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Cell-cell communication (CCC) is critical for determining cell fates and functions in multicellular organisms. With the advent
of single-cell RNA-sequencing (scRNA-seq) and spatial transcriptomics (ST), an increasing number of CCC inference meth-
ods have been developed. Nevertheless, a thorough comparison of their performances is yet to be conducted. To fill this
gap, we developed a systematic benchmark framework called ESICCC to evaluate 18 ligand-receptor (LR) inference methods
and five ligand/ receptor-target inference methods using a total of 116 data sets, including 15 ST data sets, 15 sets of cell line
perturbation data, two sets of cell type-specific expression/proteomics data, and 84 sets of sampled or unsampled scRNA-
seq data. We evaluated and compared the agreement, accuracy, robustness, and usability of these methods. Regarding ac-
curacy evaluation, RNAMagnet, CellChat, and scSeqComm emerge as the three best-performing methods for intercellular
ligand-receptor inference based on scRNA-seq data, whereas stMLnet and HoloNet are the best methods for predicting li-
gand/receptor-target regulation using ST data. To facilitate the practical applications, we provide a decision-tree-style
guideline for users to easily choose best tools for their specific research concerns in CCCinference, and develop an ensemble
pipeline CCCbank that enables versatile combinations of methods and databases. Moreover, our comparative results also
uncover several critical influential factors for CCC inference, such as prior interaction information, ligand-receptor scoring
algorithm, intracellular signaling complexity, and spatial relationship, which may be considered in the future studies to ad-

vance the development of new methodologies.
[Supplemental material is available for this article.]

Cell-cell interactions play crucial roles in many physiological and
pathological processes, such as cell differentiation, tissue develop-
ment, immunity, and diseases (e.g., cancers, inflammation, and
metabolic diseases) (Livesey and Cepko 2001; Hotamisligil 2006;
Quail et al. 2016). Therefore, elucidating the mechanisms by
which intercellular signaling regulates cell fate determination
and the functioning of cell-cell interactions is essential for mech-
anistic and therapeutic understanding of the diseases.

Cell interactions occur in many forms, such as physical cell-
cell contact (e.g., cell adhesions) (Parsons et al. 2010; Boisset
et al. 2018) and cell-cell communication (CCC) (e.g., autocrine,
paracrine, or endocrine) mediated by intercellular ligand-receptor
(LR) interactions (Armingol et al. 2021). A comprehensive CCC
process typically encompasses multilayered signaling events,
spanning intercellular LR interactions and intracellular signaling
transduction, alongside transcriptional regulation (Zhang et al.
2020; Almet et al. 2021; Cheng et al. 2021). Therefore, computa-
tional inference of CCCs pursues two main objectives: quantifying
intercellular LR signaling and deducing the interplay between in-
tercellular signaling and intracellular responses.

The development of single-cell RNA-sequencing (scRNA-seq)
technology provides an unprecedented opportunity for CCC in-
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ference in a high-throughput manner (Armingol et al. 2021).
The scRNA-seq data can detect gene expression of individual cells
of different types or origins; therefore, it can be used to analyze LR
interaction-mediated CCCs (Lee et al. 2014). Since 2019, an in-
creasing number of CCC inference methods based on scRNA-seq
data have been developed (Armingol et al. 2021), which can be di-
vided into two categories: (1) methods for inferring intercellular
signaling networks (e.g., CellPhoneDB [Efremova et al. 2020]
and CellChat [Jin et al. 2021]), and (2) methods for inferring both
intercellular and intracellular signaling networks (e.g., scMLnet
[Cheng et al. 2021] and NicheNet [Browaeys et al. 2020]).
Furthermore, advancements in spatial transcriptomics (ST) tech-
nology (Marx 2021) have made it possible to incorporate spatial in-
formation of cells and genes in the CCC inference. Recently,
several ST data-based CCC inference methods have been
proposed, such as MISTy (Tanevski et al. 2022), HoloNet (Li et al.
2023a), and stMLnet (Cheng et al. 2022).

The existing CCC inference methods fall broadly into the fol-
lowing two categories: (1) LR inference methods, including Cell-
PhoneDB v2.0 (Efremova et al. 2020), CellPhoneDB v3.0 (Garcia-
Alonso etal. 2021), CellTalker (Cillo et al. 2020), Connectome (Rar-
edon et al. 2022), ICELLNET (Noél et al. 2021), NATMI (Hou et al.
2020), iTALK (Wang et al. 2019b), scConnect (Jakobsson et al.
2021), SingleCellSignalR (Cabello-Aguilar et al. 2020), RNAMagnet
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(Baccin etal. 2020), CellChat (Jinetal. 2021), scSeqComm (Baruzzo
et al. 2022), NicheNet (Browaeys et al. 2020), CytoTalk, Domino
(Cherry et al. 2021), CellCall (Zhang et al. 2021), scMLnet (Cheng
etal. 2021), and PyMINEr (Tyler et al. 2019); and (2) L/R-target in-
ference methods, including NicheNet (Browaeys et al. 2020), Cyto-
Talk (Huetal. 2021), scMLnet (Cheng et al. 2021), stMLnet (Cheng
et al. 2022), MISTy (Tanevski et al. 2022), and HoloNet (Li et al.
2023a). A brief description for each of the above CCC inference
methods is provided in Supplemental Text S1.

LR inference methods infer communication between cells or,
more usually, cell types/clusters based on expression of known LR
pairs from prior databases, whereas L/R-target inference methods
predict downstream targets of LR interactions by considering intra-
cellular signaling. Further details regarding the characteristics of
these methods and the prior databases are presented in Supple-
mental Tables S1 and S2. The computational pipeline used by LR
inference methods encompasses L/R scoring, LR scoring, and sig-
nificance testing, which are summarized in Supplemental Text
S2. Within the realm of L/R-target inference methods, NicheNet,
scMLnet, and stMLnet use prior knowledge of intracellular signal-
ing pathways from databases to infer cell-cell communication,
whereas MISTy and HoloNet deduce regulatory relationships be-
tween intracellular target genes and ligands or receptors without
taking regulatory pathways into account. In addition, most of
the L/R-target inference methods require a predefined set of
known target genes as input, whereas CytoTalk predicts de novo
intracellular signaling components and targets directly from the
data. Notably, a distinction should be
made between the two terms L/R scoring

usability using a total of 116 data sets, comprising 84 scRNA-seq
data sets (sampled or original), 15 ST data sets, two sets of cell
type-specific CAGE (cap analysis of gene expression) data and pro-
teomics data, and 15 sets of cell line perturbation data. Moreover,
we provide a practical guideline for tool selection and introduce an
ensemble pipeline CCCbank for flexible integration of various
methods and databases in CCC inference.

Results
Overview of the ESICCC framework

The ESICCC framework involves three components, i.e., evalua-
tion, selection, and integration of CCC inference methods (Fig.
1). A benchmarking pipeline for the evaluation compartment is il-
lustrated in Figure 2. First, we evaluated the overlap of the predict-
ed LR pairs to assess the similarity of 18 LR inference methods.
Then, we compared the methods based on an assumption that
closer cell pairs have stronger LR associations. Eleven sets of
scRNA-seq data were used as input for prediction and the matched
11 ST data sets were used for evaluation. Next, we used cell type-
specific CAGE data and proteomics data as pseudogold standards
to benchmark the 18 LR inference methods, each with three sets
of scRNA-seq data of PBMC as input. Additionally, we evaluated
the robustness of the 18 LR inference methods to variations in
data size by sampling different ratios of cells in the aforementioned
14 scRNA-seq data sets. We also recorded and compared the
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which impedes the development of new
methods and limits the practical applica-
tions of existing tools.

In this study, we designed a system-
atic benchmarking framework, ESICCC,
for evaluating, selecting, and integrating
CCC inference methods including 18 LR
inference methods for predicting inter-
cellular communications and five L/R-
target inference methods for predicting
intracellular signaling regulations. We
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Figure 1.

Overview of the ESICCC framework. It involves three components: evaluation, selection, and
integration of CCC inference methods.
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Figure 2.

Benchmarking pipeline for evaluation and comparison of CCC inference methods. For benchmarking 18 LR inference methods, we used 11

scRNA-seq data sets as input and evaluated them from three aspects: similarity of the predicted LR interactions by each pair of methods, the differential LR
correlations (DLRC) in close and distant cell pairs in 11 ST data sets, and the prediction accuracy (AUPRC) based on cell type-specific CAGE and proteomics
data. We also calculated the Jaccard index to evaluate the robustness of each method to different sampling rates of cells in 14 scRNA-seq data sets. For
benchmarking five L/R-target inference methods, we used eight ST data sets as input and evaluated the prediction accuracy (AUPRC) using 15 sets of

cell line perturbation-expression data.

running time and maximum memory usage of the 18 methods in
all the data sets. The properties of the 18 LR inference methods are
summarized in Figure 3A,B, and a summary table of benchmarks is
listed in Figure 3C-F. Furthermore, we evaluated the prediction ac-
curacy of five L/R-target inference methods, each with eight ST
data sets as input and 15 sets of cell line perturbation-expression
data as ground-truth. Based on the benchmarking results, we pro-
pose a practical guideline for users to easily choose scenario-specif-
ic CCC inference tools. At last, we develop an integrated pipeline
that enables flexible combinations of methods and databases in
CCC inference.

Evaluation of similarity between 18 LR inference methods

We used 11 scRNA-seq data sets (Supplemental Table S3) as input
data for the 18 LR inference methods to infer LR interactions be-
tween pairwise combinatorial cell types. For each method, we
counted the number of predicted LR pairs of all cell cluster pairs,

which are determined by significance test (P value<0.05) or the
default LR score cutoff in the method. To investigate the consisten-
cy of the overlapped LR interactions, we introduced a rank-based
similarity index (RSI) to examine whether the overlapped LR inter-
actions between two methods have a consistent ranking (accord-
ing to their LR scores) (see Methods). The results indicated that
their ranking was relatively consistent across most method pairs,
as reflected by higher RSI values (Fig. 4A; Supplemental Fig. S1).
Additionally, we found that some methods predicted a very large
number of LR interactions (~thousands), whereas others predicted
a rather small amount of LR interactions (~dozens). When using
the classical Jaccard index, the values were extremely small and
it was hard to observe the similarity or difference between different
methods. Hence, we defined a similarity index (SI) based on the
Jaccard index with modifications. Overall, the large variance in
SIvalues indicated that the overlap of the predicted LR interactions
between most of the methods was low (Fig. 4B; Supplemental Fig.
$2). Together, considering SI and RSI metrics in a complementary
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Figure 3.

Summary of properties and benchmarking results for the 18 LR inference methods. (A) The names of the 18 LR inference methods. (B)

Properties of the 18 LR inference methods. We listed the strategy of each method for L/R scoring, LR scoring, intracellular signaling consideration, and
multisubunit L/R complexes consideration. NA, not applicable; PEM, preferential expression score; RPS, regularized product score; PD, prior databases
of LR interactions; PW, pathway-based LR scores. (C-F) The overall ranking (C, violet), accuracy (D, blue), stability (£, orange), and usability (f, yellow),
as well as programming language for each method, were evaluated and visualized.

manner could more comprehensively evaluate the similarity be-
tween different LR interaction inference methods.

For instance, CellTalker and CellPhoneDB (v2.0 and v3.0)
adopt different prior LR databases (Supplemental Table S2) but
the same LR scoring algorithm. As such, the overlapped LR pairs
between these two methods have a similar ranking (RSI~70%), de-
spite a low overlap fraction (SI=2%). In contrast, Domino and
CellPhoneDB (v2.0 and v3.0) adopt the same prior LR databases
but different CCC inference algorithm, and their SI values are as
low as 2%-3%, demonstrating the substantial role of algorithms
in affecting LR interaction predictions. Additionally, we found
that iTALK predicted a large amount of LR pairs that have a high
overlap with those predicted by several other methods (e.g.,
Connectome, NATMI, SingleCellSignalR, CytoTalk, scMLnet),
leading to large SI values between iTALK and these methods.
Notably, CellChat had a rather smaller RSI (about 0.5 or less)
than other methods, implying that the LR scoring algorithm
used by CellChat assigns different ranks to LR interactions, com-
pared to other methods.

Benchmarking 18 LR inference methods using differential LR
correlations in ST data

We hypothesized that LR expression correlations should be greater
in close cell pairs than in distant ones (Hu et al. 2021; Jin et al.

2021). Therefore, we used 11 ST data sets that are paired data sets
with the abovementioned 11 scRNA-seq data sets, to evaluate
the performance of the 18 methods based on the difference of mu-
tual information (MI) of LR interactions in the close and distant
cell groups (see Methods for details).

As expected, in the different data sets, the MI of LR interac-
tions predicted by almost all methods in the close group were sig-
nificantly higher than those in the distant group, as evaluated for
the top 10% close/distant cell pairs (Supplemental Figs. S3-S7).
Furthermore, we observed that the MI of LR interactions in the
close group might no longer be significantly higher than those
in the distant group, as the ratio of cell pairs in the close/distant
group increased.

We calculated the DLRC (differential LR correlations) index
(see Methods for details) to assess the difference of LR correlations
in the close and distant cell groups for each method across the 11
ST data sets (Fig. SA). Based on the ranking of the averaged DLRC in-
dex across all the data sets (scaled from O to 1) (Fig. 3D), CellChat,
SingleCellSignalR, RNAMagnet, NATMI, and scSeqComm were
the top five methods that performed best in this benchmarking.
Specifically, CellChat achieved the top three rank in 7 out of 11
data sets, whereas SingleCellSignalR, RNAMagnet, and NATMI got
top three rank in 5 out of 11 data sets; scSeqComm also performed
well, achieving the top three rank in 4 out of 11 data sets and rank-
ing 6-9 in most of the other data sets (Fig. SA).
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Figure 4. Evaluation of the similarity between the 18 LR inference methods. (A) Heatmap of the aggregated rank-based similarity index (RSI) between
each pair of the 18 methods over all data sets. (B) Heatmap of the aggregated similarity index (SI) between each pair of the 18 methods over all data sets.

Following the ranking of the top five methods based on the
DLRC index, there are eight methods (i.e., CellPhoneDB (v2
and v3), CellTalker, Connectome, ICELLNET, NATMI, iTALK,
scConnect) that compute the L/R score as the average expression
in the sender/receiver clusters. Among these eight methods, we
found that the five methods (e.g., CellPhoneDB (v2 and v3),

Connectome, ICELLNET, NATMI) that filter lowly expressed li-
gands/receptors often had a better performance than the other
three methods.

Those methods (e.g., CellCall, NicheNet, CytoTalk, scMLnet,
Domino) that consider intracellular signaling responses did not
achieve a good ranking in this benchmarking, except for
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scSeqComm for which a high threshold of intercellular and intra-
cellular score was set. These results imply that further efforts may
need to be made in this direction to better dissect intracellular sig-
naling pathways downstream from intercellular LR interactions.

Benchmarking 18 LR inference methods using CAGE
and proteomics data

We used the CAGE data (expression in TPM) of 144 primary cell
types (The FANTOM Consortium and the RIKEN PMI and CLST
(DGT) 2014; Ramilowski et al. 2015) and proteomics data of 28 pri-
mary human hematopoietic cell populations in steady states
(Rieckmann et al. 2017) as pseudogold standards to benchmark
the above 18 methods. CAGE technology has the advantage of
less dropouts and more accurate detection of cell type-specific
gene expressions, whereas the proteomics data is valuable in veri-
fying the LR interactions at the protein level. In the CAGE data, the
LR interaction with the expressions of ligand and receptor in the
respective cell types both >10 TPM was defined as a positive sam-
ple, otherwise as a false sample (Ramilowski et al. 2015). In the pro-
teomics data, the LR interaction with the average counts of unique
peptides of ligand and receptor greater than 2 was defined as a pos-
itive sample, otherwise as a negative sample (Deutsch et al. 2019).
Three sets of scRNA-seq data of PBMC acquired from the 10x
Genomics website (pbmc4k, pbmc6k, and pbmc8Kk) were used as
input for each of the 18 methods to infer intercellular LR interac-
tions. The prediction accuracy was evaluated using AUPRC (area
under the precision recall curve) (see details in Methods), as we no-
ticed an imbalance between positive and negative samples (Saito
and Rehmsmeier 2015, 2017). Nonetheless, the results of
AUROC (area under the ROC curve) were also provided in
Supplemental Figures S8 and S9.

The benchmarking results on the CAGE data and proteomics
data consistently revealed that scConnect, Domino, and scSeq-
Comm are top-performing methods in terms of the accuracy for
CCC inference (Fig. 3D). Specifically, these three methods received
the most top three rankings in the six sets of evaluations: scCon-
nect (6 of 6), Domino (5 of 6), and scSeqComm (4 of 6) (Fig. 5B).
The above three methods performed significantly better than other
methods in both CAGE benchmark (Fig. 6A,B) and proteomics
benchmark (Fig. 6C,D).

Moreover, we found that CellChat and RNAMagnet had bet-
ter performance in the proteomics benchmark than in the CAGE
benchmark. Specifically, in the proteomics benchmark, the
AUPRC values of CellChat and RNAMagnet were significantly
higher than most other LR inference methods (Fig. 6C,D).

To investigate the impact of different LR scoring methods on
the CCC prediction accuracy, we compared CellPhoneDB (v2 and
v3), CellTalker, Connectome, ICELLNET, NATMI, and iTALK. They
all compute the ligands/receptors score as their average expression
but use different LR scoring methods. Specifically, the last four
methods compute LR score as the product of ligand score and re-
ceptor score, whereas CellPhoneDB (v2 and v3) and CellTalker
compute LR score as the mean of ligand score and receptor score
(Fig. 3B). We found that CellPhoneDB (v2 and v3) and CellTalker
got significantly higher AUPRC than Connectome, NATMI, and
iTALK in the proteomics benchmark (Fig. 6C,D). These results af-
firm that different LR scoring methods affect CCC prediction
accuracy.

As previously mentioned, CellPhoneDB (v2 and v3) and
CellTalker use the same LR scoring algorithm but different prior
LR databases. Our analysis revealed that the AUPRC values of

CellPhoneDB v2 and v3 and CellTalker were significantly different
in the CAGE or proteomics benchmarks. These results indicate
that the prior LR information is also important for CCC inference.

As for the methods that consider intracellular signaling re-
sponses, they had better performance in the proteomics bench-
mark than CAGE benchmark (Fig. 6B,D). Specifically, in the
proteomics benchmark, the AUPRC values of most of the methods
considering intracellular signaling responses were significantly
higher than most other LR inference methods except for
scConnect and RNAMagnet (Fig. 6D). These results are more opti-
mistic than that in the DLRC benchmarks (Fig. 5A), in terms of the
benefits of intracellular signaling consideration in CCC inference.

Robustness of 18 LR inference methods to data sampling

To test the robustness of the 18 LR inference methods to variability
in the number of cells in different scRNA-seq data sets, we random-
ly sampled different ratios (i.e., 90%, 80%, 70%, 60%, 50%, respec-
tively) of cells in the above 14 scRNA-seq data sets. The resulting 84
sets of scRNA-seq data in total were used as input for each method
to predict LR interactions. The Jaccard index and stability value
were calculated to evaluate the overlap between the inferred LR
pairs from the sampled data sets and those from the original data
sets (see Methods for details).

It was clearly shown that the Jaccard index decreased as the
sampling ratio increased (Fig. 7A). For most methods, the median
of the Jaccard index could reach above 0.75 at a 90% sampling ra-
tio, and above 0.5 at a 50% sampling ratio. However, the Jaccard
index of CellTalker was less than 0.25 at a 90% sampling ratio,
and the Jaccard index values of scConnnect, SingleCellSignalR,
CytoTalk, and Domino were less than 0.5 when sampling ratio
was 60%. Consistently, CellTalker had the least stability (Fig. 7B).

Overall, the top five ranked methods in the stability bench-
marks were CellChat, NATMI, iTALK, ICELLNET, and Cell-
PhoneDB v3 (Fig. 3E). In addition, we found that the stability
values of most methods that solely consider LR interactions were
significantly higher than those of methods that consider down-
stream signaling pathways (Fig. 7C). This might be because of
the larger sensitivity of intracellular signaling responses to varia-
tions in cell number. Nevertheless, scSeqComm, with intracellular
signaling score, had a compatible stability as the top-ranked meth-
ods (Fig. 7C).

Comparison of running time and memory usage between
18 LR inference methods

We then compared the running time and maximum memory us-
age of different methods recorded in all the 84 scRNA-seq
data sets (Fig. 8). For the data sets with up to 20,000 cells, the run-
ning times of many methods (e.g., iTALK, SingleCellSignalR,
RNAMagnet, CellTalker, CellChat, and Connectome) were within
20 min, whereas some methods (e.g., PyMINEr, NicheNet,
CellPhoneDB v2, and CellCall) exceeded >1 h (Fig. 8A). CytoTalk
required the longest running time (over hundreds of days) when
the number of cells reached 10,000. As expected, methods that in-
fer intracellular signaling took relatively longer to run than meth-
ods that infer intercellular communication only (Fig. 8A).

Furthermore, as the number of cells increased, the maximum
memory usage of the above methods tended to increase (Fig. 8B).
When the number of cells reached 20,000, the maximum memory
usages of most methods were around 10 GB, whereas PyMINEr
consumed up to 250 GB.
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Figure 5.

Evaluation and comparison of prediction accuracies of the 18 LR inference methods across different data sets in DLRC, CAGE, and proteomics

benchmarks. (A) Bubble matrix of DLRC index values. The index of the methods in each data set was scaled from 0 to 1. (B) Bubble matrix of the median
AUPRC value of the methods based on the CAGE data and proteomics data. The median AUPRC of the methods in each data set was scaled from 0 to 1.

Benchmarking five L/R-target inference methods using
perturbation data

We further evaluated and compared the five L/R-target inference
methods, namely NicheNet (Browaeys et al. 2020), CytoTalk (Hu
et al. 2021), stMLnet (Cheng et al. 2022), MISTy (Tanevski et al.

2022), and HoloNet (Li et al. 2023a). Note that scMLnet was not
included in this comparison, as it does not provide L/R-target reg-
ulatory scores despite its capability to predict L-R-TF-Target paths.
Because three of the five tools (i.e., stMLnet, MISTy, and HoloNet)
require ST data as input, we used eight ST data sets of breast cancer,
gliomas, and heart tissue as inputs for each method for prediction.
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in row are significantly higher than those of the method in column (P<0.05), otherwise for 0.

For evaluation, we used the differentially expressed genes (DEGs)
in the 15 expression data sets of cell lines of breast cancer, gliomas,
TAM (tumor-associated macrophage), and cardiac fibroblasts with
ligands or receptors being perturbed as ground-truth of L/R-targets
(Supplemental Table S3). The AUPRC and AUROC values were cal-
culated for evaluation (see details in Methods). We focused on the
AUPRC values (Fig. 9A,B; Supplemental Fig. S10) and provided the
AUROC results in Supplemental Figure S11, as the former is more
informative than the latter when evaluating classifiers using im-
balanced data sets (Saito and Rehmsmeier 2015, 2017).

Among the five methods, CytoTalk and NicheNet were de-
signed for CCC inference based on scRNA-seq data. CytoTalk could
not predict the ligands or receptors of interest in the cell line pertur-
bation data, except for DDL4 that was successfully predicted in
CID44971 data set (Fig. 9A; Supplemental Fig. S10A). To speculate
the ineffectiveness of CytoTalk in these predictions, we inspected
the prize-collecting Steiner-Forest algorithm used by CytoTalk
and we found that the preferential expression measure values, de-
fined in CytoTalk, of most of the ligands/receptors of interest are

negative, resulting in their node prizes being 0. As such, these
nodes of ligands/receptors were filtered during the construction
of signaling networks in CytoTalk. On the other hand, NicheNet
predicted all ligands or receptors used in the perturbation experi-
ments, and achieved a median AUPRC close to 0.4 (Fig. 9A). The
incorporation of prior information of inter- and intracellular
signaling interactions may help L/R-target prediction in NicheNet.

Overall, we found that both stMLnet and HoloNet had signif-
icantly higher AUPRC values than other methods, with no signifi-
cant difference between the two (Fig. 9B). HoloNet performed well
across most conditions (Supplemental Fig. $10), with median
AUPRC value greater than 0.5. stMLnet achieved good prediction
accuracy when it could predict out the concerned L/R signals, espe-
cially in CID44971 data set (Supplemental Fig. S10A), but it failed
in some other conditions. An overall comparison between spatial
modeling methods (i.e., stMLnet, MISTy, and HoloNet) and non-
spatial modeling methods (i.e., CytoTalk and NicheNet) (Fig. 9A)
suggests that incorporating spatial distance/relationships of inter-
acting cells or molecules into CCC inference could improve the
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Figure7. Stability of the 18 LR inference methods to different sampling rates of the input scRNA-seq data. (A) Box plot of Jaccard index values between LR
interactions predicted from the sampled data sets and those from the original data sets for each method. (B) Box plot of the overall stability values of each
method. (C) Heatmap of statistical significance of difference of the overall stability values between different methods. 1 represents that the overall stability
values of the method in row are significantly higher than those of the method in column (P<0.05), otherwise for 0.

L/R-target predictions. Of note, although MISTy considers spatial
relationships of molecules, it does not incorporate prior interac-
tion information. As such, MISTy did not perform as good as
stMLnet or HoloNet.

We also recorded the running time and maximum memory
usage of the above five methods in all the data sets for comparison
(Fig. 9C,D). We found that HoloNet and CytoTalk required longest
running time (~several days). MISTy, NicheNet, and stMLnet had a
maximum memory usage below 10 GB, whereas HoloNet con-
sumed much more memory than the other four methods.

Benchmarking summary

The overall benchmarking results are summarized in Figure 3,
where we ranked the 18 LR inference methods according to the ag-
gregated evaluation metrics over all the data sets (Supplemental
Text S3). The overall accuracy of RNAMagnet, CellChat, and
scSeqComm ranked in the top three among the 18 LR inference
methods (Fig. 3D), according to the standardized and averaged

score of DLRC accuracy, CAGE accuracy, and proteomics accuracy
(Supplemental Text S3). Furthermore, the overall performances of
CellChat, ICELLNET, and NATMI were ranked top three according
to the aggregated score of accuracy, stability, and usability.

Our benchmarking study leads to some interesting and impor-
tant findings. (1) LR scoring algorithm plays an important role in the
prediction accuracy of the CCC inference methods. Overall, the
methods using more advanced LR scoring algorithms showed better
performances than other simple mean or product-based LR infer-
ence methods in terms of prediction accuracy. Specifically, as for
top-ranked methods, RNAMagnet and scSeqComm use probabili-
ty-based L/R scoring, and CellChat computes LR score using Hill
function of ensemble average expression of L and R, whereas they
all consider multisubunits of ligands or receptors. (2) The prior LR
information is also important for CCC inference. Some tools (e.g.,
CellPhoneDB (v2 and v3) and CellTalker) use the same LR scoring al-
gorithm but different prior LR databases and they have different per-
formances on the DLRC benchmarks or CAGE and proteomics
benchmarks. (3) As for L/R-target inference methods, stMLnet and
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HoloNet, which consider both spatial information and prior interac-
tion knowledge, achieved higher prediction accuracy than the other
three methods (NicheNet, CytoTalk, and MISTy).

A decision-tree-based guideline of tool selection

Moreover, we provide a decision-tree-style recommendation of
tool selection for users to easily choose the best method according
to the data type and specific purposes (Fig. 10). For the analysis of

intercellular LR interactions, CellChat or RNAMagnet is recom-
mended because of their relatively good accuracy, and CellChat
or NATMI is recommended if data sets in small size are used,
whereas CellTalker or Connectome is recommended if the compu-
tational efficiency is concerned. For the purpose of inferring both
inter- and intracellular signaling wusing scRNA-seq data,
scSeqComm (with high cutoff), Domino, scMLnet, or NicheNet
is recommended; note that the latter two tools can predict target
genes downstream from the LR interactions, whereas the former
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two cannot. If ST data is available, we recommend stMLnet or
HoloNet for L/R-target inference, as they have a higher prediction
accuracy and the former can predict multilayer signaling, includ-
ing TFs and target genes, making it feasible to perform functional
enrichment analysis for CCCs.

CCCbank: an ensemble pipeline for CCC inference

To facilitate practical utilization of CCC inference tools, we devel-
oped an integrated computational pipeline called CCCbank,
which enables versatile combinations of 16 LR inference methods
with 13 LR databases (see details in Methods) (Fig. 11A). Via
CCCbank, each method can be equipped with one or more LR da-
tabases or any other user-defined databases. CCCbank uses Seurat
object of scRNA-seq data as input for CCC inference. The output of
CCCbank includes inferred LR pairs and their scores, which can be
used for further analysis or visualization.

We here used CCCbank to examine the prediction accuracy of
the top-performing methods (i.e., RNAMagnet, CellChat, and
scSeqComm) combined with different databases. The results (Fig.
11B) show that, when combined with different databases, the
same method had distinct performances in terms of overall accura-
cy. Specifically, the combination of RNAMagnet method with data-
base CellPhoneDB, ICELLNETDB, or CellChatDB showed
improved performance over its default database, whereas CellChat

method and scSeqComm method performed better when com-
bined with database ICELLNETDB or CytoTalkDB. These results
suggest optimal combinations between databases and the top-per-
forming methods, which have been implemented in CCCbank for
better applications.

Lastly, we compared the performance of different methods
equipped with the same database, i.e., CellChatDB or Cell-
PhoneDBLR (Fig. 11C). CytoTalk method was not included in
this comparison because its running time was too long (see also
Fig. 8A). The results show that when the database was switched
to CellChatDB, the overall accuracies of SingleCellSignalR,
scMLnet, and Connectome were notably enhanced, whereas Cell-
Chat, RNAMagnet, and scSeqComm were still ranked as top-per-
forming methods. When the database was switched to
CellPhoneDBLR, the performances of scSeqComm and CellChat
were relatively reduced, whereas the other methods had only subtle
changes in their ranking with respect to overall accuracy.

Discussion

One of the major challenges in the development of CCC inference
methodology is the lack of appropriate benchmarking. As a result,
performances of CCC inference methods in terms of prediction ac-
curacy, stability, and usability have not been comprehensively
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evaluated and compared, which significantly impedes the devel-
opment, assessment, and application of CCC inference methods.
To address this challenging gap, in this paper, we have proposed
a systematic computational framework, ESICCC, for evaluating,
selecting, and integrating CCC inference tools.

Compared to the existing comparison studies of CCC infer-
ence (Dimitrov et al. 2022; Liu et al. 2022), our study contains at
least the following new contributions. (1) We introduced new met-
rics and benchmarks to comprehensively evaluate and compare
the agreement, accuracy, stability, and scalability of the state-of-
the-art CCC inference tools. Specifically, we defined RSI and SI
for similarity measurement, and used DLRC, CAGE, and proteo-
mics benchmarks for accuracy evaluation. (2) We designed a
more comprehensive benchmarking pipeline that includes more
tools and more data sets. We benchmarked 18 LR inference tools
and five L/R-target inference tools using a total of 116 data sets.
To the best of our knowledge, this is the first study to quantitative-
ly benchmark computational methods for inferring L/R-target reg-
ulations from scRNA-seq data or ST data. (3) We proposed a
decision-tree-style guideline for users to easily choose best tools
for their specific research concerns considering intercellular or/
and intracellular signaling inference, data type, data size, and com-
putational efficiency. Furthermore, we developed an ensemble
pipeline, CCCbank, that enables more comprehensive method/
database combinations between 16 CCC inference methods and
13 pre-existing prior databases. Utilizing CCCbank, we compared
performance of various combinations of LR inference methods
and databases, empowering users to make informed decisions
when selecting the optimal method/database combination for
CCC inference. In addition, CCCbank enables users to implement
a method with a combination of one or more prior databases in a
complementary manner. (4) Moreover, our comparative results
uncover several critical influential factors for CCC inference,
such as prior interaction information, ligand-receptor scoring al-
gorithm, intracellular signaling complexity, and spatial relation-
ship, which may be considered in the future studies to advance
the development of new methodologies.

In fact, besides the above methods, there are other CCC infer-
ence tools, to name a few, SoptSC (Wang et al. 2019a), SpaOTsc
(Cang and Nie 2020), cell2cell (Armingol et al. 2022b), and
Scriabin (Wilk et al. 2023), which are not included in this bench-
marking study because of the following reasons. (1) SpaOTsc re-
quires spatial imaging data along with scRNA-seq data as input.
(2) SoptSC and SpaOTsc require a predefined pathway of interest
for CCC inference. (3) cell2cell did not predict any LR interactions
from the breast cancer data set. (4) Scriabin infers LR interactions at
single-cell level, performs comparative analysis of cell pairs be-
tween conditions, and identifies modules of coexpressed LR pairs,
which are hard to be validated via the cell type/cluster-level bench-
marks used in this study. Furthermore, recently emerging ST-based
LR inference methods (e.g., Giotto [Dries et al. 2021], stLearn
[Pham et al. 2020], COMMOT [Cang et al. 2023], and SpatialDM
[Li et al. 2023b]) may need independent benchmarking strategies
in future studies. In addition, COMUNET (Solovey and Scialdone
2020), scTensor (Tsuyuzaki et al. 2019), and Tensor-cell2cell
(Armingol et al. 2022a) are designed to identify communication
patterns following CCC inference from scRNA-seq data, which
are also beyond the scope of this study.

The hypothesis for the DLRC benchmark is motivated by the
widely acknowledged assumption that closer cells are more likely
to signal to each other and thus have stronger communication sig-
naling, compared to distant cell pairs (Jin et al. 2021; Palla et al.
2022; Armingol et al. 2022b). Similarly, Dimitrov et al. (2022) as-
sumed that “colocalized cell populations are expected to have a
higher chance to interact with each other than other nonadjacent
cell types”. Hu et al. (2021) also used mutual information to eval-
uate and validate the differential correlations of spatial expression
of pathway genes inferred by CytoTalk across cell pairs in the close
group and distant group. The DLRC approach in our study aims to
evaluate whether the LR correlations are spatially enriched in the
closer cell pairs compared to distant cell pairs, which is consistent
with other works. For instance, scHOT (Ghazanfar et al. 2020) can
be used to detect spatial enrichment of gene pairs that have signifi-
cantly differential correlation in local region, compared to a
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Figure 11.

CCCbank as an ensemble pipeline for integrative CCC inference. (A) lllustration of CCCbank pipeline. (B) Comparison of performance chang-

es in terms of overall accuracy for the three top-ranked methods (i.e., RNAMagnet, CellChat, and scSeqComm), each equipped with different databases.
(C) Comparison of performances of different methods equipped with the same database, that is, CellChat or CellPhoneDB.

general overall correlation. It has been shown that, as the spatial
span of local space increases, the number of significant gene pairs
inferred by scHOT would decrease (Extended Fig. 6D therein)
(Ghazanfar et al. 2020). Moreover, we ran scHOT with different
span parameters and found that the local correlations of the signif-
icant gene pairs would decrease and tend to zero as the spatial span
increases (Supplemental Fig. S12). These observations are, to some
extent, consistent with our hypothesis that the correlations of in-
teracting LR pairs in the close groups should be higher than those
in the distant groups.

The CAGE and proteomics data were used as pseudogold stan-
dards for benchmarking LR inference. It is worth noting that the
cells in the CAGE and proteomics benchmarks are primary cells
from the peripheral blood of human donors instead of cell lines.
Actually, the 28 hematopoietic cell types in the proteomics data
were sorted by flow cytometry from peripheral blood of healthy
donors, and three or four repeat measurements were performed
for each cell type; similarly, the CAGE data were obtained from
144 human primary cell samples (~three donors for most cell
types). The cell type-specific CAGE and proteomics data are suit-
able to be used for testing CCC inference because most of the ex-
isting methods infer LR interactions at cell type/cluster level;
moreover, the sequencing depth of CAGE data is higher than
that of scRNA-seq data, so the CAGE data are more reliable for de-
tecting cell type—specific gene expression. In future studies, data
sets generated from high-throughput screening technologies
(e.g., phosphoproteomics [Tian 2014], Perturb-seq [Adamson
et al. 2016], CRISP-seq [Jaitin et al. 2016]) may be used to extend
the benchmarks for LR inference and L/R-target predictions.
Additionally, synthetic data sets generated from large-scale spa-
tial-temporal simulations can serve as a complementary method
for benchmarking, as performed by a few previous studies (e.g.,

MISTy [Tanevski et al. 2022] and stMLnet [Cheng et al. 2022]) in
which small-scale data sets have been generated.

Our benchmarking also implies several directions for devel-
oping new CCC inference methods. For example, we found that
some LR inference methods considering intracellular signaling re-
sponses did not perform as well as expected, especially in the
benchmarks of differential LR correlations in ST data, which might
be because of complexity of the intracellular signal transduction
networks. Existing CCC inference methods only use scRNA-seq
data to infer TF-target gene interactions and TF activities, which
may be far from enough. Epigenomics at single-cell resolution,
such as scATAC-seq (Satpathy et al. 2019; Mimitou et al. 2021),
should be useful for modeling multilayer signaling networks by in-
ferring the intracellular gene regulatory networks (GRNs) that are
regulated by upstream LR signals. As such, integrating scRNA-seq
data and scATAC-seq data is anticipated to advance CCC inference
and analysis. In addition, integrating the scRNA-seq data and ST
data to infer CCC signaling networks can make full use of their ad-
vantages (Longo et al. 2021). Moreover, integrating single-cell or
spatial transcriptomics with proteomics, such as CITE-seq
(Stoeckius et al. 2017), can more accurately quantify intercellular
LR signaling because the ligands and receptors act in their protein
form. In future studies, multiscale models that can integrate single-
cell multiomics data, such as scRNA-seq, ST, scATAC-seq, and/or
single-cell proteomics, are expected to be developed for better in-
ference of CCC signaling/regulation across multilayers.

Methods
Data sets used for benchmarking

To evaluate similarity of the predicted LR interactions and differen-
tial LR correlations in close and distant cell pair groups between
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the 18 methods, we have collected 11 data sets of scRNA-seq and
11 paired ST data sets (Wu et al. 2021; Kuppe et al. 2022) (including
one ST data set at single-cell resolution [Srivatsan et al. 2021]) for
CCC prediction and evaluation. The scRNA-seq data sets were
used for LR prediction and the corresponding ST data sets for eval-
uation. The ST data set at single-cell resolution was used for both
prediction (without spatial information) and evaluation (with spa-
tial information). These data are acquired from different tissues, in-
cluding heart tissue from healthy people, ICM patients and AMI
patients, breast cancer tissue from TNBC patients and mouse em-
bryo (E14). The detailed information of these data sets is listed in
Supplemental Table S3.

To further benchmark the 18 LR inference methods, CAGE
data (expression in TPM) of 144 primary cell types (The FANTOM
Consortium and the RIKEN PMI and CLST (DGT) 2014;
Ramilowski et al. 2015) and proteomics data of 28 primary human
hematopoietic cell populations in steady states (Rieckmann et al.
2017) were collected and regarded as pseudogold standards of cell
type-specific LR interactions. In such benchmarks, three sets of
scRNA-seq data of PBMC downloaded from the 10x Genomics web-
site (pbmc4k, pbmc6k and pbmc8Kk) were used as input for each of
the 18 methods to infer intercellular LR interactions.

To evaluate L/R-target inference methods, eight ST data sets
(Wu et al. 2021; Kuppe et al. 2022; Ravi et al. 2022) were used as
input for each of the five tools. These ST data were acquired from
heart tissues from healthy persons, tumor tissue from breast cancer
patients or glioma patients. The detailed information of these ST
data sets is listed in Supplemental Table S3.

Data preprocessing for the above scRNA-seq data sets and ST
data sets, such as quality control, normalization, dimension reduc-
tion, clustering, and cell type annotation, was performed according
to the description in their original studies (Srivatsan et al. 2021; Wu
etal. 2021; Kuppe et al. 2022; Ravi et al. 2022). Deconvolution for ST
data sets was performed using Cell2Location (Kleshchevnikov et al.
2022), one of the top-ranked ST deconvolution methods according
to previous benchmarking studies (Li et al. 2022; Yan and Sun
2023). Parameter settings of the 18 LR inference methods and the
five L/R-target inference methods in the benchmarking are de-
scribed in Supplemental Texts S4 and SS5.

Similarity of the predicted LR interactions between 18 LR
inference methods

To examine whether the overlapped LR interactions between dif-
ferent methods have a similar ranking among all LR pairs predicted
by each method, we defined a rank-based similarity index (RSI) as
follows:

1

k)P

where A represents the set of LR interactions inferred by method A,
B represents the set of LR interactions inferred by method B, and
C = A N Brepresents the set of overlapped LR interactions. | - | rep-
resents the number of elements in a set. RS or R§ represents the
ranking of the overlapped LR interactions among A or B, according
to the LR score predicted by each method. R); or R}, represents the i-
th element in R/E or Rg. Il represents the L1 norm. The closer the
RSIvalueis to 1, the more consistent the ranking of the overlapped
LR interactions for the two methods. Using the above 11 scRNA-
seq data sets as input for each of the 18 LR inference methods,
we calculated the RSI for each pair of two methods.

In addition, we defined the following similarity index (SI) to
examine the overlapping fraction between two sets of predicted LR
interactions:
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The above similarity index is a modified Jaccard index. Note
that the denominator in the classical Jaccard index is |union(4,
B)|. Considering that some tools often predict a very large number
of LR interactions (~thousands), whereas some others predict rela-
tively few LR interactions (~dozens), here we reasonably modified
the denominator to min(|A|, |B|) to measure similarity. Using the
above scRNA-seq data sets as input for different methods for LR in-
teraction prediction, we calculated the similarity index for each
pair of the 18 methods as mentioned above.

Evaluating differential LR correlation in close and distant cell pairs
based on ST data

We hypothesized that LR expression correlations in close cell pairs
may be greater than those in distant cell pairs (Hu et al. 2021; Jin
et al. 2021). So, we firstly used scRNA-seq data sets as input for
the aforementioned 18 methods to infer LR interactions of all pairs
of cell clusters, and then used the matched ST data sets to compare
the performance of the 18 methods by evaluating the difference of
correlations of LR pairs in the group of close cell pairs and distant
cell pairs.

For each pair of cell clusters, all the spots/cells belonging to
the sender cluster and all the spots/cells belonging to the receiver
cluster in the ST data were used to construct the sender-receiver cell
pairs. The sender-receiver cell pairs were divided into close and dis-
tant groups based on the Euclidean distance. Specifically, we con-
structed sender-receiver cell pairs by pairing each sender cell to all
receiver cells. We denoted §; and R; as the ith sender cell and jth re-
ceiver cell, respectively. S; — R; represents the sender-receiver cell
pair constituted by the ith sender cell and jth receiver cell. As
such, the sender-receiver cell pairs are as follows:

Si—Ri, Si—Ry, -+, Si—Ry, i=1, ..., m.

We sorted the Euclidean distance of sender-receiver cell pairs in
the ascending order, and then selected the top 10%, 20%, 30%, or
40% of cell pairs to form four proportions of close groups. The dis-
tant groups of sender-receiver cell pairs were constructed similarly
but in the descending order.

We used MI to assess the correlation between ligand and recep-
tor in each LR interaction inferred by different tools in the close or
distant group. For instance, in the close group, the MI of an LR inter-
action was calculated based on the expression values of the ligand
and receptor in the close sender-receiver cell pairs. Similarly, in
the distant group, the MI of an LR interaction was calculated based
on the expression values of the ligand and receptor in the distant
sender-receiver cell pairs. If multisubunits of the ligand or receptor
were involved in an LR interaction (e.g., that predicted by
CellPhoneDB or CellChat), the MI of the LR interaction was calcu-
lated for each subunit. For all inferred LR interactions, the MI values
of LR pairs in the close and distant groups were compared. MI was
calculated in Rv 4.0.5 (R Core Team 2021) using the mutinformation
function in the infotheo 1.2.0 package (Meyer 2008). The statistical
significance of the difference of LR correlations in the close and dis-
tant groups was assessed using a Wilcoxon rank-sum test.

Moreover, to comprehensively account for the difference of
MI, the statistical significance, and different proportions of cell
pairs in close/distant groups, we defined an evaluation metric,
called DLRC (differential LR correlations) index, to assess differen-
tial LR correlations for each method in the ST data:

DLRC =) Sig x (AMI) x (0.5 — prop),
prop
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where prop represents the proportions of cell pairs in the close/dis-
tant group, i.e., prop = 10%, 20%, 30%, or 40%. AMI= median
(lelose,prop,A) - me‘ﬁan(Mldistant,prop,A)/ with Mldose,prop,A and
Mistant, prop,a T€PTEsenting two vectors of MI values of LR interac-
tions inferred by method A in the top prop close group and distant
group, respectively. Sig indicates whether the difference of MI val-
ues between the top prop close and distant cell pairs is statistically
significant (P<0.05), assessed by Wilcoxon rank-sum test.

Evaluating the predicted LR interactions using CAGE
and proteomics data

Since the proteomics data and CAGE data can detect the cell type-
specific expression at protein level and promoter level, it may be a
good choice to use them as pseudogold standards to evaluate the
predicted LR interactions. The CAGE data of 144 human primary
cell types generated by FANTOMS project (The FANTOM
Consortium and the RIKEN PMI and CLST (DGT) 2014;
Ramilowski et al. 2015) were used in the CAGE benchmark. In the
previous study (Ramilowski et al. 2015), it has been verified that un-
der the threshold of 10 TPM, the true-positive rate of LR inference
could achieve 82%, and the false-negative rate was only 4%, al-
though the true-positive rate increased with larger threshold values,
a lot of true positives would be lost at the same time. As such, the
threshold of 10 TPM is more conservative for dissecting LR pairs
based on the CAGE data (Ramilowski et al. 2015). Therefore, in
our benchmark, if the CAGE expressions of ligand in sender cell
type and receptor in receiver cell type are both >10 TPM, this LR
pair will be considered as truly existing in the sender-receiver cell
types, labeled as a positive sample. Otherwise, this LR interaction
will be viewed as not existing, labeled as a negative sample.

As for the proteomics benchmark, the quantitative, high-res-
olution mass spectrometry (MS) technology was used to detect the
proteomics for each of the 28 hematopoietic cell types that were
sorted by flow cytometry from peripheral blood of healthy donors
(Rieckmann et al. 2017). The MS data can be used for protein char-
acterization and quantification. In our benchmark, we used the
proteomics data to characterize the presence of the ligand protein
and the receptor protein in each LR pair. If the ligand protein and
the receptor protein are both present in the proteomics data, then
we consider that the corresponding LR interaction should exist.
According to Human Proteome Project Mass Spectrometry Data
Interpretation Guidelines 3.0 (Deutsch et al. 2019), a protein is
characterized to be present when the count of unique peptides
of the protein is greater than 2 in the MS data. Therefore, in our
proteomics benchmark we used two unique peptides as a thresh-
old for the ligand protein and the receptor protein to define the
ground-truth of the LR interaction, similar to Cabello-Aguilar
et al. (2020).

Three sets of scRNA-seq data of PBMC that have been down-
loaded from the 10x Genomics website (4 k, 6 k, 8 k human
PBMCs) were used as input for various CCC inference methods
for prediction, and cell type-specific expressed LR pairs based on
CAGE and proteomics data were used as pseudogold standards
for benchmark. AUROC and AUPRC were calculated for evalua-
tion. The statistical significance of difference in AUROC or
AUPRC values between each pair of two methods was assessed us-
ing Wilcoxon rank-sum test.

We admit that the high coexpression or coabundance of li-
gand and receptor does not guarantee a functional interaction,
but because those ligands and receptors are known to interact for
at least one combination of cell types because of prior knowledge
as deposited in molecular interaction databases, we considered
that the above benchmarks are sufficiently reasonable for our
purpose.

Evaluating the robustness of methods to sampling rates of sScRNA-
seq data

Considering large variations of samples of cells in different
scRNA-seq data sets, it is important to investigate robustness of
each method to the size of input data set. We evaluated and com-
pared the robustness of all methods to different sampling rates
(e.g., 90%, 80%, 70%, 60%, 50%) of cells in each of the above
14 data sets of scRNA-seq data. The resulting 84 data sets, includ-
ing 70 sampled data sets and 14 original data sets, were used as
input for each method to predict LR interactions. Jaccard
index was used to evaluate the similarity of predicted LR
interactions in the sampled data sets with those in the original
data sets:

[A; NA|
|A; UA|’

Ji=

where A; represents the set of inferred LR interactions in the sam-
pled data sets with the sampling rate of i, A represents the set of
inferred LR interactions in the whole data sets, and | - | represents
the number of elements in a set.

To compare the stabilities of different methods more intui-
tively, we calculated a stability value (S) for each method as fol-
lows:

S=1/3 A=),

Higher stability value means that the method is more robust to
variations of samples of cells in the input scRNA-seq data sets. The
statistical significance of difference in stability values between
each of the two methods was assessed using Wilcoxon rank-sum
test.

Benchmarking L/R-target inference methods

To benchmark the L/R-target inference methods, we collected 15
perturbation-expression data sets of cell lines of breast cancer, gli-
omas, and cardiac fibroblasts with ligands or receptors being per-
turbed. The information for perturbation-expression data sets is
listed in Supplemental Table S4. The DEGs in each of the 15 pertur-
bation-expression data sets (before vs after perturbation) were se-
lected using limma 3.46.0 package (Ritchie et al. 2015) in R v
4.0.5 (R Core Team 2021). The significant DEGs, with P value
less than 0.05, were used as ground-truth of L/R-targets for evalu-
ation. Specifically, the L/R-target was labeled as true if the predict-
ed target gene is a DEG, otherwise it was labeled as false. The
regulatory scores of ligand/receptor-targets predicted by each
tool were compared to the ground-truth labels to calculate
AUPRC as well as AUROC using ROCR 1.0-11 package (Sing et al.
2005) in Rv 4.0.5 (R Core Team 2021).

Since three tools (i.e., stMLnet, MISTy, and HoloNet) require
ST data as input, we used eight ST data sets of breast cancer, glio-
mas, and heart tissue as input data for each method for prediction
(Supplemental Table S2). Additionally, because most of the L/R-
target inference methods, except CytoTalk, require a set of prede-
fined targets of interest as input as described above, so we used in-
teraction-changed genes (i.e., ICGs) (Dries et al. 2021) as such
input for each method for comparison purposes.

As for the ST data set of breast cancer, we set breast cancer cells
asreceiver cell types and others as sender cell types to infer the L/R-
target regulations. Meanwhile, the 10 perturbation-expression
data sets of breast cancer cell lines were used for evaluation, involv-
ing knockout/mutant conditions for three receptors (i.e., AXL,
NRP1, CXCR4) and treatment conditions for five ligands (i.e.,
CXCL12, TGFB1, DLL4, JAG1, and IGF1).
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As for the ST data set of glioma, two perturbation-expression
data sets with inhibition conditions for two receptors (i.e., FGFR1
and CSF1R) were used for evaluation. As the FGFR1-perturbation
data set is for glioma cells, we used glioma cells as receiver cell types
and other cell types as senders to infer the L/R-target regulations
from the ST data. Whereas the CSF1R-perturbation data set is for
macrophages, so we set macrophages as receiver cell types and oth-
ers as sender cell types to infer the L/R-target regulations from the
ST data.

As for the ST data set of heart tissue, we set cardiac fibroblasts
as receiver cell types and others as sender cell types to infer the L/R-
target regulations. The three perturbation-expression data sets of
cardiac fibroblasts were used for evaluation, involving treatment
conditions for two ligands (i.e., EFNB2 and TGFB1). Of note, in
the NCBI Gene Expression Omnibus (GEO; https://www.ncbi
.nlm.nih.gov/geo/) data set under accession number GSE123018,
cardiac fibroblasts from patients undergoing coronary artery by-
pass grafting were treated with TGFB1 after 45 min, 2 h, 6 h, and
24 h and then subjected to RNA sequencing. As such, we made
four comparisons between the four treatment groups and the con-
trol group (before TFGB1 treatment), respectively, to select DEGs
for each condition.

Comparison of running time and max memory usage for different
methods

In the benchmarks for the 18 LR inference methods, we recorded
running time and maximum memory usage for each method
across the 84 data sets (with or without sampling). In the bench-
marks for the five LR-target inference methods, we recorded run-
ning time and maximum memory usage for each tool on eight
ST data sets. We used the time command line in Linux to record
running time (user time + system time) and maximum memory us-
age for each method on each data set. We scored the running time
and maximum memory usage to calculate the usability for each
method (Supplemental Table S5).

Methods and databases included in CCCbank

We developed an R package, CCCbank, as an ensemble pipeline to
implement flexible combinations between different CCC inference
methods and databases. CCCbank contains 16 LR inference meth-
ods (CellPhoneDB v2.0, CellPhoneDB v3.0, CellTalker, Connec-
tome, ICELLNET, NATM]I, iTALK, scConnect, SingleCellSignalR,
RNAMagnet, CellChat, scSeqComm, NicheNet, CytoTalk, Domino,
scMLnet) and 13 LR databases (CellPhoneDBLR, FANTOMS,
ICELLNETDB, NATMIDB, iTALKDB, scConnectDB, SingleCell-
SignalRDB, CellChatDB, RNAMagnetDB, NicheNetDB, Cyto
TalkDB, DominoDB, CellCallDB).

Two methods, CellCall and PyMINEr, were not included in
CCCbank because of the following reasons. CellCall requires L-R-
TF links as its prior database as such that it is not feasible to equip
CellCall with other LR databases. PyMINEr uses protein-protein in-
teractions (PPIs) as its prior database and it is hard to be changed to
other LR databases. Therefore, CCCbank encompasses 16 methods
in total.

The databases used by CellPhoneDB v2 and CellPhoneDB v3
are the same (i.e., CellPhoneDB). In CCCbank, only the LR pairs in
CellPhoneDB were retained for LR inference and the PPIs were re-
moved; the resulting database is called CellPhoneDBLR. Similarly,
because PyMINEr database deposits PPIs rather than LR pairs, it
was not included in CCCbank. In addition, CellChatDB is also
used as prior database of scSeqComm, and the same LR database
FANTOMS is used by CellTalker, Connectome, and scMLnet.
Therefore, CCCbank encompasses 13 databases in total.

Software availability

The source codes of ESICCC are available as Supplemental
Source_Code_ESICCC and at GitHub (https://github.com/SunXQ
lab/ESICCC). An R package of CCCbank is also available as
Supplemental Source_Code_CCCbank and at GitHub (https://
github.com/SunXQlab/CCCbank).
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