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Ligand–receptor interactions mediate intercellular communication, inducing transcriptional changes that regulate physio-

logical and pathological processes. Ligand-induced transcriptomic signatures can be used to infer ligand activity; however,

the absence of a comprehensive set of ligand-response signatures has limited their practical application in predicting ligand–

receptor interactions. To bridge this gap, we develop Lignature, a curated database encompassing intracellular transcrip-

tomic signatures for 362 human ligands, significantly expanding the repertoire of ligands with available intracellular re-

sponse signatures such as CytoSig and ImmuneDictionary. Lignature compiles signatures from published transcriptomic

data sets, generating both gene- and pathway-based signatures for each ligand. We apply Lignature to prioritize ligand-as-

sociated transcriptional activity in controlled in vitro experiments and real-world single-cell sequencing data sets. Across

these settings, Lignature consistently improves the prioritization of experimentally supported ligands compared with exist-

ing approaches. We additionally develop a regression-based framework to model combinatorial regulation by multiple

ligands. These results establish Lignature as a robust platform for ligand signaling inference, providing a powerful tool

to explore ligand–receptor interactions across diverse experimental and physiological contexts.

[Supplemental material is available for this article.]

Cell–cell communication is essential for coordinating biological
processes in multicellular organisms, with ligand–receptor (LR) in-
teractions serving as a primary mechanism in this process
(Armingol et al. 2021, 2024; Su et al. 2024). The rapid advance-
ment of sequencing technologies has enabled the development
of numerous computational methods for predicting potential LR
interactions from transcriptomic data.

Current methods for predicting cell–cell communication,
particularly LR interactions, fall into three major categories. The
first category identifies LR interactions based on the coexpression
of ligand genes in sender cells and receptor genes in receiver cells.
Tools such as CellPhoneDB (Efremova et al. 2020), CellChat (Jin
et al. 2021), SingleCellSignalR (Cabello-Aguilar et al. 2020),
NATMI (Hou et al. 2020), and ICELLNET (Massenet-Regad et al.
2021) exemplify this approach. Although these methods are effec-
tive, they often generate a high number of false positives by relying
solely on ligand and receptor gene expression levels.

To enhance accuracy, a second type of approach integrates in-
tracellular networks tomodel the impact of ligands on target genes
in receiver cells. Tools like CCCExplorer (Yeung et al. 2019),
NicheNet (Browaeys et al. 2020), SoptSC (Wang et al. 2019), and
LRLoop (Xin et al. 2022; Qian et al. 2024) predict LR interactions
by comparing observed transcriptional changeswith predicted tar-
get genes associated with each ligand. However, the incomplete
and potentially noisy nature of current signaling and regulatory
networks leads to inaccuracies in target gene prediction.
Additionally, these methods fail to model the direction and mag-

nitude of target gene expression changes in response to specific
ligands.

A third group of methods, including SpaOTsc (Cang and Nie
2020) and COMMOT (Cang et al. 2023), incorporates spatial infor-
mation to better account for potential signaling between cells, fur-
ther refining predictions of cell–cell communication. However,
these methods rely on spatial transcriptomics data and do not
resolve the inherent challenges of expression-based prediction.

In this work, we propose a new approach to predict the specif-
ic ligands responsible for the transcriptomic changeswithin the re-
ceiver cells. Instead ofmerelymodeling the target genes of ligands,
our method will identify the signatures of ligands by measuring
the transcriptomic changes derived from actual gene expression
data. When cells are treated with a given ligand and their gene ex-
pression ismeasured before and after treatment, we can then create
a distinct signature unique to that particular ligand. It is worthnot-
ing that the concept of ligand signatures is widely accepted in the
field. Many researchers have identified the “responsive genes” of
the ligands (Sanda et al. 2006; Dölken et al. 2008; Qin et al.
2009; Sohn et al. 2010; Cecchi et al. 2015). Previous works
such as CytoSig (Jiang et al. 2021) and ImmuneDictionary (Cui
et al. 2024) indeed collect the signatures of ligands, whereas
PROGENy leverages publicly perturbation experiments for model-
ing oncogenic and tumor suppressor signaling footprints
(Schubert et al. 2018). However, they focus exclusively either on
cytokines or on tumor-related pathways, limiting the practical ap-
plications of their data sets to the prediction of cell–cell communi-
cation. Here we provide a comprehensive ligand signature
database, Lignature, which contains the signatures for 362 ligands
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across diverse categories. Multiple signatures are retained for indi-
vidual ligands to capture potential cell type–specific transcription-
al responses induced by the same ligand. Additionally, we
constructed gene- and pathway-based signatures for these ligands.
We validated these signatures using in vitro experiments and sin-
gle-cell sequencing data sets, demonstrating their reliability. The
accompanying R (R Core Team 2023)-based computational tool
further enables the signature-based ligand–transcriptional pro-
gram association and corresponding LR interaction predictions.

Results

Overall design

The transcriptomic changes induced by a specific ligand are re-
ferred to as the ligand’s signatures. By comparing observed gene
expression changes to a comprehensive library of ligand signa-
tures, it is possible to predict which ligands are likely to induce ob-
served gene expression changes. To achieve this, we collected
transcriptomic data sets in which gene expression profiles were
measured before and after treatment with specific ligands. These
data sets were used to construct a library of ligand signatures based
on the resulting transcriptomic changes.

Recognizing that ligand-induced signatures can vary depend-
ing on cell types and experimental conditions, we includedmulti-
ple signatures for a given ligand when such data sets were
available. Additionally, we developed a companion software tool
designed to predict and visualize transcriptional program–associat-
ed ligands by leveraging this curated collection of ligand
signatures.

Generation of the Lignature database

We developed an automatic pipeline to search the NCBI Gene
Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/)
(Edgar et al. 2002) for data sets with an experimental design that
would potentially contain transcriptomic responses to these li-
gands. Startingwith themetadata of all 25,868 platform identifiers
downloaded from GEO, we collected metadata for 72,738 data se-
ries corresponding to Homo sapiens platforms and molecule types
“total RNA,” “poly(A) RNA,” or “nuclear RNA,” in which each
data series could include multiple data sets. The curated metadata
of the GEO data series were then queried with a predefined set of
859 ligands based on our previous work LRLoop (Xin et al.
2022). We searched the metadata with ligand genes’ full names,
symbols, and aliases, together with a set of 105 experiment key-
words such as “ligand,” “receptor,” “treatment,” “stimulate,”
“overexpress,” “block,” “knockdown,” and “silence,” which re-
sulted in a list of 9187 data series formanual curation. Finally, after
carefully examining the collected data series in GEO, we removed
those that were not relevant to our purpose or that exhibited tech-
nical issues such as the use of non-genome-wide platforms, an am-
biguous data description, or the lack of accessible raw/processed
data. This curation yielded a list of 460 data series, containing tran-
scriptomic response data for 213 ligands that were not included in
the databases CytoSig (Jiang et al. 2021) and ImmuneDictionary
(Fig. 1A; Cui et al. 2024).

The transcriptomic data sets, including gene expression array
and RNA-seq data sets, were then processed for differential expres-
sion analysis (for details, see Methods), vectors of log2fold-change
(FC) values for expressed genes were collected as gene-level ligand
signatures. For data sets with multiple treatment conditions (e.g.,
durations or doses), a separate signaturewas created for each differ-

ent condition. After combining the data of 149 ligands from
CytoSig (Jiang et al. 2021) and ImmuneDictionary (Cui et al.
2024), we obtained the data sets for 362 ligands (Fig. 1B). In addi-
tion to the gene-level response signatures, we also calculated
KEGG (Kanehisa and Goto 2000; Kanehisa 2019; Kanehisa et al.
2025) pathway signatures for each ligand. Specifically, we per-
formed gene set enrichment analysis across 302 KEGG pathways
(each containing 10–500 genes) and calculated the normalized en-
richment score (NES) for each pathway. The resulting NES vectors
were compiled as the pathway-level signatures. (Fig. 1A). For each
signature, we comprehensively summarized information on cell
types, organisms, sources of the cell type or tissue, and conditions
pertaining to the ligand treatment dose and duration
(Supplemental Table S1).

The 362 ligands with signatures in Lignature are classified
into 100 groups based on the HUGO Gene Nomenclature
Committee (HGNC; https://www.genenames.org) categories
(Seal et al. 2023), including a group labeled “other” consisting of
64 ligands that either have no gene groups or have only very gen-
eralized (such as “receptor ligands”) or biochemical structure–fo-
cused (such as “WAP four-disulfide core domain containing”)
gene groups specified in the HGNC. The largest ligand groups in-
clude CD molecules, interleukins (ILs), neuropeptides, the TNF
superfamily, and chemokine ligands (Fig. 1C; Supplemental
Table S2). This classification also highlights data source biases;
CytoSig and ImmuneDictionary primarily focus on ILs, the TNF
superfamily, interferons (IFNs), and fibroblast growth factors,
whereas our newly curated data cover a broader range, including
most CD molecules, neuropeptides, Ig-like cell adhesion mole-
cules, and semaphorins.

Using the Lignature database as a reference, we provided a
companion computational tool that infers the ligands or ligand
combinations responsible for transcriptomic changes within re-
ceiver cells, as well as the corresponding cell–cell interaction net-
works between multiple cell types or clusters. The tool provides
multiple options for calculating expression-based LR interaction
strength, providing an intuitive summary of the predicted LR ac-
tivities across different conditions (Fig. 1D).

Overall properties of the ligand signatures

A single ligand may have multiple signatures, as it may produce
different responses in various cell types with diverse treatment du-
rations and concentrations. In fact, across the total of 4215 signa-
tures corresponding to 362 ligands, the number of signatures per
ligand ranges from one to 271, with TGFB1 having the largest
number of signatures (Fig. 1E). We systematically compared the
similarity of signatures of the same ligand with those from differ-
ent ligands by calculating Pearson correlation coefficients for all
signature pairs (Fig. 2A). The mean correlation coefficients be-
tween signatures of the same ligand are 0.174, 0.161, and 0.064
in Lignature, CytoSig, and ImmuneDictionary, respectively. In
contrast, the mean correlation coefficients between signatures of
different ligands are 0.003, 0.022, and 0.058 for Lignature,
CytoSig, and ImmuneDictionary, respectively. This analysis indi-
cates that signatures derived from the same ligand tend to exhibit
higher similarity than those from different ligands. Correlation
analysis of five representative ligands, TNF, TGFB1, SHH, IFNA
(family), and IFNG, further supports this observation
(Supplemental Fig. S1A).

Although signatures generated by the same ligand exhibit
higher similarity than those from different ligands, the same
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ligand can still induce diverse responses across cell types, treat-
ment conditions, and other biological contexts. To further investi-
gate the sources of this diversity, we analyzed signature variation
within individual ligands. For example, TGFB1 signatures show
that profiles derived from the same cell types or cell lines (e.g., fi-
broblasts, A549,MCF10), whether from the same or different stud-
ies, tend to cluster together, whereas signatures from different cell

types display substantial variation (Fig. 2B). Similarly, SHH has
more than 20 signatures from data sets across different organisms,
cell types, treatment modalities, doses, durations, and platforms.
Signatures derived from the same cell types, such as mouse neural-
ized embryoid bodies or medulloblastoma cells, consistently clus-
ter together, whereas signatures across distinct cell types show
context-dependent variation (Fig. 2B). Together, these analyses
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Figure 1. Curation and overview of Lignature. (A) Flowchart of generating the Lignature database. (B) Number of the ligands collected in the Lignature
database from different data sources. (C) HUGO Gene Nomenclature Committee (HGNC) categories of the ligands curated in the Lignature database. (D)
Schematic diagram of application of Lignature in predicting and visualizing LR interactions based on ligand signatures and LR expression. (E) Distribution of
the number of signatures of each ligand in Lignature.
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indicate that cell type is a major source of signature diversity for a
given ligand.

To confirm the biological relevance of the ligand signatures,
we calculated the enrichment of upregulated and downregulated
genes of ligand signatures in KEGGpathways. For instance, the en-
riched pathways for the signature genes of ligand LEP (which en-
codes leptin) include allograft rejection, intestinal immune
network for IgA production, graft-versus-host disease, and comple-
ment and coagulation cascades. These pathways are related to
LEP’s involvement in inflammatory processes (Molinero et al.
2016; Cui et al. 2017; Scheja and Heeren 2019). Conversely, the

TP53 pathway is enriched in downregulated genes, consistent
with leptin’s inhibitory effect on cell cycle processes by decreasing
the key TP53 proliferation regulator (Fig. 2C; Toro et al. 2014).
Similarly, the signature genes of ligand TNFSF13 shows enrich-
ment of upregulated genes in NF-kB signaling, apoptosis, the
TNF signaling pathway, and other pathways that are highly consis-
tent with the known cellular functions of TNFSF13 (Baert et al.
2018). It is worth noting that TNFSF13 is also closely associated
with allograft rejection in organ transplantation (Fig. 2C; for
more examples, see Supplemental Fig. S1B; Jo et al. 2019). These
enriched pathways underscore the biological significance of the

A

B

C
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Figure 2. Properties of ligand signatures in Lignature. (A) Distributions of Pearson correlation coefficients of gene-level signatures of the same ligand and
signatures from different ligands. P-values were calculated using a KS test. (B) Heatmaps of sample gene-level signatures of TGFB1 and SHH (x-axis repre-
sents genes in the signatures) exhibit diversity in signatures for individual ligands. (C) Examples of enriched upregulated and downregulated KEGG path-
ways in sample ligand signatures (LEP and TNFSF13).
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ligand signatures and can be used to construct pathway-based sig-
natures and predict the active ligands.

Finally, we examined whether ligands from the same family
or with similar biological functions tend to induce similar tran-
scriptional responses. To do this, we generated a merged signature
for each ligand and performed hierarchical clustering based on the
similarity of thesemerged signatures. This analysis revealed several
coherent groups corresponding to well-established ligand families
(Supplemental Fig. S1C). For example, members of the TGF-beta
family, including TGFB1, TGFB2, and TGFB3 and BMP2, BMP4,
and BMP6, clustered tightly, consistent with their convergent
downstream signaling pathways (Miyazono et al. 2001; Elsafadi
et al. 2019;Wu et al. 2024). Likewise, most IFNs clustered together,
and many ILs showed relatively close similarity. In addition, TNF,
IL1B, and CD40LG, which all regulate NF-kB signaling, grouped
together (Lawrence 2009; Hostager and Bishop 2013; Jiang et al.
2021). In contrast, clusters of differentiation (CD) molecules,
whose nomenclature is based on structural or localization features
rather than shared functions, were dispersed across the clustering,
reflecting their broad functional diversity.

Assessment of signaling inference with bulk in vitro data sets

We assessed the ability of Lignature to predict active ligands using
ligand signatures. To this end, we collected and processed addi-
tional transcriptomic data sets as test cases, in which known li-
gands were used to treat cell lines, and transcriptomic changes
were measured before and after treatment. The goal was to predict
the treatment ligands based on these observed transcriptomic
changes. A total of 90 test data sets were used, including 24 human
and 66 mouse data sets, representing 27 unique treatment ligands
(Fig. 3A). Note that the test data sets were not included in the
initial Lignature database used to generate ligand signatures, and
the same test data sets were used when comparing Lignature
with other existing methods.

For each test data set, wemeasured the similarity between the
observed transcriptomic changes and signatures in the Lignature
library by the Pearson correlation coefficients. The signatures
were ranked based on these similarities, and the ranked position
of the treatment ligand was examined. For example, in a data set
treated with ligand IFNG, the transcriptomic changes were com-
pared against the signatures of the ligands in Lignature. Both the
gene-level and pathway-level signatures for ligand IFNG exhibit
high correlation coefficients with the test data, accurately identify-
ing it as an acting ligand responsible for the observed transcrip-
tomic changes (ranked number 1) (Fig. 3B). Three other methods
for ligand activity prediction based on receiver-cell responses
were compared with Lignature. NicheNet ranked IFNG number
11, lower than the prediction from Lignature, yet a reasonably
high rank for identifying IFNG as a treatment ligand. Another
method, iTALK, that predicts LR interactions based on differential
expression of receptor genes alone ranked IFNG much lower at
number 279 and 306 when scoring each ligand by the maximum
or mean absolute log2FC values, respectively, of its cognate recep-
tors (denoted by maxRlfc and meanRlfc) (Fig. 3B).

Across all 90 test data sets, the median rank of treatment li-
gands was 3.5 and 8.5 for predictions from Lignature gene- and
pathway-level signatures (Fig. 3C), the median AUC values of the
corresponding receiver operating characteristic (ROC) curves are
0.989 and 0.951 (Fig. 3D), and the AUC values of the combined
ROC curves from predictions for all 90 test data sets are 0.925
and 0.883, respectively (Fig. 3E). Applying NicheNet, iTALK

(maxRlfc), and iTALK(meanRlfc) to the same data sets yielded me-
dian ranks of 33.5, 64.5, and 78 for the treatment ligands (Fig. 3C);
median AUC values of the corresponding ROC curves 0.843,
0.817, and 0.792 (Fig. 3D); and AUC values of combined ROC
curves 0.685, 0.749, and 0.713 (Fig. 3E). In this well-controlled
in vitro setting, Lignature shows significantly enhanced ability
to prioritize experimentally supported ligand–transcriptional pro-
gram associations relative to existing methods.

We next asked whether the signatures from one species can be
applied to another. Because Lignature contains mostly signatures
from human data sets, we compared its performance on 24 human
and 66 mouse test data sets to assess cross-species applicability
(Supplemental Fig. S2A,B). In human test data sets, the median
rank of the treatment ligands was two for both gene- and path-
way-level signatures. In mouse test data sets, the corresponding me-
dian ranks were four and 13, respectively. These comparable
performances indicate that transcriptional responses to homologous
ligands are largely conserved across species, enabling effective cross-
species inference of transcriptional program–associated ligands.

We next examined whether the number of available signa-
tures for a ligand influenced prediction performance. Our analysis
revealed a weak-to-moderate negative correlation (–0.39) between
signature library size and prediction rank, indicating that ligands
with more signatures tend to achieve better prediction perfor-
mance. However, this trend was not absolute: Ligands with
only a few signatures often ranked highly, whereas some ligands
with large signature libraries performed only moderately
(Supplemental Fig. S2C).

Combinatorial regulation

Wenext evaluated whether ligand signatures could predict combi-
natorial ligand effects. Our analysis used 38 data sets in which cells
were treated with pairs of ligands drawn from 13 distinct factors,
across varying doses and treatment durations. When each ligand
was considered independently, the signatures frequently identi-
fied either both treatment ligands or one of them, with the latter
likely reflecting cases in which a single ligand dominated the tran-
scriptional response (Supplemental Fig. S3A,B).

To more directly address the challenge of deconvoluting
combinatorial signaling, we developed a dedicated feature that
applies regularized linear regression (Ridge, LASSO, or Elastic
Net) to model a differential expression profile as a weighted com-
bination of multiple ligand activities. Using LASSO regression on
the 38 dual-ligand data sets, this combinatorial approach im-
proved the ranking of the true treatment ligands relative to indi-
vidual signature matching at both the gene and pathway levels
(Supplemental Fig. S3A,B). These results indicate that ligand signa-
tures can be extended to predict more complex combinatorial sig-
naling interactions.

Application and assessment of Lignature with scRNA-seq data sets

We then applied Lignature to two published scRNA-seq data sets
that preserved more natural in vivo conditions involving multiple
cell types.

Example 1: SHH-induced thalamic differentiation

To investigate SHH-mediated thalamic differentiation, organoids
were treated with recombinant SHH, and scRNA-seq was per-
formed on samples collected on day 70 with or without SHH treat-
ment (Kiral et al. 2023). Major cell clusters were identified,
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including excitatory neurons (ExNs), inhibitory neurons (INs), as-
trocytes (ASs), endothelial cells (ECs), and ependymal cells (Epn)
(Fig. 4A,B). Because SHH activation promotes the generation of
INs, we focused on the IN cluster from the SHH day 14–22 treat-
ment sample compared with the untreated sample.

Candidate ligands in Lignaturewere first filtered based on the
detection rate of their receptors, retaining ligands with at least one
receptor detected at a rate above 0.1. Using Lignature (gene-level
signatures), SHH was ranked as one of the top ligands (number
four) predicted to be transcriptional program associated, inducing
the observed transcriptomic changes (Fig. 4C, green dots;
Supplemental Fig. S4A). Three ligands, VEGFA, IFNG, and IGF2,

ranked higher than SHH. Among them, IFNG can be reasonably
excluded, because the expression level of IFNG in all cells are
zero (Fig. 4C). VEGFA and IGF2 are known to be the downstream
regulators of SHH, which play a role in neurogenesis, neuroprotec-
tion, and the processes of synaptic formation throughout neural
development (Lawson et al. 2002; Rosenstein et al. 2010;
Mackenzie and Ruhrberg 2012; Alberini 2023; Pandey et al.
2023). This result suggests that Lignature captures the transcrip-
tomic response from the signaling cascade initiated by SHH. In
contrast, with the same set of candidate ligands and filtering crite-
ria, NicheNet, iTALK (maxRlfc), and a receptor expression–based
method (maximum expression of the cognate receptors) ranked

A
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E

B

Figure 3. Comparison of Lignature to other methods in signaling inferencewith bulk in vitro data sets. (A) A total of 90 transcriptomic data sets of ligand-
treated cell lines were used as test data sets, including 24 human and 66mouse data sets representing 27 unique treatment ligands. (B) Top-ranked ligands
(among all ligands included in Lignature) and the corresponding ligand scores of an example test data set treated with IFNG, predicted from gene-level
signatures, pathway-level signatures, and three other methods. (C) Ranks of the actual treatment ligands among all ligands included in Lignature of 90 test
data sets predicted by each method. (D) AUC values of the ROC curves for predictions of the 90 test data sets from each method. (E) ROC curves and the
corresponding AUC values for combined predictions of all the 90 test data sets from each method. In this in vitro setting, true positives are defined as the
experimentally added ligands, whereas false positives correspond to all other ligands.
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SHHmuch lower at number 37, 114, and 126, respectively. In sum-
mary, Lignature successfully prioritized SHH, an exogenously in-
troduced ligand, as one of the active ligands associated with
transcriptomic changes between treated and untreated samples,
demonstrating improved performance relative to other methods
in linking ligand activity to transcriptional programs during in-
duced IN generation.

Example 2: microglia and Mul̈ler glia regeneration

Microglia cells have been implicated in suppressing Müller glia
(MG) regeneration capacity, asmicroglia ablation improved retinal

neurogenesis fromMG (Todd et al. 2020). Furthermore, treatment
with TNF inmicroglia-ablated mice suppressed the enhanced neu-
rogenesis observed in the absence of microglia (Todd et al. 2020),
suggesting that microglia-originated TNFmight inhibitMG regen-
eration. scRNA-seq was performed on microglia and MG before
and after microglia ablation (Fig. 5A,B; Todd et al. 2020), and we
aimed to predict the ligands responsible for the transcriptomic
changes in MG.

Application of Lignature to the scRNA data in MG predicted
TNF as the top-ranked ligand (Fig. 5C, green dots; Supplemental
Fig. S4B). In contrast, when we used NicheNet to assess the activi-
ties of the same ligands, TNF was positioned number 37. Several

A

C

B

Figure 4. Application and assessment of Lignature on the SHH-induced thalamic differentiation scRNA-seq data set. (A,B) UMAP dimensionality reduc-
tions, example feature plots, and DotPlot of selectedmarker genes of major cell clusters of the SHH-induced thalamic differentiation scRNA-seq data set. (C)
The top predicted ligand scores obtained for the IN cells. The transcriptomes from the SHH day 14–22 treatment samples were compared with untreated
samples, and transcriptional program–associated ligands were predicted using Lignature alongside three other methods. The first column shows the detec-
tion rates of the ligands across all cells, and the second column shows the maximum detection rate of their cognate receptors in IN cells.

Lignature for signaling inference

Genome Research 1073
www.genome.org

http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281287.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.281287.125/-/DC1


ligands highly ranked by NicheNet, such as IL1A, GIP, IL17F, C5,
and LIF, were assigned lower rankings by Lignature. Upon examin-
ing the expression levels of these ligands in the sender cells (micro-
glia) and their receptor’s expression in MG before microglia
ablation, we found that either the ligands or their receptors were
undetectable or detected in a very limited portion of the cells, in-
dicating they are unlikely to be the major contributors to the tran-
scriptomic changes in MG. Moreover, iTALK and a receptor
expression–based method ranked TNF number 148 and 42, failed
in ranking TNF highly as a transcriptional program–associated li-
gand for the transcriptomic changes in MG.

We next used CellPhoneDB, NATMI, SingleCellSignalR, and
CellChat, four well-established gene expression–based methods
for predicting LR interactions, to identify active ligands responsi-

ble for the transcriptomic changes inMG. The ligands were ranked
based on their maximum interaction strength with corresponding
receptors. TNF was ranked 17th, seventh, seventh, and sixth by
CellPhoneDB, NATMI, SingleCellSignalR, and CellChat, respec-
tively (Fig. 5D; Supplemental Fig. S4C). This analysis suggests
that gene expression alonemight not be sufficient for the identifi-
cation of transcriptional program–associated ligands, whereas in
practice, filtering the candidate ligands by the gene expression lev-
els would help reduce noises (Fig. 5D).

Usage of Lignature

We demonstrate the usage of Lignature by applying a scRNA-seq
data set of immune cell populations in checkpoint blockade–

A

C

D

B

Figure 5. Application and assessment of Lignature on microglia and Müller glia (MG) regeneration scRNA-seq data set. (A,B) UMAP dimensionality re-
ductions of the scRNA-seq data on microglia and MG before and after microglia ablation. (C ) Heatmaps of the top predicted ligand scores from Lignature
and three other methods, together with detection rate of the ligands inmicroglia and themaximum detection rate of their cognate receptors inMG before
microglia ablation. (D) LR interaction strengths were calculated by CellPhoneDB and NATMI based on the expression of ligand genes in microglia and the
expression of the receptors in MG, and each ligand was scored by the maximum interaction strength among the LR pairs between the ligand and its re-
ceptors. CellPhoneDB- and NATMI-induced ligand scores, as well as gene-level Lignature-predicted ligand scores, zeroed out by detection rates of the li-
gands and their receptors at 0.3, were plotted in scatter plots against the detection rates of the ligands in microglia.
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associated colitis and control samples (Luoma et al. 2020). Our pro-
gram takes the Seurat object, specified receiver and sender cell
types, and a pair of sample conditions as input. In this case study,
we focused on the transcriptomic changes between samples from
checkpoint inhibitor–treated melanoma patients with and with-
out histologically colitis, labeled “colitis” and “NC,” in myeloid,
with all cell types in the data set as potential ligand sending cells
(Fig. 6A,B).

Lignature scores the candidate ligands based on users’ choice
of the similarity measurement metric (e.g., Pearson correlation co-
efficient, Spearman’s correlation coefficient, cosine similarity,
Euclidean distance) or signature weights from combinatorial anal-
ysis by regularized linear regression (Ridge, LASSO, or Elastic Net).
Here we used the Pearson correlation coefficient, which was set as
default in Lignature. In parallel, Lignature calculates the LR inter-
action strengths using specified methods such as CellPhoneDB,
SingleCellSignalR, or NATMI, which was used in this case.
Transcriptional program–associated ligands can be then predicted
based on both Lignature score and LR interaction strength (Fig.
6C). Lignature also provides options for filtering the list of LR pairs
by gene expression, differential expression, Lignature score, confi-
dence score, interaction strength, and specificity. Finally,
Lignature produces various plots displaying enriched pathways,
inferred ligands, and the associated LR interactions, providing in-
tuitive visualizations for the analysis (Fig. 6B–F; Supplemental Fig.
S5). Through this analysis, Lignature successfully identified tran-
scriptional program–associated ligand signaling to myeloid cells
such as IFNG and TNF from T cells, as well as potential therapeutic
targets for checkpoint inhibitor–induced colitis such as TNF.

Discussion

Understanding cell–cell communication is fundamental in decod-
ing complex biological processes, and LR interactions play a pivot-
al role in mediating these signals. In this study, we introduced
Lignature, a comprehensive database of ligand signatures derived
from experimental data, coupled with a predictive framework for
prioritizing transcriptional program–associated ligands based on
observed transcriptomic changes. By leveraging this resource, we
address several limitations of existing computational methods,
such as the challenge of ligand–transcriptional program associa-
tion prioritization from gene expression–based approaches and bi-
ases introduced by incomplete signaling network models.

Compared with network-based methods such as NicheNet,
Lignature captures not only the target genes of the ligands but
also the direction (i.e., up- and downregulation) and the magni-
tude of the expression changes of the target genes. Furthermore,
it also captures cell type–specific and condition-specific transcrip-
tomic changes. Our findings demonstrate that Lignature consis-
tently outperforms existing methods, including NicheNet and
iTALK, in prioritizing experimentally supported ligand–transcrip-
tional program association. For example, in both controlled in vi-
tro data sets and more complex in vivo scRNA-seq data sets,
Lignature was able to rank the actual treatment ligands or experi-
mentally validated biologically relevant ligands at the top.

Ligand–receptor redundancy, in which different ligands can
interact with the same receptor and in which a single ligand can
bind to multiple receptors and activate distinct pathways, is prev-
alent in biological systems. This redundancy enables both conver-
gent functional synergies and divergent, context-specific
responses. For example, lymphotoxin proteins in the TNF super-
family, such as LTA and LTB, can bind TNF receptors and trigger

intracellular signaling cascades similar to other TNF superfamily li-
gands (Seleznik et al. 2014). Likewise, certain ILs share convergent
signaling pathways with specific IFNs; for instance, IL2, IL3, and
IL6 and IFNE and IFNK all activate the JAK-STAT signalingpathway
(O’Shea et al. 2015; Philips et al. 2022). Consistent with these
known relationships, our clustering analysis positioned LTA/B,
several other TNF superfamily members, ILs, and IFNs in close
proximity (Supplemental Fig. S1C). Conversely, some ligands,
such as growth factors like EGF, can activate multiple signaling
pathways or pathway branches, including PI3K/AKT/mTOR, JAK-
STAT, and MAPK/ERK. Such versatility allows ligands to induce
divergent functions depending on tissue-specific and cell type–
specific contexts and supports our decision to retain multiple sig-
natures for a single ligand.

Despite the strong performance of Lignature across our anal-
yses, several limitations remain. First, a fundamental challenge in
benchmarking LR inference methods is the lack of a definitive
ground truth and the biological complexity arising from multiple
ligands acting simultaneously within tissues. Accordingly, al-
though Lignature can prioritize experimentally supported ligands,
other highly ranked ligands predicted by alternative methods can-
not be simply classified as false positives, particularly in single-cell
contexts in which concurrent signaling is common. Second,
because Lignature infers activity from downstream transcriptional
programs, it may prioritize ligands with convergent signaling ef-
fects, even in the absence of detectable ligand expression. For ex-
ample, in the SHH data set, Lignature ranked IFNG among the
top predicted ligands, despite IFNG expression being undetectable
across cells. Therefore, Lignature is not intended to function as a
standalone method for definitive ligand attribution. Instead, we
recommend interpreting Lignature-derived activity scores in con-
junction with ligand-based and receptor expression–based meth-
ods, which can help refine and validate candidate ligands,
particularly in settings in which specificity is critical. Third, the
current version of Lignature depends on condition-based compar-
isons to extract ligand-induced transcriptional signatures and is
therefore not directly applicablewhenmatched conditions are un-
available, such as in many human tissue data sets. In these cases,
users can still apply Lignature by defining biologically meaningful
contrasts within a single data set, for example, leveraging cell type
labels, clinical groupings, or positions along a developmental tra-
jectory to construct pseudoconditions for comparison.

Several future directions could further strengthen Lignature’s
coverage and usability. First, although Lignature retains predictive
capability even for unseen cell types, expanding the library as ad-
ditional transcriptomic data sets become available across diverse
tissues/cell types and pathological conditions will improve the
overall predictive power of the database. Second, extending signa-
tures to more species will enhance cross-species generalizability.
Although Lignature achieved comparable performance on human
and mouse data sets in benchmarking analyses, its performance
was more robust on human data sets, likely owing to the predom-
inance of human-derived signatures in the current database. Third,
incorporating nonpeptide ligands, such as neurotransmitters, will
broaden the range of signaling activities that can be accurately in-
ferred (Xin et al. 2025). Finally, although we provide companion
software with Lignature to predict ligand–transcriptional program
associations, Lignature can also function as a standalone database;
both integrate easily with other analytical tools. For example,
Lignature can be combined with existing spatial transcriptomics
workflows. Lignature infers ligand–transcriptional program associ-
ations from transcriptional changes in receiver cells, whereas
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Figure 6. Application of Lignature on checkpoint blockade–associated colitis scRNA-seq data set. (A) UMAP dimensionality reductions show cell types
identified in the scRNA-seq data of immune cell populations in checkpoint blockade–associated colitis and control samples. (B) Enriched upregulated and
downregulated KEGG pathways in myeloid cells between colitis and normal colonic mucosa endoscopically and histologically (NC) samples. (C) Scatter
plot of ligand signature similarity scores predicted by Lignature (x-axis) and themaximum LR interaction strengths calculated by themethod NATMI across
all sender cells and conditions (y-axis) for all LR pairs. (D) Scatter plot of similarity scores predicted by Lignature (x-axis) and the maximum average expres-
sion across all sender cells and conditions (y-axis) of the ligands for identified LR interactions (detection rate of the ligand genes above 0.25 in any cell type,
detection rate of the receptor genes above 0.25 in myeloid, and ligand signature similarity scores above 0.1). (E) Heatmaps of ligand signature similarity
scores predicted by Lignature (middle), the average expression of the ligands in all cell types identified in the colitis and NC samples (left), and the average
expression of their receptors in myeloid cells in the colitis and NC samples (right) for LR interactions identified by the same criteria as in D. (F) Circular plot
(generated using R package circlize) (Gu et al. 2014) of maximum interaction strengths calculated by NATMI across the colitis and NC samples, of the LR
pairs from all cell types to myeloid, with detection rates of both the ligand and receptor genes above 0.25, ligand signature similarity scores above 0.1, and
ligand expression in sender cells >75% of all cell types.

Xin et al.

1076 Genome Research
www.genome.org



spatial analyses can evaluate the physical plausibility of inferred
interactions based on colocalization patterns.

In summary, Lignature represents a significant advancement
in the field of cell–cell communication, providing a robust, exper-
imentally validated resource for inferring ligand–transcriptional
program association. Its ability to address the limitations of exist-
ing computational methods while offering mechanistic insights
underscores its potential as a valuable tool for both basic and trans-
lational research.

Methods

Data set collection

We collected 859 human ligands based on our previous work
LRLoop (Xin et al. 2022). We then developed an automatic pipe-
line to search the GEO (Edgar et al. 2002) for data sets with an ex-
perimental design that would potentially contain transcriptomic
responses to each ligand.

Specifically, our collection of the relevant data sets includes
the following three steps.We startedwith the list of all 25,868 plat-
form accession identifiers downloaded from GEO and collected
the metadata for each of them using the R package “GEOquery”
(Davis and Meltzer 2007), filtered the list by restricting the organ-
ism to “Homo sapiens,” and collected the list of 97,693 data series
identifiers corresponding to the 6278 filtered platforms, in which
each data series could includemultiple data sets. Then again using
GEOquery, we curated metadata for the collected data series in-
cluding data “type,” “organism,” “molecule,” “platform id,” “cell
line,” “cell type,” “tissue,” as well as data “title,” “abstract,”
“url,” “geo accession,” “overall design,” “sample taxid,” “sum-
mary,” etc. The list of data series was then filtered by requiring
the “molecule” entry of the corresponding metadata to include
the strings “total RNA,” “polyA RNA” (for poly(A) RNA), or “nucle-
ar RNA,” resulting in a list of 72,738 data series identifiers for fur-
ther systematic searching of ligand and experiment keywords.

To search the curated metadata of the GEO series systemati-
cally for potential ligand signatures, we collected a set of “ligand
keywords” including the gene full names, symbols, and aliases for
each ligand, as well as a set of 105 experiment keywords such as “li-
gand,” “receptor,” “treatment,” “stimulate,” “activate,” “expose,”
“block,” “overexpress,” “knockout,” “knockdown,” “silence,” “in-
hibit,” and “in the presence of.” The curated metadata of the GEO
series list were then queried with the ligand keywords and experi-
ment keywords. This automatic searching process reduced the num-
ber of candidate data series in the list to 9187 for manual curation.

Finally, through carefulmanual review of theGEOdata series,
we excluded entries that were irrelevant to our aims or that pre-
sented technical limitations, such as the use of non-genome-
wide platforms, unclear experimental descriptions, or missing
raw or processed data. This curation resulted in 460 high-quality
data series, providing transcriptomic response profiles for 213 li-
gands not represented in CytoSig (Jiang et al. 2021) and
ImmuneDictionary (Fig. 1A; Cui et al. 2024).

In addition, to create a comprehensive ligand signaling signa-
ture database, we took advantage of CytoSig (Jiang et al. 2021) and
ImmuneDictionary (Cui et al. 2024) by including the cytokine sig-
natures from these sources into Lignature, andwe included the sig-
natures of the 90 test bulk data sets after method assessment by
these test data sets.

Data processing

Wehave twomajor data types: gene expression array and RNA-seq
data sets. For the Affymetrix array data with raw data CEL files pro-

vided,we adopted the “maEndtoEnd” (Klaus andReisenauer 2016)
workflow, which generates and preprocesses expression data using
the R package “Oligo” (Carvalho and Irizarry 2010) and performed
differential expression analysis using the “limma” (Ritchie et al.
2015) package. For other forms of array data, we used processed
data and performed differential expression analysis using
“limma.” Briefly, after RMA calibration using the “oligo::rma”
function, an intensity-based filtering was performed by removing
transcripts without intensities higher than a threshold of two in at
least the number of arrays of the smallest experimental group, fol-
lowed by annotation of the transcript clusters with gene symbols
and removal of multiple mappings. Subsequently, a contrast
matrix was constructed using functions “model.matrix” and
“makeContrasts”, which was then used as input of a standard dif-
ferential expression analysis pipeline in limma, namely, “lmFit,”
“contrasts.fit,” and “eBayes.” Then for each gene, the most signifi-
cant ProbeSet corresponding to it with the lowest adjusted P-value
was identified and used as the representative of that gene.

RNA-seq data sets were processed with a combination of
“edgeR” (Robinson et al. 2010) and “limma.” In brief, a DGEList
object was created using the function “DGEList” with the expres-
sion count matrix; genes were annotated by gene symbols; and
lowly expressed genes were identified for removal by the
“filterByExpr” function with default settings. Following gene ex-
pression normalization through “calcNormFactors” with the
“TMM” method, the standard limma-voom pipeline was applied
for differential expression analysis.

After the differential expression analysis, different types of
gene identifiers were converted to gene symbols, and the vectors
of log2FC values of expressed geneswere collected as the gene-level
ligand signature. For data sets withmultiple treatment conditions,
for example, durations or doses, a separate signature was created
for each different treatment condition.

In addition to the gene-level signatures, we also calculated
KEGG pathway-level signatures for each ligand. Specifically, we
collected gene sets of 302 KEGG pathways with ten to 500 genes
with the R package “graphite” (Sales et al. 2012). Then for each
gene-level signature, we presorted the log2FC vector in descending
order and performed Gene Set Enrichment Analysis using the
R package “FGSEA” (Korotkevich et al. 2021) and calculated the
NES for the KEGG pathways. The vectors of NES were collected
as the pathway-level signature (Fig. 1A).

Prediction of active ligands based on ligand signatures

Using the Lignature database as a reference for ligand signaling re-
sponses, we provided a companion R-based (R Core Team 2023)
computational tool that infers the ligands responsible for observed
transcriptomic changes within receiver cells, as well as the corre-
sponding cell–cell interaction networks between multiple cell
types or clusters. For a data set of interest, takingmatrices resulting
from differential expression analysis or the Seurat (Hao et al. 2024)
object of single cell RNA-seq data sets as input, Lignature scores
each signature in the database by the similarity compared to the
input data. Options of the similarity measurementmetrics include
Pearson correlation coefficient (default), Spearman’s correlation
coefficient, cosine similarity, Euclidean distance, Manhattan dis-
tance, and the Euclidean or Manhattan distance normalized by
vector lengths. In addition, Lignature features the option to per-
form combinatorial analysis by regularized linear regression
(Ridge, LASSO, or Elastic Net) using the R packages “caret”
(Kuhn 2008) and “glmnet” (Friedman et al. 2010; Tay et al. 2023).

Although potential active ligands are ranked using the simi-
larity scores between observed gene expression changes and ligand
signatures, we also provide twomeasures of statistical significance.
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First, permutation-based P values are calculated, allowing users to
define a threshold for ligand scoring. Second, users may generate a
confidence score for each ligand, defined as the proportion of sim-
ilarity scores in a null distribution, which is constructed from com-
parisons between signatures of different ligands, that fall below the
ligand’s observed score. For example, a ligand score of 0.1 with a
confidence score of 0.95 indicates that the score exceeds 95% of
the null distribution.

When we perform cross-species prediction, genes frommouse
data setswere converted tohumangene symbols using their human
homologs. Furthermore, Lignature provides multiple options for
calculating expression-based LR interaction strength such as
CellPhoneDB, NATMI, and SingleCellSignalR. In addition, users
are provided the choices of filtering the LR interactions by the li-
gand scores, confidence scores, expression or differential expression
of the ligands and their receptors, interaction strength, and the in-
teraction specificities. Lastly, Lignature features the options to visu-
alize predicted ligand scores, expression of the ligands and their
receptors, and inferred strengths of LR interactions leveraging
the R packages “ggplot2” (Wickham 2016), “pheatmap” (https://
github.com/raivokolde/pheatmap), and circlize (Gu et al. 2014), pro-
viding an intuitive summaryof the predicted LR activities across dif-
ferent conditions (Fig. 1D).

Comparison with other methods

Five other different methods of ligand activity prediction were
compared with Lignature. Specifically, for each test data set,
“NicheNet” ligand activities were calculated by the R package
“nichenetr” according to its recommended parameter settings;
that is, expressed genes with |log2FC|≥1 and adjusted P-value <
0.1 were used as differentially expressed genes. The method
“iTALK [maxRlfc]” scored each ligand by the maximum absolute
log2FC value of the cognate receptors; “iTALK [meanRlfc]” scored
each ligand by the arithmetic mean of its receptors’ absolute
log2FC values; “receptor expression [max]” scored each ligand by
the maximum expression value of the cognate receptors; and “re-
ceptor expression [mean]” scored each ligand by the mean expres-
sion value of the cognate receptors. On the other hand, with
Lignature, “Lignature [gene log2FC]” scored each ligand by the sig-
nature similarity scores with the gene-level signatures, whereas
“Lignature [pathway NES]” scored each ligand by the signature
similarity scores using the pathway-level signatures, with the sim-
ilarities measured by the Pearson correlation coefficients.

All methods were evaluated using the same test data set,
which consists of 90 ligand treatment data sets. These data sets
were originally collected and used in NicheNet and were not in-
cluded in the initial Lignature database. Known treatment ligands
were labeled “TRUE” and other candidate ligands were labeled
“FALSE.” Ranks of the true treatment ligands were plotted in
Figure 3C. In Figure 3D, we present the AUC values calculated
from the ROC curves of the methods under comparison for each
test data set separately. The ROCcurves of themethods under com-
parison from combined test results of all 90 test data sets are pre-
sented in Figure 3E.

Code availability

The Lignature database and the companion R package are available
at GitHub (https://github.com/yingxinac/LignatureData and
https://github.com/yingxinac/Lignature, respectively) and as
Supplemental Code.
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