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Abstract. Predicting patient-specific drug responses from preclinical
cell-line data remains challenging due to significant heterogeneity between
preclinical (cell-line) and clinical (patient) gene expression profiles. In this
study, we propose WANCDR, a novel adversarial neural network frame-
work designed to improve the generalization of drug-response predictions
by aligning latent representations across preclinical and clinical domains.
Specifically, we introduce a domain alignment module trained adversar-
ially, which enforces the encoder to generate domain-invariant latent
embeddings. Extensive experiments conducted on preclinical (GDSC) and
clinical (TCGA) datasets demonstrate that WANCDR achieves robust
predictive performance on preclinical data, while substantially outper-
forming existing approaches in clinical generalization, particularly when
classifying responses for previously unseen drugs. Qualitative analyses
via UMAP visualization further validate the superior domain alignment
capability of WANCDR. Collectively, these results highlight the potential
of WANCDR to bridge the translational gap from preclinical insights to
clinical applications.
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1 Introduction

Cancer drug response (CDR) prediction aims to identify how effectively a tumor
will respond to a given anticancer treatment, and is a critical component of
precision oncology [5]. Accurate CDR predictions help clinicians to select proper
therapies based on individual patient profiles, improving clinical outcomes and
reducing adverse side effects. However, substantial genetic and transcriptomic
variability among tumors makes reliable predictions challenging [8]. To address
this issue, it is critical to develop robust computational methods that capture
complex biological variations.

Recent studies on CDR prediction have adopted deep learning-based ap-
proaches due to their effectiveness in handling complex biological data. For
example, DeepCDR integrates multi-omics data with drug structural information
using graph convolutional networks (GCNs). PANCDR employs adversarial learn-
ing techniques to reduce the domain gap between preclinical and clinical datasets
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[11, 9]. Despite these advancements, existing methods still face limitations when
applied to clinical patient data due to differences between training (preclinical)
and testing (clinical) domains.

A significant limitation of current methods is that they are trained on pre-
clinical datasets (e.g., Genomics of Drug Sensitivity in Cancer, GDSC), resulting
in decreased prediction performance when evaluated on clinical cohorts (e.g.,
The Cancer Genome Atlas, TCGA) [4, 15]. Clinical data typically contain fewer
samples, more diverse patient profiles, and distinct biological characteristics
compared to preclinical datasets, leading to significant distributional shifts. For
example, PANCDR employs a conventional adversarial framework to address
these issues; however, it often suffers from instability during training and issues
such as mode collapse, which limits its practical effectiveness [9]. Similarly, pop-
ular domain adaptation techniques borrowed from computer vision, including
Gradient Reversal Layers (DANN) and correlation alignment (Deep CORAL),
often struggle to effectively model the nuanced biological differences between
preclinical and clinical data [4, 15].

To overcome these limitations, we propose a Wasserstein Adversarial Network-
based model for CDR prediction (WANCDR), specifically designed to align latent
feature distributions between preclinical and clinical data robustly. Our main
scientific contributions are summarized as follows: (1) We propose a Wasserstein
Generative Adversarial Network based CDR prediction model that effectively
aligns latent feature distributions between preclinical and clinical data. (2) By em-
ploying a critic network to minimize the Wasserstein distance, our model ensures
stable adversarial training, thus addressing common issues such as mode collapse
and vanishing gradients found in conventional adversarial learning frameworks [6].
(3) We demonstrate the effectiveness of our domain alignment approach through
extensive seen-unseen CDR experiments.

2 Material and Methodology

2.1 Data preparation

Source Dataset: GDSC We use preclinical data obtained from the GDSC
database [8]. Raw gene expression profiles for cancer cell lines are obtained
from ArrayExpress (E-MTAB-3610), and drug response annotations (Sensitive
or Resistant) are computed by binarizing IC50 values using LOBICO [10]. After
removing samples without valid drug response annotations or drug identifiers
(PubChem ID or SMILES), the final dataset contains 112,575 instances spanning
950 cell lines and 151 drugs, with an approximate Sensitive-to-Resistant ratio
of 1:7.5. For drug representation, SMILES strings are converted into molecular
graphs using RDKit (https://www.rdkit.org), and feature and adjacency matrices
are computed using DeepChem [13].

Target Dataset: TCGA Gene expression profiles are downloaded from the
GDAC Broad Institute (http://gdac.broadinstitute.org/), and clinical drug re-
sponse annotations are acquired from Ding et al. [3]. Specifically, drug responses
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are categorized as Sensitive (Complete Response/Partial Response) or Resistant
(Progressive Disease/Stable Disease). Following MOLI’s preprocessing strategy
[14], cases involving multi-drug treatments are excluded, leaving only single-
agent treatments. As a result, the final external test set comprises 666 instances
from 569 patients treated with 69 distinct drugs, with a Sensitive-to-Resistant
ratio of approximately 1:1. Additionally, we use 9,424 unlabeled primary solid
tumor samples from TCGA for adversarial training, which helps to align feature
distributions between preclinical and clinical datasets [9].

2.2 Wasserstein Adversarial Network for Cancer Drug Response
(WANCDR)

The proposed WANCDR model comprises two primary components: a Wasserstein
GAN (WGAN) for domain alignment and a Graph Convolutional Network (GCN)-
based predictor for cancer drug response prediction. First, WANCDR utilizes a
WGAN framework [1, 7] to robustly align latent genomic feature distributions
between the source (cell-line) and target (patient) domains. Second, structural
drug information is embedded through a GCN and integrated with the aligned
genomic representation to accurately estimate drug response, quantified by IC50

values.

Fig. 1. WANCDR architecture: An MLP-based encoder generates latent representations
of gene expression, while a GCN-based predictor captures drug features. A WGAN
critic distinguishes between cell-line and patient-derived latent vectors. The training
alternates between Step 1: freezing encoder/predictor and training the critic, and Step
2: freezing critic and jointly training encoder and predictor.

WGAN-Based Domain Alignment Module We employ a Wasserstein
Generative Adversarial Network (WGAN) framework [1, 7] to effectively address
the domain distribution mismatch between preclinical (cell-line) and clinical
(patient) datasets. The WGAN framework is particularly suitable for our task, as
it robustly aligns latent distributions by mitigating common adversarial training
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challenges such as mode collapse and gradient instability through enforcing
Lipschitz continuity constraints via gradient penalties. This approach provides
enhanced training stability compared to traditional GAN-based methods.

Formally, let E(·) denote the MLP encoder network mapping gene expression
profiles into latent feature representations. Specifically, given input profiles xGDSC
and xTCGA, we have latent embeddings zg = E(xGDSC) and zt = E(xTCGA),
which follow latent distributions zg ∼ PGDSC

z and zt ∼ PTCGA
z , respectively.

To quantify the discrepancy between these distributions, we introduce a critic
network C : z 7→ R, which approximates the Wasserstein-1 distance:

W1(PTCGA
z , PGDSC

z ) = sup
∥C∥L≤1

[
Ezt∼PTCGA

z
[C(zt)]− Ezg∼PGDSC

z
[C(zg)]

]
.

To enforce the critic’s 1-Lipschitz constraint effectively, we adopt the gradient
penalty regularization term from WGAN-GP [7], defined as:

ΩGP = Eẑ∼Pẑ

[
(∥∇ẑC(ẑ)∥2 − 1)2

]
, ẑ = ε · zt + (1− ε) zg, ε ∼ U(0, 1).

Thus, the final objective for training the critic network becomes:

Lcritic = Ezt∼PTCGA
z

[C(zt)]− Ezg∼PGDSC
z

[C(zg)] + λΩGP (1)

where λ denotes a hyperparameter controlling the gradient penalty strength.
By optimizing this objective, WANCDR effectively aligns the latent feature
distributions of cell-line and patient data, thereby enhancing model generalization
and predictive robustness across domains.

Graph Convolutional Network-based Prediction Module We employ
a GCN-based prediction module that integrates genomic and structural drug
information to accurately estimate CDR. Specifically, we adapt the GCN+MLP
predictor architecture from PANCDR [9], which jointly models genomic features
and drug structures. First, drug SMILES strings are converted into molecular
graphs using RDKit, and atom-level features generated by DeepChem [13] are
processed through a GCN to update node embeddings. A global average pooling
layer is then applied to aggregate these node embeddings into a fixed-length drug
representation hdrug.

Formally, let GCN(·) represent the GCN-based embedding network for struc-
tural drug information. Given a molecular graph (G), constructed from SMILES
strings using RDKit, GCN generates a fixed-length embedding vector:

hdrug = GCN(G).

We then combine two latent embeddings into a unified representation:

hcombined = hdrug ⊕ zi, i ∈ {t, g}

which is further processed by a fully-connected layer followed by a 1D convo-
lutional layer, as described previously in PAN-CDR [9], to capture high-level
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interactions between drug and genomic features. Finally, a sigmoid activation
function predicts the probability of drug sensitivity (ŷ):

ŷ = σ(Conv1D(FC(hcombined))).

The prediction module is trained by minimizing the binary cross-entropy loss:

Lpred = − [y log ŷ + (1− y) log(1− ŷ)] . (2)

By integrating the domain-aligned genomic representations, zexpr, with struc-
tural drug embeddings, hdrug, we accurately predict drug responses and enhance
the generalization performance across both clinical and preclinical populations.

Loss Function We alternately minimize two losses to optimize our model. First,
we update the Domain Alignment Module by minimizing the critic loss Lcritic,
defined in Eq. 1. Subsequently, we optimize the prediction module by minimizing
the joint predictive and adversarial loss:

Ljoint = Lpred + λLadv, (3)

where the predictive loss Lpred is defined in Eq. 2, and λ is a hyperparameter
balancing predictive accuracy and domain alignment. The adversarial loss is
given by:

Ladv = −ExGDSC∼PGDSC [C(E(xGDSC))],

which encourages the encoder E(·) to generate domain-invariant latent represen-
tations by restricting the critic’s capability to discriminate between preclinical
(cell-line) and clinical (patient) data. This joint optimization ensures robust
predictive performance and effective alignment of latent features across domains.

3 Experiments and results

3.1 Experiments setup

To assess the classification performance of WANCDR, we conduct experiments on
the preclinical GDSC dataset using a stratified 5-fold cross-validation approach.
Specifically, among the 5 folds, four are assigned as the training set, from which
5% is set as an internal validation set for early stopping; the remaining fold
serves as the test set. The classification performance is evaluated in terms of
Area Under the Curve (AUC), F1-score, Precision, and Recall. To ensure the
robustness of the results, we repeat this entire cross-validation process 10 times
and report the average outcomes.

Furthermore, to assess the model’s generalization to clinical data, we per-
form additional evaluations using the clinical TCGA dataset. Briefly, we train
WANCDR on 95% of the GDSC preclinical dataset, reserving 5% as an internal
validation set to determine optimal hyperparameters via random search [2]. The
model trained on GDSC is then directly applied to the external TCGA clinical
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dataset. Similar to the preclinical experiment setup, we measure the model’s
ability to classify Sensitive and Resistant patient-drug pairs using AUC, F1-score,
Precision, and Recall. This procedure is also repeated 10 times to ensure robust
and reliable estimates of clinical generalization performance.

3.2 Results on Preclinical (GDSC) Dataset

We evaluate the predictive performance of our proposed model on the preclinical
GDSC dataset. The comparative results are summarized in Table 1. In detail,
WANCDR achieve an AUC of 0.815± 0.010, accuracy (ACC) of 0.753± 0.023,
precision of 0.284± 0.019, recall of 0.723± 0.032, and F1-score of 0.407± 0.016.
Although DeepCDR slightly outperform WANCDR in terms of AUC (0.832±
0.002), ACC (0.762± 0.017), precision (0.295± 0.014), recall (0.737± 0.022), and
F1-score (0.421±0.011), WANCDR shows competitive performance on preclinical
data, demonstrating the effectiveness of the proposed approach.

Table 1. Comparison of classification performance between WANCDR and DeepCDR
on preclinical (GDSC) and clinical (TCGA) datasets. Results are reported in the format
of mean (standard deviation).

Dataset Model AUC ACC Precision Recall F1

GDSC WANCDR 0.815(0.010) 0.753(0.023) 0.284(0.019) 0.723(0.032) 0.407(0.016)
DeepCDR 0.832(0.002) 0.762(0.017) 0.295(0.014) 0.737(0.022) 0.421(0.011)

TCGA WANCDR 0.672(0.032) 0.644(0.024) 0.656(0.015) 0.561(0.096) 0.601(0.059)
DeepCDR 0.550(0.030) 0.574(0.028) 0.609(0.070) 0.416(0.143) 0.496(0.054)

3.3 Results on Clinical (TCGA) Dataset

To evaluate the clinical generalization capability of WANCDR, we train the model
on the preclinical GDSC dataset and assess its predictive performance directly
on the external clinical TCGA dataset. As summarized in Table 2, WANCDR
significantly outperforms DeepCDR across all performance metrics, achieving an
AUC of 0.672±0.032, accuracy (ACC) of 0.644±0.024, precision of 0.656±0.015,
recall of 0.561± 0.096, and F1-score of 0.601± 0.059.

Table 2. Comparison of classification performance for seen and unseen drug-gene
expression pairs on the clinical TCGA dataset. Results are reported in the format of
mean (standard deviation).

Dataset Model AUC ACC Precision Recall F1

Seen WANCDR 0.690(0.048) 0.660(0.029) 0.671(0.027) 0.569(0.144) 0.604(0.087)
DeepCDR 0.554(0.044) 0.595(0.045) 0.639(0.097) 0.431(0.121) 0.496(0.054)

Unseen WANCDR 0.632(0.017) 0.622(0.015) 0.641(0.031) 0.623(0.143) 0.622(0.059)
DeepCDR 0.534(0.040) 0.568(0.022) 0.597(0.058) 0.614(0.239) 0.573(0.107)
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Furthermore, we evaluate the model’s classification performance specifically
on unseen drug-gene expression pairs. As presented in Table 2, WANCDR con-
sistently demonstrates superior results for both previously seen and unseen
drug classifications. Specifically, we observe the robust predictive performance
achieved on unseen drugs (AUC: 0.632± 0.017, ACC: 0.622± 0.015, and F1-score:
0.622± 0.059), highlighting WANCDR’s promising potential for generalization
to novel therapeutic agents.

These findings clearly demonstrate that WANCDR provides robust predictive
performance and enhanced clinical generalization, effectively bridging the domain
gap between preclinical (cell-line) and clinical (patient) data.

3.4 Domain Alignment Analysis

To qualitatively assess the effectiveness of domain alignment achieved by WANCDR,
we visualize latent embeddings of the GDSC (blue) and TCGA (orange) datasets
using UMAP [12] (Fig. 2). As shown in Fig. 2-(a), latent embeddings from the two
domains form clearly separated clusters before training, indicating a considerable
domain gap between preclinical (GDSC) and clinical (TCGA) data. After training
with DeepCDR (Fig. 2-(b)), the embeddings within each domain become more
structured; however, they still remain distinctly separated, highlighting Deep-
CDR’s limited capacity for cross-domain generalization. In contrast, WANCDR
(Fig. 2-(c)) generates a cohesive latent space wherein the two domains substan-
tially overlap, forming a continuous manifold that effectively bridges GDSC
and TCGA samples. This significant intermingling demonstrates the successful
domain-invariant representation learning capability of WANCDR. The qualitative
observation aligns closely with the quantitative evaluations, where WANCDR
shows comparable performance with DeepCDR on the preclinical GDSC dataset
and significantly superior performance on the clinical TCGA dataset.

Fig. 2. UMAP of latent gene-expression embeddings for GDSC (blue) and TCGA
(orange): (a) Before training, (b) DeepCDR, (c) WANCDR.
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4 Conclusion

In this study, we propose WANCDR improving cross-domain generalization in
cancer drug response prediction through latent representation alignment between
preclinical (GDSC) and clinical (TCGA) gene expression profiles. Experimental
results demonstrate that WANCDR achieves competitive predictive performance
on the preclinical dataset while substantially outperforming baseline methods
in clinical generalization, particularly for unseen therapeutic agents. Qualitative
analysis using UMAP visualizations further confirms the effective alignment of
latent features across domains, highlighting WANCDR’s capability to bridge
the domain gap between preclinical cell-line data and clinical patient data. Our
findings collectively indicate that WANCDR represents a promising approach
towards translating preclinical insights into clinical practice.
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