
Zero-shot Learning for Preclinical Drug Screening

Kun Li1 , Weiwei Liu1 , Yong Luo1 , Xiantao Cai1 , Jia Wu2 and Wenbin Hu1∗

1School of Computer Science, Wuhan University, Wuhan, China
2Department of Computing, Macquarie University, Sydney, Australia

{li__kun, luoyong, caixiantao, hwb}@whu.edu.com, liuweiwei863@gmail.com, jia.wu@mq.edu.au

Abstract

Conventional deep learning methods typically em-
ploy supervised learning for drug response predic-
tion (DRP). This entails dependence on labeled re-
sponse data from drugs for model training. How-
ever, practical applications in the preclinical drug
screening phase demand that DRP models predict
responses for novel compounds, often with un-
known drug responses. This presents a challenge,
rendering supervised deep learning methods unsuit-
able for such scenarios. In this paper, we propose
a zero-shot learning solution for the DRP task in
preclinical drug screening. Specifically, we pro-
pose a Multi-branch Multi-Source Domain Adap-
tation Test Enhancement Plug-in, called MSDA.
MSDA can be seamlessly integrated with conven-
tional DRP methods, learning invariant features
from the prior response data of similar drugs to
enhance real-time predictions of unlabeled com-
pounds. The results of experiments on two large
drug response datasets showed that MSDA effi-
ciently predicts drug responses for novel com-
pounds, leading to a general performance improve-
ment of 5-10% in the preclinical drug screening
phase. The significance of this solution resides in
its potential to accelerate the drug discovery pro-
cess, improve drug candidate assessment, and fa-
cilitate the success of drug discovery. The code is
available at https://github.com/DrugD/MSDA.

1 Introduction
Improving the efficiency of preclinical drug candidate screen-
ing is a long-standing core challenge in the field of drug dis-
covery [Li et al., 2022]. It takes an average of 10 to 15 years
and more than $2 billion for a new drug to reach the phar-
macy shelf [Siqueira-Neto et al., 2023; Pandey et al., 2022;
Berdigaliyev and Aljofan, 2020]. Historically, natural prod-
ucts have been the main source of new drug entities; in re-
cent years, however, there has been a shift towards high-
throughput screening (HTS) techniques [Sadybekov et al.,
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Figure 1: The difference between supervised learning and zero-shot
learning for preclinical drug screening. (a)Schematic on the defini-
tions of supervised learning and zero-shot learning in the DRP task.
(b)The comparison of the effectiveness between the traditional solu-
tions and our solution in preclinical trials. The traditional solutions
perform well in supervised learning but poorly in zero-shot learning
environments aimed at practical applications.

2022; Engels and Venkatarangan, 2001]. HTS drug screen-
ing methods can screen chemical libraries to identify the most
promising compounds that have the desired effect on spe-
cific biological targets. Notably, the conventional libraries
employed in HTS and virtual ligand screening [Irwin and
Shoichet, 2016] (VLS) are constrained to less than 10 mil-
lion accessible compounds, representing a mere fraction of
the vast existing chemical space encompassing an estimated
1020 to 1060 novel compounds [Ertl, 2003]. This limitation of
standard HTS and VLS decelerates the pace of drug discovery
[Stein et al., 2020; Lyu et al., 2019], frequently yielding com-
pounds with moderate affinity, limited selectivity, and initial
hits displaying absorption, distribution, metabolism, excre-
tion, and toxicity (ADMET) factors profiles [Wu et al., 2022]
that necessitate extensive testing.

In recent years, driven by the rapid advancement of AI
technology, virtual screening based on deep learning (DL)
is poised to emerge as a swifter and more cost-effective ap-
proach to drug discovery [Sadybekov and Katritch, 2023;
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Drug Condition
Data Division GraphDRP GratransDRP
Train / Test Origin +MSDA Origin +MSDA

5-Fluorouracil
s 90.28% / 9.72% 0.91 - 0.89 -
z 0% / 100% 0.47 0.65 (40%) 0.58 0.65 (12%)

Pelitinib
s 88.62% / 11.38% 0.89 - 0.89 -
z 0% / 100% 0.34 0.58 (73%) 0.45 0.57 (28%)

Alectinib
s 89.58% / 10.42% 0.70 - 0.86 -
z 0% / 100% 0.14 0.42 (196%) 0.26 0.41 (60%)

Global
s 88.89% / 11.11% 0.93 - 0.93 -
z 0% / 100% 0.44 0.48 (11%) 0.48 0.51 (5%)

Table 1: Examples of performance comparison for drug response
prediction under the conditions of supervised learning (s) and zero-
shot learning (z). Drug response data for one drug with one cell line
is recorded as one sample of this drug. The sample numbers of these
drugs in the training dataset are set to 0 to simulate zero-shot learn-
ing. The evaluation metric is the Pearson correlation coefficient, the
closer to 1 the better. The Global average represents the average
performance of all types of drugs in the dataset.

Stärk et al., 2022]. Exhaustive catalogs of somatic mutations
in various cancer types have been created [Forbes et al., 2017;
Lawrence et al., 2014] and major oncogenic mutations iden-
tified [Stratton et al., 2009]. As a result, the establishment
of cancer drug sensitivity databases, such as the Genomics of
Drug Sensitivity in Cancer (GDSC) [Yang et al., 2012], has
made a large amount of drug response data newly available
to researchers. Many approaches leverage these databases to
design and validate a diverse array of models that aim to elu-
cidate connections between genomic data and drug respon-
siveness in the context of drug discovery [Chu et al., 2023;
Nguyen et al., 2022].

Conventional drug response prediction (DRP) methods
typically rely on supervised learning using labeled response
data from the drugs, as depicted in Figure 1(a). Predicting
the responses of unlabeled novel compounds constitutes a
zero-shot learning challenge [Pourpanah et al., 2023] since
these novel compounds must not have been encountered dur-
ing training. Furthermore, the drug responses of novel com-
pounds in practical preclinical drug screening applications are
unknown. The distribution of data between known drug re-
sponse data and that of novel compounds is often inconsis-
tent, rendering supervised learning-based drug response pre-
diction methods ineffective for novel compounds [Nguyen et
al., 2022], as illustrated in Figure 1(b).

To underscore the shortcomings of supervised learning
methods in practical preclinical drug screening, we test two
state-of-the-art (SOTA) DRP methods (GraphDRP [Nguyen
et al., 2022], GratransDRP [Chu et al., 2023]) on three drugs
(5-Fluorouracil, Pelitinib, Alectinib), as shown in Table 1.
These methods typically achieve correlation metrics exceed-
ing 90% in a supervised learning experimental setup but ex-
hibit a significant drop to only 20-40% correlation in a zero-
shot learning scenario. The experimental results indicate that
these methods are unable to accurately predict novel com-
pounds in the practical application of preclinical drug screen-
ing. How, then, can the drug responses of previously unseen
novel compounds be effectively predicted? This zero-shot
learning problem has become the focus of DRP tasks in pre-
clinical drug screening.

As shown in Figure 1(a), each drug can interact with nu-
merous known cell lines, yielding corresponding response
data. We define the collection of response data for a single
drug across multiple cell lines as a single drug domain. The
response data for one drug interacting with one cell line is
recorded as one sample for that drug. DA aims to maximize
the performance of an unknown domain (the target domain)
by leveraging knowledge from known domains (source do-
mains). This approach aligns well with the requirements of
zero-shot learning in the context of the DRP task. This is
because DA is an adaptive approach, proposed with the as-
sumption that it allows the model access to the samples in the
target domain [Bai et al., 2023]. This aligns with the con-
ditions of zero-shot learning during the testing phase of the
DRP task, wherein the DRP model must handle novel com-
pounds without access to any prior samples.

In this paper, we propose a zero-shot learning solution for
the DRP task in preclinical drug screening. Within this so-
lution, we present the Multi-branch Multi-Source Domain
Adaptation Test Enhancement Plug-in (MSDA), designed to
enhance the effectiveness of DRP model predictions for novel
compounds. During the inference phase, the MSDA identifies
several drug domains as the source domains with the strongest
correlation to the target domain. It guides the pre-trained
model to acquire invariant features from these domains, facil-
itating adaptation to the target domain. The MSDA consists
of two modules. The first module, a multi-source domain
selector, employs the Wasserstein distance metric [Panaretos
and Zemel, 2019] on drug features to identify the most rele-
vant drug domains from a large training dataset, treating them
as multi-source domains. Unlike conventional multi-source
domain methods, the number of source domains in the MSDA
is not the regular two or three, but several tens or hundreds.
The second module is a multi-branch drug domain adaptor.
This module comprises two distinct prediction branches: the
first is the prediction branch of the pre-training model itself,
and the second is the target domain adaptation branch respon-
sible for transferring multi-source domains to the target do-
main. The latter aligns cell line types from various domains
before computing the Maximum Mean Discrepancy (MMD)
[Li et al., 2020].

To showcase the substantial performance improvements at-
tained with the MSDA, we conduct comparative studies with
other SOTA methods on the GDCSv2 and CellMiner [Rein-
hold et al., 2012] datasets. In the inference phase, the MSDA
provides average improvements of 26.1%, 15.8%, 16.7%,
9.3%, 9.8% on GDSCv2 and 26.2%, 15.6%, 1.5%, 10.2%,
11.8% on CellMiner across four metrics for each of the five
DRP methods, respectively. We further perform ablation
studies on various aspects of the MSDA, including the strat-
egy for the selection of source domains and the design of the
target domain adaptation branch. Additionally, we conduct a
series of hyperparameter experiments to investigate the influ-
ence of expanding the number of domain adaptation branches
on performance. These experiments affirm that the MSDA
plug-in in our solution is plug-and-play, highly versatile, sig-
nificantly enhances generalization, and can potentially facili-
tate higher performance when given adequate computational
resources. The significance of this zero-shot learning solution
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resides in its capacity to improve drug candidate evaluation
and facilitate successful drug discovery.

2 Related Work
There are many research areas related to zero-shot learning,
such as domain generalization, meta-learning, transfer learn-
ing, covariate shifting, and so on. Recently, Domain Adapta-
tion (DA) has gained popularity in the machine learning field
due to its demonstrated effectiveness in enhancing model pre-
diction performance, especially when dealing with unlabeled
test samples. This applicability extends to domains like com-
puter vision [Zhou et al., 2023], as well as natural language
processing [Han et al., 2023]. Nevertheless, there are still
challenges associated with effectively enhancing the zero-
shot learning capabilities of DRP models for preclinical drug
screening through the utilization of DA methods. These chal-
lenges include:

1. Insufficient theoretical research on domain adaptation
methods for regression tasks. Numerous effective DA
methods have been devised for classification tasks [Fang
et al., 2022; Liang et al., 2021]. To the best of our
knowledge, however, there is a paucity of methods
specifically tailored to regression tasks [Ou et al., 2023;
Yang et al., 2022]. One perspective [Jiang et al., 2021]
posits that domain alignment may widen the margins be-
tween classes in the target domain, thereby enhancing
model generalization. However, it is essential to note
that the regression space is typically continuous; this
can be contrasted with the classification space, in which
clear decision boundaries exist. The other perspective
[Chen et al., 2021] asserts that classification is robust to
feature scaling but regression is not, and that aligning
the distributions of deep representations would alter the
feature scale and impede domain adaptation regression.
To summarize, it can be concluded that domain adap-
tation methods pose greater challenges when applied to
regression tasks compared to classification tasks.

2. Numerous open-source domains, not limited source do-
mains. Considering a single drug domain as the source
domain for data mining results in a significant decrease
in model generalization accuracy due to data availabil-
ity limitations and the demands of practical application
[Liu et al., 2018]. Each drug’s response data should
be treated as an independent drug domain, which re-
sults in an exceptionally large number of drug domains.
Furthermore, the conventional single-domain adaptation
method will fail when confronted with substantial dis-
tribution differences between the source and target do-
mains [Ben-David et al., 2010]. Therefore, the effi-
cient construction of source domains from a pool of over
20,000 known drug domains presents a challenge due to
the presence of inter-domain shifts in these source do-
mains [Peng et al., 2019].

3. Complex distribution patterns exist between the source
and target domains. Conventional DA methods require
the alignment of only one type of input (e.g., feature
maps of images [Jaritz et al., 2022], sentence embed-
dings [Wang et al., 2022]). However, the input data for

the DRP task comprises two distinct types: drugs and
cell lines. The types of cell lines in the source domains
may not perfectly correspond to those in the target do-
main [He et al., 2022]. Additionally, the distributions of
combined features from different drugs and cell lines are
inconsistent. Hence, the effective alignment of complex
source and target domains is a challenging task.

3 Methods
3.1 Problem Definition
In the DRP task, the input data is the drug d and the cell line
c, and the output is the half maximal inhibitory concentration
(IC50 scores) of this drug on one cell line. A drug domain
D is defined as a set of response data for a specific drug d,
across multiple cell lines, denoted as {c1, c2, . . . , cn}. In Fig-
ure 1(a), one column of the matrix corresponds to a drug do-
main D. The drug response datasets are divided into drug do-
mains based on drug types. These drug domains are divided
into a source domain (defined as S) and a target domain (de-
fined as T ) according to the drug domain as the smallest unit,
regarded as the training set and the test set, respectively. The
source domain S is denoted as {(Di, Yi)}Ni=1, and the target
domain T is denoted as {(Dj , Yj)}Mj=1. The set {(di, cj)}|Di|

j=1

denotes the inputs of the drug domain Di, and Yi = {yj}|Di|
j=1

is the corresponding IC50 scores. N is the size of the source
domain, while M is the size of the target domain. In general,
M is a finite number in our experimental setting; in the real
world, M would be enormous.

In the field of drug discovery, the core requirement of the
DRP task is as follows: the model trained on S can achieve
high accuracy on T to verify that the model already has high
generalization ability, which ultimately serves the practical
application of drug discovery.

3.2 Drug and Cell Line Feature Extractors
The drug feature representation branch and the cell line gene
feature representation branch share weights derived from pre-
trained DRP models, which are not incorporated into gradient
calculations. This paper does not provide a detailed expo-
sition of the computational methods employed in these two
data representation branches. Broadly, we categorize feature
extraction techniques for drugs and cell lines into Convo-
lutional Neural Networks (CNNs), Multi-Layer Perceptrons
(MLPs), Graph Neural Networks (GNNs), Transformers, and
Transformer-based GNNs.

The input types for the drug extractor are the SMILES se-
quence or molecular graph. We uniformly describe the pro-
cess of branching feature representation of a drug di as fol-
lows:

Di = Φdrug(di), (1)
where, Φdrug denotes the drug extractor with shared weights,
while Di is the representation of the drug di. Similarly, cj is
the input of the cell line extractor which can be described as
follows:

Cj = Φcell(cj), (2)
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Figure 2: Overview of the our solution. (a)The main application of the MSDA as a plug-in for DRP tasks. (b)A flow illustration of the
domain selector, where the input is a target domain and the output is the top K drug domains from the source domain with the highest
similarity to the target domain. (c)The framework of the MSDA. The input is the source domains and target domains, the output is the drug
response prediction of the target domains.

where, Φcell denotes the cell line extractor with shared
weights, while Cj is the representation of the cell line cj ,
j ∈ [1, |Di|).

3.3 Multi-source Domain Selector
Due to the vast number of drugs with known responses, utiliz-
ing the complete set of drug domains as source domains when
implementing the MSDA for domain adaptation presents sig-
nificant computational and time-related challenges. There-
fore, a practical approach to mitigate computational resource
constraints and enhance inference speed involves the selec-
tion of partially effective drug domains as source domains.

The structure of the domain selector is illustrated in Fig-
ure 2(b). In the initial stage of the MSDA, we design the
multi-source domain selector to select multiple drug domains
that are similar to the target domain from the training dataset;
these are defined as the source domains. The set of drugs in
the target domain T is denoted by Dt = {di}Mi=1. Next, for a
drug di from Dt, the set of drugs Ds→t

i from S are selected
as shown below:

Ds→t
i = TopK(Wij), where j ∈ [1, N ], (3)

where TopK(·) denotes the operation of sorting from small-
est to largest order and fetching the first K elements. The
Wasserstein distance Wij is a distance function defined be-
tween probability distributions on a given metric space, and
its 1-order form is formulated as follows:

Wij = W (Ds
j ,Dt

i) = inf
γ∈Γ

E(x,y)∼γ [∥x− y∥] , (4)

where Γ = Π(Ds
j ,Dt

i) denotes the set of all joint distributions
γ(x, y) whose marginals are respectively Ds

j = Φdrug(dj)

and Dt
i = Φdrug(di); here, Φdrug(·) is the shared drug fea-

ture extractor referred to in Section 3.2. The distributions of
various drug features exhibit significant dissimilarity, often
with minimal overlap.

3.4 Multi-branch Drug Domain Adaptor
The multi-branch drug domain adaptor includes three func-
tions: the fusion of drugs and cell line features, the adaptation
from the multi-source domains to the target domain, and the
predictions of drug responses in the target domain.

The inputs of the drug and cell line feature fusion branches
are the outputs of the shared drug feature extractor Φdrug and
the shared cell line feature extractor Φcell, respectively (re-
fer to Section 3.2 for details). Specifically, this module has
a fusion branch for multi-source domains and several fusion
branches for the target domain. Denote the fusion branch for
the target domain as the target domain adaptation branch. The
general fusion branch can be expressed as follows:

Y pred
s→t = Φfusion(Fs→t), (5)

where, Fs→t = [Ds→t,Cs→t], and Φfusion denotes the fu-
sion branch that can be replaced by different methods. The
fusion branch of the multi-source domains uses pre-trained
model parameters and is not involved in the gradient compu-
tation.

For example, in the case of the target domain Dt
i , each tar-

get domain fusion branch is constrained by three conditions,
which are regression loss and ranking loss in multi-source
domains Ds→t

i and feature-invariant consistency based on
the MMD distance between Ds→t

i and Dt
i . The objects of

the feature-invariant constraint are FC(Fs→t
i ) and FC(Ft

i),
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GDSCv2 CellMiner
Methods PCC ↑ RMSE ↓ SPC ↑ Rank ↓ PCC ↑ RMSE ↓ SPC ↑ Rank ↓

tCNNs
[Liu et al., 2019]

Original 0.2073 0.0421 0.2032 0.0023 0.3320 0.00331 0.3627 0.0212
+MSDA 0.3709 0.0080 0.3648 0.0054 0.3309 0.00146 0.3604 0.0106
(Improv.) 79.0% 80.9% 79.53% -134.78% -0.3% 55.9% -0.63% 50.00%

DeepCDR
[Liu et al., 2020]

Original 0.4442 0.0048 0.4391 0.0358 0.3593 0.00028 0.3766 0.0064
+MSDA 0.4946 0.0039 0.4954 0.0281 0.3752 0.00024 0.3936 0.0045
(Improv.) 11.3% 17.9% 12.82% 21.51% 4.4% 14.3% 14.30% 29.69%

GraphDRP
[Nguyen et al., 2022]

Original 0.4402 0.0056 0.4447 0.0337 0.4393 0.00027 0.4616 0.0054
+MSDA 0.4898 0.0042 0.4888 0.0263 0.4398 0.00027 0.4624 0.0051
(Improv.) 11.3% 24.0% 9.92% 21.96% 0.1% 0.2% 0.20% 5.56%

GratransDRP
[Chu et al., 2023]

Original 0.4848 0.0050 0.4851 0.0241 0.4324 0.00026 0.4562 0.0058
+MSDA 0.5103 0.0039 0.5073 0.0224 0.4380 0.00025 0.4611 0.0042
(Improv.) 5.3% 20.6% 4.58% 7.05% 1.3% 6.1% 6.10% 27.59%

TransEDRP
[Li and Hu, 2022]

Original 0.5060 0.0052 0.5039 0.0295 0.4380 0.00025 0.4578 0.0055
+MSDA 0.5316 0.0044 0.5300 0.0254 0.4422 0.00021 0.4608 0.0038
(Improv.) 5.1% 15.2% 5.2% 13.9% 1.0% 14.7% 0.7% 30.8%

Table 2: Overall experiment. The table shows the model performance of five representative DRP methods on both the GDSCv2 and CellMiner
datasets before and after test-time domain adaptation with the MSDA. The RMSE and Rank metrics are better when they are closer to 0, while
the PCC and SPC metrics, which indicate the correlation between the predicted results and the true results, are better when they are closer to
1. Positive improvements are highlighted in red, while negative improvements are highlighted in green.

which are activated by the fully connected layer FC(·) once.
The formulas for these constraints are as follows:

Lreg =

|Ds→t
i |∑
i=0

MSELoss(Y pred
i , Yi), (6)

where, MSELoss(·) denotes the L2 norm loss. The label
value yi is subtracted from the model output (estimate) f (xi),
after which the square is calculated to obtain the L2 norm
loss, which is expressed as follows:

MSELoss (x, y) =
1

n

∑n
i=1 (yi − f (xi))

2
, (7)

The ranking loss Lrank is computed using MarginRank-
ingLoss (MRLoss). For data (x1, x2, r) containing N sam-
ples, x1 and x2 are the two inputs given to be ranked, and r
represents the true ranking labels. The ranking loss Lrank is
computed as shown below:

Lrank =

|Ds→t
i |∑
i=0

MRLoss(Y pred
i , Yi), (8)

MRLoss = max(0,−r(x1 − x2) + margin), (9)

where margin denotes the margin value. If this value is
larger, it means that the expectation x1 is further away from
x2 (i.e. the margin is larger). The MMD is one of the most
widely used loss functions in transfer learning, especially in
domain adaptation, and is mainly used to measure the dis-
tance between two different but related distributions. The
distance between two distributions is defined as follows:

MMD(X,Y) =

∥∥∥∥∥
∑i=1

n ϕ (xi)

n
−

∑j=1
m ϕ (yj)

m

∥∥∥∥∥
2

H

, (10)

where, ϕ(·) denotes a mapping from the original space to
Hilbert space H . Hilbert space is the extension of Euclidean

space that is no longer restricted to the finite-dimensional sit-
uation. The dimensions of the drug and cell line features en-
coded by the different methods are different. The fact that the
calculation of the distance between two distributions is not
limited by the dimension of the sampled features is one of
the keys to the functioning of the MSDA as a general plug-
in. The distribution distances of invariant features from be-
tween multi-source domains Ds→t

i and the target domain Dt
i

are constrained by MMD distances as follows:

Lmmd =

|Ds→t
i |∑
i=0

MMD
(
φalign

(
Fs→t
i ,Ft

i

))
, (11)

where φalign(·) denotes the operation in which the feature
vectors of two distributions are first fused through a fully con-
nected layer, after which a union set is taken according to the
cell line types, and eventually, the features are aligned accord-
ing to their cell line types.

Finally, the overall loss of each target domain adaptation
branch is obtained by weighted summation, as follows:

L = Lreg + αLrank + βLmmd. (12)

where, α ∈ [0, 1] and β ∈ [0, 1] are the weights of the loss
function. The computation of the loss of each target domain
adaptation branch, the back-propagation, and the updating of
the gradient are independent and serial.

4 Experiments
4.1 Evaluation Strategies and Metrics
We evaluate the performance of the MSDA plug-in on two
publicly available datasets: GDSCv2 [Yang et al., 2012] and
CellMiner [Reinhold et al., 2012]. The drug domain is then
randomly partitioned into source and target domains in an 8:2
ratio. The DRP methods without the MSDA are trained and
validated on the source domains and tested on the target do-
mains. The response data is clustered by drug type and then
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branches n on the performance of the MSDA when the number of drug domains corresponding to each target domain branch is fixed at 5.
The experiments are conducted on the GDSCv2 public dataset, where (a) is the MSDA loaded on the TransEDRP method, and (b-f) are five
representative DRP methods with MSDA loaded on.

randomly partitioned into source and target domains, with the
type of drug serving as the criterion for division. As illus-
trated in Figure 2(c), it should be noted here that a single drug
domain represents the smallest unit of division.

To comprehensively evaluate the impact of the MSDA,
we employed several evaluation metrics: Root Mean Square
Error (RMSE) to gauge deviation, Pearson correlation co-
efficient (PCC) for assessing linear correlation, Spearman’s
Rank Correlation Coefficient (SRC) to measure monotonic-
ity, and Margin Ranking Loss (Rank) to evaluate ranking per-
formance.

4.2 Overall Experiment
Our proposed zero-shot learning solution aims to mitigate
data limitations in drug response prediction, thereby enhanc-
ing the efficiency and accuracy of drug discovery and evalu-
ation. Our goal is to validate the effectiveness of MSDA as
a test-time enhancement plug-in for implementing this solu-
tion using various datasets and diverse DRP methods. In the
overall experiment, we selected five publicly available DRP
methods and utilized two drug response databases. The pre-
diction results, including those that both do and do not inte-
grate our proposed MSDA plug-in, are presented in Table 2.
The prediction results of the original models are denoted by
Original, while results after integrating MSDA are labeled
+MSDA. The comparative analysis demonstrates that MSDA
significantly enhances the performance of DRP methods in
predicting responses for unknown drug domains. Across the

drug response databases GDSCv2 and CellMiner, the aver-
age PCC metrics exhibit improvements of 22.4% and 1.3%,
respectively, while the average RMSE metrics indicate en-
hancements of 31.7% and 18.2%, respectively. This indi-
cates that MSDA can bolster the assessment of preclinical
drug candidates by offering more dependable predictions, a
crucial factor for progressing potential drugs through the de-
velopment pipeline.

4.3 Ablation Study
In this study, we introduce the MSDA plug-in as a key com-
ponent of our proposed solution, which aims to enhance the
performance of drug response prediction in the context of
zero-shot learning. This plug-in can be seamlessly integrated
with publicly available DRP methods. The MSDA creates
multiple target domain adaptation branches by replicating the
fusion prediction branches from the pre-trained DRP model
while preserving the parameters of the original model pre-
diction branches. Finally, the MSDA combines the predic-
tions from the target domain adaptation branches with those
of the original branches, using summation and averaging, to
generate the fine-tuning results specific to the target domain.
Therefore, in the design of the structure of the MSDA, two
crucial aspects necessitate verification through ablation ex-
periments conducted on the GDSCv2 public dataset:

A1 Whether the average adaptive fine-tuning of multiple
target domain adaptation branches is better than that of
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K n Fusion
Raw Branch

Results on GDSCv2 (RMSE ↓ / PCC ↑)
tCNNs DeepCDR GraphDRP GratransDRP TransEDRP

base 0 0 % 0.1935/.2073 0.0587/.4442 0.0637/.4402 0.0595/.4848 0.0624/.5060

(A) 70 2 ! 0.0813/.3709 0.0549/.4946 0.0579/.4898 0.0561/.5103 0.0584/.5316
70 2 % 0.0544/.4852 0.0558/.4676 0.0577/.4788 0.0579/.4841 0.0590/.5143

(B) 15 3 ! 0.0797/.3572 0.0567/.4760 0.0604/.4643 0.0561/.5034 0.0573/.5371
10 2 ! 0.0913/.3118 0.0572/.4699 0.0615/.4555 0.0575/.4950 0.0576/.5311

(C)
5 1 ! 0.1203/.2585 0.0578/.4597 0.0630/.4456 0.0595/.4848 0.0588/.5177

10 1 ! 0.1134/.2773 0.0573/.4676 0.0621/.4524 0.0580/.4924 0.0580/.5273
15 1 ! 0.1115/.2927 0.0569/.4740 0.0614/.4581 0.0570/.4979 0.0591/.5323

Table 3: Ablation study of the MSDA on GDSCv2 on five representative DRP methods. Base indicates the zero-shot learning performance
of the DRP methods. (A) is used to compare the effect of merging the raw prediction branch from the original methods. (B) and (C) are used
to compare the effect of K and n on the performance of the MSDA. The best performer and the second-best performer are highlighted in bold
and underlined.

just one single branch for K drug domains as source do-
mains filtered by the domain selector.

A2 Whether the results of the target domain adaptation
branches n need to be merged with the results of the
original branch predictions.

For A1, to investigate the structural performance dispar-
ities between multi-branching and single-branching within
the MSDA framework while maintaining an equal number of
source drug domains, we fixed the number of source domains
K at 10 and 15, representing two and three times the original
number of units (5), respectively. In the single-branching ex-
periments, we set K to 10 and 15, respectively. In the multi-
branching experiments, the number of source domains in each
branch is fixed at 5, while n is set to 2 and 3, respectively. Ta-
ble 3 (B) and (C) show the results of the experiments with
an overall number of source domains of 15 and 10, respec-
tively. These results indicate that a rational division of the K
domains into K

n sub-source domains, followed by fine-tuning
using n target domain adaptation branches, is a more effective
strategy.

For A2, we discuss the effectiveness of integrating the pre-
diction branch of the original method with the target adap-
tation branch. The K is set to 70 and n is 2. We again se-
lect five representative DRP methods. As indicated in Table
3(A), the performance is enhanced when the original predic-
tion branches of each DRP model are integrated. This is be-
cause, during the inference stage of domain adaptation, the
fine-tuned branch lacks access to real results from the target
domain, making it challenging to gauge the extent of domain
adaptation adjustments. Integrating the domain adaptation
branch with the original branch stabilizes the prediction re-
sults for the target domain. Furthermore, it is observed that
when the original method’s effectiveness (e.g., tCNNs) is no-
tably subpar, the mandatory fusion of the original branch and
the domain adaptation branch diminishes the improvements
brought about by the MSDA.

4.4 Hyperparameter Experiment
The MSDA acts as a multi-branch multi-source domain adap-
tation test-time plug-in that can be integrated into general
DRP methods, incorporating two critical hyperparameters:

B1 The number of drug domains K selected by the domain
selector while maintaining a fixed model structure.

B2 The number of target domain adaptation branches n
with the number of drug domains remaining fixed for
each branch adapted to the target domain.

For B1, we perform a sensitivity analysis with K values,
considering 14 parameters selected at uneven intervals from
0 to 50, utilizing the TransEDRP method within the GDSCv2
dataset. The trend in Figure 3(a) illustrates the substantial
impact of varying the value of K on the four metrics. Be-
yond K = 20, improvements either remain stable or exhibit a
decreasing trend. This indicates that if the similarity between
drugs in the source domains and those in the target domains is
relatively low, confusion may be introduced into the pertinent
information.

For B2, we conduct three sets of experiments, each with a
varying number of target domain adaptation branches (n ∈
[1, 2, 3]), while using five drug domains as the source do-
mains on each branch. Additionally, a blank control group
is included. The experimental results on GDSCv2 for five
existing published methods in Figure 3 (b-f) illustrate that as
the number of target domain adaptation branches increases,
the performance improvement of the models becomes more
substantial for a specific number of drug domains that can be
learned within each target domain adaptation branch.

5 Conclusion
In this paper, we introduce a zero-shot learning solution tai-
lored to address the DRP task within preclinical drug screen-
ing. Our proposed solution MSDA is seamlessly integrated
into conventional DRP methods, enabling the learning of in-
variant features from previous response label information and
thereby augmenting the model’s real-time prediction capabil-
ities. We conduct a series of experiments on GDSCv2 and
CellMiner with the same division standard. Among the five
most representative and high-performing DRP methods, the
incorporation of the MSDA significantly enhances their pre-
dictive performance in the zero-shot learning scenario. To
deal with the actual needs of the industry in real-world appli-
cations, the MSDA can adaptively select different parameters
to balance the performance and inference speed requirements.
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