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Abstract

Drug response prediction (DRP) is a longstanding challenge
in modern oncology that underpins personalized treatment.
Early DRP methods, trained on label-rich cell line samples,
suffer from performance degradation when applied to label-
scarce patient samples due to the distribution shift. Recently,
a few transfer learning efforts have addressed this issue by
aligning cell line (source domain) and patient (target do-
main) data via unsupervised domain adaptation (UDA). How-
ever, these efforts often treat each drug’s response predic-
tion as an isolated task, requiring model retraining when the
drug changes; and focus only on aligning data distributions
as a whole, neglecting the category (e.g., different cancers
or tissues) confusion problem. To address these limitations,
we propose a knowledge-guided domain adaptation model to
transfer the DRP from cell lines to patients, named TransDRP.
Specifically, TransDRP operates in two phases: pre-training
and adaptation. In the first phase, we pre-train a multi-label
graph neural network using molecular knowledge, to simul-
taneously predict responses for various drugs and capture
their interdependencies. In the second phase, we implement a
global-local domain adversarial strategy with clinical knowl-
edge, to encourage representation alignment within same can-
cer categories and separation among different cancer cate-
gories across domains. Extensive experiments demonstrate
that TransDRP outperforms state-of-the-art UDA methods in
both transfer efficiency and precision for the patient DRP.

Code — https://github.com/liuxuan666/TransDRP

Introduction

Identification of drug response in cancer patients is pivotal
for customizing therapy regimens to increase survival and
reduce expenses. Since the financial limitation of testing
multiple drugs on a patient (Adam et al. 2020), there is an ur-
gent demand for computational models that can deliver drug
response prediction (DRP) efficiently. Although the easy
availability of genomic profiles for clinical patients (e.g.,
TCGA (Weinstein et al. 2013)), the corresponding drug re-
sponse labels are insufficient to train a precise model. In this
context, large-scale labeled data derived from preclinical
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cell lines (e.g., GDSC (Iorio et al. 2016)) have been consid-
ered as a viable alternative. Unfortunately, models trained on
cell lines often fail to generalize in DRP for patients, due to
the absence of an in vivo tumor micro-environment, result-
ing in significant discrepancies between genomic data of cell
lines and patients (Seyhan 2019). In fact, such data discrep-
ancy can be viewed as a domain-shift or out-of-distribution
(OOD) (Liu et al. 2020a) issue, where cell lines/patients
are referred to as the source/target domain. How to bridge
the gap between the two domains holds great promise for
achieving reliable patient-oriented DRP.

Recently, unsupervised domain adaptation (UDA) (Ganin
and Lempitsky 2015), as a practical technique of transfer
learning, has become the model of choice to tackle the OOD
issue, with the assumption that labeled data are available
only in a source domain. The core idea of UDA is to mini-
mize discrepancies in genomic data distribution by learning
invariant representations shared between source (cell line)
and target (patient) domain, and then transfer the DRP model
from cell lines to patients. For instance, discrepancy-based
UDA methods (Warren et al. 2021; Chen et al. 2022) focused
on aligning genomic data globally within a low-dimensional
embedding space, using distance measures like maximum
mean discrepancy (Borgwardt et al. 2006) or correlation
alignment (Sun and Saenko 2017) functions. But these meth-
ods only considered domain alignment at the embedding
level, without optimizing downstream DRP tasks, thus lead-
ing to suboptimal outcomes. In contrast, adversarial-based
UDA methods (Peres da Silva et al. 2021; He et al. 2022;
Shubham et al. 2024) offered a more powerful solution
through an adversarial objective, inspired by generative ad-
versarial networks (GANs) (Goodfellow et al. 2020). Tech-
nically, they worked by a genomic extractor and a domain
discriminator competing with each other, wherein the for-
mer learns invariant representations that confuse the latter,
which in turn tries to distinguish them from real domains.
This principle enforces the trained DRP model not to differ-
entiate between inputs from cell lines or patients.

Despite the commendable progress of efforts above, they
typically treat the prediction of each drug’s response as an
individual task during the UDA process, so that the model
needs to be retrained when drug changes. Obviously, this
strategy is inefficient and lacks correlations across different
drugs. A few methods have attempted to address this prob-
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Figure 1: t-SNE visualization of cell line data (GDSC) and
patient data (TCGA) on the gene expression spaces.

lem by integrating various drugs under a multi-task manner
(Peres da Silva et al. 2021; Shubham et al. 2024), but they
still face computational burdens induced by the number of
drugs. Additionally, present UDA methods focused on align-
ing global data distributions between the source and target
domains, but ignored the category (e.g., different cancers or
tissues) confusion problem. In clinical, the distribution of
different categories of genomic samples varies greatly, and
confused alignment together will undoubtedly harm the per-
formance of domain transfer. For instance, lung cancer sam-
ples of cell lines differ significantly from breast cancer sam-
ples of patients in the feature space (as shown in Figure 1),
and aligning them would contradict the biology understand-
ing. Consequently, it is imperative to call for a stronger UDA
framework to jointly address these limitations.

Herein, we propose TransDRP, a knowledge-guided do-
main adaptation model for transferring DRP from cell lines
(source) to patients (target). Specifically, TransDRP follows
a two-phase fashion of pre-training and adaptation. In the
first phase, we pre-train an encoder to extract shared repre-
sentations from genomic profiles across both domains, and
a multi-label graph neural network (GNN) decoder to pre-
dict various drug responses simultaneously on the source
domain. One unique advantage of our decoder is treating
each drug’s response as a label, allowing the incorporation of
molecular similarity knowledge to better capture dependen-
cies among drugs (labels). In the second phase, we catego-
rize data into different cancers based on clinical knowledge,
and then implement a global-local domain adversarial strat-
egy to generalize the multi-label decoder to target domain.
The global one promotes entire alignment between two do-
mains through a discriminator, while the local one encour-
ages intra-category alignment and inter-category separation
through prototypical contrastive learning. The contributions
of this work are summarized as follows:

* We implement a multi-label GNN via molecular knowl-
edge, capable of predicting various drug responses and
capturing dependencies among them, whereas previous
UDA methods focused only on a single-drug transfer.

* We devise a global-local domain adversarial strategy via
clinical knowledge, to better align cross-domain repre-
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sentations within similar cancer categories while sepa-
rating confusable ones during the DRP transferring.

» Extensive experiments show that TransDRP surpasses
the state-of-the-art UDA baselines, particularly in the ef-
ficiency and precision of DRP for patients.

Related Works
Drug response prediction

The past few years have witnessed a proliferation of com-
putational DRP methods (Firoozbakht and Schwikowski
2022), which relate inputs (drug structures, cell line omics,
or response associations) to desired outputs (sensitivity clas-
sifications or specific IC5y values). Early network-based
methods constructed bio-networks with cell lines and drugs,
then converted the problem to a link prediction task, under-
taken on the matrix completion (Wang et al. 2017) or ran-
dom walk (Stanfield, Cogkun, and Koyutiirk 2017). Machine
learning-based methods assembled handcrafted features to
represent cell lines and drugs, so as to train a response pre-
dictor, such as support vector machine (Yang et al. 2019) and
random forest (Lind and Anderson 2019). Deep learning-
based methods exhibited stronger performance by providing
an end-to-end solution from feature extraction to response
prediction (Liu et al. 2020b; Hostallero, Li, and Emad 2022;
Liu and Zhang 2023). Nowadays, there is a growing trend
toward transfer learning frameworks, such as few-shot (Ma
et al. 2021), fine-tuning (Hostallero et al. 2023), and UDA
(Mourragui et al. 2019; Sharifi-Noghabi et al. 2021), aimed
at deploying DRP model from cell lines (seen) to patients
(unseen). Of them, adversarial-based UDA (Ganin and Lem-
pitsky 2015) was wildly used for the alignment of cell line
and patient data, attributed to their superiority of domain-
invariant learning compared to prior techniques. However,
they usually require building one model per drug during the
UDA process, which leads to computational inefficiencies.
Thus, we moved a step forward and implemented a multi-
label paradigm into this field, aiming to accelerate prediction
for various drugs and capture dependencies among them.

Unsupervised domain adaptation

Being popular in transfer learning, UDA allows models to
transfer knowledge learned from source domains with abun-
dant labeled training samples to target domains with unla-
beled data only, the application of which ranges from com-
puter vision to bioinformatics (Liu et al. 2022c; Bai et al.
2023; Cui et al. 2020). Learning domain-invariant represen-
tation is critical for UDA, and a line of works attempted to
align the source and target distributions measured by dis-
crepancy metrics or domain adversarial training, where the
latter dominated in the top performance methods (Liu et al.
2022b). For example, the domain adversarial training pre-
sented by Ganin and Lempitsky (2015), introduced a dis-
criminator to distinguish between target and source features,
an extractor to fool this discriminator by generating domain-
invariant features. On that basis, Bousmalis et al. (2016) ex-
plicitly learned image representations that are partitioned
into two subspaces: one private to each domain and one
shared across domains. (Yuan et al. 2022) further advanced



this with a category-level alignment mechanism, which en-
courages the cross-domain consistency between same cat-
egories and differentiation among diverse categories. Re-
cently, the evolution of UDA has also sparked a rising inter-
est in extending it to the DRP tasks (Shubham et al. 2024).
Despite their success, the category-level alignment between
cell lines and patients has not been explored yet. To fill this
gap, we incorporate clinical cancer categories into UDA for
category-divergence domain alignment.

Methodology

In this section, we first formulate the UDA task of cell line-
to-patient DRP. Subsequently, we elaborate on our method
TransDRP, encompassing the pre-training and adaptation
two phases. The former initializes an extractor for invari-
ant domain representations and a drug response classifier for
the source domain, and the latter transfers the classifier to
the target domain with these invariant representations. The
overview of TransDRP is illustrated in Figure 2.

Problem formulation

Suppose that the source domain is a cell line-oriented dataset
Ds {(z5,y1), ..., (®%,yn)} composed of N sample-
label pairs, and the target domain is a patient-oriented
dataset D' = {x!, ..., 2}, } composed of M samples with-
out labels. Here, = and @! stand for the input genomic
feature of i-th cell line and patient, respectively. The label
Y; = [yk,i]kK:1 denotes the response outcomes to K differ-
ent drugs, where yi ; € {—1,0,1} with ‘1°/°0” indicating a
positive/negative response classification of cell line ¢ to drug
k, and ‘-1’ indicating that the response label is missing. Our
goal is to train a DRP model (including representation ex-
traction and response prediction) on the source domain that
can accurately infer sample labels for the target domain.

Pre-training phase

Domain representation extractor. Extracting the invariant
representation of source and target domains is essential for
UDA, as it reduces input noise and produces more consis-
tent information for downstream domain alignment. To do
so, we utilize the pre-trained autoencoder (composed of neu-
ral networks) to acquire domain-shared and domain-specific
representations, following Bousmalis et al. (2016).

Specifically, each input o will be encoded into two sep-
arate representations: one by its corresponding cell line or
patient private encoder f,, and another by a shared encoder
fe. The concatenation of two representations is then used
to reconstruct the proximate genomic feature £ via a shared
decoder g, just as follows:

T =g (fp(z') @ fe(z))) ey
where @’ is obtained by adding random Gaussian noise to
x, @ stands for the vector concatenation operation. The loss
of mean square error (MSE) is adopted to minimize the dis-
tance between x and &, ensuring consistency in genomic
features before and after reconstruction:

1 N 1 M )
L s ~5\2 Py
rec = 37 ;Zl (.’131- — .’137) + i jEZl (.’133 — a:;) 2)
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Moreover, a difference loss is applied to encourage en-
coders to produce such separate representations. To this end,
we introduce a soft subspace orthogonality constraint be-
tween private and shared representations in each domain:

R

2
where H®, H' (or O°, O") are matrices whose rows indi-
cate the shared (or private) representations h® = f.(x*),
ht = f.(z") (or 0° = f,(x®), o' = f,(«")) from samples
of source and target domain, respectively; || - ||, means the
squared Frobenius norm; 7 is the transpose operation.

By combining the above two losses, we can ensure that
the shared representation remains unaffected by the private
representation of each domain, thereby yielding more invari-
ant information that generalize well across domains:

Epre = ‘Crec + £dif (4)

After pre-training the autoencoder for 7, epochs, the shared
encoder f. will serve as the domain representation extractor.

Multi-label response classifier. Using the shared represen-
tations, we further pre-train a drug response classifier on
the labeled source domain, to provide prior knowledge for
subsequent fine-tuning on the unlabeled target domain. In-
stead of modeling a single-drug classifier like previous UDA
methods, here we centre on predicting responses between
each cell line and different drugs in a multi-label fashion,
where each label represents an individual drug’s response
outcome (sensitive or resistant). However, considering each
label independently may diminish prediction accuracy when
deploying multi-label learning (Chen et al. 2021); thus, we
create a classifier based on graph neural networks, so as to
capture dependencies within the label space.

For each cell line, we start by establishing an undirected
label graph G = (V, £, X') whose structure is known. Here,
V = {v1,...,vk } stands for the set of drug (label) nodes,
&€ C VxVis the set of edges measured by the co-occurrence
rate (Huynh and Elhamifar 2020) of pairwise nodes (labels)
in the dataset, and X € RE*F consists of node attributes
initialized by concatenating different drug molecular vectors
{d1, ..., dx } with the shared representations h. Specifically,
X = [h® dy,...,h ® dg], where d is derived from the
extended connectivity fingerprint (ECFP) (Rogers and Hahn
2010). Next, we leverage a graph attention network (GAT)
(Velickovi¢ et al. 2017) decoder g, to graph G, so that the
associations/dependencies among all labels can be captured
and aggregated. Concretely, g, computes the embedding z
of each node by iteratively convolving over neighbour nodes
using the below propagation rule:

zZb=¢ [ 271, Z a (271 20 (=) (5)
ueN (v)
where 2! = Z![v,:] is the hidden embedding of node v

in the [-th layer with Z° = X; ¢ and ) are neural net-
works used for combining and extracting embeddings, re-
spectively; N '(v) denotes a set of nodes adjacent to v in &,
a calculates the attention weight from node v to u.
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Figure 2: Overview of the TransDRP. TransDRP comprises a pre-training phase for building @ domain representation extractor
and @ multi-label classifier on the source domain, as well as an adaptation phase that involves @ domain adversarial training

and @ transferring drug response prediction to the target domain.

Lastly, we map the hidden embedding of each node to a
one-dimensional scalar in the last layer of GAT: §j € R! <«
Sigmoid(z!). And all nodes’ outputs can be arranged as a
vector § € RX, representing predicted sensitivity probabil-
ities to K drugs. Based on this, the objective of multi-label
classification is to minimize the below cross-entropy loss:

N
1 . N
Leas = N Zyi log (9:) + (1 —yi)log (1 —9:) (6)
i=1

where y; € R¥ is the true label of cell line i to K drugs.

Adaptation phase

Domain adversarial training. For generalization of multi-
label classifier g, to the unlabeled target domain, the in-
variant representations learned by the extractor f, should
be tailored for the downstream DRP task. Domain adver-
sarial training is a straightforward solution to fine-tune the
extractor to produce target domain representations with a
distribution closer to that of the source domain. In its pro-
cedure, samples from both domains need to align globally,
without distinguishing diverse cancer categories. Intuitively,
aligning category-unmatched samples would not reduce the
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domain gap and therefore brings no benefit for multi-label
classification in the target domain. Instead, it is important to
align representations within similar cancer categories while
distinguishing between confusable ones. Along this line, we
devise a novel domain adversarial strategy that aligns the
two domains globally and cancer categories locally.

For the global one, we adopt a standard adversarial-based
UDA, which fine-tunes the extractor f. to learn domain-
invariant features by fooling a domain discriminator ¢, a
neural network designed to distinguish between source and
target domain samples. Specifically, ¢ is optimized to min-
imize the discrimination loss Lgis (i.e., binary cross en-
tropy)); meanwhile, f. is optimized to maximize Lg;s and
minimize the multi-label loss L5 with the purpose of bal-
ancing classifier g, to adapt target domain. As a result, the
global objective L,4, can be defined as follows:

Loav = ar}gmin {Los — Lais }
P

(Eieps {log (¢ (fe(x$)))} +
Ejept {log (1 — ¢ (fe(z})))})

To achieve such ‘mini-max’ adversarial loss, gradient rever-
sal layer (GRL) is used via multiplying the gradient from ¢

Lgis = — %)



by a negative constant during the back-propagation to f..

For the local one, we divide samples into different cancer
categories based on clinical knowledge, and borrow the idea
of contrastive learning to promote cross-domain representa-
tive consistency between same categories and discrepancy
among different categories. Contrastive learning (Jaiswal
et al. 2020) is a powerful self-supervised paradigm that
brings an anchor (i.e., sample) closer to a positive/similar
instance and away from many negative/dissimilar instances,
by optimizing their mutual information (MI). However, it
is unwise to yield positive/negative instances using regular
data augmentation or sampling strategies, as they may not
satisfy biological logic or fail to materialize in some mini-
batches (explanations in Appendix 1-1). Hence, we consider
constructing positive and negative instances through the pro-
totypical network (Zhou et al. 2023).

Prototype is based on the concept that there exists an em-
bedding in which samples cluster around a single represen-
tation for each category. First, we define each prototype p as
the mean vector of samples belonging to its category:

D ki pl= e DR

i€Ss jest

s 1 1 g
P = Isal S ®
where S2/S! represents the samples labeled with cancer cat-
egory c in the source/target domain, h is the shared repre-
sentation obtained during the pre-training phase.

Next, we designate each target domain sample x! as the
anchor, and source domain prototype p; consistent with
its category as the positive instance, while other target do-
main prototypes {p,...,p.} are regarded as negative in-
stances. Accordingly, the MI of positive pair (anchor and
positive instance) should be maximized, and the MI of neg-
ative pairs (anchor and negative instances) should be mini-
mized. At last, the local objective is to minimize the follow-
ing InfoNCE-based (Parulekar et al. 2023) loss:

1 < T (f.(z),p;)
Log =31 1.1
=N LS e

where C' indicates the number of cancer categories, I is
a similarity function measuring the MI score between two
variables. Such a prototype design, built upon previously
learned representations, could facilitate the construction of
positive and negative instances for diverse cancer categories,
to satisfy our category-divergence contrastive learning.

€))

Transferring drug response prediction. The ultimate ob-
jective of our global-local domain adversarial training is
summarized as below:

L= Ozl:adv + (1 - Q)Linf (10)

where « is a coefficient to balance the contributions of dif-
ferent losses. After fine-turning this adversarial objective for
Ty epochs, domain representation extractor f. and multi-
label classifier g, can be isolated, and then directly applied
to each genomic input of target domain to output the re-
sponse probability of patient on multiple drugs: §° € RE <«
ga (fo(x')). Hyperparameter settings and implementation
details of TransDRP can be found in Appendix 1-2.
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Experiments
Experimental setups

Dataset. In the pre-training phase, we collected 1,517 cell
line samples (source domain) and 9,808 patient samples
(target domain) from the CCLE (Barretina et al. 2012)
and TCGA (Weinstein et al. 2013) databases for training
the autoencoder. Following He et al. (2022)’s study, each
cell line or patient sample was represented as its genomic
feature (i.e., gene expression vector), and annotated with the
cancer category. The labeled dataset used for pre-training
the source domain’s multi-label classifier was obtained from
the GDSC database (Iorio et al. 2016), which contains I1C5
values (labels) quantifying the drug efficacy in inhibiting
cell line growth. Then, we binarized IC5q values to conduct
classification tasks by using a z-score threshold of ‘0’, where
a drug response was deemed sensitivity at z-score(IC50)<0
and resistance otherwise. In the adaptation phase, 1,186
labeled patient samples, containing drug feedback records,
were collected for testing. Each record details patient’s
medication progress, with complete and partial responses
classified as sensitivity, and stable and progressive dis-
eases classified as resistance. At last, 9 drugs (including
5-Fluorouracil, Cisplatin, Cyclophosphamide, Docetaxel,
Doxorubicin, Etoposide, Gemcitabine, Temozolomide, and
Paclitaxel) were screened for target domain testing, each
with at least 90 labeled patient response records. Detailed
dataset compilations are listed in Appendix 2-1.

Evaluation protocol. This work focused on examining the
performance of DRP models in a zero-shot learning sce-
nario, i.e., predicting drug responses in out-of-distribution
data unseen during training. Initially, the 5-fold cross-
validation (5-CV) was executed using labeled cell line
data (source domain) and unlabeled patient data (target
domain), to train the DRP model. Subsequently, the
trained model was tested on the target domain, to predict
drug response labels for patients. Notably, samples of
the target domain were only utilized for unsupervised
pre-training, and drug feedback records (labels of target
domain) did not appear during the training phases. Four
common metrics were utilized to measure the classification
performance of models: area under the curve (AUC),
area under the precision-recall curve (AUPR), accuracy
(ACC), and fl1-score (F1), with AUC and AUPR primarily
displayed. Note that, Appendix is available in the Code link.

Baseline. We first evaluated TransDRP against several UDA
methods for anticancer DRP, including three discrepancy-
based methods (Celligner (Warren et al. 2021), Velo-
drome (Sharifi-Noghabi et al. 2021), scDEAL (Chen et al.
2022)) and three adversarial-based methods (AITL (Sharifi-
Noghabi et al. 2020), CODE-AE (He et al. 2022), WISER
(Shubham et al. 2024)). Moreover, we compared several ad-
vanced cell line-oriented methods that were not fine-tuned
using the transfer learning strategy, including two convo-
lutional neural network-based methods (tCNNs (Liu et al.
2019), DeepCDR (Liu et al. 2020b)), and two graph neural
network-based methods (GraphCDR (Liu et al. 2022a), Bi-
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Figure 3: Performance (AUC and AUPR scores) comparison of all methods on the TCGA dataset for 9 clinical drugs.

GNN (Hostallero, Li, and Emad 2022)). All baseline meth-
ods were implemented using their publicly available source
codes, with the best or default parameters applied. Detailed
pipelines for each method are provided in Appendix 2-2.

Experimental results

Performance comparison. As depicted in Figure 3 and Ap-
pendix 2-3, TransDRP outperformed baselines with supe-
rior AUC and AUPR scores on 6 drugs (5-Fluorouracil, Do-
cetaxel, Doxorubicin, Etoposide, Gemcitabine, and Pacli-
taxel), while maintaining competitive performance on the re-
maining 3 drugs (Cisplatin, Cyclophosphamide, and Temo-
zolomide). All methods exhibited significant drug-specific
performance variations. This phenomenon may arise from
the imbalance ratio, i.e., the discrepancy between the num-
ber of sensitive and resistant samples across different drugs.
In contrast, our global-local alignment demonstrates more
stable and general performance across all drugs by accu-
rately capturing domain-invariance knowledge. Regarding
computational efficiency, we compared the running time of
all methods at the same training epochs, as shown in Ap-
pendix 2-4. Obviously, TransDRP’s multi-label design al-
lows for the simultaneous prediction of multiple drugs (in-
cluding but not limited to the 9 tested), thus consuming less
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running time compared to the baselines.

In addition to comparing with UDA baselines, we further
tested cell line-oriented models when directly applied to
TCGA patient data without transfer learning adjustment. As
illustrated in Appendix 2-5, all cell line models performed
suboptimally in predicting responses for 9 drug data, with
AUC and AUPR scores declining by approximately 0.1 to
0.2 compared to UDAs. Of these results, cell line models
approximate the performance of UDA methods for only one
drug (Gemcitabine), but even the best-performing Bi-GNN
falls behind our TransDRP. These findings confirmed the
domain-shift between cell lines and patients, highlighting
the strength of UDA strategy in bridging their DRP gap.

Ablation study. To investigate the necessity of each mod-
ule in our model architecture, we conducted several com-
parisons between TransDRP with its variants:

* TransDRP (w/o AE) that removes the autoencoder in pre-
training phase, without performing shared representation
extraction across domains.

e TransDRP (w/o GD) that removes the GNN decoder and
label graph for drug dependency learning, using only
MLP to train the multi-label classifier.

e TransDRP (w/o ML) that removes the multi-label DRP



tasks, taking the response prediction of each drug as an
individual task for separate training.

e TransDRP (w/o LA) that removes the category con-
trastive loss Liys used for local domain alignment.

* TransDRP (w/o GA) that removes the generative adver-
sarial loss L4y used for global domain alignment.

Methods AUC AUPR ACC F1

TransDRP 0.6654 0.7029 0.6418  0.6287
TransDRP(w/o AE)  0.6473  0.6908 0.6174  0.6021
TransDRP(w/o GD)  0.6455 0.7001  0.6350  0.5930
TransDRP(w/o ML)  0.6602  0.6813  0.5986 0.5749
TransDRP(w/o LA)  0.6396  0.6871  0.6343  0.6017
TransDRP(w/o GA)  0.5944  0.6330 0.5450 0.5637

Table 1: Ablation results (average of 9 drugs)

Ablation results are shown in Table 1. When the autoen-
coder (w/o AE) was removed, the AUC and AUPR scores
dropped from 0.6654 to 0.6473 and 0.7029 to 0.6908 re-
spectively, implying the usefulness of our shared represen-
tation extraction for the UDA task. The result of variants
(w/o GD) and (w/o ML) emphasized that using the multi-
label GNN as a response classifier contributes to the down-
stream DRP transfer. Moreover, after removing the local or
global alignment loss, the performance of their variants (w/o
LA) and (w/o GA) were significantly degraded, highlighting
that such a local-global combination strategy does facilitates
DRP transfer. Overall, TransDRP with the above modules
together delivered superior performance, and removing any
modules will compromise its power.
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Figure 4: t-SNE visualization of representations produced by
TransDRP with and without local loss L;,¢, where triangles/-
circles indicate source/target domain samples and different
colours indicate different cancer categories.

Visualization analysis. Since the ablation study empha-
sized the importance of our local alignment, we tended
to investigate how the contrastive loss Li, affects domain
alignment in TransDRP. For this purpose, the shared rep-
resentations from adaptation phase were visualized using
t-SNE, with or without Liys loss (Figure 4). Without Liy,
two domains exhibited indistinguishable overlap compared
to the original gene expression distribution (Figure 1), yet
an inter-domain gap still persisted within cancer categories.
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With L, similar cancer categories between the two do-
mains were closer, and different cancer categories remained
distinct. This finding demonstrates that L;,; indeed promotes
category-divergence domain alignment.

Novel drug screening capability. To verify the practical
value of TransDRP in screening novel drugs, we performed
a case study using samples with testicular and pancreatic
cancer (derived from TCGA database), to predict their re-
sponses on seven unseen drugs: Tamoxifen, Afatinib, Peme-
trexed, Fulvestrant, Methotrexate, Vinorelbine, and Vinblas-
tine (as shown in Figure 5). Among 40 testicular cancer pa-
tients, Vinorelbine and Vinblastine exhibited higher thera-
peutic probabilities than other drugs, both of which are alka-
loids approved for clinical treatment of metastatic testicular
cancer (Barrales-Curefio 2015). Among 16 pancreatic can-
cer patients, Pemetrexed and Tamoxifen were identified as
two drugs with the highest predicted probability. Pemetrexed
has shown improved overall survival in advanced pancreatic
cancer patients during a phase II trial (Oettle et al. 2006),
and Tamoxifen has also been found to weaken the microen-
vironment of solid tumors in mice and may be repurposed
for pancreatic cancer treatment (Cortes et al. 2019). These
results reveal the great potential of TransDRP in discovering
new clinically anticancer drugs.
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Figure 5: Response predictions of TransDRP for testicular
and pancreatic cancer patients with seven unseen drugs.

Conclusion

In this work, we leverage bio-knowledge within the UDA
framework to present TransDRP, a robust deep learning
model for transferring DRP from pre-clinical cell lines
(source domain) to clinical patients (target domain). On one
hand, it fuses molecular similarity information and graph
neural networks for multi-label (drug) response prediction,
improving domain transfer efficiency. On the other hand,
it incorporates a novel domain adversarial training with
category-divergence alignment, improving domain transfer
accuracy. In transfer experiments from the GDSC dataset
(cell lines) to the TCGA dataset (patients), TransDRP sur-
passes other state-of-the-art methods in terms of prediction
performance and computational efficiency. Subsequent clin-
ical drug screening analyses further highlight TransDRP’s
excellent generalization capability in DRP tasks.
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