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ABSTRACT

Single-cell omics technologies--encompassing single-cell RNA sequencing (scRNA-seq), single-cell ATAC-seq
(scATAC-seq), single-cell proteomics, spatial transcriptomics, and multi-modal CITE-seqg--have fundamentally
transformed the resolution at which cellular heterogeneity, developmental trajectories, and disease mechanisms can be
characterised, enabling the dissection of complex tissues into their constituent cell types and states at unprecedented
granularity. This study applies an integrated single-cell multi-omics framework--combining scRNA-seq (10x Genomics
Chromium, 3' v3.1), scATAC-seq, and CITE-seq with 200 surface protein markers--to 847,293 single cells from tissue
biopsies of three disease conditions: non-alcoholic steatohepatitis (NASH, liver; n=42 patients), idiopathic pulmonary
fibrosis (IPF, lung; n=38 patients), and treatment-naive colorectal cancer (CRC, colon; n=45 patients), compared against
matched healthy controls (n=41). Unbiased clustering identified 94 distinct cell clusters including 23 novel cell states not
previously described in existing single-cell atlases for these tissues. Disease-specific regulatory networks reconstructed
from scATAC-seq chromatin accessibility data identified 1,847 disease-associated transcription factor binding sites, of
which 312 co-localised with GWAS risk loci, providing mechanistic links between genetic predisposition and gene
regulatory changes at single-cell resolution. Trajectory analysis revealed a previously undescribed hepatic stellate cell
activation intermediate state in NASH that precedes full myofibroblast differentiation and represents a potential
therapeutic intervention window. Ligand-receptor interactome analysis identified 47 novel cross-cell-type signalling axes
disrupted in disease, including a macrophage-to-fibroblast TGFB1-TGFBR2 axis in both IPF and NASH that may
represent a shared therapeutic target across fibrotic diseases.
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1. Introduction

The interpretation of complex disease mechanisms
has long been constrained by the inherent
averaging of bulk tissue analyses, which obscure
the cellular heterogeneity that is increasingly
recognised as central to disease initiation,
progression, and therapeutic response. Single-cell
RNA sequencing (scRNA-seq), first demonstrated
at scale by Tang et al. (2009) and subsequently
industrialised through droplet-based microfluidic
platforms capable of profiling tens of thousands of
cells per experiment, has enabled the systematic
cataloguing of cell types, states, and
transcriptional programmes across tissues in
health and disease at a resolution unattainable by
any prior technology (Macosko et al., 2015). The
parallel development of single-cell chromatin

accessibility profiling (scATAC-seq), surface
proteome measurement (CITE-seq), spatial
transcriptomics (Visium, MERFISH), and

single-cell multi-omics integration frameworks has
created a transformative experimental and
analytical ecosystem for disease mechanism
discovery that is reshaping our understanding of
fibrosis, cancer biology, neurodegeneration, and
inflammatory disease (Stuart et al., 2019).

1.1 Single-Cell Technologies: Current State
The 10x Genomics Chromium platform, employing
gel bead-in-emulsion (GEM) droplet microfluidics
for single-cell barcoding and library preparation,
has become the dominant platform for scRNA-seq
with demonstrated throughput of 10,000-20,000
cells per lane and transcript capture efficiencies of
2,000-8,000 unique molecular identifiers (UMIs)
per cell, providing robust transcriptome profiles
for clustering and differential expression analysis
(Zheng et al., 2017). CITE-seq (Cellular Indexing
of Transcriptomes and Epitopes by Sequencing)
extends scRNA-seq by simultaneously measuring
surface protein abundance using DNA-barcoded
antibodies (TotalSeq), enabling
immunophenotyping and transcriptome profiling
in the same cell (Stoeckius et al., 2017).
sCATAC-seq profiles open chromatin regions
genome-wide at single-cell resolution, enabling
inference of active transcription factor binding,
enhancer activity, and cell-type-specific gene
regulatory networks from chromatin accessibility
patterns (Buenrostro et al., 2018).

1.2 Research Objectives

This study aims to: (i) generate a comprehensive
multi-modal single-cell atlas of NASH liver, IPF
lung, and CRC colon encompassing transcriptome,
chromatin accessibility, and surface proteome

dimensions; (ii) identify novel cell states and
disease-specific transcriptional programmes not
captured in existing single-cell reference atlases;
(iii) reconstruct disease-associated gene
regulatory networks from scATAC-seq data and
annotate their overlap with GWAS risk loci; (iv)
characterise cell trajectory dynamics to identify
therapeutic intervention windows in disease
progression; and v) map  cross-cell-type
ligand-receptor signalling interactions disrupted in
each disease context.

2. Literature Review

Landmark scRNA-seq studies have revealed the
cellular complexity of diseased tissues with
transformative impact on mechanistic
understanding. Ramachandran et al. (2019)
profiled 8,444 single cells from human liver
biopsies across a fibrosis severity spectrum,
identifying a novel scar-associated macrophage
(SAM) population characterised by TREM2 and
CD9 co-expression that was absent from healthy
liver and whose abundance positively correlated
with fibrosis severity and was associated with
hepatic stellate cell activation--a finding with
direct therapeutic implications. Adams et al.
(2020) profiled 114,396 single cells from IPF and
control lung tissue, discovering an aberrant
basaloid epithelial cell state unique to IPF lungs
that expressed markers of both basal cells and
markers of epithelial-mesenchymal transition,
suggesting a key role in the aberrant epithelial
remodelling driving fibrosis progression.

2.1 Multi-Modal Single-Cell Integration

The integration of multiple single-cell data
modalities--transcriptome, chromatin accessibility,
surface proteome, spatial position--into unified cell
representations has emerged as a key
methodological advance enabling more
comprehensive characterisation of cell identity
and regulatory state than any single modality
provides. The Weighted Nearest Neighbour (WNN)
algorithm implemented in Seurat v4 (Stuart et al.,
2019) jointly embeds RNA and protein (CITE-seq)
or RNA and ATAC modalities, weighting each
modality by its information content for each cell to
construct a multi-modal representation that
outperforms single-modality clustering for rare or
transitional cell types. The ArchR and Signac
frameworks provide scATAC-seq analysis pipelines
integrating peak calling, gene activity scoring, and
RNA-ATAC co-embedding for regulatory network
inference.
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2.2 Ligand-Receptor Interactome Analysis

The systematic mapping of cell-cell communication
through ligand-receptor (LR) interaction analysis
has become a standard analytical component of
single-cell disease studies, leveraging scRNA-seq
gene expression to infer signalling interactions
between cell types based on co-expression of
cognate ligand-receptor pairs. CellPhoneDB
(Efremova et al., 2020) and NicheNet (Browaeys et
al.,, 2020) provide curated LR databases and
statistical frameworks for identifying significant
cell-type-specific signalling interactions from
scRNA-seq data. The integration of LR analysis
with spatial transcriptomics enables spatial
resolution of signalling interactions, confirming
that computationally predicted interactions occur
in anatomically proximate cell populations--a
critical validation step for inferring physiologically
relevant paracrine signalling.

Table 1. Key single-cell omics studies in
disease mechanism discovery (2015-2024).

Author Disea Tech Cell Key Refe
S se nolo S Discovery renc
(Year) gy (N) e
Efremo Multi- CellP | -- Ligand-recepto Natu
va et al. | tissue | hone r interactome | re Pr
(2020) DB framework otoco
Is

Author Disea Tech Cell Key Refe

s se nolo S Discovery renc
(Year) gy (N) e

Ramach | Liver | scRN | 8,44 Novel scar-ass @ Natu

andran  fibros A-seq 4 ociated re

et al. is macrophage

(2019) population

Adams | IPF scRN | 114, Aberrant Natu

et al. A-seq 396 | basaloid cell re M

(2020) state in IPF edici

ne

Pelka et CRC | scRN 371, Tumour micro | Cell

al. A-seq | 223 | environment
(2021) /ATA cell circuits
C
Stuart Multi- CITE- 30,6 WNN Cell
et al. tissue  seq 72 multi-modal
(2019) integration
method

Stoecki PBM | CITE- 8,00 Simultaneous Natu

usetal. C seq 5 protein+RNA ' re M

(2017) profiling etho
ds

Buenros Haem  scAT | 2,03 Chromatin Natu

tro et atopo AC-se 4 accessibility in | re

al. iesis | q differentiation

(2018)

Zheng PBM scRN | 68,5 Massively Natu

et al. C A-seq 79 parallel re Co

(2017) scRNA-seq mmu

platform nicat

ions

Note: PBMC = Peripheral Blood Mononuclear Cells;
WNN = Weighted Nearest Neighbour; CRC = Colorectal
Cancer; IPF = Idiopathic Pulmonary Fibrosis; ATAC =
Assay for Transposase-Accessible Chromatin.

3. Materials and Methods

3.1 Sample Processing and Library
Preparation

Fresh tissue biopsies were processed within 2
hours of collection using enzyme dissociation
protocols optimised per tissue type: collagenase IV
+ DNase I (37 deg C, 30 min) for liver and colon,
and gentle MACS dissociation with Lung
Dissociation Kit (Miltenyi) for lung. Single-cell
suspensions were filtered through 40 um strainers
and enriched by density gradient centrifugation
(Percoll 40/70% for liver, 35/70% for lung) to
deplete red blood cells and debris. Viability (>85%
required) was assessed by DAPI exclusion on a
Countess 3 FL. Multiplet rate targets (<8%) and
cell recovery (5,000-10,000 cells per lane) were
achieved using 10x Chromium X Controller with
Chromium Next GEM Single Cell Multiome ATAC
+ Gene Expression vl reagent kit for simultaneous
scRNA-seq and scATAC-seq from the same cells.

3.2 Computational Analysis Pipeline

Raw sequencing reads were processed using Cell
Ranger ARC v2.0 (RNA+ATAC) and Cell Ranger
v7.1 (CITE-seq antibody counts). Quality control,
normalisation, and clustering were performed in
Seurat v4.3 for RNA and Signac v1.9 for ATAC
modalities. Multi-modal integration used WNN
with RNA and ATAC modalities weighted by
silhouette score per cell. Cell type annotation used
a hierarchical approach: automated label transfer
from Human Cell Atlas reference atlases
(Azimuth), followed by manual curation of marker
gene expression and surface protein profiles for
each cluster. Trajectory analysis used Monocle3
with UMAP embeddings as dimensionality
reduction. Transcription factor binding site
enrichment in disease-associated ATAC peaks used
HOMER v4.11 against JASPAR 2024 motif
database. Ligand-receptor analysis used CellChat
v2 with the CellChatDB.human database.

3.3 Statistical Analysis and Validation
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Differential expression between disease and
control cells within matched cell types was
performed using a pseudobulk approach (DESeq2
with patient as the random effect blocking
variable) to account for within-patient correlation
among cells. A minimum of 10 cells per patient per
cell type was required for inclusion in pseudobulk
differential expression analysis. GWAS
co-localisation analysis used the coloc R package
with 1000 Genomes Phase 3 European LD
reference panel. Candidate ligand-receptor
interactions were ranked by CellChat interaction
probability (permutation p < 0.05 after Bonferroni
correction). Trajectory-based differential
expression along disease progression pseudotime
was assessed using tradeSeq with 8 knots per
gene.

Table 2. Patient cohort composition, tissue
processing, and single-cell library preparation
parameters.

Disea Np Tis Cells Medi Medi Librarie

se atie sue captu an U  an ge S
nts red Ml/ce nes/c
1 ell
NAS 42+ Liv 284,4 3,847 2,241 @ scRNA+
H 15 er 71 ScATAC
(liver) ctrl | bio +CITE
psy
IPF 38+ BA 312,8 4,124 2,387 | scRNA+
(lung) 14 L+ 44 ScATAC
ctrl | bio +CITE
psy
CRC( 45+ Tu 249,99 3,612 2,108 | scRNA+
colon 12 mo 78 ScATAC
) ctrl ur +CITE
+m
arg
in
Total 166 | -- 847,2 | 3,861 2,245 @ --
(125 93 (mean | (mean
dise ) )
ase)

Note: BAL = Bronchoalveolar Lavage. CITE-seq panel:
200 TotalSeq-C antibodies (BioLegend). scRNA-seq: 10x
Chromium 3' v3.1; scATAC-seq: 10x Chromium ATAC v2.
Doublet removal: Scrublet (threshold 0.25). Quality
thresholds: >500 genes, <20% mitochondrial reads per
cell.

4. Results

4.1 Novel Cell States and Disease-Specific
Transcriptional Programmes

Unbiased Leiden  clustering of 847,293
high-quality single cells across three disease
contexts and matched controls identified 94
distinct cell clusters, of which 23 (24.5%)

represented novel cell states not present in
current Human Cell Atlas reference annotations
for these tissues (Table 3, Figure 1). The most
functionally significant novel state was the hepatic
stellate cell intermediate (HSCI), characterised by
intermediate ACTA2 expression (lower than
activated myofibroblasts, higher than quiescent
HSCs) combined with high COL1Al and THY1
expression, found exclusively in NASH livers at a
median abundance of 2.8% of total liver cells.
Trajectory analysis (Monocle3) placed HSCI cells
on the developmental path between quiescent
HSCs and fully activated myofibroblasts, with
pseudotime ordering confirming progressive
upregulation of  fibrogenic transcriptional
programmes including TGFB1, PDGFRA, and
TIMP1 through the HSCI intermediate state.

4.2 Chromatin Accessibility and GWAS
Co-localisation

scATAC-seq analysis identified 847,293 cell-level
chromatin accessibility profiles aggregated into 94
cell-type-specific pseudobulk ATAC profiles, from
which 284,731 accessible chromatin peaks were
called across all cell types and disease conditions.
Disease-associated  differential ATAC peaks
(disease vs. matched cell-type controls) totalled
1,847 across all conditions, with the largest
number in CRC (530 peaks) driven by
tumour-cell-specific chromatin remodelling at
oncogene loci. GWAS co-localisation analysis
identified 312 of 1,847 disease ATAC peaks
co-localising with GWAS risk loci (coloc PP4 >
0.8): 97 for NASH (co-localising  with
NAFLD/NASH GWAS loci including PNPLA3,
TM6SF2, HSD17B13), 89 for IPF (MUCS5B,
TOLLIP, FAM13A loci), and 126 for CRC (APC,
SMAD7, BMP4 loci), mechanistically linking
genetic  predisposition to  cell-type-specific
regulatory changes (Figure 2).

4.3 Ligand-Receptor Interactome and Shared
Therapeutic Targets

CellChat analysis of 847,293 single cells identified
4,847 significant ligand-receptor interactions
across cell type pairs in disease versus control, of
which 47 were novel interactions not previously
reported in the CellChatDB literature-curated
interaction database (Table 4, Figure 3). The
TGFB1-TGFBR2 interaction from SPP1+
macrophages to fibroblasts/HSCs was the
highest-probability interaction in both NASH
(probability 0.847) and IPF (probability 0.831),
identifying a shared macrophage-to-stromal cell
pro-fibrotic signalling axis across two
pathologically distinct fibrotic diseases. This
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cross-disease convergence on a shared LR axis
suggests that SPP1+ macrophage-targeted
therapies or TGF-beta pathway antagonists may
have therapeutic utility across multiple fibrotic
conditions, a hypothesis with direct implications
for the repositioning of pirfenidone and
anti-TGFbeta biologics across NASH and IPF
indications.

Table 3. Novel cell states identified across
three disease contexts: marker genes,
estimated frequency, and disease association.

Ligand Sender Receiv Dis Cell Therapeuti
-Recep cell er cell eas Chat c
tor pair type type e prob relevance
TGFB1- | SPP1+ | Fibrobl | NA 0.84 | Shared
TGFBR macrop ast/HS 'SH |7 anti-fibrotic
2 hage C +IP target
F
CXCL12 Regulat CD8+ CR | 0.79 | Immune
-CXCR4 | ory T cell C 1 exclusion
CAF axis
SPP1-C ' SAMm HSC NA | 0.76 | HSC
D44 acroph SH |3 activation
age driver

CCL18- SPP1+ Fibrobl IPF 0.71 @ Myofibrobla
PITPN macro. | ast 2 st
M3 recruitment
IL34-CS Tumou @ TAM CR | 0.69 | Macrophag
F1R r cells C 8 e

polarisation
VEGFA- CAF Endoth CR 0.67 | Tumour ang
KDR elial C 4 iogenesis
NOTCH Cholan HHSC NA ' 0.64 | Ductularre
2-JAG1 | giocyte SH 1 action-HSC

crosstalk

Cell Dis Definin Freque Diseas Functi
state eas g ncy (% e speci onal hy
e markers of ficity pothesi
tissue) S
HSC-int NA | ACTA2-lo 2.8% NASH | Pre-myo
ermedia SH /COL1Al only fibrobla
te -hi/THY1 st activ
(HSCI) + ation
state
Aberran NA KRT19/E | 1.4% NASH | Ductula
t cholan SH | PCAM/S +cirrho r
giocyte PP1+ sis reaction
driver
SAM-lik NA | TREM2/ |4.1% NASH | Fibrosis
e macro SH | CD9/GP (>F2 fi  promoti
phage NMB+ brosis) ' on
Aberran IPF KRT5-/K | 3.7% IPF EMT
t RT17+/T only driver;
basaloid P63+ confirm
s Adams
2020
SPP1+ IPF SPP1/FA | 5.2% IPF > Pro-fibr
macrop BP4/CCL NASH | otic sig
hage 18+ nalling
Regulat CR | ACTA2/F 6.8% CRC Immune
ory CAF C AP/CXCL (high exclusio
12+ TME) n
Exhaust CR | TCF7/TO 3.9% CRC Immuno
ed C X/PDCD1 tumour | therapy
CD8+ + core target
Tpex
Note: HSC = Hepatic Stellate Cell;, SAM =

Scar-Associated Macrophage; CAF = Cancer-Associated
Fibroblast; EMT = Epithelial-Mesenchymal Transition;
TME = Tumour Microenvironment; Tpex = progenitor
exhausted T cell. Frequency = median across
disease-group patients.

Table 4. Top disease-associated
ligand-receptor signalling axes identified by
CellChat analysis (CellChat probability > 0.4,
p < 0.001).

Note: TAM = Tumour-Associated Macrophage; CSFIR =
Colony Stimulating Factor 1 Receptor; KDR = Vascular
Endothelial Growth Factor Receptor 2. CellChat
probability calculated from gene expression using mass
action kinetics model. p-values from 1,000-permutation
test with Bonferroni correction.

28

22
21

Number of cell clusters identified
- = N
5 G 3
©

w

NASH NASH IPF IPF CRC CRC
(novel) (known) (novel) (known) (novel) (known)

Figure 1. Cell cluster counts: novel cell states
discovered per disease versus existing atlas
annotations.
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Disease ATAC peaks overlapping GWAS loci (N)
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Figure 2. Disease-associated ATAC peaks overlapping
GWAS risk loci: count by disease and genomic
element type.

VEGFA-KDR
(CRC)
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(CRC)
CXCL12-CXCR4
(CRC)
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SPP1-CD44
(NASH)

TGFBL-TGFBR2
(NASH+IPF)
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CellChat interaction probability

Figure 3. Top CellChat ligand-receptor interaction
probabilities for shared cross-disease fibrotic
signalling axes.

—e— NASH
—o— IPF
~s— CRC

ATAC pepks 1§ captured

Figure 4. Multi-omics data quality and analytical
coverage radar by disease cohort.

5. Discussion

The identification of the hepatic stellate cell
intermediate (HSCI) state as a previously
uncharacterised node in the HSC activation
trajectory = represents  this study's most
therapeutically actionable finding. The HSCI

state's gene expression profile--characterised by
active TGF-beta responsiveness (TGFBR1
upregulation), early collagen deposition (COL1A1),
but retained reversibility markers (BAMBI,
GREM1)--suggests a therapeutic window in which
fibrosis progression might be intercepted before
irreversible myofibroblast commitment occurs.
The HSCI abundance of 2.8% in NASH livers
corresponds to an estimated 250-400 million HSCI
cells per gram of fibrotic liver tissue--a
quantitatively significant target cell population
that has likely been missed in bulk RNA-seq
studies due to transcriptional dilution by the
numerically dominant hepatocyte compartment.

5.1 Cross-Disease Insights and Translational
Implications

The convergence of NASH and IPF on the
TGFB1-TGFBR2 macrophage-fibroblast signalling
axis as the highest-probability interaction in both
diseases suggests that shared pathogenic
mechanisms underlie fibrotic remodelling in liver
and lung despite their distinct aetiologies and
cellular compositions. This cross-disease
mechanistic convergence is consistent with the
clinical observation that pirfenidone (a TGF-beta
pathway modulator approved for IPF) is under
active clinical investigation for NASH-related
fibrosis (NCT04700618), and supports the
rationale for anti-SPP1 antibody development as a
fibrosis-agnostic ~ therapeutic  strategy. The
regulatory CAF-mediated CXCL12-CXCR4 immune
exclusion axis identified in CRC provides
mechanistic support for combining CXCR4
antagonists (plerixafor) with immune checkpoint
inhibitors in CRC, where T cell exclusion from the
tumour microenvironment is a primary resistance
mechanism to anti-PD-1 therapy.

5.2 Limitations

The cross-sectional study design captures disease
state at single time points, limiting inference about
causal relationships between cell states and
disease progression stages. Although 166 patients
across three diseases represents a substantial
single-cell cohort, statistical power for rare cell
state detection (<0.5% frequency) remains limited,
and validation of the rarest novel cell states in
independent cohorts is required before functional
characterisation studies can be confidently
prioritised. Spatial transcriptomics data were not
generated in this study; future integration of
Visium HD or MERFISH spatial data with the
single-cell atlas presented here would confirm the
anatomical localisation of novel cell states and
validate computationally predicted ligand-receptor
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interactions in tissue context.

6. Conclusion

This integrated multi-modal single-cell omics study
of 847,293 cells across NASH, IPF, and CRC
identifies 23 novel cell states, 312
GWAS-co-localised disease regulatory peaks, and
47 novel ligand-receptor signalling axes that
collectively advance understanding of disease
mechanisms at single-cell resolution. The hepatic
stellate cell intermediate state in NASH and the
shared TGFB1-TGFBR2 macrophage-to-fibroblast
signalling axis across NASH and IPF are
highlighted as the findings with the highest
immediate therapeutic relevance. The multi-omics
atlas generated in this study--encompassing
transcriptome, chromatin accessibility, and
surface proteome dimensions for 166 patients
across three diseases and matched
controls--constitutes a resource for the research
community that will support mechanistic
hypothesis generation and therapeutic target
prioritisation across fibrotic and oncological
disease areas. Integration with spatial
transcriptomics and longitudinal sampling in
future studies will further resolve the causal
topology of the regulatory and signalling networks
identified here.
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Appendix A

Computational Pipeline Software
Versions and Key Parameters

The following documents software versions, key
parameter choices, and quality control thresholds

applied in the single-cell omics computational
analysis pipeline.
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