H biomolecules

Supplementary Table S1. Reviewed CCI prediction tools

Qualified/
Tool Inplementation Method Database Output Reference  Reason for
exclusion
CellChat R CCI probabilities are Curated ligand/receptor CellChat object Jin et al. Qualified
calculated using the law of ~ database including subunits ~ containing all the [1]
mass action, based on and cofactors infered CCIs with
average expression of their probabilities
ligands/receptors by cell
groups and cofactors
iTALK R CClIs are identified by Manually curated All CCIs with their Wang et Qualified
differentially expressed ligand/receptor database mean ligand/receptor al.[2]
ligands/receptors between expression
clusters
SingleCellSignal R LRscore, a regularized Curated ligand/receptor All CCIs with their Cabello- Qualified
R score, is utilized to assess database with existing regularized LRscore Aguilar et
the confidence in predicted ~ sources and manual al.[3]
ligand-receptor additions
interactions by controlling
false positives
CClInx R CClIs are predicted using Bader lab’s ligand/receptor Node and edge listof ~ https://gith  Qualified
ligand/receptor expression ~ database all CCls ub.com/Ba
magnitude to rank nodes derLab/CC
Inx
scMLnet R Fisher’s exact test and Curated Ligand-receptor, Cheng et Qualified
correlation ligand/receptor/TF/target receptor-TF and TF- al.[4]
database with prior studies target interactions
and databases
CellPhoneDB Python CClIs are enriched by Curated ligand/receptor Table with Efremova Qualified
empirical shuffling and database (including complex  information of ligand- et al.[5]
statistical test information) with prior receptor pairs by cell
studies and databases pairs, and their p-
value
NATMI Python Edge weights of CCls are connectomeDB2020 (a Table of ligand- Hou et al. Qualified
calculated by normalized database of manually receptor pairs, their [6]
expression level of curated ligand-receptor expression level and
ligands/receptors pairs with literature edge weights
support)
LIANA R Robust Rank Aggregation 16 CCl inference resources List containing CCls Dimitrov Qualified
for outputs from different predicted with etal.[7]

methods
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NicheNet

scTensor

cell2cell

PyMINEr

SoptSC

CellTalker

CytoTalk

CellCall

SpaOTsc

Python

Python

R and MATLAB

Python

CCls are inferred based on
gene expression and a
ligand-target regulatory
potential model

CClIs are inferred with

tensor decomposition

CClIs are predicted by
expression of ligands and
receptors and their Bray-

Curtis scores

CClIs are identified by
differentially expressed
genes or significantly
enriched genes
Signaling probabilities
between sender and

receptor cells are calculated

CCls are detected by
differentially expressed

genes in each cluster

Prize-collecting Steiner tree

algorithm

Calculated by the
expression value of ligands
and receptors

Structured and unbalanced
optimal transport to

recover interactions

Built by integrating prior
knowledge on ligand-to-
target signaling paths
(collected from 57 databases)
Curated database

(LRBase.XXX.eg.db)

Curated ligand-receptor

database

gProfiler tool (Reimand et
al., 2016) and StringDB

(Szklarczyk et al., 2015)

Not provided

Database from Ramilowski

et al. (Nature Comms, 2015)

Curated database of 1942
manually annotated ligand-

receptor interactions

KEGG pathway

Curated ligand-receptor

database (Ramilowski et al.)

different tools and
resources

Table of ligand-
receptor pairs and

their interaction score

HTML files with
ligand-receptor

pattern interactions

Table with
information of ligand-
receptor pairs by cell
pairs, and their p-
value

Table of
paracrine/autocrine

interactions

Table of cell-cell and
cluster-cluster
interaction
probabilities
Upregulated and
downregulated
interactions between
clusters

De novo construction
of signaling networks

between cell types

54 object containing a
ligand-receptor score
between cell types
Table of ligand-
receptor and their

probabilities

Browaeys

etal.[8]

Tsuyuzaki

etal.[9]

Armingol

etal.[10]

Tyler et al.
(1]

Wang et
al.[12]

https://gith
ub.com/ar
c85/celltal
ker
Huetal.

[13]

Zhang et

al.[14]

Cang et al.

[13]

Samples of
control
group are
required
Output
type is not
source-
target/ligan
d-receptor
pattern
Failed to

install

Unsolved

error

No
database

provided

Samples of
control
group are
required
Dependenc
y
installation
issues
Failed to

install

Spatial data

is required
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Supplementary Table S2. Visualization comparison of reviewed prediction tools

Tool Network Circos plot Heatmap Bubble plot
NicheNet Y Y Y Y
NATMI Y Y Y
iTALK Y Y
scTensor Y Y
CellPhoneDB Y Y
SoptSC Y
scMLnet Y
SingleCellSignalR Y
CCInx Y
celltalker Y
PyMINEr
CellChat Y Y Y

LIANA Y Y Y
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Supplementary Table S3. Distribution of experimental cell-cell interactions per disease in CITEdb

Disease

Source-target model

Source-target-ligand-receptor model

acute inflammation

acute lymphoblastic leukemia
allergic contact dermatitis
Alzheimer's disease

Asthma

asthmatic lung

Atherogenesis

atherosclerosis
atherosclerotic plaque
autoimmune disease

bone metastatic microenvironment
breast cancer

Cancer

cancer progression
carcinogenesis

cardiac disease

cardiac hypertrophy
Cholesteatoma

chronic airway inflammation
chronic alcohol abuse
colorectal adenocarcinoma
colorectal cancer

COPD

COVID-19

cystic fibrosis

Diabetes

diabetes mellitus

diabetes mellitus, type 1

EBYV infection

gastric cancer

gastrointestinal stromal tumors
Glioblastoma

glioblastoma microenvironment

Glioma

head and neck squamous cell carcinoma

heart failure
heart injuries
hepatitis C virus (HCV) infection

hepatocellular carcinoma
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HIV infection

human immunodeficiency virus type-1 infection

Infertility

influenza, human

intervertebral disc degeneration

ischemic injury
kidney disease
Leukemia

liver cancer

liver fibrotic

lung adenocarcinoma
lung cancer

lung injury
Melanoma

metastatic melanoma

multiple myeloma

myocardial ischemia?Creperfusion injury

nasopharyngeal carcinoma
Neoplasms
neuroblastoma

neurodegenerative disease

non-alcoholic fatty liver disease

non-small lung cancer
Obesity

Osteoarthritis

ovarian cancer
pancreatic cancer
periodontal disease
Periodontitis
pituitary tumor
Plasmodium vivax
primary liver cancer
prostate cancer
Psoriasis

renal cell carcinoma
retinal disease
rheumatoid arthritis
Schizophrenia
Silicosis

squamous cell carcinoma
stomach neoplasms

Thrombosis
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tumor microenvironment 11 0
type 2 diabetes 2 0
ulcerative colitis inflamed 2 0
ulcerative colitis non-inflamed 2 0
uterine cellular leiomyosarcoma 1 1

uterus injury 4 0
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Supplementary Table S4. scRNA-seq datasets of IPF used in our study

GEO Dataset Sample Name

GSE122960  IPF_01
IPF_02
IPF_03
IPF_04

GSE128033  SC153IPFLOW

SC154IPFUP
SC87IPFLOW
SC88IPFUP
SC8IIPFLOW
SC93IPFLOW
SC94IPFUP
SC95IPFLOW

GSE135893  TILDO001
TILDO006
TILDO010
TILDO015
TILDO028
VUILDS53
VUILD59
VUILD60
VUILD61
VUILD63
VUILD64
VUILD65

GSE136831 0101
0211
0221
0251
0341
0401
0411
0511
0531
0631
1231
1351
1381
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1451
1571
1581
1661
1741
1771
1791
2091
2101
2121
2141
2211
2221
2251
2281
291

471

491

591




Biomolecules 2023, 13, 1211

10 of 11

Supplementary Table S5. Top CCls predicted by scMLnet from outputs of all samples

source-target-ligand-receptor

Prediction frequency

Endothelial-Macrophage-CTGF-ITGB2
Endothelial-Macrophage-PLAT-ITGB2
Endothelial-Macrophage-CYR61-ITGB2
Macrophage-Endothelial-ILIRN-ILIR1
Endothelial-Macrophage-VCAM1-ITGB2
Endothelial-Macrophage-CTGF-LRP1
Endothelial-Macrophage-SERPINE1-PLAUR
Macrophage-Endothelial-IL1B-IL1R1
Endothelial-Macrophage-TFPI-LRP1
Endothelial-Monocyte-SERPINE1-PLAUR
Fibroblast-Macrophage-C3-ITGB2
Endothelial-Macrophage-APP-LRP1
Endothelial-Macrophage-PLAT-LRP1
Endothelial-Monocyte-CTGF-ITGB2
Fibroblast-Macrophage-RARRES2-CCRL2
Endothelial-Macrophage-IGF2-IGF2R
Endothelial-Monocyte-CYR61-ITGB2
Endothelial-Monocyte-PLAT-ITGB2
Macrophage-Endothelial-BST1-CAV1
Endothelial-Macrophage-F8-LRP1

44
42
40
39
38
37
37
37
36
36
36
35
35
35
35
34
33
33
33
32
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Supplementary Table S6. Top CCls predicted by NATMI from outputs of all samples

source-target-ligand-receptor Prediction frequency Sum of prediction specificity

Tcell-Endothelial-CCL5-ACKR1 50 40.99493279
Endothelial-Endothelial-MMRN2-CLEC14A 46 38.77105524
Fibroblast-Fibroblast-COL3A1-DDR2 48 36.25142374
Endothelial-Endothelia- MCAM-MCAM 44 34.05091879
Fibroblast-Fibroblast-COL1A1-DDR2 47 32.7013714
Endothelial-Fibroblast-MMRN2-CD248 39 32.17917896
Endothelial-Macrophage-CCL14-CCR1 51 31.92938764
Fibroblast-Endothelial-SLIT3-ROBO4 36 31.760152

Endothelial-Mast-IL33-IL1RL1 46 29.414662

Fibroblast-Endothelial- COL1A2-CD93 52 28.99694094
Fibroblast-Endothelial-SLIT2-ROBO4 32 27.62274994
Tcell-Macrophage-CCL5-CCR1 50 26.89195676
Fibroblast-Endothelial-COL1A1-CD93 52 26.34483125
Fibroblast-Endothelial- ANGPTL1-TEK 28 24.75304148
Endothelial-Endothelial-MMRN2-CD93 47 24.64677342
Tcell-Tcell-CLEC2D-KLRB1 35 24.58061868
Tcell-Tcell-KLRB1-CLEC2D 35 24.58061868
Fibroblast-Endothelial-SERPING1-SELP 43 23.84439683
Fibroblast-Monocyte-DCN-TLR2 48 23.82710366

AT2-Endothelial-SFTPA2-CD93 48 23.76355201
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