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Abstract

The rapidly emerging large-scale data in diverse biological research fields present valuable opportunities to explore the underlying
mechanisms of tissue development and disease progression. However, few existing methods can simultaneously capture common and
condition-specific association between different types of features across different biological conditions, such as cancer types or cell
populations. Therefore, we developed the sparse tensor-based partial least squares (sTPLS) method, which integrates multiple pairs
of datasets containing two types of features but derived from different biological conditions. We demonstrated the effectiveness and
versatility of sTPLS through simulation study and three biological applications. By integrating the pairwise pharmacogenomic data,
sTPLS identified 11 gene-drug comodules with high biological functional relevance specific for seven cancer types and two comodules
that shared across multi-type cancers, such as breast, ovarian, and colorectal cancers. When applied to single-cell data, it uncovered
nine gene-peak comodules representing transcriptional regulatory relationships specific for five cell types and three comodules shared
across similar cell types, such as intermediate and naïve B cells. Furthermore, sTPLS can be directly applied to tensor-structured
data, successfully revealing shared and distinct cell communication patterns mediated by the MK signaling pathway in coronavirus
disease 2019 patients and healthy controls. These results highlight the effectiveness of sTPLS in identifying biologically meaningful
relationships across diverse conditions, making it useful for multi-omics integrative analysis.
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Introduction
A large amount of omics data have been generated in diverse bio-
logical research fields, which provides valuable opportunities for
investigating the underlying mechanisms of tissue development
or disease progression. For example, the encyclopedia of DNA
elements (ENCODE) project [1] provided ChIP-seq and DNase-
seq data to identify functional elements in human genome; The
Cancer Genome Atlas (TCGA) [2] generated genomic, epigenomic,
transcriptomic, and proteomic data for 33 types of cancer, to
systematically explore the molecular basis of human cancers.
Besides, to accelerate anti-cancer drug development, drug screen-
ing experiments on cancer cell lines were performed and gener-
ated large-scale pharmacogenomic datasets, such as NCI-60 [3],
Genomics of Drug Sensitivity in Cancer (GDSC) [4], and Cancer
Cell Line Encyclopedia (CCLE) [5], to discover the links of cellular
features to small molecule sensitivity. Recently, the rapid develop-
ment of single-cell sequencing technology makes various modal-
ities available, such as RNA transcription, chromatin accessibility,
surface protein expression, and spatial information, which create
chances for uncovering tissue cellular heterogeneity from single-
cell resolution.

The increasing availability of multi-type data have motivated
the development of computational methods for integrative anal-
ysis, to investigate the complex regulatory machinery governing

cellular function and signaling. Matrix factorization technique is
a powerful tool to integrate high-dimensional omics data, thus
Zhang et al. proposed jNMF [6] and SNMNMF [7] methods to inte-
grate DNA methylation, gene expression, and microRNA expres-
sion data from ovarian cancer in TCGA, and identify multi-type
molecular combinatorial patterns in the same set of samples.
To integrate multi-omics data and drug response data, various
computational methods have been developed, ranging from linear
regression models to more complex deep neural networks [4, 8–
12]. For example, based on the novel DeepInsight methodology
[13], DeepInsight-3D [12] integrates multi-omics data by convert-
ing them to images with common pixel locations and then applies
a convolutional neural network (CNN) model to these images
to predict cancer drug response. To identify biomarkers linked
to drug resistance or sensitivity, Garnett et al. [4] employed an
elastic net regression model on the GDSC dataset and uncovered
genomic predictors for each drug independently. Furthermore, to
capture complex multi-to-multi gene-drug associations, methods
such as SNPLS [8] and HOGMMNC methods [9] were developed
to identify biologically relevant gene-drug comodules. However,
previous studies have rarely investigated the commonality and
specificity of gene-drug associations across different cancer types,
which provides opportunities to repurpose existing drugs across
cancer types and advance the development of cancer therapies.

http://orcid.org/0000-0002-7279-4175
http://orcid.org/0000-0002-2558-2911

 16 16387 a 16 16387 a
 
mailto:chjy@bjut.edu.cn
mailto:chjy@bjut.edu.cn
mailto:chjy@bjut.edu.cn

 16 17439
a 16 17439 a
 
mailto:minwenwen@ynu.edu.cn
mailto:minwenwen@ynu.edu.cn
mailto:minwenwen@ynu.edu.cn


2 | Chen and Min

More recently, several advanced methods have been proposed
for the integrative analysis of single-cell omics data [14–23]. For
instance, Seurat, a widely used tool for single-cell data analysis,
provides both an unsupervised framework—”weighted-nearest
neighbor analysis” [15] for cell clustering by integrating multiple
single-cell modalities, and a supervised framework—”bridge inte-
gration” [21], to identify cell types by mapping query datasets to
annotated references. Deep learning-based approaches have also
been proposed. scBERT [16] leverages transformer architectures
for cell type annotation of scRNA-seq data. scDeepInsight [23],
as a supervised cell type identification method, firstly converts
scRNA-seq data into images, then trains a CNN model using
the reference scRNA-seq dataset and finally applies to query
dataset for cell clustering and annotation. Coupled nonnega-
tive matrix factorization method [18] and scAI [19] performed
cell clustering by jointly analyzing single-cell RNA-sequencing
(scRNA-seq) and single-cell ATAC-sequencing (scATAC-seq) data.
MOFA+ [20] facilitates the integration and interpretation of single-
cell data from complex multi-group and multi-modal experimen-
tal designs. Collectively, these studies introduce novel computa-
tional frameworks for clustering cells and identifying cell cluster-
specific genomic signatures.

Currently developed methods mainly focus on discovering fea-
tures that exhibit either coherent or specific patterns across a
subset of samples. However, the identification of common pat-
tern across different biological conditions, such as various types
of species, tissues, tumors, or cells, also urgently need to be
addressed, since it contributes to proper transfer of our knowledge
about molecular mechanisms among various biological condi-
tions. Therefore, novel computational methods were developed
for this purpose. For example, Gan et al. [24] developed a tri-
clustering approach TriPCE to identify coherent patterns of epi-
genetic modifications across seven cancer types. Liu et al. [25]
proposed a heterogeneous graph neural network model, CAME,
to perform cross-species comparative analysis of scRNA-seq data
and extract homologous gene modules between species. Further-
more, Zhang and Zhang [26] designed a flexible matrix factor-
ization framework CSMF to simultaneously reveal common and
specific patterns from data of multiple interrelated biological
scenarios, such as transcriptional profiles of various cancer types
or developmental stages. Nevertheless, these methods identify
common or specific pattern by integrating data only for one
type of molecular features. Little has been done to decipher the
commonality and specificity of relationships between different
molecular layers across various biological conditions, which is
helpful to deepen our understanding for the underlying molecular
regulatory mechanisms in biological system, and further promote
drug discovery and disease treatment.

To this end, we developed the sparse tensor-based partial least
squares (sTPLS) method to simultaneously identify common and
condition-specific correlated patterns between two feature types
across multiple biological conditions. We defined these identified
condition-related correlated features as comodules, each com-
prising three types of members: two types of features and bio-
logical conditions. Within a given comodule, the selected feature
members exhibit significantly higher correlations and stronger
biological associations under the identified conditions compared
to others. These comodules reveal the underlying molecular rela-
tionships across diverse biological conditions. In this study, we
demonstrated the effectiveness and flexibility of sTPLS by per-
forming extensive analysis through simulation study and three
real-world biological applications. Specifically, we benchmarked
sTPLS against other methods using simulated datasets and clearly

showed that sTPLS outperformed others in uncovering corre-
lated features across multiple conditions. Next, we applied sTPLS
to pairwise gene expression and drug response data across 10
types of cancer cell lines and identified 13 gene-drug comod-
ules, including two comodules shared across multiple cancer
types and 11 cancer-specific comodules. These findings provided
insights into the common and specific cooperative relationships
between genes and drugs across different cancer types, high-
lighting the potential for repurposing drug treatment strategies
across cancers. Furthermore, we applied sTPLS to co-assayed
scRNA-seq and scATAC-seq data with cell annotations covering
nine types of peripheral blood mononuclear cells, and identified
three gene-peak comodules shared by multiple cell types and
nine cell type-specific comodules, which revealed the underly-
ing common and specific transcriptional regulatory relationships
between genes and regulatory elements in peak regions across
diverse cell types. In addition to applications for paired data from
various conditions, we also demonstrated sTPLS is applicable to
tensor-type data explicitly. We applied sTPLS to tensor data repre-
senting cell–cell communication probability at the level of signal-
ing pathways by using CellChat [27] on scRNA-seq data from air-
way samples including healthy controls, coronavirus disease 2019
(COVID-19) moderate and critical patients. The identified comod-
ules facilitated our understanding for the commonality and speci-
ficity of cell communication for COVID-19 patients and healthy
cases. Overall, sTPLS is an effective and flexible tool to explore
the common and specific associations between genomic signa-
tures by integrating pairwise omics data from different biological
conditions.

Materials and methods
Datasets
In this study, we applied sTPLS to three datasets: (i) GDSC dataset,
including paired gene expression and drug response data (i.e.
LnIC50 measuring drug sensitivity) for 10 types of cancer cell
lines from the GDSC project [4]; (ii) PBMC dataset, including co-
assayed scRNA-seq and scATAC-seq data for nine types of human
peripheral blood mononuclear cells (PBMC) [28]; and (iii) COVID-
19 dataset, including cell–cell communication probability data
for healthy, COVID-19 moderate, and critical patients obtained by
applying CellChat tool [27] to scRNA-seq data of airway samples
[29]. Note that for GDSC and PBMC datasets, we utilized paired
data to construct input tensor, in which tensor entries represented
the correlation between two types of features. But for COVID-19
dataset, we directly applied sTPLS to the tensor data obtained
by other computational tools. More details could be found in
Supplementary materials.

Methods
Sparse PLS
Given two data matrices X ∈ R

n×p and Y ∈ R
n×q from the same

set of n samples, the standard partial least squares (PLS) method
models the relations between two sets of features in X and Y by
maximizing the covariance of two latent vectors t1 and t2:

max
u,v

cov(t1, t2) = cov(Xu, Yv)

s.t. ‖u‖2 = ‖v‖2 = 1.
(1)

where u ∈ Rp×1 and v ∈ Rq×1 are weight vectors, t1 = Xu and
t2 = Yv are the latent vectors for X and Y, respectively. The
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purpose of PLS is to identify a set of latent vectors t1 and t2 that
maximize the covariance between X and Y. If each column in X
and Y are standardized to have zero mean and unit variance, Eq.
(1) is equivalent to

max
u,v

uTXTYv

s.t. ‖u‖2 = ‖v‖2 = 1.
(2)

To perform variable selection, sparse PLS methods (sPLS) were
developed [30, 31] as follows:

max
u,v

uTXTYv

s.t. ‖u‖1 ≤ cu, ‖v‖1 ≤ cv,

‖u‖2 = ‖v‖2 = 1.

(3)

where cu and cv are hyper-parameters used for controlling the
sparsity of u and v. The sPLS methods have also extended for
multi-omics data analyses. For example, Le Cao et al. [32] applied
it to the integrative analysis of gene expression and metabolites
in wine yeast, successfully identifying biologically meaningful
genes. More recently, Guan et al. [33] utilized it for gene selection in
the inference of gene regulatory networks from bulk or single-cell
expression data.

Sparse tensor PLS
In this study, we aimed at developing a computational method
for simultaneously learning common and specific correlated pat-
terns between two types of features from multiple biological
conditions (Fig. 1). Here we took GDSC dataset as an example
to illustrate our method. Let Xi ∈ R

ni×p be a matrix with ni

cell lines and p drugs and Yi ∈ R
ni×q with ni cell lines and q

genes from the ith cancer type (i = 1, · · · , M). Columns of Xi

and Yi are normalized with zero-mean and unit-variance. The
classical sPLS method models the relationships between each
pair of Xi and Yi and could select features that exhibit high
correlations across the ni cell lines, represented in the rows of
Xi and Yi. However, we aimed at integrating multiple pairs of
Xi and Yi from different cancer types and identifying correlated
features shared across multi-type cancers and specific to a single
cancer type. To achieve this, we introduced a weighted vector
w to summarize the objective functions for the M pairs of Xi

and Yi. The entry wi in w quantifies the importance of the ith
cancer type in modeling the total covariance by simultaneously
projecting M pairs of Xi and Yi onto the same space via u and v.
If wi was used directly as the weight value, the optimal solution
of w would contain a single entry equal to one with all others
remaining zero, thereby preventing the identification of corre-
lated features shared across multiple cancer types. To address this
issue, we replaced wi with wα

i and proposed the following objective
function:

max
u,v,w

M∑
i=1

(wi)
α(uTXiTYiv)

s.t. ‖u‖2 = 1, ‖v‖2 = 1, ‖u‖1 ≤ cu, ‖v‖1 ≤ cv,

M∑
i=1

wi = 1, wi ≥ 0

(4)

where w = (w1, w2, · · · , wM)T is a nonnegative normalized weight
vector to balance the significance of different conditions and
scalar α controls the smoothness of wi.

By leveraging tensor operation rules, the objective function
(Equation 4) can be naturally reformulated into a tensor-based

equation. Let wi := (wi)
α and Ai = XiTYi be the ith slice of tensor

A, then Eq.(4) is equivalent to the following tensor model, which
is called sTPLS method:

min
u,v,w

f (u, v, w) = −A×̄1u×̄2v×̄3w

s.t. ‖u‖2 = 1, ‖v‖2 = 1, ‖u‖1 ≤ cu, ‖v‖1 ≤ cv,

M∑
i=1

wβ

i = 1, wi ≥ 0

(5)

where A×̄iz (i = 1, 2, 3) denotes the i-mode product of tensor
A and column vector z; hyper-parameters cu, cv, and β are pre-
defined and control the sparsity of weight vectors u, v, and
w, respectively. For cu and cv, too large values result in weak
sparsity constraints on the variables u and v, reducing their
effectiveness in feature selection; overly small values cause
u and v to become zero vectors. Regarding parameter β, too
large values result in nearly identical elements in the weight
vector w, hindering the identification of conditions for which
features exhibit highly correlated patterns specifically. When β

approaches one, almost all entries in w shrink to zero, except
for a single entry close to one, preventing the identification
of associations shared across multiple conditions. Notably, the
appropriate ranges of these parameters also depend on data
scales. In this study, we applied a grid search to identify the
optimal parameters that maximized the modularity scores of the
identified comodules (Supplementary materials, Supplementary
Figs S1–S3). Additionally, we evaluated the robustness of
these parameters to ensure their stability (Supplementary
Figs S4–S5).

Recently several tensor-based and high-order PLS models were
proposed for multi-omics data analysis [10, 22, 34–37]. For exam-
ple, Su et al. [36] predicted gene expression based on histone
modifications, by using the high-order PLS regression method
where the input was a tensor summarizing histone modification
signals and the output was a vector representing gene expression
level. These models extend PLS by generalizing its input from
matrices to tensors.

Different from sPLS and high-order PLS regression methods,
sTPLS has the following characteristics:

• Integration of multiple conditions: unlike sPLS, which typ-
ically analyzes a single pair of datasets, X and Y, sTPLS
integrates multiple dataset pairs (Xi and Yi), i = 1, · · · , M,
enabling the simultaneous analysis of data from different
biological conditions. Each pair (Xi and Yi) shares the same
rows, corresponding to identical samples; different Xi and
Xj (or Yi and Yj) maintain the same columns but differ in
rows, representing the same features measured across dis-
tinct groups of samples.

• Identification of shared and condition-specific correlated fea-
tures: sTPLS identifies features that exhibit high correlations
both across multiple conditions and specific to a single con-
dition, whereas sPLS and high-order PLS identifies correlated
features across all samples.

• Tensor-based reformulation for computational efficiency: by
leveraging tensor operation rules, sTPLS efficiently integrates
multi-condition data within a tensor-based framework,
reducing computational complexity compared to analyzing
datasets from each condition separately with sPLS.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
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Figure 1. Overview of the sTPLS method for identifying common and specific comodules by integrating pairwise data (Xi and Yi, i = 1, · · · , M) derived from
diverse biological conditions, such as different types of tissues, cancers and cells. The ith slice of tensor A is computed using Xi and Yi, representing
correlations between p and q features under the ith condition. When applying sTPLS to tensor A, highly correlated features under one or multiple
conditions are determined by weight variables u, v, w of sTPLS, respectively named as specific or common comodules. The next comodule is identified
by applying sTPLS to updated tensor that removing the signal of identified comodules from A. Identified common and specific comodules facilitate the
exploration of shared and specific regulatory relationships across different biological conditions.

sTPLS algorithm
We utilized an alternating optimization strategy to solve Eq. (5).
In the algorithm, the solution of subproblem Eq. (6) is given by

ui = max(0, zi − η)∑
i (max(0, zi − η))2

, i = 1, · · · , p

where zi and ui are the ith element of zu and u, respectively. Then,
the optimal solution u∗ = u � sign(zu). Here η can be obtained by
solving the following equation via bisection method:

f (η) =
∑

i max(0, zi − η)∑
i (max(0, zi − η))2

= cu.

More details were provided in Supplementary materials.

Determination of comodules
The weight vectors w, u, and v guide us to determine comodule
members. The main idea is to select features with relatively
large absolute values of weights as the members. Specifically,

for GDSC dataset, we chose highly correlated genes and drugs
corresponding to the entries with large magnitudes in u and v.
We computed the z-scores of u, v, and w as following: x∗

i = (xi −
x)/Sx, i = 1, · · · , n, where x = 1

n

∑n
i=1 |xi|, S2

x = 1
n

∑n
i=1 (|xi| − x)2

for vector x ∈ R
n. After computing w∗, u∗, and v∗, we selected

the drug i, gene j, and cancer type k as comodule members if u∗
i ,

v∗
j , and w∗

k are larger than a given threshold T. Large T results
in a few selected features (even no features), whereas small T
leads to excessively large comodules, incorporating redundant
information. To balance feature selection and biological inter-
pretability, we experimented with a range of values to retain
key features that exhibit coherent correlated patterns across the
selected biological conditions, while covering more features and
minimizing the overlap between different comodules. We set T =
3.5 for selecting genes and drugs and T = 1 for cancer types.
For COVID-19 dataset, similar procedure was adopted to select
comodule members including cell types for sending and receiving
cell–cell communication signal as well as signaling pathways (T =
1.5). For PBMC dataset, we set T = 1 for selecting cell types by
using weight vector w. Since the selected highly correlated genes
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Algorithm for sTPLS

Input: Normalized Xi ∈ R
ni×p and Yi ∈ R

ni×q for i = 1, · · · , M;
Parameters K, cu, cv, and β.

Output: U ∈ R
p×K, V ∈ R

q×K, and W ∈ R
M×K.

(1) Compute Ai = XiTYi, ∼ i = 1, · · · , M.
for k in 1, . . . , K do

(2) Initialize w = 1, u, v using the principal left and right
singular vectors of

∑M
i=1 Ai and set t = 0.

repeat
(3.1) Compute matrix C = ∑M

i=1 wiAi.
(3.2) Let zu = Cv and compute ut+1 by solving the following

problem:

min
u

− uTzu

s.t. ‖u‖2 = 1, ‖u‖1 ≤ cu.
(6)

(3.3) Let zv = CTu and compute vt+1 by solving the
following problem:

min
v

− vTzv

s.t. ‖v‖2 = 1, ‖v‖1 ≤ cv.
(7)

(3.4) Let zw = (
uTA1v, · · · , uTAMv

)T and compute wt+1 by

wi = max
(

0,
zi

1/(β−1)

( ∑M
i=1 zi

β/(β−1)
)1/β

)

where zi is the ith element of zw.
(3.5) Compute Objt+1 = −A×̄1u×̄2v×̄3w = −wTzw and set

t = t + 1.
until convergence: |Objt+1 − Objt| < 10−4

(4) Set the kth columns of U, V, and W as Uk = u, Vk = v,
and Wk = w. Selecting variables with relatively large absolute
weight values in u, v and w as the ith comodule members.
Details can be found in the Determination of comodules section.

(5) Update tensor A := A − d · u ◦ v ◦ w, where d =
A×̄1u×̄2v×̄3w and ◦ represents outer product.
end for

and peaks could have coherent high or low expression level and
accessibility degree, and we preferred identifying cell-type related
genes and peaks as comodule members, thus we divided genes or
peaks into two groups based on the signs of weight vectors u and v,
respectively selected top 100 features with the largest magnitude
of positive or negative weights and then kept the group of high-
expressed genes and highly accessible peaks in selected cell types.

Determining the optimal number of selected comodules (K)
remains an open question, since it is equivalent to determining
the rank of a tensor, which is an NP-hard problem. We introduced
a strategy by using the Bayesian information criterion (BIC) and
selected the elbow point in the K-BIC curves (see Supplementary
materials). We set K = 13 for the GDSC dataset, K = 12
for the PBMC dataset, and K = 20 for the COVID-19 dataset
(Supplementary Fig. S6).

Modularity score
For a given comodule with three types of members represented by
sets I, J, K, its modularity score is defined as

Modularity = 1
|I||J||K|

∑
i∈I,j∈J,k∈K

|Cijk|

where Cijk is Pearson correlation coefficient (PCC) between comod-
ule members i and j under the biological condition k. Thus,
high modularity score indicates strong correlation relationships
among comodule members.

Network construction
When applying to PBMC dataset, to analyze the transcriptional
regulatory relationships indicated by identified comodules, we
selected gene-peak pairs in the comodule whose distances were
<1 Mb. We performed the overrepresented motifs/transcription
factors (TFs) discovery analysis using Signac [28]. Then we col-
lected the blood specific TF-target gene interactions derived from
the hTFtarget database [38] to decipher the underlying regulatory
relationships between genes and peaks via the overrepresented
TFs. To demonstrate the above relationships, we constructed a
network where the vertices contained genes, peaks, and TFs bind-
ing the overrepresented motifs; the edges included gene–gene
interactions from the STRING database [39], TF-target gene inter-
actions, peak-TF links, and gene-peak links.

Results
Simulation study
We evaluated the performance of sTPLS and compared it with
other methods by applying to simulated data. We constructed four
pairs of datasets, Xi and Yi, embedding four groups of correlated
features that were either shared across multiple conditions
or specific to a single condition, referred to as comodules
(Supplementary materials). We respectively generated simulated
datasets with strong and weak correlations among comodule
members to validate methods efficacy (Supplementary Figs 7A
and 8A). We applied four methods to the simulated data to eval-
uate their performance in identifying these embedded correlated
features. Mathematically, sTPLS is derived from sPLS and has close
connections with tensor decomposition. Therefore, we compared
it against the tensor canonical polyadic decomposition method
(TD) and sPLS. To demonstrate the benefits of integrating data
from different conditions for identifying correlated features, we
also applied sPLS to each pair of matrices, Xk and Yk, from the
kth condition, denoted as sPLS_ik (k = 1, 2, 3, 4). Furthermore, we
included MOFA+, a recently developed tool that could integrate
multi-modal single-cell data by multi-omics factor analysis.
MOFA+ generates low-dimensional representations for cells from
multiple groups and features from different modalities in the
same space. We applied MOFA+ using two different settings:
(i) treating all samples from different conditions as a single group
(denoted as MOFA+) and (ii) using the multi-group framework
by assigning samples to different groups based on condition
information (denoted as MOFA+/group). Since the true comodule
members were known, we evaluated the performance of each
method using the area under receiver operating characteristic
curves (AUC) and recovery score (see Supplementary materials).
Each method was applied to 100 simulated datasets, and the
average AUCs and recovery scores were computed (Fig. 2). The
results clearly demonstrated that sTPLS consistently outper-
formed other methods, regardless of whether the correlation
signals among comodule members were strong (Fig. 2A,
Supplementary Fig. S7) or weak (Fig. 2B, Supplementary Fig. S8).
This highlights the advantage of sTPLS in capturing shared and
condition-specific correlated patterns across different biological
conditions.
sTPLS inherits the advantages of sPLS, which explicitly mod-
els the covariance between two types of features by identifying

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data


6 | Chen and Min

Figure 2. Performance comparison of different methods in identifying the
embedded comodules in two simulation scenarios: (A) strong correlations
and (B) weak correlations among comodule members. For each scenario,
the average AUC and recovery scores for 100 realizations of the simulated
data were presented. MOFA+/group: utilizes the multi-group framework
by assigning samples to different groups based on conditions; MOFA+:
treat all the samples from different conditions as one group; sPLS: sparse
partial least squares; sPLS_i1,..., sPLS_i4: apply sPLS to each pair of
matrices from the k-th condition (k = 1, 2, 3, 4); TD: tensor canonical
polyadic decomposition.

optimal projection directions (i.e. weight vectors u and v). The
sparsity constraints help selectively retain highly correlated fea-
tures. However, unlike sPLS integrating one pair of datasets, sTPLS
integrates multiple pairs of datasets from multiple conditions and
incorporates a weighting mechanism that enhance the identifica-
tion of comodules exhibiting coherent correlated patterns across
conditions. When highly correlated features exist, particularly
those shared across multiple conditions, sTPLS effectively cap-
tures these patterns by leveraging the underlying shared structure
among features.

sTPLS reveals cancer-specific and common
cooperative relationships between genes and
drugs for different types of cancers
When applying to GDSC dataset, we identified 13 comodules,
which included 184 genes and 7 drugs on average. For 11 comod-
ules, the gene and drug members demonstrated highly corre-
lated patterns specifically for one cancer type; for the other
two comodules, they shared the common pattern across multi-
ple cancer types (Supplementary Table S1 and Supplementary
Fig. S9). When compared with randomly generated comodules
with the same number of members, the identified comodules
demonstrated significantly higher degree of correlation between
genes and drugs (Supplementary Fig. S10). Moreover, the comod-
ules revealed distinct biological relevance. For all the comod-
ules, the gene members were significantly enriched in multiple
cancer-related biological processes or pathways (Supplementary
Table S2), for example, genes in comodule 4 were enriched in

Figure 3. Performance comparison of different methods on the GDSC
dataset. (A) Pearson’s correlations between genes and drugs for 13 identi-
fied comodules. (B) Number of biological interactions between comodule
genes and drug targets based on the STRING network.

cell junction related functions, which played important role in
cancer metastasis. Meanwhile, drug members tended to target
the same or related pathways (Supplementary Table S3), e.g. five
out of six drugs in comodule 4 targeted PI3K/MTOR signaling
pathway. In addition, we compared the performance of sTPLS
with sPLS, tensor decomposition, and MOFA+ methods on the
GDSC dataset (Fig. 3, Supplementary materials). Since no golden
standard exists for comodule members in real biological datasets,
we instead calculated the average Pearson’s correlation between
identified genes and drugs for each comodule, and assessed their
biological associations by quantifying the number of biological
links between genes and drug targets based on the STRING net-
work [39]. It demonstrated that the gene-drug pairs in comodules
identified by sTPLS exhibited higher correlation and stronger
biological associations compared to those identified by other
methods.

We identified 11 gene-drug comodules, which demonstrated
significantly correlated patterns and biological relevance between
genes and drugs specifically for certain cancer type, including
BRCA, COREAD, GBM, HNSC, KIRC, OV, and SCLC (Supplementary
Table S1). For example, in comodule 8, 188 genes and seven drugs
were much more correlated in breast cancer than other cancer
types (Fig. 4A), which was also indicated by the large PCC between
the latent variables t1 and t2 (Fig. 4B). Comparing to the randomly
selected comodule with the same size, the correlation between
genes and drugs was significantly higher (Fig. 4C) and genes were
significantly more densely connected (Fig. 4D) by Wilcoxon test.
Comodule genes involved in multiple crucial cancer-related bio-
logical processes (Fig. 4E), such as cell–cell adhesion and apoptotic
process. Besides, antitumor activity of comodule drugs in breast
cancer had been reported previously [40–45]. Notably, these drugs
mediated different stages in the cascade of MAPK signaling path-
way. In detail, (5Z)-7-Oxozeaenol targets TAK1, which is a MAP3K
and acts upstream of MAPK cascades; RAF-9304 targets RAF
kinases, including ARAF, BRAF, and CRAF, which are also MAP3K
and activate MAP kinase kinases, MEK1 and MEK2; Trametinib,
Refametinib and Selumetinib all target MEK1 and MEK2, which
catalyze the activation of MAP kinases, ERK1 and ERK2 [46]. It
has been reported that dual inhibition of MEK and RAF kinase
had advantage in terms of increasing efficacy and decreasing
toxicity during treatment [47]. Since MAPK signaling pathway
plays a vital role in regulating cell proliferation, differentiation
and apoptosis, which are also enriched by comodule genes, thus
it has been regarded as an attractive target of great potential for
cancer treatment [46]. Particularly, MAPK signaling pathway is

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
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hyperactive in solid tumors including breast [48] and high expres-
sion level of MAPK is closely associated with tumor invasion and
metastasis for triple-negative breast cancer [49]. Furthermore,
based on GeneMANIA web site [50], we also found that comodule
genes had closely biological interactions with these drug tar-
gets (Fig. 4F). Therefore, different types of members in comodule
8 demonstrated cooperative relationships, which might provide
potential strategy for breast cancer therapy.

To verify the advantages of sTPLS in identifying cancer-specific
gene-drug comodules, we also applied sPLS to the pairwise gene
expression and drug response data from breast cancer and iden-
tified a breast cancer-specific comodule. We selected 188 genes
and seven drugs with the largest absolute weight values, matching
the number of members in comodule 8 identified by sTPLS. There
was a significant overlap, including 98 common genes and three
common drugs (P-value < e−16 for genes and 2.9e−4 for drugs
by hypergeometric test). However, genes identified by sTPLS were
significantly enriched in more biological process terms than those
identified by sPLS, and particularly in functions highly related to
drug targets, such as negative regulation of MAPK cascade and
cell cycle process. It suggests that by integrating data from mul-
tiple cancer types, sTPLS can identify more biologically relevant
cancer-specific gene-drug comodules.

We also identified two common gene-drug comodules (i.e.
comodules 1 and 3) in which the genes and drugs were highly
correlated in multi-type cancers. For example, in comodule 1, 174
genes and six drugs exhibited consistently stronger correlated
pattern across ovarian, colorectal and breast cancers compar-
ing with other cancer types and randomly selected genes and
drugs (Supplementary Fig. S11A–D). The genes were also signif-
icantly enriched in cancer metastasis related biological func-
tions, such as cell–cell junction, tight junction and cell migration
(Supplementary Fig. S11E), which were related to the connec-
tion between ovarian and colorectal cancers that ovarian metas-
tasis most frequently originated from colorectal cancers [51].
Comodule drugs BX795, GSK429286A, and FS112 are respectively
inhibitors of PDPK1, ROCK1/2, and RPS6KB1, which are all ser-
ine/threonine kinases and belong to AGC kinases family. Inter-
estingly, these drug targets are also involved in regulation of
cell migration, which is a prerequisite of tumor metastasis [52–
54]. They are frequently overactivated in many types of cancers,
including breast, colorectal, lung, and ovarian cancers, and are
currently rising as potential targets for cancer therapy [55–57].
Another two comodule drugs AZD5438 and AZ20 could halt cell
cycle progression and promote cell killing by targeting CDK2 and
ATR to inhibit cancer cell proliferation [43, 58, 59]. These drugs
cooperatively inhibited tumor progression from multiple aspects.
Common gene-drug comodules revealed gene-drug associations
shared by multi-type cancers, providing insights into the link
among different types of cancers in terms of tumor progression
mechanism and therapeutic targets.

sTPLS discovers cell type-specific and common
transcriptional regulatory relationships between
genes and peaks for different cell types
We also applied sTPLS to sing-cell multi-omics data to iden-
tify the associated genes and peaks, exploring the underlying
regulatory mechanisms. By using the pairwise scRNA-seq and
scATAC-seq data from nine types of human peripheral blood
mononuclear cells, we identified 12 gene-peak comodules, where
the genes and peaks showed particularly high correlation in the
selected cell type(s) comparing to randomly selected comod-
ules (Supplementary Tables S4 and Supplementary Figs S12–S13).

To characterize the biological functions for comodules, we per-
formed enrichment analysis for comodule genes and peaks via
g:Profiler [60] and GREAT [61], respectively. All the comodule
genes were significantly enriched in the immunity system related
functions, such as regulation of immune system process and
leukocyte activation. When analyzing comodule peaks, GREAT
associates genomic regions with nearby genes and applies the
gene annotations to these regions. Interestingly, comodule peaks
were exactly enriched in the similar functions with the corre-
sponding comodule genes (Supplementary Tables S5 and S6).
For example, comodule 6 was identified as CD16+ monocytes
specific comodule, and its genes and peaks both involved in the
innate immune response process, in which CD16+ monocytes
were essential components [62]. When comparing sTPLS with
other methods on the PBMC dataset (see Supplementary Materi-
als), we calculated the average Pearson’s correlation between gene
expression and chromatin accessibility of peak regions for each
comodule, and quantified the number of biological links between
comodule genes and transcription factors (TFs) corresponding to
the overrepresented motifs in the comodule peaks identified by
the Signac tool [28] (Fig. 5). It showed that sTPLS identified more
correlated and biologically associated genes and peak regions.

We identified nine specific comodules by sTPLS. They demon-
strated underlying cell type-specific regulatory relationships
between genes and peaks, involving in central memory CD4+
T cell, effector memory CD8+ T cells, CD16+ monocytes,
intermediate B cells, and naive B cells. For example, in comodule
5, the selected genes and peaks were highly correlated in CD16+
monocytes comparing with other cell types (Fig. 6A), which was
also indicated by large PCC between latent vectors t1 and t2 (Fig. 6B
and Supplementary Fig. S13). Meanwhile, comodule genes and
peaks exhibited coincided high expression level and chromatin
accessibility particularly in CD16+ monocytes (Fig. 6C–F). CD16+
monocytes, also known as non-classical monocytes, are a type of
innate immune leukocytes, playing a critical role in maintaining
vascular homeostasis and anti-inflammatory [63]. They are
characterized by the high expression of Fc gamma receptor
III (CD16) encoded by FCGR3A, which was also identified in
this comodule. Besides, 14 out of 100 comodule genes were
monocyte markers (Fig. 6J), for instance, the top rank gene,
TYROBP, encodes a transmembrane immune signaling adaptor
involving in inflammatory reaction in monocytes [64]; the third
rank gene, LST1, encodes a trans-membrane and soluble protein
up-regulated upon autoimmune and inflammation induced by
bacteria [65]. The genes were significantly enriched in biological
process terms such as antigen processing and presentation,
actin filament polymerization and phagocytosis (Fig. 6G), which
were highly associated with fundamental functions of CD16+
monocytes [60, 66]. The selected peak regions were also related
to the regulation of myeloid leukocytes in immune response
analyzed by GREAT (Fig. 6H). We utilized Signac package [28]
to discover the overrepresented motifs/TFs in comodule peak
regions, and markers for CD16+ monocytes, such as CEBPA,
NR4A1, and TCF7L2, were identified. Furthermore, several
potential transcriptional regulatory relationships for CD16+
monocytes were implied by comodule 5, for instance, the 10th
ranked gene S100A11, acting as an innate immune sensor in the
inflammatory diseases [67], was high-expressed specifically in
CD16+ monocytes. The promoter of S100A11, located within
the chromatin peak region chr1:152033319-152039701 in this
comodule, exhibited high accessibility signals, particularly in
CD16+ monocytes (Fig. 6I). This region also contained the motif
of TF CEBPA, which was overrepresented in the peak regions

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
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Figure 4. Illustration of comodule 8 identified by sTPLS when applying to the GDSC dataset. (A) The heatmap of comodule 8 consisting of 188 genes,
seven drugs across breast cancer (squared box in the top-left corner). We extended the heatmap to cover more features by randomly selecting the same
number of genes and drugs for contrasting. The comodule genes, drugs, and 10 cancer types were shown by descending order of weight vectors u, v,
and w. BRCA: Breast invasive carcinoma; OV: Ovarian serous cystadenocarcinoma; LUAD: Lung adenocarcinoma; COREAD: Colon adenocarcinoma and
rectum adenocarcinoma; ESCA: Esophageal carcinoma; KIRC: Kidney renal clear cell carcinoma; SKCM: Skin cutaneous melanoma; SCLC: Small cell lung
cancer; HNSC: Head and neck squamous cell carcinoma; GBM: Glioblastoma multiforme. (B) The scatter plot for latent vectors t1 and t2 of comodule 8
with PCC ρ = 0.82 indicating that comodule genes and drugs were highly correlated in breast cancer. (C) Comparing with randomly selected comodules
with the same number of members, correlation between genes and drugs in comodule 8 was significantly higher and (D) comodule genes were much
more densely connected based on the STRING database. P-values of significance were obtained by Wilcoxon test. (E) Significantly enriched biological
processes by genes in comodule. The functional significance with −log10(FDR) was shown. (F) Cancer-drug-gene network for comodule 8, demonstrating
cooperative relationships between different types of members.

in comodule 5 identified using Signac[28]. CEBPA was highly
expressed in CD16+ monocytes and target S100A11 in blood
according to the hTFtarget database [38]. These findings suggest
that the high expression of S100A11 may be regulated via
CEBPA through its binding to this highly accessible chromatin
region in CD16+ monocytes. Lastly, we constructed a network
related to comodule genes, peaks and TFs to demonstrate the
interactions of comodule 5 members (Fig. 6K). This network
highlights potential transcriptional regulatory relationships
between genes and regulatory elements within chromatin peaks
in CD16+ monocytes.

We also identified three common gene-peak comodules, which
revealed gene-peak regulatory relationships shared by multi-type

cells, including for CD14+ and CD16+ monocytes, naive CD4
and CD8 T cells, naive B cells and intermediate B cells. Specif-
ically, in comodule 8, we identified more correlated genes and
peaks for naive B cells and intermediate B cells (Fig. 7A and B,
Supplementary Fig. S13) than other cell types. Genes and peaks
also demonstrated significantly high expression level and chro-
matin accessibility degree in both types of B cells, respectively
(Fig. 7C and D). The 25 and 16 B cell markers were included in the
sets of comodule genes and the closest genes of comodule peaks,
respectively (Fig. 7E and F). Comodule genes and peaks were
significantly enriched in similar biological functions, such as the
regulatory of B cells and immune response (Fig. 7G and H). Inter-
estingly, overrepresented motifs/TFs in comodule peaks, such as

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf195#supplementary-data
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Figure 5. Performance comparison of different methods on the PBMC
dataset. (A) Pearson’s correlations between gene expression and chro-
matin accessibility of peak regions for 12 identified comodules. (B) Num-
ber of biological interactions between comodule genes and transcription
factors, corresponding to the overrepresented motifs in the comodule
peaks, based on the STRING network.

B cell markers BACH2, PAX5, and TCF4, as well as EBF1, IRF8,
REL were all identified as comodule genes and high-expressed in
naive B cells and intermediate B cells (Fig. 7I and Supplementary
Fig. S14). These TFs also targeted most of comodule genes (Fig. 7J).
Notably, the promoter region of comodule gene BLK is located
in the 14th ranked peak region (i.e. chr8:11491635-11494865) in
comodule 8. BLK encodes proteins involving in B-cell receptor
signaling and B-cell development, and it was particularly high-
expressed in naive B cells and intermediate B cells (Fig. 7I). On
the other hand, the chromatin region nearby the BLK promoter
also exhibited strong accessibility signal specifically in naive B
cells and intermediate B cells. Meanwhile, this region contains
the motif of TF EBF1, which regulates the expression of BLK and
orchestrated B-cell fate [68]. Therefore, transcriptional regula-
tory might exist between BLK and its nearby chromatin region
chr8:11491635-11494865 via TF EBF1 in naive B cells and inter-
mediate B cells. We could also explore the potential gene-peak
regulatory relationships for naive B cells and intermediate B cells
from constructed network in Fig. 7J.

Overall, the identified common and specific comodules by
sTPLS provided insights into transcriptional regulatory mech-
anisms between gene expression and chromatin accessibility
across different types of cells.

sTPLS identifies common and specific cell–cell
communication patterns for healthy controls and
COVID-19 patients
sTPLS could also be used to investigate the common and spe-
cific cell-cell communication patterns among healthy controls,
COVID-19 moderate and critical patients. We applied sTPLS to the
cell–cell communication probability tensor computed by CellChat
tool [27] directly and identified 20 comodules including one cell
type as signal senders and two cell types as signal receivers on
average. We identified six comodules in which the same cell–
cell communication patterns for selected cell types and signaling
pathways shared by controls, moderate and critical patients, and
11 comodules shared by moderate and critical patients, as well as
two comodules specifically for controls (Supplementary Table S7
and Supplementary Fig. S15). Specifically, the identified comodule
9, 5, and 4 were all related to the midkine (MK) signaling path-
way, but demonstrated different cell communication patterns
across control, moderate, and critical cases (Fig. 8A–C). In terms
of cell communication mediated by the MK signaling pathway,

midkine acts as ligand. It is a heparin-binding growth factor
and cytokine, involving in inflammatory processes in autoim-
mune and inflammatory diseases via its chemotactic action [69–
71]. Midkine also acts as a key immunomodulator in patients
with COVID-19 infection [72]. In comodule 9, the communication
between epithelial cells, sending from secretory and differenti-
ating secretory cells to secretory, ciliated cells, and ionocytes,
were shared for controls, COVID-19 moderate, and critical cases,
which might reflect the general activity for MK signaling pathway
(Fig. 8A). By contrast, in comodule 5, the communication from
FOXN4+ cells to secretory, ciliated, and FOXN4+ cells only existed
in COVID-19 patients, where FOXN4 indeed had significantly high
expression level (Fig. 8B, D, E); in comodule 4, proliferating natural
killer T (NKT-p) cells as sender cells exhibited higher probability
of communication with secretory, ciliated cells and ionocytes for
controls than COVID-19 cases (Fig. 8C). Meanwhile, midkine also
expressed highest in NKT-p cells of controls (Fig. 8D). It indicated
that MK signaling sending from NKT-p cells to major epithelial cell
types might be interrupted during virus infection.

Besides, five comodules all demonstrated cell–cell commu-
nication patterns in terms of the ANNEXIN pathway shared
by moderate and critical cases (Supplementary Table S7 and
Supplementary Fig. S15), therefore we combined them together as
one comodule (Supplementary Fig. S16A). This comodule revealed
strong communication from different epithelial cell types, such
as IFNG-responsive cells, squamous cells, ciliated cells, and
secretory cells, to immune cell type—neutrophils, mediated
by ANNEXIN signaling pathway for COVID-19 patients. In the
ANNEXIN pathway, ANXA1 acts as ligand and formyl peptide
receptors including FPR1, FPR2 and FPR3 act as receptors. The
expression level of ANXA1 was increased in the sender cell types
no matter for controls or COVID-19 patients (Supplementary
Fig. S16B). However, in patients with moderate and critical COVID-
19, neutrophils showed a significantly higher expression of FPR1
than other cell types (Supplementary Fig. S16C). ANXA1 is an
endogenous glucocorticoid that inhibits inflammation response
induced by viruses [73]. By interacting with formyl peptide
receptors, ANXA1 could inhibit neutrophils recruitment or induce
neutrophil apoptosis, leading to the resolution of inflammation
in virus affected sites [74, 75]. The strong activation of cell–cell
communication mediated by ANNEXIN signaling in the critical
and moderate suggested crucial roles of ANXA1-FPR1 signaling
in the interplay between epithelial cells and neutrophils in
inflammatory response of COVID-19 patients.

Overall, the common and specific comodules revealed dis-
tinct cell–cell communication patterns among controls, COVID-
19 moderate and critical patients, providing valuable insights into
the key signaling mechanisms driving phenotype transitions in
COVID-19.

Discussion
With the rapid development of high-throughput technologies,
large-scale genomic data derived from diverse biological condi-
tions are available. It provides unprecedented opportunities to
explore the underlying mechanisms of molecular actions from
different levels. Uncovering the commonality and specificity
among different conditions, such as different developmental
states, and various tissue, cancers or cell types, is crucial to deep
our understanding of complex biological system and disease
progression and further aids us to design effective treatment
strategy. However, previous developed methods mainly focus
on identifying either common or differential pattern across
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Figure 6. Illustration of comodule 5 identified by sTPLS when applying to the PBMC dataset. (A) The heatmap of comodule 5 consisting of 100 genes
and 100 peaks for CD16+ monocytes (squared box in the top-left corner), which had the largest magnitudes (i.e. absolute values) of negative weights
in u, v. We also selected other 100 genes and peaks with the largest positive weights and other cell types for contrasting. Genes and peaks were shown
by ascending order of weight vectors u, v, and cell types were by descending order of weight vector w. (B) The scatter plot for latent vectors t1 and
t2 of comodule 5 with PCC ρ = 0.73 indicating that comodule genes and peaks were highly correlated in CD16+ monocytes. (C) UMAP representation
of the cells based on scRNA-seq data and (D) scATAC-seq data from the PBMC dataset. Cells were colored in the same way as in (A). (E) The average
expression and (F) chromatin accessibility for 100 genes and peaks in comodule 5 across different types of cells. Cells were organized in the same way as
in (C) and (D), respectively. (G) The significantly enriched biological processes by genes and (H) peaks in comodule 5. (I) Inferred regulatory relationship
between gene S100A11 and transcription factor CEBPA in CD16+ monocytes by comodule 5. The positions of two annotated promoters for S100A11 were
highlighted in accessibility tracks. The tracks for S100A11 annotation and the frequency of CEBPA motif along the shown region were displayed. The
expression levels of S100A11 and CEBPA across cell types were shown. (J) The gene ranking plot based on gene score measured by the absolute value of
weight vector u. Labeled genes were known monocytes markers. (K) The gene-TF-peak network for comodule 5. TFs corresponding to overrepresented
motifs in comodule peaks were located in the center.
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Figure 7. Illustration of comodule 8 identified by sTPLS when applying to the PBMC dataset. (A) The heatmap of comodule 8 consisting of 100 genes
and 100 peaks for naïve B and intermediate B cells (squared box in the top-left corner), which had the largest magnitudes of negative weights. (B) The
scatter plot for latent vectors t1 and t2 of comodule 8 with PCC ρ = 0.82 indicating that comodule genes and peaks were highly correlated in naïve B and
intermediate B cells. (C) The average expression and (D) chromatin accessibility for 100 genes and peaks in comodule 8 across different types of cells.
Cells were organized in the same way as in Fig. 6C and D, respectively. (E) The gene ranking plot based on gene score measured by the absolute value
of weight vector u. Labeled genes were B cell markers. (F) The peak ranking plot based on peak score measured by the absolute value of weight vector
v. For each peak, we searched for its closest genes and found 19 genes were also identified as comodule genes and were labeled in red or blue colors. 9
out of these 19 genes were B cell markers in blue color. Other seven B cell markers were labeled in black color. (G) The significantly enriched biological
processes by genes and (H) peak regions in comodule 8. (I) Inferred regulatory relationship between gene BLK and transcription factor EBF1 in naïve B
and intermediate B cells by comodule 8. Its setting was similar with Fig. 6I. (J) The gene-TF-peak network for comodule 8.
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Figure 8. The identified comodules related to different cell–cell communication patterns mediated by MK signaling pathway for healthy controls,
moderate, and critical COVID-19 patients. (A) The heatmap of comodule 9 including two cell types as senders and three cell types as receivers as
well as three signaling pathways. It demonstrated the common cell communication pattern shared by controls, moderate, and critical patients. The
values represented communication probability on signaling pathway level computed by CellChat. The maximal values of communication probability for
controls, moderate, and critical COVID-19 patients were 0.39, 0.30, 0.31, respectively. BC: B cells; ciliated-diff: differentiating ciliated cells; CTL: cytotoxic T
lymphocytes; IFNResp: IFNG-responsive cells; moDC: monocyte-derived dendritic cells; moMa: monocyte-derived macrophages; Neu: neutrophils; NKT:
natural killer T cells; NKT-p: proliferating NKT cells; nrMa: nonresident macrophages; pDC: plasmacytoid dendritic cells; rMa: resident macrophages;
secretory-diff: differentiating secretory cells; Treg: regulatory T cells. (B) The heatmap of comodule 5 shared by moderate and critical patients. (C) The
heatmap of comodule 4 demonstrating the specific pattern for healthy controls. (D) The expression of midkine as ligand in cell-cell communication
across 20 types of cells. (E) The average expression of receptors including ALK, ITGA4, ITGA6, ITGB1, LRP1, NCL, PTPRZ1, SDC1, SDC2, and SDC4 in MK
signaling pathway.

diverse conditions for certain type of features. To this end, we
proposed sTPLS method to simultaneously identify common
and specific correlated patterns from two types of interrelated
features under multiple biological conditions. We demonstrated
flexibility and effectiveness of sTPLS by three applications.
By applying to pairwise gene expression and drug response
data from 10 types of cancer cell lines, sTPLS identified gene-
drug comodules with strong biological associations from the
views of gene functions, drug action mechanisms and cancer
characteristics. These comodules are beneficial to discovery of
drug target candidates and drug combination for cancer therapy.
Particularly, commonality of gene-drug relationships among
different types of cancers revealed by common comodules will
facilitate exploration of cross-application of treatment strategies
in similar cancers. When sTPLS was applied to co-assayed scRNA-
seq and scATAC-seq datasets from peripheral blood mononuclear
cells, the identified specific and common gene-peak comodules
provide a new view for exploring transcriptional regulatory
network specifically for certain cell type or sharing by multiple
cell types. Besides, sTPLS could be applied to tensor data directly,
which was demonstrated by the application of COVID-19 dataset.
It facilitates the identification of commonality and differences
about cell-cell communication patterns across healthy controls,
moderate, and critical patients.

sTPLS could be extended in future study from the following
aspects. Here we used L1-norm penalty to select comodule mem-
bers. L0-norm penalty could be considered since it is a more
natural way for feature selection, but it will become a more
difficult optimization problem. sTPLS identifies highly correlated

and anti-correlated features together, we will further distinguish
the relationships by considering the sign of weight vectors explic-
itly in the objective function. Besides, prior knowledge related to
relationships among comodule members could be considered in
the sTPLS framework via constraints, which might enhance the
pattern discovery and make identified comodules more biolog-
ically interpretable. Moreover, it is deserved to extend sTPLS to
integrating more kinds of omics data, such as copy number vari-
ation, miRNA expression, and DNA methylation, to understand
regulatory mechanisms from a comprehensive view.

Key Points

• We developed sTPLS method to identify common and
specific relationships between two types of features
across different biological conditions. Its effectiveness
and flexibility are demonstrated by simulation study
and three different applications.

• By integrating pairwise gene expression and drug
response data, sTPLS reveals cancer-specific and com-
mon cooperative relationships between genes and drugs
for different cancer types, providing us new insights into
the molecular mechanisms of how drugs act in diverse
cancers.

• By integrating co-assayed single-cell RNA-seq and ATAC-
seq data, sTPLS discovers cell type-specific and common
transcriptional regulatory relationships between genes
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and peaks for different cell types, increasing our under-
standing for cellular heterogeneity.

• sTPLS could also be directly applied to tensor-type data
obtained by other computational tools. When applied to
cell–cell communication probability tensor for healthy
and COVID-19 moderate and critical patients computed
by CellChat, sTPLS identifies cell–cell communication
patterns among different states, facilitates our under-
standing of key signaling mechanisms driving pheno-
type transitions in COVID-19.
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Supplementary data is available at Briefings in Bioinformatics
online.
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