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A B S T R A C T

Predicting the patient’s response to anticancer drugs is essential in personalized treatment plans. However, due 
to significant distribution differences between cell line data and patient data, models trained well on cell line 
data may perform poorly on patient anticancer drug response predictions. Some existing methods use transfer 
learning strategies to implement domain feature alignment between cell lines and patient data and leverage 
knowledge from cell lines to predict patient anticancer drug responses. This study proposes a domain alignment 
method based on masked variational autoencoders, MVAEDA, to predict patient anticancer drug responses. The 
model constructs multiple variational autoencoders (VAEs) and mask predictors to extract specific and domain- 
invariant features of cell lines and patients. Then, it masks and reconstructs the gene expression matrix, using 
generative adversarial training to learn domain-invariant features from the cell line and patient domains. These 
domain-invariant features are then used to train a classifier. Finally, the final trained model predicts the anti
cancer drug response in the target domain. Our model is experimentally evaluated on the clinical dataset and the 
preclinical dataset. The results show that our method performs better than other state-of-the-art methods.

1. Introduction

Cancer remains a leading cause of death worldwide despite ad
vancements in diagnosis and treatment. Individual patient responses to 
anticancer drugs vary significantly due to cancer heterogeneity, high
lighting the need for personalized therapy. Hence, accurate drug 
response prediction can optimize treatment outcomes, minimize side 
effects, and reduce unnecessary costs. Recently, large-scale drug 
screening projects like the Cancer Cell Line Encyclopedia (CCLE) [1] and 
the Genomics of Drug Sensitivity in Cancer (GDSC) [2] have generated 
valuable cell line-drug response datasets for developing computational 
models to predict anticancer drug response. Although patient gene 
expression data are richly recorded. The distribution gap between cell 
line and patient data hinders the effectiveness of models trained solely 
on cell lines. Previous works like DeepDSC [3], DeepCDR [4], DIPK [5], 
VAE-XGBoost [6], MOFGCN [7] and NIHGCN [8] have made significant 
strides in predicting drug response in cell lines using various 

approaches. DeepDSC employs autoencoders and Morgan fingerprints, 
DeepCDR and DIPK combine multi-omics features, VAE-XGBoost uses 
variational autoencoders and XGBoost, and MOFGCN and NIHGCN 
utilize heterogeneous graph convolution. Despite their success on cell 
lines, these models often struggle to generalize to patient data, such as 
The Cancer Genome Atlas (TCGA).

Transfer learning [9] can effectively solve the above problems. Its 
core idea is to apply the knowledge learned in the source domain to the 
target domain for downstream tasks, so that the model can adapt to the 
environment of the target domain and improve the model performance. 
When predicting the response of patients to anticancer drugs, transfer 
learning regards cancer cell line data as the source domain and clinical 
cancer patient data as the target domain. A variety of transfer learning- 
based methods for predicting drug response have been proposed, which 
can be roughly divided into two categories. One is the model-based 
approach, which consists of two stages: the first stage is to pre-train 
the model using source domain data, and the second stage is to fine- 
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tune the pre-trained model using labeled target domain data. For 
example, Ma et al. proposed TCPR [10], which is a small sample learning 
model that is first trained on a large-scale cell line dataset and then fine- 
tuned using a labeled patient dataset to make it suitable for predicting 
patients’ anticancer drug responses. However, this type of method still 
requires labeled target domain data. Another class of methods is 
domain-alignment based methods, which do not require labeled target 
domain data. It maps the source domain data and the target domain data 
into the same latent space and trains the model using some constraints, 
including MMD (maximum mean distribution difference) [11,12], 
covariance difference [13], and generative adversarial methods [14]. 
This type of method can not only effectively reduce the difference be
tween the source domain and the target domain, but also achieve feature 
adaptation between the two domains. For example, Chen and Ma et al. 
[11] mapped cell line data and clinical sample data into a latent space 
and used MMD loss to keep the feature distribution of the source domain 
and the target domain consistent, obtaining effective feature represen
tation to improve model performance. ADAE [15] introduces an 
adversarial model to remove the confusing information learned from the 
autoencoder, thereby obtaining more effective information and features 
in the source and target domains for downstream tasks. He and Wu et al. 
proposed CODE-AE [12], which constructs three autoencoders and an 
adversarial module to extract shared and private features of the target 
and source domains, and then uses the shared features for downstream 
tasks. Here, the ’private feature’ refers to the domain-specific features.

Traditional autoencoders (AEs) compress input data into a low- 
dimensional latent representation through an encoder, and then recon
struct it back to the original input data through a decoder. However, 
Traditional autoencoders (AEs) often overlook the feature distribution 
of the data during encoding. The variational autoencoders (VAE) [16] 
can solve this problem well. VAE is a generative model that combines 

autoencoders’ encoding ability and the variational inference principle. 
During the encoding process, the input data is mapped to a probability 
distribution, and the decoder samples from this distribution to generate 
data to reconstruct the original input data. Its goal is to minimize the 
reconstruction error and maximize the similarity between the latent 
distribution and the prior distribution (achieved through KL diver
gence). By encoding it into a probability distribution and introducing a 
regularization term (KL divergence), the model considers the feature 
distribution of the data, effectively encoding the source domain data 
into features that approximate the target domain. This approach alle
viates distribution differences between the source domain and the target 
domain during transfer learning.

Masked Language Modeling (MLM) Pretraining is a popular pre- 
training method in large language models (LLMs). It trains the model 
by randomly masking some words in the input sequence and using the 
context to predict the masked content. The low-dimensional embedding 
obtained in this way can effectively capture the contextual relationship 
and semantic features, thereby improving the model’s understanding 
and prediction ability of language structure, for example, BERT pro
posed by Devlin Jacob et al. [17]. Similar strategies are also applied to 
single-cell clustering. For example, scMAE [18] designs a masked 
autoencoder model to predict the masked gene expression data. Finally, 
it effectively learns cell low-dimensional representations and improves 
the performance of downstream task models.

Based on the above factors and inspirations, we propose a new 
domain-alignment method based on masked variational autoencoders, 
MVAEDA, to predict patients’ anticancer drug response. It is shown in 
Fig. 1. First, we construct three variational autoencoders (VAE) and 
mask predictor modules to extract shared features (domain-invariant 
features) and private features of the source and target domains, maxi
mize the difference between their shared and private features through 

Fig. 1. workflow of MVAEDA. (a) MVAEDA input data. MVAEDA input includes cell line gene expression matrix and patient gene expression matrix. (b) Domain- 
invariant feature extraction. Mask the data and extract it using a shared encoder. (c) Classifier training and prediction. Use the trained model to predict patient 
anticancer drug response.
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the orthogonality constraints between them, and utilize a generative 
adversarial approach to align the feature distributions between the 
source and target domains. Finally, we will train a classifier using the 
domain-invariant features of the source domain and predict patients’ 
anticancer drug response with the trained model. We apply this model 
for samples from the clinical dataset of The Cancer Genome Atlas 
(TCGA) and the preclinical data of breast cancer patient-derived xeno
graft (PDX)-derived tumor cell (PDTC) to predict anticancer drug 
response. The results show that our method performs excellently 
compared with other state-of-the-art methods. In summary, compared 
with previous methods, our contributions are as the follows:

MVAEDA leverages variational autoencoders (VAEs) combined with 
a novel mask strategy to learn domain-invariant feature representations. 
A dedicated mask predictor guides the model to learn domain-invariant 
features by effectively encoding source and target domain data.

MVAEDA constructs three distinct variational autoencoders (VAEs) 
to capture shared (domain-invariant) features, as well as private features 
specific to the source and target domains. This multi-VAE architecture 
facilitates a more robust handling of data uncertainty and promotes a 
smoother, more structured latent space.

Extensive experiments were conducted to evaluate the effectiveness 
of the MVAEDA model on a clinical dataset from The Cancer Genome 
Atlas (TCGA) and a preclinical dataset from Patient-Derived Tumor Cell 
(PDTC). The results demonstrate that MVAEDA outperforms state-of- 
the-art algorithms for the majority of tested drugs. Furthermore, inte
grating features extracted by MVAEDA with DeepDCR and DeepDSC 
models significantly improves their performance, validating the effec
tiveness of our feature extraction method.

2. Material

We utilized gene expression profiles from cell lines and tumor tissue 
samples in a previous research [12], including 1,305 cancer cell line 
samples from the Cancer Cell Line Encyclopedia (CCLE) database [1] 
and 9,808 tumor tissue samples from The Cancer Genome Atlas (TCGA) 
[19]. We focused on the top 1000 genes with the highest unique ex
pressions from cancer cell lines and tumor tissue samples respectively 
according to [20], and combined the two gene sets to obtain a total of 
1426 genes. Therefore, both patients and cell lines only focus on the 
gene expression values of these 1426 genes. The test datasets were the 

clinical dataset of The Cancer Genome Atlas (TCGA) and the preclinical 
data of breast cancer patient-derived xenograft (PDX)-derived tumor cell 
(PDTC) [21]. To label patient samples in TCGA from [12], we defined 
sensitivity based on “new tumor event days after treatment.”. The TCGA 
data set includes five drugs: cisplatin (Cis), 5-fluorouracil (Fu), gemci
tabine (Gem), sorafenib (Sor) and temozolomide (Tem). For PDTC, we 
selected 50 drugs with known protein targets and for which cell line 
response data were available in GDSC. The median AUC value across all 
drugs in PDTC was used as the classification threshold to construct a 
binary label for the drug response of the PDTC samples. The number of 
labeled samples for the five drugs in TCGA and some drugs in PDTC are 
shown in Table 1 and Table 2, respectively.

3. Method

Our MVAEDA model involves two key steps to predict patients’ 
anticancer drug responses (see Fig. 1):Step 1: Domain-invariant feature 
extraction; Step 2: Patient drug sensitivity classifier training and pre
diction. At the first step, three Variational Autoencoders (VAEs) are 
employed to encode shared and specific features for samples in the 
source and target domains. Masking and reconstructing techniques are 
utilized to facilitate this feature learning process. A WGAN-GP archi
tecture is employed to align shared features between the source and 
target domains.This step involves minimizing three loss functions: 
reconstruction loss, orthogonality loss, and the generative-adversarial 
loss of the WGAN-GP. At the second step, the domain-invariant fea
tures learned in the first step are utilized as input for a classifier to 
predict patients’ anticancer drug responses.

3.1. Domain-invariant feature extraction

We regard cell line gene expression data Xs =
{
x(i)s
}Ns

i=1 ∈ RNs×1426 

and patient gene expression data Xt =
{
x(i)

t
}Nt

i=1 ∈ RNt×1426 as source and 
target domain data, respectively, where Ns = 1305 and Nt = 9808 
represent the number of cell line and patient data samples used in pre- 
training. We use these data to pre-train VAE to extract domain- 
invariant features.

We mask the gene expression matrices to introduce variability and 
perturbations, thereby obtaining the cell-line-masked gene expression 
matrix XM

s and the patient-masked gene expression matrix XM
t . The 

progress involves three steps: (1) Gene expression values within each 
gene are randomly shuffled in both the source and target domains. (2) 
Use Bernoulli distribution to generate the mask matrix M = {Ms,Mt} in 
the source and target domains, respectively. The mask matrix is the same 
size as the gene expression matrix, determining which gene expression 
values are modified. A value of 1 indicates modification, while 0 leaves 
the value unchanged. (3) Obtain the masked gene expression matrix 
XM =

{
XM

s ,X
M
t
}

by applying element-wise operations. The calculation 
can be expressed as: 

XM
ij = Xij •

(
1 − Mij

)
+Xʹ

ij • Mij (1) 

where Xij represents the element in the i-th row and j-th column of 
the original gene expression matrix X = {Xs,Xt}, Xʹ

ij denotes the element 
in the i-th row and j-th column of the randomly permuted gene 
expression matrix, XM

ij represents the element in the i-th row and j-th 
column of the masked gene expression matrix.

Next, we built three variational autoencoders: VAEsource, VAEtarget, 
and VAEshared, which respectively input the cell line and patient masked 
gene expression matrix to extract private cell line features Zsp , the pri
vate patient feature Ztp , the domain-invariant features shared by cell 

Table 1 
TCGA drug sensitivity and resistance sample size.

Drugs CCLE TCGA

resistant sensitive resistant sensitive

Cisplatin 299 369 20 20
5-fluorouracil 342 325 11 10
Gemcitabine 334 343 23 23
Sorafenib 278 326 13 13
Temozolomid 282 378 23 23

Table 2 
PDTC partial drug sensitivity and resistance sample size.

Drugs CCLE TCGA

resistant sensitive resistant sensitive

Wee1 Inhibitor 329 335 10 10
GW441756 363 292 10 10
Motesanib 368 285 10 10
Camptothecin 263 324 10 10
Gefitinib 369 297 10 10

W. Dai et al.                                                                                                                                                                                                                                     Methods 238 (2025) 61–73 

63 



lines Zss and the patients Zts . The formula for the variational autoen
coders is as follows: 
⎧
⎨

⎩

μ = RELU
(
XMWμ1 + bμ1

)
Wμ2 + bμ2

σ2 = RELU
(
XMWσ1 + bσ1

)
Wσ2 + bσ2

Z = μ + σ2 ⊙ ∊
(2) 

where Wμ1,Wσ1 ∈ R1426×128 和 Wμ2,Wσ2 ∈ R128×32, XM represents XM
s 

or XM
t , μ represents the mean, σ2 denotes the variance, ∊ represents 

Gaussian noise, and 32-dimensional features Z represents Zsp or Ztp or Zss 

or Zts .
We utilize the learned latent features to reconstruct the gene 

expression matrix. The reconstruction process involves four compo
nents: source domain private reconstruction, source domain shared 
reconstruction, target domain private reconstruction and target domain 
shared reconstruction. Source domain private reconstruction uses the 
source domain private features from the source domain mask gene 
matrix to reconstruct the original gene expression matrix of the source 
domain. Source domain shared reconstruction uses the shared features 
from the source domain mask gene matrix to reconstruct the original 
gene expression matrix of the source domain. Target domain private 
reconstruction utilizes the target domain private features from the target 
domain mask gene matrix to reconstruct the original gene expression 
matrix of the target domain. Target domain shared reconstruction em
ploys the shared features from the target domain mask gene matrix to 
reconstruct the original gene expression matrix of the target domain.

Take source domain private reconstruction for example, this process 
involves two steps: (1) The mask predictor uses the latent embedding 
information Zsp obtained from VAEsource to predict whether the input XM

s 

is masked and obtains the predicted mask matrix M̂sp The mask pre
dictor is implemented using the following formula: 

M̂ = F(Z,W) (3) 

where F =
{
Fsp , Ftp , Fs

}
. is the mask predictor, implemented using 

the linear layer, and the weights are W* =
{
Wsp ,Wtp ,Ws

}
. Z =

{
Zsp ,Ztp ,Zss ,Zts

}
. Therefore, different mask predictors are constructed 

according to the different inputs Z to generate four mask matrices M̂ =
{

M̂sp , M̂tp , M̂ss , M̂ts
}

of cell line private features, patient private features, 
cell line domain-invariant features, and patient domain-invariant fea
tures. There are two mask predictors for cell line and patient private 
features respectively, and one mask predictor shared by cell line and 
patient domain-invariant features. The model uses the cross entropy loss 
between the predicted mask matrix M̂ and the true mask matrix M to 
calculate the mask estimation loss. 

L dmask = −
∑

ij
M(ij)

d log
(
̂M(ij)

d

)
(4) 

where d =
{
sp, ss, tp, ts

}
represents the private features and shared 

features from the source domain and the target domain, M(ij)
d and ̂M(ij)

d 
represents the element at the i-th row and j-th column of the input mask 
matrix M and predicted mask matrix M̂ of the corresponding domain. 
Specially, we use the following cross entropy loss to train mask predictor 
of the source domain private features: 

L sp − mask = −
∑

ij
M(ij)

s log
(
̂M(ij)

sp

)
(5) 

The predicted mask matrix M̂ and the potential embedding feature Z 
are concatenated and input into the decoder to reconstruct the 
original gene expression. The formula is as follows:

x̂d = Decoder(M̂d ⊗ Zd) (6) 

where ⊕ represents concatenation. Decoder is a two-layer fully 

connected decoder. Because there are invariant features and shared 
features in the source domain and the target domain as well as the 
corresponding mask prediction matrix, four reconstructed gene expres
sion matrices are output. Then the model calculates the reconstruction 
loss of these four gene expression matrices respectively to optimize the 
model.

In the reconstruction loss, we also assign different weights to masked 
and unmasked genes. Taking the source domain private features as an 
example, the weighted mean square error (MSE) loss function used for 
reconstruction is as follows: 

L sp − MSE =
1
Ns

∑

ij
ψ(ij)

s

⃒
⃒
⃒X(ij)

s −
̂X(ij)

sp

⃒
⃒
⃒
2

(7) 

where ̂X(ij)
sp 

represents the element of the i-th row and j-th column of 
the predicted matrix of the source domain private reconstruction, which 
is calculated by the source domain private feature information Zsp and 

the corresponding prediction mask matrix ̂M(ij)
sp 

(see Formula (8)). The 
weight ψ(ij)

s is given by Formula 9, which is calculated based on the mask 
matrix M(ij)

s and the hyperparameter λ (λ = 0.75). The parameter λ de
termines the importance of the masked samples. 

̂X(i )
sp

= Decoder
(

Zi
sp
⊕
̂M(i )

sp

)
(8) 

ψ(ij)
s = M(ij)

s ⋅λ+
(
1 − M(ij)

s
)
⋅(1 − λ) (9) 

Hence, the total loss of the source domain private reconstruction is 
expressed as: 

L sp − recon = (1 − α)L sp − MSE + αL sp − mask + βKL
(
μ,σ2) (10) 

where L sp − MSE and L sp − mask represent the mask-weighted mean 
square error (MSE) loss and mask estimation loss of source domain 
private reconstruction, respectively. KL(μ,σ2) = 1

2 ( − logσ2 +μ2 +σ2 − 1), 
represents the KL divergence of the source domain private autoencoder. 
α and β are balancing hyperparameters, set to 0.7 and 0.1, respectively.

We use a similar approach to calculate private and shared recon
struction losses in both the source and target domains. Notably, the 
shared reconstructions in the source and target domains utilize the same 
encoder, mask predictor and decoder. The total loss for gene expression 
matrix reconstruction is then determined: 

L recon = L sp − recon +L ss − recon +L tp − recon +L ts − recon (11) 

Additionally, an orthogonality loss is adopted to maximize the dif
ference between the extracted private and shared features: 

L ortho =
1
n

⎧
⎨

⎩

[(
Zsp

‖Zsp‖2

)T
Zss

‖Zss‖2

]2

+

[(
Ztp

‖Ztp‖2

)T
Zts

‖Zts‖2

]2⎫
⎬

⎭
(12) 

Finally, we adopt the WGAN-GP generative adversarial network ar
chitecture [22] to train our model and align the shared features between 
the source and target domains. This architecture involves a discrimi
nator network (D) that introduces an additional objective constraint 
equation to encourage domain-invariant features of cell lines and pa
tients generated by the shared autoencoders. 

L adv :

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

L critic =
1
Nt

∑

ij
D
(
Z(ij)

t
)
−

1
Ns

∑

ij
D
(
Z(ij)

s
)
+ γ
(
‖∇Z̃D

(
Z̃
)
‖2 − 1

)2

L gen = −
1
Nt

∑

ij
D
(
Z(ij)

t
)

(13) 

where Z(ij)
t =Z(ij)

ts ⊕Z(ij)
tp and Z(ij)

s = Z(ij)
ss

⊕Z(ij)
sp

, ‖⋅‖ denotes the L2 norm, 

γ is set to 10, and Z̃ = ηZs + (1 − η)Zt, where η is sampled from the 
standard normal distribution U(0,1). Summary, Algorithm lists the 
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Table 3 
Comparison evaluation metric values of TCGA drug.

Metric Algorithm Cis Sor Tem Gem Fu Mean

AUC Codeae_adv 0.60400 0.55148 0.72817 0.52968 0.63273 0.60921
Codeae_mmd 0.56150 0.58935 0.70170 0.49603 0.69091 0.60790
ADAE 0.76850 0.59468 0.69414 0.52590 0.60636 0.63792
DAE 0.55350 0.51598 0.68960 0.47335 0.60909 0.56830
DSN-MMD 0.64300 0.49704 0.70208 0.49187 0.62546 0.59189
DSN-DANN 0.56600 0.65917 0.72817 0.48355 0.63818 0.61501
DeepCDR 0.49563 0.45888 0.61028 0.44303 0.48727 0.49902
DeepCDR + F 0.56893 0.65568 0.59136 0.49151 0.55973 0.57344
DeepDSC 0.53802 0.47296 0.58287 0.50136 0.45973 0.51099
DeepDSC + F 0.54521 0.69506 0.61858 0.53322 0.60273 0.59896
SCAD 0.48300 0.38364 0.46314 0.39290 0.62609 0.46975
scDEAL 0.37200 0.42249 0.65785 0.38110 0.52364 0.47142
MVAEDA 0.68945 0.72379 0.70210 0.60491 0.71509 0.68707

AUPRC Codeae_adv 0.63006 0.61815 0.76191 0.53082 0.66825 0.64184
Codeae_mmd 0.54004 0.62229 0.70386 0.51939 0.65570 0.60826
ADAE 0.73151 0.61657 0.68886 0.52540 0.55945 0.62436
DAE 0.59010 0.57810 0.71073 0.46473 0.63400 0.59553
DSN-MMD 0.64836 0.60163 0.73793 0.49206 0.53634 0.60326
DSN-DANN 0.56590 0.68058 0.75656 0.51690 0.56250 0.61649
DeepCDR 0.55191 0.55741 0.63662 0.48177 0.52085 0.54971
DeepCDR + F 0.60517 0.71529 0.61967 0.53357 0.58605 0.61195
DeepDSC 0.57275 0.55600 0.62571 0.51837 0.49988 0.55454
DeepDSC + F 0.59464 0.74287 0.64852 0.56267 0.60318 0.63038
SCAD 0.49247 0.43659 0.49675 0.48422 0.58280 0.49857
scDEAL 0.47414 0.56389 0.65100 0.43555 0.57873 0.54066
MVAEDA 0.71989 0.75527 0.71416 0.60987 0.73035 0.70591

F1 Codeae_adv 0.20971 0.55556 0.65437 0.41284 0.35148 0.43679
Codeae_mmd 0.68410 0.63196 0.68726 0.24866 0.48667 0.54773
ADAE 0.34113 0.40000 0.65490 0.14247 0.03333 0.31437
DAE 0.65670 0.63461 0.66667 0.28295 0.48465 0.54512
DSN-MMD 0.68770 0.50571 0.65273 0.32953 0.54643 0.54442
DSN-DANN 0.66737 0.59415 0.66862 0.35753 0.61283 0.58010
DeepCDR 0.48317 0.53307 0.64143 0.40885 0.41913 0.49713
DeepCDR + F 0.56789 0.58454 0.61450 0.39318 0.50544 0.53311
DeepDSC 0.40410 0.43158 0.50694 0.26102 0.28574 0.37788
DeepDSC + F 0.43159 0.48773 0.48849 0.37644 0.33604 0.42406
SCAD 0.59604 0.27812 0.26019 0.49579 0.66886 0.45980
scDEAL 0.34777 0.55556 0.65484 0.10106 0.06970 0.34579
MVAEDA 0.47924 0.55155 0.61436 0.17278 0.38334 0.44025

ACC Codeae_adv 0.53000 0.38462 0.50870 0.52174 0.55238 0.49949
Codeae_mmd 0.57000 0.52308 0.56957 0.46957 0.61905 0.55025
ADAE 0.52000 0.50000 0.48696 0.48261 0.52381 0.50268
DAE 0.53000 0.46923 0.50000 0.46522 0.51429 0.49575
DSN-MMD 0.63500 0.35385 0.49130 0.44348 0.60952 0.50663
DSN-DANN 0.57500 0.49231 0.50435 0.49130 0.56191 0.52497
DeepCDR 0.49550 0.44231 0.52478 0.46804 0.49524 0.48517
DeepCDR + F 0.50550 0.51923 0.50391 0.49478 0.52000 0.50868
DeepDSC 0.52075 0.49423 0.55609 0.49370 0.49429 0.51181
DeepDSC + F 0.49950 0.50385 0.50848 0.50283 0.50286 0.50350
SCAD 0.48500 0.45714 0.45652 0.33077 0.51304 0.44849
scDEAL 0.46000 0.38462 0.49565 0.46087 0.53333 0.46689
MVAEDA 0.59250 0.63077 0.64217 0.51174 0.61619 0.59867

MCC Codeae_adv 0.13942 − 0.36116 − 0.00769 0.03033 0.12452 − 0.01491
Codeae_mmd 0.19781 0.04497 0.18307 − 0.08223 0.24493 0.11771
ADAE 0.10993 0.00000 − 0.08940 − 0.06090 0.00309 − 0.00746
DAE 0.08091 − 0.13774 0.00000 − 0.11523 0.03420 − 0.02757
DSN-MMD 0.28530 − 0.37870 − 0.05963 − 0.12631 0.23713 − 0.00844
DSN-DANN 0.17612 − 0.10145 0.02981 − 0.02435 0.14881 0.04579
DeepCDR 0.00021 − 0.14266 0.05990 − 0.07133 − 0.01285 − 0.03335
DeepCDR + F 0.01475 0.04679 0.01206 − 0.01780 0.06266 0.02369
DeepDSC 0.06050 − 0.01700 0.12877 − 0.03613 − 0.04088 0.01905
DeepDSC + F 0.00324 0.01038 0.01991 0.01101 0.00682 0.01027
SCAD − 0.04128 − 0.11603 − 0.10171 − 0.44993 0.03584 − 0.13462
scDEAL − 0.09035 − 0.36116 − 0.04202 − 0.13156 0.05000 − 0.11502
MVAEDA 0.22814 0.29291 0.29498 0.03906 0.24172 0.21936

Recall Codeae_adv 0.16000 0.76923 0.93044 0.38261 0.36000 0.52046
Codeae_mmd 0.93000 0.81539 0.93913 0.18261 0.38000 0.64943
ADAE 0.44000 0.60000 0.97391 0.08696 0.02000 0.42417
DAE 0.90000 0.92308 1.00000 0.29565 0.52000 0.72775
DSN-MMD 0.80000 0.66154 0.95652 0.28696 0.66000 0.67300
DSN-DANN 0.85000 0.80000 1.00000 0.30435 0.74000 0.73887
DeepCDR 0.65250 0.66692 0.8600 0.43696 0.47300 0.61788
DeepCDR + F 0.81750 0.81615 0.90044 0.54739 0.66400 0.74910
DeepDSC 0.46200 0.46615 0.52087 0.22826 0.29600 0.39466

(continued on next page)
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pseudocode of domain-invariant feature extraction.
Algorithm Domain-Invariant Feature Extraction
1: Input: Source Domain Xs, Target Domain Xt, batch size b, pretrain epoch ep, GAN 

epoch eg, number of steps per encoders update ng

2: Output: Source domain Shared Feature Zss and Target domain shared Feature Zts

3: for epoch = 1 to ep do

4: for t = 1 to 
min(Ns,Nt)

b 
do

5: sample {xs}, {xt} of size b from Xs, Xt

6: Mask samples {xs}, {xt} to get the mask samples 
{

xM
s
}

, 
{
xM

t
}

7: Calculate the loss L recon, L ortho
8: Update VAEsource, VAEtarget, VAEshared, Decodermask with L recon + L ortho

9: end for
10: end for
11: for epoch = 1 to eg do

12: for t = 1 to 
min(Ns,Nt)

b 
do

13: sample {xs}, {xt} of size b from Xs, Xt

14: Mask samples {xs}, {xt} to get the mask samples 
{
xM

s
}

, 
{

xM
t
}

15: Calculate the loss L critic to update D
16: if t%ng == 0 then
17: Calculate the loss L recon, L ortho, L gen

18: Update VAEsource, VAEtarget, VAEshared, Decodermask with L recon +

L ortho + L gen

19: end if
20: end for
21:end for

3.2. Patient drug sensitivity classifier training

In this stage, we use the domain-invariant features of the source 
domain to train a classifier C to predict the patient’s anticancer drug 
response. The classifier C consists of two linear layers, a batch normal
ization layer, a RELU activation function layer and a sigmoid layer.

The training loss is as follows: 

L classifier = −
1

Ns− train

∑Ns− train

i=1
yilogσ

(
C
(

Z(i)
ss

))
+(1 − yi)log

[
1 − σ

(
C
(

Z(i)
ss

))]

(14) 

Where Z(i)
ss 

represents the i-th sample in Zss (domain-invariant fea
tures of the source domain), Ns− train is the number of training samples of 
the source domain data, σ(⋅) is the sigmoid function, and yi represents 
the true label corresponding to the source domain data. Finally, we input 
the domain-invariant features of the patients into classifier C and use the 
trained classifier C to predict the patients’ anticancer drug response.

4. Experiment

4.1. Baseline and Experimental Setup

To access the performance of our model in predicting patients’ 
anticancer drug responses, we conduct a comprehensive comparison 
with state-of-the-art transfer learning-based methods. These methods 
include Codeae-adv [12], Codeae-mmd [12], ADAE [15], DAE [23], 
DSN-MMD [24], DSN-DANN [24], SCAD [25] and scDEAL [11]. In 
addition, we compare our method with recent anticancer drug response 
prediction methods on cell line datasets, such as DeepCDR [4] and 
DeepDSC [3]. Since the two methods lack a cross-domain feature fitting 
training process, we used the cell line and patient domain-invariant 
features learned by the model as input of the model to comprehen
sively evaluate the effectiveness of the learned domain-invariant fea
tures. The two modified input feature models are denoted as DeepCDR 
+ F and DeepDSC + F, respectively.

We employed a rigorous evaluation process to train MVAEDA and 
assess its performance. Our MVAEDA model involves two key steps to 
predict patients’ anticancer drug responses (see Fig. 1): Step 1: Domain- 
invariant feature extraction; Step 2: Patient drug sensitivity classifier 
training and prediction. In the first step, we train a model to encode 
domain-invarient features from source and target domain data. We 
utilized 1305 cancer cell line samples from the CCLE as the source 
domain training set and 9808 tumor tissue samples from TCGA as the 
target domain training set. To generate validation sets, we first filtered 
the CCLE data, removing disease categories with fewer than two sam
ples. Stratified sampling by disease category was then performed on 
both the filtered CCLE data and the TCGA data. 10 % of the CCLE 
samples (134 cell lines) were allocated to the source domain validation 
set, and an equal number of TCGA samples, stratified by disease cate
gory, formed the target domain validation set. Model training employed 
an early stopping strategy, terminating training if the validation loss did 
not decrease for 50 epochs. In the second step, we train classifier for 
each drug under five fold cross-validation. The recorrsponding cell-line 
response data and the domain-invarient features learned in the first step 
serve as input. Patient data from the target domain is test set. For each 
drug, the cell-line response data was divided into five subsets, with four 
subsets for training the classifier and one subset for validation. The 
classifier with the highest performance in the validation set was selected 
to test patient response prediction. The entire process was repeated ten 
times and the final results were obtained by averaging the evaluation 
metrics across these ten independent runs of five-fold cross-validation. 
Seven common evalation metrics, AUC, AUPRC F1, MCC, ACC, Preci
sion, and Recall, were used to evaluation the performance of each 
method.

For hyperparameter tuning, during domain-invariant feature 

Table 3 (continued )

Metric Algorithm Cis Sor Tem Gem Fu Mean

DeepDSC + F 0.63450 0.72308 0.70478 0.54913 0.51400 0.62510
SCAD 0.76000 0.22000 0.19130 0.66154 0.98261 0.56309
scDEAL 0.35000 0.76923 0.95652 0.06087 0.04000 0.43532
MVAEDA 0.46400 0.50462 0.59565 0.17913 0.32600 0.41388

Precision Codeae_adv 0.85526 0.43478 0.50587 0.48374 0.75585 0.60710
Codeae_mmd 0.54161 0.51796 0.54375 0.40762 0.68000 0.53819
ADAE 0.80000 0.70000 0.49333 0.40333 0.90000 0.65933
DAE 0.51801 0.48367 0.50000 0.39540 0.51191 0.48180
DSN-MMD 0.61204 0.40975 0.49556 0.39813 0.67240 0.51758
DSN-DANN 0.55039 0.54400 0.50222 0.46764 0.55810 0.52447
DeepCDR 0.57639 0.46841 0.51872 0.46152 0.50131 0.50527
DeepCDR + F 0.54654 0.57500 0.51608 0.62004 0.57461 0.56645
DeepDSC 0.64912 0.55248 0.60670 0.44282 0.55843 0.56191
DeepDSC + F 0.66735 0.63898 0.62433 0.70041 0.73126 0.67247
SCAD 0.49137 0.38952 0.40965 0.39678 0.50708 0.43888
scDEAL 0.42540 0.43478 0.49788 0.30000 0.90000 0.51161
MVAEDA 0.72714 0.74439 0.66958 0.74587 0.81112 0.73962
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extraction, we used a cosine annealing learning rate of 0.001 and early 
stopping with a patience of 50 and 20 epochs for models with and 
without generative adversarial training, respectively. And grid search 
was performed on the training epochs to store models at different pre
training epochs. The training epochs without adversarial training were 
set as (0, 100, 300), while the training epochs with adversarial training 
were set as (100, 200, 300, 500, 750, 1000, 1500, 2000, 2500, 3000). 
For the classifier training phase, we set the same training epochs as those 
used during the adversarial training in the domain-invariant feature 
extraction step. Early stopping with a patience of 20 epochs was 
implemented to prevent overfitting. We utilized grid search and cosine 
annealing to determine optimal learning rates from {0.01 and 0.001}. 
Parameters for other transfer learning-based methods were set accord
ing to recommendations from Codeae [10], SCAD [25] and scDEAL [11], 
ensuring consistency with previous research. For the anticancer drug 
prediction method on the cell line dataset, the parameters were set ac
cording to those mentioned in the original article.

4.2. Experimental results

4.2.1. Drug response prediction based on clinical TCGA dataset
We evaluated MVAEDA’s performance on the TCGA dataset for five 

selected drugs. Table 3 presents the AUC, AUPRC, F1, MCC, ACC, Pre
cision, and Recall values for each method. MVAEDA achieved the 
highest AUC and AUPRC on Sor (Sorafenib), Gem (Gemcitabine), and Fu 
(Fluorouracil). Although its performance on Cis (Cisplatin) was slightly 
lower, MVAEDA still demonstrated robust results. The highest ACC was 
achieved on Sor and Tem (Temozolomide), while the highest MCC and 
Precision were obtained on Sor, Tem, and Gem. Notably, MVAEDA 
outperformed other methods in the average AUC, AUPRC, MCC, ACC, 
and Precision across all five drugs. Compared to the next best approach 
for each average metric, MVAEDA achieved improvements of 4.915 %, 
6.407 %, 10.165 %, 4.842 %, and 6.715 %, respectively, demonstrating 
the model’s superior ability to distinguish samples and predict positive 
classes accurately. However, due to the choice of the classification 
threshold (set to 0.5 in this study), the model’s predictions for the pos
itive class were relatively conservative, leading to slightly lower Recall 

Fig. 2. Comparison of the prediction performance of each method on the PDTC dataset. Comparison of the predicted AUC (a) and AUPRC (b) values for the response 
prediction of each method for each drug in the PDTC 50 drug dataset.
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and F1 scores. Nevertheless, MVAEDA’s higher MCC further validates its 
excellent overall performance in predicting both positive and negative 
classes. Additionally, the domain-invariant features extracted by 
MVAEDA enhanced the performance of DeepCDR and DeepDSC, 
demonstrating the effectiveness of our method in capturing domain- 
invariant features.

4.2.2. Prediction of drug response from preclinical PDTC data
We assessed MVAEDA’s performance on the PDTC dataset, predict

ing responses to 50 drugs. Each drug was treated as a separate task, 

following the approach in Codeae [10]. Fig. 2 illustrates the individual 
drug performance, while Table 4 shows the average AUC, AUPRC, F1, 
MCC, ACC, Precision, and Recall values for all drugs in the PDTC dataset. 
Compared with other methods, MVAEDA achieved the highest average 
AUC, AUPRC, MCC, ACC, and Precision. Similar to the TCGA dataset 
results, the classification threshold (set to 0.5) led to relatively conser
vative predictions for the positive class, resulting in lower Recall and F1 
scores. Despite this, MVAEDA’s higher MCC further validates its robust 
overall prediction performance across positive and negative samples. 
Furthermore, replacing the raw gene expression profiles with the 

Table 4 
Average evaluation metric of each method in PDTC dataset.

Method Mean 
AUC

AUC 
Rank

Mean 
AUPRC

AUPRC 
Rank

Mean 
F1

F1 
Rank

Mean 
ACC

ACC 
Rank

Mean 
MCC

MCC 
Rank

Mean 
Precision

Precision 
Rank

Mean 
Recall

Recall 
Rank

Code-adv 0.59729 5.32 0.60630 6.56 0.46205 4.66 0.54263 5.54 0.09075 5.78 0.60026 7.48 0.47389 5.56
Code-mmd 0.54215 7.46 0.55758 8.68 0.44983 5.16 0.52143 6.34 0.04616 6.84 0.55037 8.98 0.47546 5.78
ADAE 0.64276 4.2 0.64369 5.2 0.37910 7.12 0.53358 5.7 0.07701 5.9 0.70613 5.18 0.44357 7.06
DAE 0.49185 9.8 0.53002 10.36 0.35386 8.28 0.47778 9.36 − 0.04550 9.58 0.56863 8.94 0.39167 8.22
DSN-MMD 0.52764 7.88 0.54011 9.3 0.46338 4.76 0.51180 7.44 0.03214 7.42 0.54675 9.4 0.49509 5.26
DSN-DANN 0.54686 6.88 0.55789 8.4 0.43617 5.2 0.51895 6.36 0.04720 6.7 0.58255 8.2 0.45464 6.1
DeepCDR 0.44357 11.72 0.52684 9.9 0.34229 9.1 0.47006 10.88 − 0.06560 10.92 0.55237 9.22 0.40662 7.98
DeepCDR 
+ F

0.54547 8.1 0.60402 6.88 0.37116 7.6 0.51040 7.26 0.03031 7.18 0.67680 5.78 0.49885 5.6

DeepDSC 0.43800 11.94 0.52092 10.5 0.28073 10.94 0.46861 10.92 − 0.07590 11.1 0.52694 10.1 0.27566 11.08
DeepDSC 
+ F

0.57494 6.56 0.62736 5.74 0.32271 9.26 0.50204 7.98 0.00920 7.92 0.73517 4.18 0.47113 6.06

SCAD 0.41661 11.88 0.49720 11.56 0.42048 6.4 0.42947 11.52 − 0.14359 11.62 0.41923 12.82 0.43530 6.84
scDEAL 0.51596 8.82 0.58387 7.4 0.39979 6.72 0.50588 7.82 0.01892 7.7 0.55923 9.18 0.45834 6.88
MVAEDA 

w/o 
mask

0.70974 2.2 0.72441 2.42 0.32369 9.68 0.57617 2.94 0.17353 3.04 0.77795 2.98 0.28154 10.72

MVAEDA 0.71519 2.16 0.72968 2.1 0.29811 10.04 0.57012 3.22 0.16144 3.2 0.80979 2.46 0.27169 10.72

Table 5 
Results of ablation experiments.

Metric Algorithm Cis Sor Tem Gem Fu Mean

AUC MVAEDA 0.68945 0.72379 0.70210 0.60491 0.71509 0.68707
MVAEDA w/o mask 0.65745 0.66923 0.70707 0.62458 0.70927 0.67352
Codeae_adv 0.60400 0.55148 0.72817 0.52968 0.63273 0.60921
MVAEDA w/o adv 0.71975 0.66544 0.67229 0.62514 0.67345 0.67122
MVAEDA w/o ortho 0.68765 0.66746 0.70060 0.65501 0.67691 0.67753

AUPRC MVAEDA 0.71989 0.75527 0.71416 0.60987 0.73035 0.70591
MVAEDA w/o mask 0.65781 0.67663 0.70730 0.61872 0.73372 0.67884
Codeae_adv 0.63006 0.61815 0.76191 0.53082 0.66825 0.64184
MVAEDA w/o adv 0.74207 0.67189 0.63986 0.62203 0.68779 0.67273
MVAEDA w/o ortho 0.70036 0.71473 0.69888 0.64970 0.69439 0.69161

F1 MVAEDA 0.47924 0.55155 0.61436 0.17278 0.38334 0.44025
MVAEDA w/o mask 0.46313 0.41957 0.60530 0.20427 0.43419 0.42529
Codeae_adv 0.20971 0.55556 0.65437 0.41284 0.35148 0.43679
MVAEDA w/o adv 0.29055 0.20944 0.22786 0.16337 0.26044 0.23033
MVAEDA w/o ortho 0.49591 0.47616 0.61197 0.22795 0.31271 0.42494

ACC MVAEDA 0.59250 0.63077 0.64217 0.51174 0.61619 0.59867
MVAEDA w/o mask 0.58450 0.57923 0.63826 0.52261 0.62762 0.59044
Codeae_adv 0.53000 0.38462 0.50870 0.52174 0.55238 0.49949
MVAEDA w/o adv 0.57350 0.54000 0.54435 0.51652 0.55238 0.54535
MVAEDA w/o ortho 0.61250 0.61154 0.63522 0.53348 0.58571 0.59569

MCC MVAEDA 0.22814 0.29291 0.29498 0.03906 0.24172 0.21936
MVAEDA w/o mask 0.18215 0.17425 0.28405 0.05885 0.29074 0.19801
Codeae_adv 0.13942 − 0.36116 − 0.00769 0.03033 0.12452 − 0.01491
MVAEDA w/o adv 0.18024 0.08553 0.11311 0.04120 0.10457 0.10493
MVAEDA w/o ortho 0.24971 0.26365 0.27784 0.08795 0.19053 0.21394

Recall MVAEDA 0.46400 0.50462 0.59565 0.17913 0.32600 0.41388
MVAEDA w/o mask 0.43700 0.36615 0.57739 0.18000 0.35800 0.38371
Codeae_adv 0.16000 0.76923 0.93044 0.38261 0.36000 0.52046
MVAEDA w/o adv 0.22400 0.22308 0.23652 0.16522 0.26000 0.22176
MVAEDA w/o ortho 0.41900 0.39231 0.59130 0.17652 0.24400 0.36463

Precision MVAEDA 0.72714 0.74439 0.66958 0.74587 0.81112 0.73962
MVAEDA w/o mask 0.64759 0.66471 0.66224 0.72455 0.80112 0.70004
Codeae_adv 0.85526 0.43478 0.50587 0.48374 0.75585 0.60710
MVAEDA w/o adv 0.85996 0.83575 0.84476 0.81651 0.77731 0.82686
MVAEDA w/o ortho 0.71834 0.74127 0.65638 0.71962 0.82231 0.73159
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domain-invariant features extracted by MVAEDA significantly improved 
the performance of DeepCDR and DeepDSC. The use of our masking 
strategy also enhanced the performance, with average AUC, AUPRC, and 
Precision improving by 0.545 %, 0.527 %, and 3.184 %, respectively, 
compared to MVAEDA without masking. These results demonstrate the 
exceptional capability of MVAEDA in predicting patient responses to 
anticancer drugs in the PDTC dataset.

4.2.3. Ablation Experiment results
To assess the impact of our masking strategy, VAE, adversarial 

training and orthogonal loss, we conducted ablation experiments on the 
TCGA dataset. The results in Table 5 indicate that all these components 
positively contribute to the performance. Removing the masking strat
egy (MVAEDA w/o mask) resulted in a decrease in all average metrics 
compared to the complete model. Specifically, the average AUC 
decreased by 1.355 %, the average AUPRC by 2.707 %, the average F1 
by 1.496 %, the average ACC by 0.823 %, the average MCC by 2.135 %, 

Table 6 
Results of Different Masking Rates.

Metric Parameter Cis Sor Tem Gem Fu Mean

AUC Mask rate ¼ 40 % 0.68945 0.72379 0.70210 0.60491 0.71509 0.68707
Mask rate = 20 % 0.68500 0.72521 0.67898 0.60892 0.71309 0.68224
Mask rate = 30 % 0.68395 0.72024 0.68548 0.60662 0.71891 0.68304
Mask rate = 50 % 0.67493 0.69432 0.70824 0.60129 0.70491 0.67674

AUPRC Mask rate ¼ 40 % 0.71989 0.75527 0.71416 0.60987 0.73035 0.70591
Mask rate = 20 % 0.69775 0.75445 0.68046 0.59627 0.70621 0.68703
Mask rate = 30 % 0.69894 0.75889 0.68293 0.60650 0.72583 0.69462
Mask rate = 50 % 0.69174 0.73118 0.71331 0.59835 0.70127 0.68717

F1 Mask rate ¼ 40 % 0.47924 0.55155 0.61436 0.17278 0.38334 0.44025
Mask rate = 20 % 0.41273 0.51212 0.59345 0.23534 0.36029 0.42279
Mask rate = 30 % 0.41903 0.60498 0.57945 0.20686 0.28417 0.41890
Mask rate = 50 % 0.47302 0.53707 0.60215 0.22897 0.35908 0.44006

ACC Mask rate ¼ 40 % 0.59250 0.63077 0.64217 0.51174 0.61619 0.59867
Mask rate = 20 % 0.57000 0.62692 0.62391 0.52609 0.59905 0.58919
Mask rate = 30 % 0.57450 0.66000 0.62217 0.52174 0.58095 0.59187
Mask rate = 50 % 0.60300 0.62462 0.63435 0.50957 0.59524 0.59336

MCC Mask rate ¼ 40 % 0.22814 0.29291 0.29498 0.03906 0.24172 0.21936
Mask rate = 20 % 0.17761 0.28410 0.25358 0.06024 0.20072 0.19525
Mask rate = 30 % 0.19638 0.34281 0.25689 0.05712 0.17761 0.20616
Mask rate = 50 % 0.23316 0.28106 0.28363 0.03492 0.19222 0.20500

Recall Mask rate ¼ 40 % 0.46400 0.50462 0.59565 0.17913 0.32600 0.41388
Mask rate = 20 % 0.39400 0.43846 0.56174 0.24609 0.30800 0.38966
Mask rate = 30 % 0.38100 0.55077 0.56087 0.19044 0.23800 0.38422
Mask rate = 50 % 0.42700 0.48462 0.58000 0.24174 0.34000 0.41467

Precision Mask rate ¼ 40 % 0.72714 0.74439 0.66958 0.74587 0.81112 0.73962
Mask rate = 20 % 0.72278 0.74248 0.64527 0.69082 0.72494 0.70526
Mask rate = 30 % 0.72821 0.74819 0.66144 0.69948 0.82486 0.73244
Mask rate = 50 % 0.69439 0.72380 0.66806 0.64826 0.79290 0.70548

Table 7 
Experimental Results for Different α Parameters.

Metric Parameter Cis Sor Tem Gem Fu Mean

AUC α ¼ 0.7 0.68945 0.72379 0.70210 0.60491 0.71509 0.68707
α = 0.5 0.66005 0.71752 0.70068 0.60730 0.68564 0.67424
α = 0.6 0.65125 0.72675 0.69051 0.60448 0.71018 0.67663
α = 0.8 0.6838 0.71124 0.70034 0.60739 0.71018 0.68259

AUPRC α ¼ 0.7 0.71989 0.75527 0.71416 0.60987 0.73035 0.70591
α = 0.5 0.67687 0.74137 0.70783 0.60545 0.68098 0.68250
α = 0.6 0.66579 0.73866 0.68518 0.60006 0.72555 0.68305
α = 0.8 0.71491 0.74248 0.70721 0.60808 0.71776 0.69809

F1 α ¼ 0.7 0.47924 0.55155 0.61436 0.17278 0.38334 0.44025
α = 0.5 0.43220 0.54045 0.59369 0.23234 0.29015 0.41777
α = 0.6 0.42773 0.50704 0.54507 0.21903 0.40605 0.42098
α = 0.8 0.48556 0.57061 0.61536 0.13688 0.33873 0.42943

ACC α ¼ 0.7 0.59250 0.63077 0.64217 0.51174 0.61619 0.59867
α = 0.5 0.59000 0.62692 0.63435 0.51391 0.57524 0.58808
α = 0.6 0.57750 0.62077 0.62130 0.51783 0.60095 0.58767
α = 0.8 0.58750 0.64154 0.62087 0.51044 0.57905 0.58788

MCC α ¼ 0.7 0.22814 0.29291 0.29498 0.03906 0.24172 0.21936
α = 0.5 0.21310 0.26800 0.27928 0.04487 0.15371 0.19179
α = 0.6 0.17654 0.27080 0.25574 0.04497 0.23414 0.19644
α = 0.8 0.20282 0.31054 0.25413 0.02966 0.17193 0.19382

Recall α ¼ 0.7 0.46400 0.50462 0.59565 0.17913 0.32600 0.41388
α = 0.5 0.36000 0.50769 0.56522 0.25217 0.25200 0.38742
α = 0.6 0.39500 0.44615 0.52261 0.23044 0.39400 0.39764
α = 0.8 0.46300 0.49231 0.63304 0.10261 0.33400 0.40499

Precision α ¼ 0.7 0.72714 0.74439 0.66958 0.74587 0.81112 0.73962
α = 0.5 0.68307 0.73230 0.67638 0.69527 0.76050 0.70950
α = 0.6 0.68404 0.71728 0.66623 0.63018 0.79636 0.69882
α = 0.8 0.68900 0.73294 0.63442 0.69355 0.78648 0.70728
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the average Precision by 3.958 %, and the average Recall by 3.017 %. 
Replacing the VAE with a standard autoencoder while removing the 
masking strategy (Code-adv) led to further reductions in the average 
AUC, AUPRC, MCC, ACC, and Precision compared to MVAEDA w/o 
mask, with decreases of 6.431 %, 3.7 %, 21.292 %, 9.095 %, and 9.294 
%, respectively. Not using adversarial training (MVAEDA w/o adv), i.e., 
not training with WGAN-GP, caused the average AUC, AUPRC, MCC, 
ACC, and Recall to decrease by 1.585 %, 6.407 %, 11.443 %, 5.332 %, 
and 19.212 %, respectively. Compared to the full model, not using 

orthogonal loss (MVAEDA w/o ortho) resulted in declines across all 
average metrics, with the average AUC, AUPRC, F1, MCC, ACC, Recall, 
and Precision decreasing by 0.954 %, 1.43 %, 1.531 %, 0.542 %, 0.298 
%, 4.952 %, and 0.803 %, respectively. These results highlight the 
effectiveness of the masking strategy, VAE, adversarial training, and 
orthogonal loss in MVAEDA.

4.2.4. Parameter analysis
We conducted a parameter analysis on the model’s masking rate, 

Table 8 
Experimental Results for Different λ Parameters.

Metric Parameter Cis Sor Tem Gem Fu Mean

AUC λ ¼ 0.75 0.68945 0.72379 0.70210 0.60491 0.71509 0.68707
λ = 0.65 0.68945 0.71260 0.70098 0.60979 0.70400 0.68337
λ = 0.70 0.66115 0.71065 0.70106 0.60000 0.72127 0.67883
λ = 0.8 0.68640 0.72379 0.69565 0.61021 0.69982 0.68317

AUPRC λ ¼ 0.75 0.71989 0.75527 0.71416 0.60987 0.73035 0.70591
λ = 0.65 0.69264 0.73256 0.69904 0.59351 0.72690 0.68893
λ = 0.70 0.67213 0.75777 0.70407 0.59296 0.72263 0.68991
λ = 0.8 0.70010 0.75562 0.71324 0.61172 0.69049 0.69423

F1 λ ¼ 0.75 0.47924 0.55155 0.61436 0.17278 0.38334 0.44025
λ = 0.65 0.46369 0.46537 0.56997 0.23530 0.28163 0.40319
λ = 0.70 0.39162 0.56102 0.63216 0.16534 0.30707 0.41144
λ = 0.8 0.41710 0.52762 0.61090 0.25949 0.33259 0.42954

ACC λ ¼ 0.75 0.59250 0.63077 0.64217 0.51174 0.61619 0.59867
λ = 0.65 0.60600 0.60000 0.62391 0.52087 0.58095 0.58635
λ = 0.70 0.57100 0.63769 0.64522 0.51087 0.57905 0.58877
λ = 0.8 0.59100 0.62308 0.63609 0.52957 0.58571 0.59309

MCC λ ¼ 0.75 0.22814 0.29291 0.29498 0.03906 0.24172 0.21936
λ = 0.65 0.23562 0.23066 0.26276 0.04724 0.17235 0.18973
λ = 0.70 0.17148 0.29624 0.29953 0.02716 0.18789 0.19646
λ = 0.8 0.22584 0.26617 0.28529 0.06781 0.18170 0.20536

Recall λ ¼ 0.75 0.46400 0.50462 0.59565 0.17913 0.32600 0.41388
λ = 0.65 0.41200 0.40923 0.55304 0.24435 0.23200 0.37012
λ = 0.70 0.34600 0.51538 0.63130 0.17043 0.27200 0.38702
λ = 0.8 0.33300 0.48154 0.59304 0.25304 0.29600 0.39133

Precision λ ¼ 0.75 0.72714 0.74439 0.66958 0.74587 0.81112 0.73962
λ = 0.65 0.69611 0.70967 0.67320 0.61587 0.83953 0.70688
λ = 0.70 0.68226 0.73772 0.66328 0.70368 0.82436 0.72226
λ = 0.8 0.74579 0.72337 0.66282 0.69656 0.78605 0.72292

Table 9 
Experimental Results for Different Learning Rates.

Metric Lr Cis Sor Tem Gem Fu Mean

AUC 0.001,0.001 0.68945 0.72379 0.70210 0.60491 0.71509 0.68707
0.001,0.0001 0.69955 0.63207 0.66824 0.64760 0.70600 0.67069
0.0001,0.001 0.71260 0.67030 0.69543 0.60410 0.69182 0.67485
0.0001,0.0001 0.65355 0.58651 0.68318 0.61898 0.68236 0.64492

AUPRC 0.001,0.001 0.71989 0.75527 0.71416 0.60987 0.73035 0.70591
0.001,0.0001 0.70599 0.64443 0.65682 0.63108 0.70800 0.66926
0.0001,0.001 0.72601 0.67776 0.69473 0.62028 0.71346 0.68645
0.0001,0.0001 0.67018 0.62215 0.67806 0.59238 0.68787 0.65013

F1 0.001,0.001 0.47924 0.55155 0.61436 0.17278 0.38334 0.44025
0.001,0.0001 0.29184 0.23960 0.35431 0.22623 0.27565 0.27753
0.0001,0.001 0.57188 0.43488 0.60112 0.23014 0.27277 0.42216
0.0001,0.0001 0.37040 0.30783 0.49326 0.17507 0.23571 0.31646

ACC 0.001,0.001 0.59250 0.63077 0.64217 0.51174 0.61619 0.59867
0.001,0.0001 0.56300 0.51462 0.56609 0.52870 0.56667 0.54781
0.0001,0.001 0.63650 0.59462 0.63739 0.52696 0.57714 0.59452
0.0001,0.0001 0.57250 0.53308 0.60478 0.51174 0.55810 0.55604

MCC 0.001,0.001 0.22814 0.29291 0.29498 0.03906 0.24172 0.21936
0.001,0.0001 0.13358 0.03524 0.14494 0.07690 0.13591 0.10531
0.0001,0.001 0.30108 0.22377 0.28267 0.08754 0.16181 0.21138
0.0001,0.0001 0.18258 0.08130 0.22832 0.01512 0.10948 0.12336

Recall 0.001,0.001 0.46400 0.50462 0.59565 0.17913 0.32600 0.41388
0.001,0.0001 0.26300 0.30000 0.33652 0.24261 0.28400 0.28523
0.0001,0.001 0.55300 0.36923 0.58696 0.20870 0.25800 0.39518
0.0001,0.0001 0.32100 0.26615 0.44000 0.14783 0.21200 0.27740

Precision 0.001,0.001 0.72714 0.74439 0.66958 0.74587 0.81112 0.73962
0.001,0.0001 0.78529 0.79538 0.75173 0.74499 0.81499 0.77848
0.0001,0.001 0.71546 0.72707 0.66364 0.74835 0.81981 0.73486
0.0001,0.0001 0.75445 0.65060 0.67531 0.63791 0.77086 0.69783
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parameters α and λ in the loss function calculation, as well as the 
learning rate, to investigate the impact of different parameters on the 
model’s performance. These analyses were all performed on the TCGA 
dataset. Table 6 shows that a low masking rate may fail to effectively 
learn complex features and contextual relationships, while a high 
masking rate may result in insufficient information in the input, making 
it difficult for the model to capture contextual information or recon
struct the complete content, thereby reducing the model’s performance. 

Based on this analysis, we set the masking rate to 40 %. Table 7 indicates 
that overly emphasizing either predicting masked positions or recon
struction may decrease the model’s performance. When α = 0.7, the 
highest values across all average metrics are achieved. Therefore, we set 
α = 0.7. Table 8 indicates that lower or higher weights lead to a decline 
in model performance. Lower weights may result in insufficient learning 
signals for masked samples, preventing the model from fully utilizing the 
information of the masked samples. Higher weights, on the other hand, 

Fig. 3. UMAP visualization results. (1) represents the distribution of the original data; (2) represents the distribution of domain-invariant features learned by 
MVAEDA. (3–6) represent the initial features and learned embedding features of the drug’s cell line data, the initial features and learned embedding features of the 
drug’s patient data.

W. Dai et al.                                                                                                                                                                                                                                     Methods 238 (2025) 61–73 

71 



may cause the model to overly focus on the masked samples, leading to a 
deviation from the overall data distribution. Therefore, we set λ = 0.75. 
In Table 9, the “Lr” column contains two numbers: the first represents 
the learning rate during non-adversarial training, and the second rep
resents the learning rate during adversarial training. The results show 
that when the learning rates are set to (0.001, 0.001), the average AUC, 
AUPRC, F1, MCC, ACC, and Precision achieve their highest values, while 
Recall achieves the second-highest value. Therefore, we set the learning 
rates to (0.001, 0.001).

4.2.5. UMAP visualization
We employed UMAP tool to visualize and cluster drugs and cell-lines 

based on embeddings generated by MVAEDA. For each drug in TCGA 
dataset, we map both cell lines and patients based on their initial and 
domain-invariant feature learned by MVAEDA. For each drug, Fig. 3 (1) 
illustrates the distribution of the original data, with green dots repre
senting CCLE samples and orange dots representing TCGA samples. The 
clear separation between these points highlights the distribution dif
ferences between the two domains in their original feature space. Fig. 3
(2) displays the domain-invariant features of cell lines and patient 
samples generated by our model, demonstrating significant overlap 
between the two domains. This indicates that the generated embeddings 
effectively reduced the distribution differences between the two do
mains. Furthermore, we used k-means clustering to group the cell lines 
or patients based on their original or domain-invariant features. Fig. 3
(3–6) shows how cell lines or patients can be divided into two groups, 
representing sensitivity and resistance to drugs, based on their original 
or domain-invariant features. We also calculated clustering evaluation 
metrics, including the Silhouette Coefficient (SC), Davies-Bouldin Index 
(DBI), and Normalized Mutual Information (NMI). Table 10 demon
strates that the embedded features effectively grouped the cell line data 
and patient data into two clusters, achieving both compactness within 
clusters and separability between them. This suggests the domain- 
invariant features’ ability to distinguish between sensitive and resis
tant group to a certain extent. Overall, the results indicate that the model 
possesses discrimination capability. However, the performance may be 
limited by the lack of joint training between the classifier and feature 
extractor.

5. Conclusion

This work introduces MVAEDA, a novel method for predicting anti- 
cancer drug response in patients based on masked variational autoen
coders. Unlike traditional transfer learning methods, MVAEDA employs 
variational autoencoders (VAEs) and a mask strategy with a mask pre
dictor to learn domain-invariant latent representations. We evaluate it 
on a selected dataset from the clinical TCGA dataset and the preclinical 
PDTC dataset. For most drugs, its AUC, AUPRC, MCC, ACC and Precision 
values are higher than other existing methods. In addition, we input the 
features extracted by our method into DeepDCR and DeepDSC, which 
can effectively improve the performance of the model, indicating the 

effectiveness of our feature extraction. Finally, we show through abla
tion experiments that our mask strategy and the use of variational 
autoencoder (VAE) help improve model performance. However, our 
model still needs to be improved. The features of drugs can effectively 
distinguish different drugs. The fusion of drug features may better 
represent the patient’s response to different drugs, and a good down
stream task design can effectively improve the performance of the 
model. Therefore, in the future, we will consider improving the model 
by reasonably adding drug features and designing good downstream 
tasks.
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