. These results indicate that ResAttnVAE ac-
quires structured genomic representations aligned with established pathway organization,
emerging purely from the supervised signal of gene expression prediction.
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A B

C

Figure 3: (A) Connectivity map illustrating cosine similarity among SGA gene embed-
dings; genes affecting shared pathways cluster together. (B) Pan-cancer attention
weights assigned to SGA genes, with well-known oncogenic drivers highlighted in
red. (C) Cancer-type-specific attention weight distributions across individual can-
cer types.

5.5. Attention Weights Highlight Biologically Coherent Genomic Drivers

ResAttnVAE employs a multi-head self-attention mechanism to assign tumor-specific impor-
tance weights to each SGA, reflecting its relative contribution to the reconstruction of gene
expression. We aggregated these weights across all cell lines to examine which SGAs were
broadly influential in pan-cancer settings (Fig. 3B) and which were specifically important
in individual cancer types (Fig. 3C).

As shown in Fig. 3B, ResAttnVAE assigned high attention weights to well-characterized
oncogenic drivers, such as BRAF, KRAS, NRAS, HRAS, and PIK3CA. Interestingly, sev-
eral genes encoding signaling proteins — including GNAQ and GNA11 — also received
high attention weights despite their relatively low mutation frequency. These genes have
not traditionally been considered major cancer drivers, yet recent research has highlighted
their significant roles in tumorigenesis (Raamsdonk et al., 2010), suggesting that the model
captures functional relevance rather than simply reflecting mutation prevalence. Individ-
ual attention weights vary somewhat across seeds, but canonical drivers (BRAF, KRAS,
PIK3CA) consistently score high, so we emphasize the pattern’s biological coherence over
exact reproducibility.

Cancer-type-specific attention analyses further demonstrated context-dependent SGA
prioritization (Fig. 3C). For example, PIK3CA and MAP3K1 received prominent attention
weights in breast invasive carcinoma (BRCA), consistent with their established roles in
this disease, while EGFR and BRAF were most highly weighted in lung adenocarcinoma
(LUAD), reflecting known tissue-specific oncogenic dependencies. In bladder urothelial
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A B

Figure 4: Cell-state-oriented prediction of drug sensitivity using ResAttnVAE-EN. (A) Can-
cer cell lines clustered based on top predictive features for PI3K/mTOR pathway
drugs, with binary drug responses and mutation statuses of pathway genes dis-
played. (B) Clustering for EGFR-targeted drugs with EGFR mutation status
annotated. Responder-enriched clusters span multiple cancer types in both pan-
els.

carcinoma (BLCA) and head and neck squamous cell carcinoma (HNSC), distinct SGA
prioritization patterns were also observed, as were tissue-specific weightings in colon and
rectal adenocarcinoma (COAD/READ), lung squamous cell carcinoma (LUSC), and skin
cutaneous melanoma (SKCM).

5.6. Cell-State Representations Capture Cross-Cancer-Type Drug Sensitivity
Patterns

Contemporary genome-informed precision oncology assigns treatment based on the genomic
status of individual signaling proteins. To evaluate whether inferred cellular states of-
fer advantages over conventional genomic biomarkers, we examined drugs targeting the
PI3K/mTOR pathway by testing whether cell lines predicted to be sensitive by ResAttnVAE-
EN exhibit distinct response patterns compared to those stratified by individual pathway
SGAs alone. We extracted the top predictive features for three PI3K/mTOR-targeting
drugs — AKT inhibitor VIII, PIK-93, and GSK690693 — based on absolute Elastic Net
weights, and grouped GDSC cell lines using clustering analysis (Fig. 4A). The mutation
status of PI3K/mTOR pathway genes is overlaid to assess whether individual SGAs serve
as informative biomarkers. The figure shows that inferred cell states form clusters span-
ning diverse cancer types, with certain clusters enriched with responders to all three drugs,
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Figure 5: Connectivity map of drug embeddings derived from Elastic Net coefficients. Drugs
targeting shared molecular pathways cluster together based on cosine similarity,
with edge thickness corresponding to similarity strength.

suggesting that shared cellular states underlie sensitivity across this drug class rather than
individual genomic biomarkers alone.

Analogous patterns emerged for EGFR-targeted agents (Fig. 4B), where multiple responder-
enriched clusters were identified across diverse tissue origins, with enrichment linked to
EGFR pathway mutation status. Importantly, tissue of origin alone did not account for the
observed clustering, supporting the view that inferred cellular states offer a more informa-
tive basis for drug sensitivity prediction than cancer type classification alone. These findings
indicate that ResAttnVAE-EN predicts drug response in a cell-state-oriented manner rather
than relying on the genomic status of individual biomarker genes.

Notably, mutation status of individual pathway genes (e.g., PIK3CA, PTEN, EGFR) is
not uniformly positive within these clusters—many responders are wild-type—quantifying
the limitation of single-gene testing that cell-state predictions can overcome.

5.7. Drug Embeddings Capture Shared Mechanisms of Action

We further investigated ResAttnVAE-EN from a drug-centered perspective. For each drug,
we extracted the Elastic Net coefficient vectors as “drug embeddings” and performed pair-
wise cosine similarity analysis, visualizing the five most similar drugs per compound in a
connectivity map (Fig. 5; see Appendix E for details). Drugs targeting common signal-
ing pathways — including RTK, ERK MAPK, and PI3K/mTOR signaling — consistently
shared similar embeddings, supporting the interpretation that ResAttnVAE-EN identifies
cellular state features indicative of sensitivity to drugs sharing mechanisms of action.
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A B

Figure 6: Clinical validation in TCGA lung cancer patients. (A) Kaplan–Meier survival
curves for predicted responder and non-responder groups based on ResAttnVAE-
EN predictions for patients receiving cisplatin, pemetrexed, paclitaxel, and/or
vinorelbine as adjuvant therapy. (B) AUROC for predicting drug response at
varying drug coverage ratio thresholds.

5.8. Cell-Line-Trained Models Stratify Survival and Treatment Response in
TCGA Lung Cancer Patients

The above results support the effectiveness of ResAttnVAE-EN in predicting drug sensitivity
in cell lines. We also assessed real-world value via two evaluations: a smaller exploratory
survival analysis, and a larger drug-response cohort.

Survival analysis (exploratory). Clinical data including treatments and overall survival
were collected for 62 LUAD/LUSC TCGA patients treated with cisplatin, pemetrexed,
paclitaxel, and/or vinorelbine. This small, retrospective cohort is treated as exploratory—
showing correlation with real-world outcomes rather than definitive validation. GDSC-
trained EN models classified patients as predicted responders (n=30) or non-responders
(n=32) via a percentile threshold approximating the average FDA-approved-drug response
rate (Appendix D). Kaplan–Meier analysis showed responders had significantly longer sur-
vival (Fig. 6A), indicating meaningful signal despite cell-line-to-patient differences.

TCGA drug response (broader grounding). Using curated TCGA annotations (Ding
et al., 2016) (1,133 records, 762 patients), 27 shared drugs, and noisy-or aggregation for
combination regimens, AUROC across drug coverage thresholds (Fig. 6B; Appendix D)
reached ∼0.65 at full coverage, decreasing with lower coverage. Given only 27/367 drug
overlap and no shared calibration samples, an above-chance AUROC is consistent with prior
transfer studies (Geeleher et al., 2014; Ding et al., 2018) and indicates real-world signal,
not clinical-grade accuracy. Together, both evaluations provide converging, preliminary
evidence of meaningful cell-to-patient transfer.
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6. Discussion

This study presents ResAttnVAE-EN, an interpretable deep generative framework for drug
sensitivity prediction that models pathway-informed cellular states through attention-enhanced
residual learning. By jointly leveraging somatic genomic alterations, gene expression, and
cancer type information, the approach addresses two persistent challenges in computational
pharmacogenomics: limited model transparency and poor cross-dataset generalization.

The modest average AUROC gain over the strongest baselines is consistent with the
design goal: prioritizing interpretability over raw performance, with maintained accuracy
itself a central result. The clearer advantage is breadth—the most well-predicted drugs
(221 above AUROC 0.7, 65 above 0.8)—indicating consistency across the compound library
rather than gains concentrated in a few drugs.

A principal finding is that drug sensitivity is more faithfully characterized at the level of
inferred cellular states than through individual molecular markers. Contemporary genome-
informed precision oncology relies heavily on the genomic status of individual signaling
proteins to guide treatment (Marquart et al., 2018), yet this strategy covers only a fraction
of patients. The latent representations produced by ResAttnVAE encode coordinated tran-
scriptional and genomic signatures reflecting underlying pathway activity (Sanchez-Vega
et al., 2018), enabling identification of responder subpopulations that cut across traditional
cancer type boundaries. Pathway-specific clustering analyses for PI3K/mTOR and EGFR
inhibitors corroborate this observation, revealing responder-enriched groups that are not
explained by tissue of origin alone.

The attention mechanism adds a further dimension of interpretability by exposing which
SGAs most strongly shape the inferred cellular states. Attention highlighted not only
canonical oncogenic drivers but also lower-frequency, functionally regulatory genes such
as GNAQ and GNA11 (Raamsdonk et al., 2010), suggesting transcriptional influence—
rather than mutation prevalence—drives prioritization. Embedding analyses confirmed that
genes sharing pathways occupy proximate latent-space regions, echoing pathway-guided
architectures such as DrugCell (Kuenzi et al., 2020) and PathDNN (Deng et al., 2020), but
without requiring explicit ontology annotations.

Each architectural component contributes a distinct facet of interpretability: residual
connections inject SGA context at multiple depths; attention assigns tumor-specific weights,
yielding the pathway-coherent prioritization in Fig. 3; and the two-stage design preserves EN
coefficient-level transparency—together forming a multi-level framework spanning input,
representation, and prediction.

The two-stage design—separating unsupervised representation learning from supervised
prediction—confers clear advantages over end-to-end alternatives, consistent with the DREAM
challenge finding that modular strategies often outperform monolithic ones (Costello et al.,
2014). ResAttnVAE-EN first learns generalizable latent representations via reconstruction,
then fits sparse Elastic Net classifiers (Zou and Hastie, 2005), mitigating overfitting while
preserving coefficient-level interpretability.

Clinical evaluation in TCGA lung cancer cohorts confirmed that cell-line-trained pre-
dictions correlate with both survival and documented treatment response, consistent with
prior transfer-learning evidence (Geeleher et al., 2014; Ding et al., 2018). Performance is
necessarily constrained by incomplete drug overlap between training and clinical datasets,
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but AUROC improved with increasing drug coverage, underscoring the robustness of the
approach.

Limitations. Several limitations apply. We did not include external published methods
as baselines, since matching drug panels, features, and binarization strategies across studies
is non-trivial and left to future work. Attention weights and latent representations afford
system-level but correlational, not causal, interpretability. Reliance on bulk expression ob-
scures intratumoral heterogeneity, and evaluation is limited to the GDSC panel (Yang et al.,
2013; Iorio et al., 2016), with broader drug libraries or newer modalities (e.g., immunother-
apy) untested. Our survival cohort (n=62) is small and retrospective; larger prospective
cohorts are needed for definitive validation. Finally, ResAttnVAE-EN requires bulk RNA-
seq and mutation/CNV calls, increasingly available in routine profiling; we envision it as a
research prototype supporting, not replacing, oncologist decision-making.

In summary, ResAttnVAE-EN advances interpretable machine learning for precision on-
cology by combining deep generative modeling, attention-based genomic feature weighting,
and sparse supervised prediction. The framework provides a biologically grounded and clin-
ically relevant approach to drug sensitivity prediction and offers a flexible foundation for
integrating additional molecular and clinical data modalities.
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Appendix A. Training Hyperparameters

Table 3 reports the training hyperparameters for the representation learning module (Re-
sAttnVAE) and the downstream Elastic Net drug response classifiers, as configured in the
training scripts.

Table 3: Training hyperparameters for the ResAttnVAE representation learning module
and the downstream Elastic Net drug response classifiers.

Hyperparameter Value

ResAttnVAE representation learning module
Optimizer Adam
Learning rate 0.001
Batch size 45
Max epochs 60
Early stopping patience 50 epochs (no improvement in training loss)
Number of attention heads 4
Number of residual/attention blocks 4
Embedding size (hidden blocks) 200
Embedding size (last block) 320
Embedding pruning ratio 0.6 (top-k retained per embedding)
Hidden-layer weight pruning Enabled, L1-unstructured, ratio 0.9
Gene2Vec pretraining Enabled
Loss function MSE (reconstruction)
Random seed 10

Elastic Net drug response classifiers
Model Logistic regression, elastic-net penalty
Solver SAGA
Regularization strength C and L1 ratio Selected per drug via grid search with 10-fold CV
Random seed 10

Appendix B. Gene2Vec Embedding Initialization

Gene2Vec is an adaptation of the Word2Vec algorithm (Mikolov et al., 2013) designed for
genomic data. Rather than training on text corpora, it learns distributed representations of
SGA genes by modeling their co-occurrence patterns across GDSC and TCGA tumor sam-
ples. Because SGAs within a single patient lack a defined biological order, random sampling
without replacement was performed ten times per sample to construct a training corpus,
following the approach of Du et al. (2019). The Word2Vec model from the gensim.models
module in Python was used with the skip-gram algorithm to learn embeddings. This initial-
ization imposes biologically meaningful structure on the embedding space from the outset
and accelerates convergence during training.
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Appendix C. Data Preprocessing Details

Somatic Genomic Alterations. Mutation data for GDSC cell lines were obtained from
Iorio et al. (2016), while copy number variation (CNV) data and cancer type annotations
were acquired from the Cell Model Passports. For TCGA, non-silent somatic mutations were
downloaded from the Pan-Cancer Atlas, and CNV estimates were obtained from the Xena
portal using the GISTIC2 thresholding method, which categorizes copy number states into
five levels ranging from homozygous deletion to high-level amplification. Only homozygous
deletions and high-level amplifications (values of ±2) were considered as CNV events.

Overlap of the curated 1,084-gene panel with the OncoKB Cancer Gene list confirmed
substantial concordance across seven independent clinical gene resources, with the highest
agreement observed for FoundationOne (307 of 324 genes) and (Vogelstein et al., 2013), 115
of 125 genes).

Gene Expression. Gene expression data for GDSC cell lines consisted of RMA-normalized
microarray measurements from Garcia-Alonso et al. (2018), while TCGA expression profiles
were derived from RNA sequencing data downloaded from the Xena portal. Genes were se-
lected following the procedure described by Ding et al. (2018), which identifies high-variance
genes through a combination of Hartigans’ dip test for multimodal distributions, the out-
lier sum method for unimodal distributions with notable outlier populations, and median
absolute deviation for genes exhibiting high variance regardless of distribution shape.

Because microarray and RNA-seq platforms yield systematically different distributions,
a nonparanormal (NPN) transformation was applied independently to each dataset, con-
verting marginal distributions to approximate normality while preserving rank-based re-
lationships. Min–max normalization was then applied to rescale all values to the [0, 1]
interval.

Batch Effects. Within GDSC, expression and SGA data come from the same research
center, so cross-sample batch effects are not a major concern. For GDSC-to-TCGA trans-
fer, the NPN transformation maps each gene’s marginal distribution to a common normal
scale independently within each dataset, removing platform-level shifts while preserving
rank-based relationships, without requiring shared calibration samples. Residual platform-
specific variation may nonetheless remain, which is difficult to rule out without shared
reference samples.

Drug Sensitivity Binarization. Drug sensitivity in GDSC was summarized using ac-
tivity area (AA). The GDSC1 dataset contains 367 compounds; drugs sharing the same
name but different identifiers were treated as distinct entities. Responses were discretized
into sensitive and resistant categories using the waterfall method (Ding et al., 2018). Specif-
ically, sensitivity measurements across all cell lines for a given drug are sorted to produce
a waterfall distribution, a linear regression is fitted, and the goodness of fit is evaluated by
Pearson correlation. If the correlation falls below 0.95, the major inflection point—defined
as the point of maximal distance from a line connecting the distribution endpoints—serves
as the cutoff; otherwise, the median value is used as the threshold.
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Appendix D. Clinical Prediction Details

Survival Analysis. Clinical data including treatments and overall survival were collected
for 62 LUAD and LUSC patients from the TCGA consortium who received different combi-
nations of cisplatin (41 cases), pemetrexed (19 cases), paclitaxel (17 cases), and vinorelbine
(10 cases) as adjuvant therapies (Ren et al., 2022). EN models trained on GDSC cell line
data were applied to each patient to derive probabilities of sensitivity to the drugs in their
prescribed regimen. Because predicted probabilities across different drugs were not well cal-
ibrated, a patient was designated as sensitive to a given drug if the prediction probability
fell within the top 40th percentile of all patients treated with that drug, consistent with
the approximate 40% average response rate reported for FDA-approved cancer drugs (Chen
et al., 2019). A patient was then classified as a responder if predicted sensitive to any drug
in the regimen, and as a non-responder otherwise.

Drug Response Prediction in TCGA. Curated TCGA drug response data were ob-
tained from Ding et al. (2016). From the original dataset of 2,572 patient–drug response
pairs, records with complete SGA data were retained and analysis was restricted to 27
drugs shared between TCGA and GDSC. After removing records for drugs absent from
GDSC, eliminating duplicates, and excluding patients with inconsistent responses, the final
dataset comprised 1,133 records across 762 patients. Clinical responses were dichotomized
into responders (complete or partial response) and non-responders (stable or progressive
disease) (Geeleher et al., 2014).

For each patient–drug combination, the model predicted a drug sensitivity probability.
For patients receiving multiple drugs, overall sensitivity was computed using a noisy-or
aggregation:

P (y = 1) = 1−
∏
k

(1− P (y = 1|Drugk)) (10)

where the product runs over all drugs with available predictions. Drugs not represented
in the GDSC training set were omitted by assuming P (y = 1|Drugomit) = 0. A drug
coverage ratio was defined for each patient as the fraction of administered drugs for which
predictions were available. AUROC values were computed across varying drug coverage
ratio thresholds.

Appendix E. Embedding Connectivity Map Construction

For the SGA gene connectivity map, the two embedding vectors for each SGA gene were
concatenated into a single representation, and pairwise cosine similarities were computed.
For each gene, the ten most similar neighbors were identified, and edges were added between
gene pairs if one or both ranked among the other’s nearest neighbors. Arrows indicate
directionality of the neighbor relationship, with double-headed arrows denoting mutual
nearest-neighbor status. Edge thickness corresponds to cosine similarity strength.

For the drug connectivity map, the Elastic Net coefficient vectors were treated as drug-
level embeddings reflecting the relative importance of features for predicting sensitivity to
each compound. Pairwise cosine similarities were computed, and edges were added between
drug pairs ranking among each other’s top five nearest neighbors.
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