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SUMMARY
Chronic hepatic injury and inflammation from various causes can lead to fibrosis and cirrhosis, potentially
predisposing to hepatocellular carcinoma. The molecular mechanisms underlying fibrosis and its progres-
sion remain incompletely understood. Using a proteo-transcriptomics approach, we analyze liver and plasma
samples from 330 individuals, including 40 healthy individuals and 290 patients with histologically character-
ized fibrosis due to chronic viral infection, alcohol consumption, or metabolic dysfunction-associated stea-
totic liver disease. Our findings reveal dysregulated pathways related to extracellular matrix, immune
response, inflammation, andmetabolism in advanced fibrosis. We also identify 132 circulating proteins asso-
ciated with advanced fibrosis, with neurofascin and growth differentiation factor 15 demonstrating superior
predictive performance for advanced fibrosis(area under the receiver operating characteristic curve [AUROC]
0.89 [95% confidence interval (CI) 0.81–0.97]) compared to the fibrosis-4 model (AUROC 0.85 [95% CI 0.78–
0.93]). These findings provide insights into fibrosis pathogenesis and highlight the potential formore accurate
non-invasive diagnosis.
INTRODUCTION

Chronic liver disease (CLD) is a significant health and economic

burden globally, affecting approximately 1.5 billion people

worldwide.1–3 The primary causes of CLD include chronic viral

hepatitis (CVH), alcohol-related liver disease (ARLD), and meta-

bolic dysfunction-associated steatotic liver disease (MASLD).4

CLD is characterized by chronic hepatic injury and persistent

inflammation, leading to liver fibrosis, which may progress to

cirrhosis and increase the risk of developing hepatocellular car-

cinoma (HCC).5 The severity of liver fibrosis has emerged as a

critical indicator of long-term morbidity and mortality.6 Recent

data indicate that liver fibrosis and related morbidities have

become increasingly common, driven by rising rates of alcohol
Cell Reports Medicine 6, 101935, Febr
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consumption and metabolic disorders, resulting in approxi-

mately 2 million deaths annually worldwide.2,6,7 However, the

diagnosis of fibrosis is typically made at advanced stages,

when clinical decompensation or HCC develops, due to the con-

dition’s slow and often asymptomatic progression,8 a limited un-

derstanding of the underlying molecular mechanisms, and a lack

of effective biomarkers for identifying patients at high risk of

severe fibrosis.9

Liver fibrosis is a dynamic process characterized by the

excessive accumulation of extracellular matrix (ECM) proteins.10

While technological advancements have improved our under-

standing of fibrogenesis,5,11 identifying advanced fibrosis in

the general population remains challenging due to clinical het-

erogeneity influenced by underlying causes, comorbidities, and
uary 18, 2025 ª 2025 The Authors. Published by Elsevier Inc. 1
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lifestyle factors. A systems-level characterization of metabolic

and signaling dysregulation could effectively capture the signa-

tures driving liver fibrosis caused by different etiologies. Early

diagnosis of individuals at risk for progressive fibrosis could facil-

itate interventions such as lifestyle changes or therapeutic mea-

sures to prevent the progression to severe stages of liver dis-

ease.12–14 Despite the development of several non-invasive

diagnostic methods, including serum biomarker algorithms and

imaging tools to assess tissue stiffness, their variability and

limited accuracy restrict their widespread use in population-level

screening.15–17

Systems biology approaches, including machine learning and

biological network analyses, have demonstrated potential in

elucidating the underlying molecular mechanisms of complex

diseases by integrating various layers of omics data.18–20 These

methodologies facilitate the integration and analysis of complex

biological data from genomics, transcriptomics, metabolomics,

and proteomics, providing a comprehensive view of the meta-

bolic and biological pathways involved in fibrosis and its associ-

ated cancer development. In this study, we utilized a data-driven

multi-omics approach, encompassing liver transcriptomics and

plasma proteomics, to thoroughly characterize patients across

the pathological spectrum, from early-stage fibrosis to cirrhosis

and associated HCC. This involved separate and integrative an-

alyses of both hepatic and peripheral blood specimens, tailored

to both fibrosis stage and etiology. Moreover, we integrated liver

transcriptomes with human liver cirrhosis single-cell data11 to

examine cellular composition dynamics depending on fibrosis

stages and inflammation levels. Furthermore, we investigated

the potential of the plasma proteome as a clinical diagnostic

tool for understanding liver biology, particularly fibrosis, by as-

sessing its predictive capabilities relative to established clinical

markers. Finally, we validated these plasma-based protein sig-

natures in an independent cohort, reinforcing their potential util-

ity in clinical settings.

RESULTS

Characteristics of cohorts, data collection, and study
design
This multicenter study included two cohorts: a discovery cohort

and a validation cohort, comprising a total of 330 adult partici-

pants (Table 1; Figures 1 and 2A). The discovery cohort con-

sisted of 40 healthy individuals, 144 patients with CLD, and 34

patients with CLD and HCC (median age 53 years, interquartile

range [IQR]: 42–61; 36.2% female). Among the patients with

CLD, the diagnoses include CVH (40.3%), ARLD (9.7%), and

MASLD (50%). For the patients with HCC, 70.6% have CVH-

associated HCC, and 29.4% have MASLD-associated HCC (Ta-

ble 1). The validation cohort was composed of an additional 68

patients with CLD and 44 patients with CLD-associated HCC,

matched by age and gender (median age 55 years, IQR: 46–

64; 24.1% female). Detailed baseline characterization of the

studied cohorts regarding age, gender, clinical parameters,

and diagnosis is provided in Tables 1 and S1.

The fibrosis stage in the peritumoral liver tissue of patients

with HCC and liver tissue of patients with CLD was histologically

evaluated using the Kleiner et al.21 system for MASLD and the
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meta-analysis of histological data in viral hepatitis (METAVIR)

scoring systems for CVH. We performed transcriptomics

profiling on 178 liver tissues from the patients in the discovery

cohort using RNA sequencing (Figure 1). Additionally, we exam-

ined 1,463 plasma proteins from all study participants (n = 330)

using the Olink Explore 1536 proximity extension assay.22

Transcriptome signatures differentiate advanced
fibrosis
To elucidate the molecular changes associated with advanced

hepatic fibrosis, we first analyzed the liver transcriptomics data

from patients in the discovery cohort. The samples were group-

ed based on their histologically assessed fibrosis stages as early

stages of fibrosis (stage 0/1/2, referred to as the F0–2 group in

subsequent analyses), severe fibrosis (stage 3, F3), and cirrhosis

(stage 4, F4) (Figure 2A).

Uniform manifold approximation and projection (UMAP) of the

data revealed apparent shifts correlating with the severity of

fibrosis (Figure 2B). The samples seemed not segregated ac-

cording to their gender, lifestyle (e.g., smoking), or comorbidities

(e.g., diabetes) (Figures S1A–S1C). When comparing gene

expression profiles between advanced (F3 or F4) and early

stages (F0–2) of fibrosis (Data S1), gene set enrichment analysis

identified significant upregulation of pathways related to ECM

remodeling and cell-matrix interaction (e.g., ECM-receptor inter-

action, focal adhesion, and regulation of actin cytoskeleton) (Fig-

ure 2C; Data S2). In line with previous findings demonstrating

inflammation-featured fibrosis progression,5 our data further

emphasized that pathways related to immune response and

inflammation (e.g., hematopoietic cell lineage and interleukin

[IL]-17, tumor necrosis factor, phosphatidylinositol 3-kinase-

Akt, and p53 signaling pathways) were upregulated in advanced

fibrosis (Figure 2C). Conversely, metabolic pathways linked to

peroxisome, carbon, and energy metabolism were downregu-

lated in cirrhosis (Figure 2C). Some of these pathways showed

significant downregulation from F2 onward in patients with

MASLD (Figure S2), underlying metabolic dysfunction as a key

hallmark of progressive MASLD. Notably, transcription factor

enrichment analysis revealed the upregulation of transcriptome

targeted by NF-kB1, REL, RELA, JUN, JUND, ATF4, SMAD3,

CREB1, andPARP1 in advanced fibrosis (Figure 2D). These tran-

scription factors, which are key regulators of inflammation, im-

mune response, and response to cellular stress, have been

implicated in the development and progression of fibrosis.23–27

In addition, differential gene expression analysis identified 93

differentially expressed genes (DEGs; adjusted [adj.] p < 0.05)

in the F3 stage of fibrosis compared to the F0–2 group. Over

97% of these genes also exhibited significance in cirrhotic livers,

with a total of 8,328 DEGs identified (Figure 2F; Data S1). This

DEG set includes markers of myofibroblasts in the liver,17 such

as liver-resident activated hepatic stellate cells (e.g., ACTA2,

COL1A1, SPP1, and PDGFRB), markers associated with epithe-

lial-to-mesenchymal transition (e.g., KRT19), activated portal fi-

broblasts (e.g., CALCA, COL15A1, THY1, and IL-18R1), and

bone-marrow-derived fibrocytes (e.g., CXCR4 and ICAM1) and

mesenchymal stem cells (e.g., MCAM) (Figure 2F; Data S2).

To further investigate whether the extensive transcriptional al-

terations that occur in the cirrhotic liver correlate with specific



Table 1. Baseline participant characteristics in the study

Characteristics

Discovery cohort (n = 218) Validation cohort (n = 112)

Total

Total

patients MASLD ARLDa CVH HCC Healthya
Total

patients MASLD ARLD CVH HCC

(n = 218) (n = 178) (n = 72) (n = 14) (n = 58) (n = 34) (n = 40) (n = 112) (n = 53) (n = 1) (n = 14) (n = 44)

Male (n [%]) 139 (63.8)* 121 (68.1) 38 (52.8) 13 (92.9) 39 (67.2) 30 (88.2) 18 (45.0) 85 (75.9) 36 (67.9) 1 9 (64.3) 41 (93.1)

Female (n [%]) 79 (36.2) 57 (32.0) 33 (47.2) 1 (7.1) 19 (32.8) 4 (11.8) 22 (55.0) 27 (24.1) 17 (32.1) 0 5 (35.7) 5 (6.9)

Age (years) 53 (42, 61) 56 (47, 62) 56 (47, 64)* 55 ± 10 51 ± 12 60 ± 7 38 (26, 43) 55 (46, 64) 48 ± 15 62 49 ± 7 61 ± 10

BMI (kg/m2) 27 (24, 30) 27 (25, 31) 29 (26, 33) 28 ± 3 26 (24, 29) 28 ± 4 24 ± 2 28 (25, 31) 28 (26, 33) 29 25.7 (24, 28) 28 ± 4

Smoking (n [%]) 31 (19.3)* 26 (31.91)*** 11 (18.9) 5 (45.5) 8 (21.6) 2 (13.3) 5 (12.5) 33 (32.4) 10 (20.0) 1 5 (38.5) 17 (44.7)

Diabetes (n [%]) 66 (30.4)* 66 (37.2) 39 (54.1) 6 (42.9) 10 (17.2) 11 (33.3) 0 53 (48.6) 32 (60.3) 0 1 (7.7) 19 (45.2)

Laboratory parameters

Albumin (g/dL) 40 (31, 46)* 37 (29, 44)*** 42 (30, 47)*** 31 ± 5 35 (28, 41)* 37 ± 6 48 ± 2 42 (35, 48) 47 (43, 49) 36 41 ± 4 35 ± 7

ALT (U/L) 30 (19, 51)*** 35 (21, 67)** 31 (21, 57)** 22 ± 13 41 (22, 89) 36 (22, 69) 22 ± 9 47 (30, 72) 47 (33, 68) 23 81 ± 49 36 (27, 75)

AST (U/L) 36 (24, 56)** 39 (28, 63) 35 (25, 50) 39 ± 19 50 (35, 88) 41 (29, 79) 20 (16, 24) 46 (30, 73) 35 (28, 51) 39 72 ± 26 55 (36, 85)

Platelets (*109/L) 130 (69, 236) 110 (62, 118)*** 128 (65, 267)** 81 (57, 137) 116 (59, 155) 89 (62, 119) 246 ± 53 147 (94, 230) 208 (153, 277) 128 125 (96, 229) 97 (61, 141)

Fibrosis parameters

FIB-4 Index 3.1 (1.0, 6.9) 3.9 (1.6, 7.6)*** 2.2 (1.0, 6.4)** 4.2 (2.9, 9.2) 4.1 (2.0, 8.0) 5.6 (3.9, 7.5) 0.6 (0.5, 0.9) 2.5 (0.9, 5.6) 1.1 (0.68, 2.3) 3,9 3.3 ± 1.6 6.0 (3.1, 12)

Fibrosis stage (n [%])

F0 10 (5.6) 10 (5.6) 6 (8.3) 0 3 (5.2) 1 (2.9) – 4 (3.6) 4 (7.5) 0 0 0

F1 19 (10.7) 19 (10.7) 12 (16.7) 0 6 (10.3) 1 (2.9) – 14 (12.5) 10 (18.9) 0 2 (14.3) 2 (4.5)

F2 10 (5.7) 10 (5.7) 7 (9.7) 0 3 (5.2) 0 – 13 (11.6) 8 (15.1) 0 3 (21.4) 2 (4.5)

F3 25 (11.5) 25 (11.5) 12 (16.7) 0 8 (13.8) 5 (14.7) – 23 (20.5) 16 (30.2) 0 5 (35.7) 2 (4.5)

F4 114 (52.3) 114 (52.3) 35 (48.6) 14 (100) 38 (65.5) 27 (79.4) – 58 (51.8) 15 (28.3) 1 (100) 4 (28.6) 38 (86.4)

Categorical variables are presented as ‘‘frequencies (percentages).’’ Normally distributed variables were summarized with ‘‘mean ± standard deviation’’ and non-normally distributed variables

were shown as ‘‘medians (interquartile ranges).’’

Statistical significance between cohorts of each subgroup determined by Student’s t test for non-categorical variables and Fisher’s exact test for categorical variables, with p value annotations:

p < 0.05 (*), 0.01(**), and 0.001(***), all annotated on the discovery cohort values.
aStatistical test is not applicable since the validation cohort’s sample size (n) is insufficient.
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Figure 1. Study overview

(A) Clinical cohorts.

(B) Liver transcriptome sequencing was carried out on liver tissue from 178 patients with CLD (n = 144) or CLD andHCC (n = 34). Proximity extension assay-based

proteomics technology was used to profile plasma samples from 330 subjects in the studied cohorts, totaling 1,463 proteins quantified.

(C) Schematic representation of the bioinformatics workflow of this study, including statistical, functional, correlation, and single-cell deconvolution analyses on

omics profiles.

(D) Machine-learning-based classification models were used to identify potential biomarkers for advanced fibrosis and cirrhosis. Abbreviations: NPX, normalized

protein expression; CLD, chronic liver disease; HCC, hepatocellular carcinoma; logFC, log fold change; AUC, area under the curve; Pro., protein; F, fibrosis; F0–2,

fibrosis stage 0/1/2; S, sample.
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etiologies, we separately analyzed the cirrhotic samples from

patients with ARLD, MASLD, and CVH. The transcriptome pro-

files did not exhibit clear distinctions among these etiology-

based groups in the study (Figure 2G). One gene, TBC1 domain

family member 3, was significantly overexpressed in the patients

with MASLD compared to those with ARLD. A total of 22 and 501

genes showed significant changes in ARLD versus CVH and

MASLD versus CVH, respectively, with 17 genes related to viral
4 Cell Reports Medicine 6, 101935, February 18, 2025
infection and immune response being shared between the two

comparisons (Figure 2H; Data S3). Interestingly, functional anal-

ysis of DEGs in MASLD versus CVH highlighted a significant

enrichment (adj. p < 0.05) in biological processes related to

nucleosome assembly, chromatin organization and remodeling,

DNA packaging, and the regulation of viral processes (Fig-

ure S1D; Data S3). These results may suggest that host-virus in-

teractions are crucial in the pathogenesis of cirrhosis resulting
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Figure 2. Transcriptomic signature differentiates advanced fibrosis

(A) Flow diagram illustrating the number of liver tissue samples from either CLD or peritumoral CLD, categorized by each etiology and the respective histologically

assessed stages of fibrosis.

(B) AUMAP analysis was performed on transcriptomics data from hepatic tissues (F0–2, n = 39; F3, n = 25; F4, n = 114). Each data point represents a sample in the

respective colored group.

(C) Dot-heatmap showing the top significantly regulated Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways in hepatic tissue with advanced fibrosis

compared to those in F0/1/2 stages (Benjamini and Hochberg false discovery rate adjusted p value < 0.05), see the full list in Data S2.

(D) Dot-heatmap showing the top transcription factors significantly enriched by target gene sets changed in advanced fibrotic tissue as compared to those in F0/

1/2 stages (Benjamini and Hochberg false discovery rate adjusted p value < 0.05), see the full list in Data S2.

(E) Venn diagram showing the number of differentially expressed genes (DEGs) (Benjamini and Hochberg false discovery rate adjusted p values < 0.05) in

advanced fibrotic tissue as compared to those in the F0/1/2 stages.

(F) Heatmap showing the relative expression of fibrosis marker genes in hepatic tissues with advanced fibrosis compared to those in F0/1/2 stages.

(G) AUMAP analysis was performed on transcriptomics data from cirrhotic tissues resulting fromdifferent etiologies, including ARLD (n= 14), MASLD (n = 42), and

CVH (n = 58).

(H) The number of differentially expressed genes shared among pairwise comparisons across three etiologies. Abbreviations: UMAP, uniform manifold

approximation and projection; HCC, hepatocellular carcinoma; CLD, chronic liver disease; CVH, chronic viral hepatitis; MASLD, metabolic dysfunction-asso-

ciated liver disease; ARLD, alcohol-related liver disease; EMT, epithelial-to-mesenchymal transition; MSCs, mesenchymal stem cells; HSCs, hepatic

stellate cells.
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from viral infection, compared to cirrhosis associated with meta-

bolic dysfunction.

Single-cell deconvolution reveals cell type composition
heterogeneity and its association with fibrosis score
A previous study using single-cell RNA sequencing has shed

light on the heterogeneity in cell populations within the fibrotic

niche in patients with advanced cirrhosis.11 To explore the

cellular composition changes within the liver microenvironment

across different stages of fibrosis, we next performed single-

cell deconvolution using a dampened weighted least squares al-

gorithm.28 This approach computationally estimates the cell type

proportions from bulk gene expression data. We computed and

analyzed a total of 44 cell populations annotated by Ramachan-

dran et al.11 and Duan et al.29 to identify fibrosis-dependent dif-

ferences. We also assessed the correlation between the abun-

dance of these cell populations and several key clinical

variables, including body mass index (BMI) and fibrosis score

(fibrosis-4 [FIB-4]). The FIB-4 was calculated based on age

and the plasma levels of aspartate aminotransferase (AST),

alanine aminotransferase (ALT), and platelet count (STAR

METHODS; Figure 3).

We identified 12 cell (sub)populations that exhibited signifi-

cant abundance change among the fibrosis-dependent

groups (adj. p < 0.05; Figures 3A and 3B). The pairwise anal-

ysis revealed that hepatocytes, CD34�CLEC4M+ liver sinusoi-

dal endothelial cells, and natural killer cells had significantly

lower abundance in cirrhosis (F4 group) compared to early

stages of fibrosis (Figures 3A and 3B). Additionally, the scar-

associated macrophages (SAMs) differentiated by markers

such as TREM2, CD9, SPP1, TNFSF12, and LGALS3 and

PDGFRA+ myofibroblasts had an increased proportion in pa-

tients with cirrhosis (Figure 3B). These observations align

with the expression patterns of these marker genes in patients

with different stages of fibrosis (Figure S3). It has been re-

ported that injury to epithelial cells can promote the release

of pro-inflammatory mediators, triggering the activation and

differentiation of T cells, including Th1, Th2, and Th17.5,30 In

line with this, we observed that two CD4+ and CD8+ T cell sub-

populations differentiated by markers like SELL, CCR7, and

CD8A had significant expansion in the cirrhotic livers (Fig-

ure 3B). Notably, the abundance of these expanded cell types

positively correlated with fibrosis scores across the cohorts

(Spearman r > 0.25; adj. p < 0.05; Figures 3B and 3C). Overall,

these results indicate a heterogeneous microenvironment in

the liver and offer valuable insights into the alterations in the

abundance of various cell types depending on the fibrotic

stages and the extent of inflammation across different stages

of fibrosis.

Plasma proteomic changes in patients with liver disease
reflect disease severity
To investigate the impact of liver pathology on plasma prote-

ome and its potential to reflect liver fibrosis, we further char-

acterized the plasma proteome profiles from both healthy in-

dividuals and patients with different stages of hepatic

fibrosis. UMAP analysis revealed a clear separation between

the proteome profiles of healthy individuals and those of the
6 Cell Reports Medicine 6, 101935, February 18, 2025
patients. Within the patient groups, we observed gradual

shifts in proteome profiles correlated with advancing stages

of fibrosis in the liver (Figures 4A–4C, S4A, and S4B). To illus-

trate whether the proteome changes indicate biological pro-

cesses being altered as the disease progresses, we used

Mfuzz clustering31 to group proteins with similar abundance

changes and identified three clusters of protein trajectories

across fibrosis-dependent groups (Figures 4A, 4C, and S4C;

Data S4). Specifically, 680 proteins in cluster 1, including

pro- and anti-inflammatory cytokines (e.g., IL-6 and IL-10)

and liver fibrosis markers (e.g., ACTA2, KRT19, and SPP1),

increased progressively with fibrosis stages (Figures 4D and

4E). 418 proteins within cluster 2, associated with wound

healing and vesicle-mediated transport, exhibited a slight in-

crease in median levels in the early stages of fibrosis, followed

by an acute decrease in cirrhosis. Additional 363 proteins in

cluster 3 that were largely immune response and signaling

regulation related were consistently elevated in patients with

liver fibrosis (Figure S3C).

In parallel, we analyzed the levels of proteins at different stages

of liver fibrosis compared to healthy controls. Our findings

showed significant (adj. p < 0.05) changes of 699, 772, and

1,091 proteins in the F0–2, F3, and F4 groups, respectively

(Figures 4F, S5, and S6; Data S5). Among these, 554 proteins

were differentiated in common across all diseased groups.

Approximately 33% of these proteins were significantly enriched

in immune response (adj. p < 0.05; Figure 4G), including elevated

levels of chemokines (e.g., CCL3, CCL4, CCL11, CXCL6,

CXCL13, and CCL24), cytokines (e.g., OSM, IL-6, IL-10), growth

factors (e.g., TGFB1 andMDK), and tumor necrosis factor recep-

tors (e.g., FAS, TNFRSF1B, TNFRSF4, TNFRSF11A, and

TNFRSF14) (Data S5). For instance, IL-10, a key anti-inflamma-

tory cytokine, was found to be one of the most significantly

elevated proteins in patients (Figure 4D). The elevated IL-10 has

been previously implicated in the pathophysiological process of

immune cell paralysis that characterizes the dysfunctional im-

mune response in acute-on-chronic liver failure.32 Additionally,

biological adhesion was identified as the secondmost overrepre-

sented category (Figure 4F). Specifically, we observed an upregu-

lation in proteins associated with adhesion junctions, including

E-cadherin (CDH1), N-cadherin (CDH2), and protocadherin 1.

Proteins involved in focal adhesions, such as paxillin and integrin

alpha 5, were also found to be upregulated in the plasma samples

of patients (Data S5).

We also investigated proteome alterations associated with

different etiologies in patients with cirrhosis. In comparing the

protein profiles of patients with ARLD and MASLD, we found

no proteins exhibiting significant differences in their plasma

levels. Between the patients with ARLD and CVH, we identified

24 proteins (e.g., GSTA3, DCXR, FBP1, and ALPP) that ex-

hibited significant differences in plasma levels (Figure S4D),

while their hepatic mRNA expression levels were not differen-

tially expressed between the groups (Figure S4E). Similarly,

among the 501 DEGs identified between the livers of patients

with MASLD and CVH, in the liver, with 49 of their correspond-

ing proteins being measured in plasma, none had significance

in plasma levels between the patients with MASLD and those

with viral hepatitis.



B

C

A

Figure 3. Single-cell deconvolution reveals heterogeneity in cell type composition and its association with fibrosis score

(A) Barplot showing the estimated cell population from bulk RNA sequencing data from hepatic tissues.

(B) Boxplots showing the significantly differentiated cell populations in groupwise comparisons. Adjusted p values were derived from Kruskal-Wallis’s test fol-

lowed by the Dunnett post hoc pairwise test. The boxplots represent the interquartile range (IQR), with the horizontal line indicating the median.

(C) Spearman coefficient correlation between the estimated cell proportion and clinical measurements. The size and color of the dots are proportional to the

statistical significance indicated by the negative log10 of adjusted p values using Benjamini and Hochberg false discovery rate and correlation coefficient,

respectively. Adjusted p value < 0.05 was considered as statistical significance. Abbreviations: KCs, Kupffer cells; pDCs, plasmacytoid dendritic cells; HSCs,

hepatic stellate cells; VSMCs, vascular smooth muscle cells; cDCs; conventional dendritic cells; SAMs, scar-associated macrophages; TMo, tissue monocytes;

cNKs, cytotoxic natural killer cells.
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Proteo-transcriptomic signatures associated with
advanced fibrosis
Wenext sought to integrate the proteome and transcriptome sig-

natures associated with advanced fibrosis by performing a pair-

wise correlation analysis between significantly altered genes

and their corresponding protein levels, following approaches

recently applied in proteo-transcriptomics studies.33,34 We
found that 498 proteins demonstrated significant differences in

both hepatic gene expression levels and in their abundance in

the plasma in patients with advanced fibrosis compared to those

in the early stages (Figure 5A). Notably, the abundance of 132 of

these proteins correlated strongly (STAR METHODS; Spearman

r > 0.3; adj. p < 0.05) with their hepatic mean mRNA expression

across the patients’ cohort (defined as the proteo-transcriptomic
Cell Reports Medicine 6, 101935, February 18, 2025 7
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Figure 4. Plasma proteomic changes in patients with liver disease reflect disease severity

(A) Plasma proteins profiling of subjects in the discovery cohort. The rows of heatmap were split based on the fuzzy cluster to which a protein belongs to. The

columns of heatmap were split based on the group to which a sample belongs to. The column is annotated based on clinical and biochemical parameters of the

sample.

B) UMAP analyses were performed on the proteome obtained from subjects in the discovery cohort. Each data point represents a sample in the respective

colored group.

(legend continued on next page)
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signatures for downstream analyses), including 20 proteins that

are of hepatic origin according to the annotation of Human Pro-

tein Atlas35 (Figures 5A and 5B; Data S6).Moreover, mapping the

proteo-transcriptomic signatures onto a subcellular map of hu-

man proteins36 revealed that 47 of them are secreted into the

bloodstream (Figures 5B and 5C). For instance, hepatokine

FGF21, a stress-inducible hormone mainly expressed and

secreted by the liver to the bloodstream to act in an endocrine

manner,37 demonstrated a positive correlation (r = 0.45) between

mRNA and protein levels across the patients’ cohort (Data S6).

The mRNA-protein level of fetuin B (FETUB), a cystatin super-

family protein secreted by the liver, exhibited a strong correlation

(r = 0.63) in the patient cohort (Figure 5D). A previous study by

Meex et al.38 demonstrated that the plasma level of FETUB

increased in obese participants with simple steatosis and was

associated with insulin resistance.38 Interestingly, we found

that the levels of FETUB increase in patients with early stages

of fibrosis (F0–2) and F3, while significantly decreasing in pa-

tients with cirrhosis compared to healthy controls (Figure 5F).

This observation aligns with the decreased expression of

FETUB in hepatocytes of cirrhotic livers at the single-cell resolu-

tion (Figure S3B), suggesting a potential role for these hepato-

kines in reflecting the progression and severity of liver damage.

We also explored the correlation between the plasma abun-

dance of the 132 proteins and clinical parameters. As shown in

Figure 5F, most of the proteins showed a positive correlation

with FIB-4 but a negative correlation with plasma albumin level

and platelet counts.

Biomarker panels for advanced fibrosis and cirrhosis
To further pinpoint proteins capable of stratifying patients with

advanced fibrosis based on the proteo-transcriptomic signa-

tures, we developed two binary classifiers aimed at distinguish-

ing (1) patients with advanced fibrosis (stage 3 or higher, referred

to as theRF3 model) and (2) patients with cirrhosis (the cirrhosis

model). For feature selection, we employed a random forest (RF)

algorithm, training the models on 70% of the samples using

stratified 5-fold cross-validation and built-in parameter tuning

in the discovery cohort. The models were constructed to differ-

entiate the case group from a control group, which comprised

all other non-case samples in each specific model. The perfor-

mance of these models was then tested on the remaining 30%

of the samples in the same cohort and on an additional validation

cohort of 112 patients at different stages of liver disease

(Table 1).

The final trained RF models had area under the receiver oper-

ating characteristic curve (AUROC) scores of 0.98 (95% confi-

dence interval [CI] 0.97–1) and 0.99 (95% CI 0.98–1) for the
(C) Fuzzy clustering identified three protein clusters with distinct abundance patt

median abundance of individual proteins in the cluster, and the boxplot represe

groups.

(D) Log transformation of fold change (logFC) of top 5 proteins in each groupwis

(E) Spearman correlation between fibrosismarkers (ACTA2,KRT19, andSPP1) an

(lower). *adjusted p value < 0.05, **adjusted p value < 0.01, ***adjusted p value < 0.

with the horizontal line indicating the median.

(F) Upset plot summarizing the numbers of proteins with levels significantly diffe

(G) The biological processes enriched in the common set of differentially expres
prediction of R F3 and cirrhosis, respectively, in the discovery

cohort (Figure 6A). In the validation cohort, the models achieved

AUROC scores of 0.88 (0.80–0.96) and 0.89 (95% CI 0.83–0.96)

for predicting R F3 and cirrhosis, respectively (Figure 6A). Both

models achieved balanced accuracies up to 91%and 81% in the

discovery and validation cohort, respectively (Figure 6B). The

importance scores of each protein estimated during model

training phase are provided in Data S7, indicating the extent to

which a protein is relevant to the classification task. Additional

model performance scores are available in Data S7 for each

model. In Figures 6C and 6D, we present the top 15 proteins

with the highest importance score in each model and their rela-

tive changes in the liver and plasma in patients with advanced

fibrosis, as compared to those in the early stages. Among the

25 unique proteins in these two models, 3 were ‘‘liver specific’’

and secreted into the bloodstream, including FCN2, IGFBP3,

andGDF2 (Figures 5C, 6C, and 6D).NFASC and growth differen-

tiation factor 15 (GDF15) exhibited the highest importance in pre-

dicting advanced fibrosis (Figure 6C).

Further analysis using logistic regression yielded comparable

predictive power of the top 15 features (proteins) in predicting

R F3 and cirrhosis, with AUROC scores of 0.97 (95% CI

0.92–1) and 0.99 (95% CI 0.98–1) in the discovery cohort and

0.85 (95% CI 0.76–0.95) and 0.94 (95% CI 0.89–0.98) in the

validation cohort (Figure 6E; Data S7). In addition, we investi-

gated the predictive power of various subsets of these top pro-

teins (e.g., top 1, 2, 3, 5, 10, and 15) and compared them to

models trained using FIB-4 (Figure 6E). Our analysis showed

that the model trained with NFASC and GDF15 had the supe-

rior performance in the prediction of advanced fibrosis, with

about 93% and 87% balanced accuracies in the discovery

and validation cohorts, respectively, compared to that trained

by FIB-4 (79% and 62% balanced accuracies, respectively)

(Figure 6E). For the cirrhosis model, the top 10 proteins

(FLT1, IGFBP3, KRT19, FCN2, CRIM1, NFASC, TGFA, CA9,

ANXA5, and IL-4R) resulted in balanced accuracies of approx-

imately 95% and 83% in the discovery and validation cohorts,

respectively (Figure 6F).

DISCUSSION

This study combined hepatic transcriptomics, systems-level

proteomics, integrated deconvolution analysis, and machine

learning models to provide a comprehensive characterization

of liver fibrosis in patients with CLD, encompassing CVH,

ARLD, and MASLD. Our transcriptomics analysis across fibrosis

stages revealed the upregulation of pathways related to ECM re-

modeling, inflammation, and immune response in advanced
erns corresponding to disease severity. The individual gray line represents the

nts the median, quartile values for all proteins in the cluster across different

e comparison.

d fibrosis score (fibrosis-4, FIB-4) (upper) and their plasma levels across groups

001 derived fromDESeq2. The boxplots represent the interquartile range (IQR),

rent in patients compared to healthy subjects.

sed proteins across comparisons.
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Figure 5. Integrative analysis of liver and plasma omics profiles

(A) Venn diagram showing the intersection between the union of DEPs and DEGs associated with advanced fibrosis.

(B) The secretome location is predicted for filtered proteins according to the annotation in Human Protein Atlas.35.

(C) Spearman correlation between the levels of mRNA-protein for filtered proteins.

(D and E) (D) Boxplot showing the plasma levels of FGF21 and FETUB in fibrosis-based groups and (E) in etiology-based groups. *adjusted p value < 0.05,

**adjusted p value < 0.01, ***adjusted p value < 0.001 derived fromDESeq2. This boxplots represent the interquartile range (IQR), with the horizontal line indicating

the median.

(F) Radar plot showing the proportion of proteo-transcriptome signature proteins that are positively or negatively correlated with clinical parameters, including

FIB-4, albumin, platelets, AST, ALT, BMI, and age. Abbreviations: DEPs, differentially expressed proteins; DEGs, differentially expressed genes.
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fibrosis. This supports previous findings that underscore the role

of these pathways in fibrogenesis.5,39

Previously, Govaere et al.40 identified 25-gene signatures

differentially expressed in the liver during progressive MASLD.

Consistent with these findings, our study observed that 24 of

these genes showed increased expression in advanced fibrosis

within our MASLD subgroups (Figure S2D), including five genes

(STMN2, GDF15, LTBP2, ITGBL1, and THY1) that were differen-

tially expressed in both F3 and F4 stages. Notably, this MASLD-
10 Cell Reports Medicine 6, 101935, February 18, 2025
related signature also exhibited similar expression patterns in

our whole cohort analysis, suggesting that these genes may

also play significant roles in fibrosis progression across different

CLDs, including ARLD and viral hepatitis. For instance, Luan,

Harding H. et al. demonstrated that GDF15, part of the trans-

forming growth factor b superfamily, is induced during bacterial

and viral inflammation and promotes metabolic adaptations

to systemic inflammation.41 In our study, we identified 132

proteo-transcriptomic signatures associated with advanced
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Figure 6. Biomarker panels for advanced fibrosis and cirrhosis

(A and B) The AUC-ROC curves (A) and balanced accuracy (B) for prediction of advanced fibrosis (RF3 model) and cirrhosis (RF4 model) in discovery and

validation cohorts using random forest algorithms based on plasma proteins.

(C and D) Top 15 important proteins identified by random forest algorithm from theRF3 (C) and cirrhosis (D) models, respectively. The bar on the top of each plot

shows the importance of the protein in the respective model. The heatmap on the bottom shows the relative changes (log2 fold change) of hepatic mRNA and

plasma protein in advanced fibrosis as compared to those in the F0/1/2 stages. *adjusted p value < 0.05.

(E and F) The AUC-ROC curves and balanced accuracy for the prediction of advanced fibrosis (E) and cirrhosis (F) based on the top 15, top 10, top 5, top 3, and

top 2, the first important proteins in both discovery and validation cohorts using logistic regression algorithm.
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fibrosis. Alongside this set, our results revealed transcriptomic

differences driven by specific underlying causes, including sig-

nificant changes in genes involved in host-virus interactions in

patients with viral hepatitis.

Ramachandran et al.11 provided insights into the cellular and

molecular basis of human liver cirrhosis (F4) at a single-cell level.

A key strength of our deconvolution analysis is that it elucidates

the dynamic changes in cell populations—either expanding or

declining—that have altered in cirrhotic livers, starting from early

fibrosis stages, thereby enhancing our understanding of the

pathophysiological processes driving fibrosis progression.42 He-

patocellular injury during fibrosis is well documented. Addition-

ally, Ramachandran et al.11 observed that SAMs accumulate in

the scar tissue of cirrhotic livers and stimulate the production

of fibrillar collagen, further contributing to fibrosis development.

Our study’s predicted cell type proportions are consistent with

the presence of SAMs in cirrhosis. Importantly, our data indicate

that SAM expansion is associated with the severity of fibrosis

caused by different etiology. Moreover, we noted immune cell

expansions as fibrosis progressed, suggesting a potential role

for the immune system in driving or responding to fibrotic

changes. Collectively, our analysis highlighted significant alter-

ations in cellular composition, transitioning from early fibrosis

to advanced fibrosis and cirrhosis.

A promising precision medicine approach to complex dis-

ease diagnosis and management involves the use of protein

profiling to capture the disease processes occurring in tissues

more effectively.43 When combined with histological data and

liver transcriptomics from well-characterized cohorts, our re-

sults show extensive remodeling of the plasma proteome

correlated with progressive fibrosis. For instance, we observed

significant dysregulation of proteins involved in inflammation

and immune responses across different stages of liver fibrosis

in patients with CLD. This supports the hypothesis that sys-

temic inflammation plays a critical role in the development of

liver fibrosis.5 Additionally, our findings enhance our under-

standing of the molecular pathophysiology underlying liver

fibrosis and demonstrate the feasibility of using the plasma pro-

teome for more accurate prediction of liver diseases. The com-

bined machine learning models achieved higher balanced ac-

curacy with the proposed biomarker panels for predicting

advanced fibrosis and cirrhosis compared to established clin-

ical markers. This underscores the potential for improving the

early diagnosis of advanced fibrosis in patients with CLD

through plasma protein profiling.

In summary, through multi-omics approaches, we have illus-

trated transcriptional dysfunction and cellular composition dy-

namics depending on fibrosis stages in patients with CLD from

various causes. The identification of circulating protein signa-

tures further contributes to our understanding of the pathogen-

esis and potential early diagnosis of liver fibrosis.

Limitations of the study
While our study has provided detailed molecular insights into

advanced fibrosis in CLD, selected limitations are highlighted

here. First, the cohort composition primarily includes patients

with advanced fibrosis and cirrhosis, limiting the applicability of

the findings to earlier stages of liver disease such as significant
12 Cell Reports Medicine 6, 101935, February 18, 2025
fibrosis (fibrosis stage R2). Future studies should include a

broader range of fibrosis stages and larger cohorts stratified by

fibrosis etiology to determine the molecular differences associ-

ated with fibrosis severity and etiology in patients with CLD. Sec-

ond, given the complexity and breadth of the human plasma pro-

teome, the proteomics assay used in the study may not capture

all relevant proteins involved in liver fibrosis and its progression.

Using additional or alternative omics technologies, such asmass

spectrometry, could provide a more comprehensive under-

standing of diseases in future studies. Third, while our findings

suggest potential protein biomarkers for the prediction of

advanced fibrosis in CLD, the extent to which they apply in the

general population remains to be fully elucidated in future large

cohort studies, especially in less represented etiology sub-

groups. Lastly, the cohorts used in the study are from specific

geographic regions and ethnic backgrounds; further studies

with a wide age range are warranted to validate and extend the

findings across different populations.
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Participant information: Inclusion and exclusion criteria
The study included adults aged 18–80 years who can provide informed consent and have a confirmed diagnosis of chronic liver dis-

ease through clinical evaluation, imaging, and histopathological findings. General exclusion criteria encompassed the presence of

acute liver disease and other chronic liver diseases, such as Budd-Chiari syndrome, Wilson’s disease, autoimmune hepatitis, and

drug-induced liver disease. Additional exclusion criteria include concurrent severe systemic illnesses, such as advanced cardiovas-

cular disease, sepsis, or any malignancy other than HCC. Participants who were pregnant or lactating and had a history of organ

transplantation were also excluded. For patients with MASLD and ARLD, diagnosis-specific inclusion and exclusion criteria are

determined following guidelines outlined by Rinella et al., 2023 2. For those with CVH, inclusion criteria involve a diagnosis of chronic

viral hepatitis confirmed by serological tests. Patients diagnosed with hepatocellular carcinoma (HCC) met the general background

etiology criteria of MASLD, ARLD, or CVH and had histologically or radiologically confirmed HCC.

Participant information: Sample size estimation
A priori power analysis was conducted to determine the minimum sample size required to detect statistically significant proteomic

and transcriptomic changes associated with advanced fibrosis. The analysis used a t-test for the difference between two indepen-

dent means (two groups). The test was set up with two tails, assuming an effect size (Cohen’s d) of 0.5, a significance level (a) of 0.05,

and a desired power (1-b) of 0.80. An allocation ratio of 7:1 (N2/N1) was used because of the differences in group sizes. Based on

these parameters, the calculated total sample size was 290 participants, with 36 participants required in group 1 (healthy patients)

and 254 in group 2 (CLD patients). This calculation produced a non-centrality parameter (d) of 2.8076, a critical t-value of 1.9682, and

an actual power of 0.7991. This analysis provided us with the sample size that was adequately powered to detect differences in

molecular profiles across fibrosis stages.

Participant information: Experimental group allocations
Subjects and samples were allocated to experimental groups based on clinical diagnoses and fibrosis stages. The study was divided

into a discovery cohort (n = 218) and a validation cohort (n = 112). The discovery cohort included 40 healthy controls and 178 chronic

liver disease (CLD) patients, while the validation cohort comprised 112 CLD patients to validate the differential proteomic profile of

advanced fibrosis in the discovery group. CLD patients were stratified into fibrosis stages based on histological evaluation as early

fibrosis (F0-2), severe fibrosis (F3), and cirrhosis (F4). Fibrosis staging was determined using the METAVIR scoring system for CVH

and the Kleiner system forMASLD. Patients were further categorized by their chronic liver diagnosis by clinical experts of hepatology.

Healthy controls were matched to CLD patients and derivation cohort patients were matched to the validation cohort patients for

demographic factors.

METHOD DETAILS

Clinical data collection
Comprehensive clinical data were gathered from the clinical portals of Koç University Hospital and Medipol University Hospital. The

fibrosis stage in the peritumoral liver tissue of HCC patients and liver tissue of CLD patients collected at fasting state were histolog-

ically evaluated by expert liver pathologists based on Kleiner et al.21 system for MASLD and the METAVIR (meta-analysis of histo-

logical data in viral hepatitis) scoring systems57 for CVH.

Plasma sample collection
Blood samples were collected into EDTA blood collection tubes from healthy adults and patients at Medipol University Hospital and

Koç University Hospital for proteomics analysis. To isolate cell-free plasma, the blood samples were centrifuged at 3000 rpm for

10 min at 4�C to separate plasma from the cellular components. The supernatant was then carefully transferred to a new falcon

tube without disturbing the buffy coat formed between the pellet and the plasma. For further purification and removal of any remain-

ing cellular components, a second centrifugation step was performed under the same settings as the first centrifugation. The isolated

cell-free plasma was then aliquoted and stored at �80�C until proteomics analysis.

Liver tissue procurement
For transcriptomics analysis, RNAs were extracted from the explant liver, and biopsy specimens were procured from the patients

with MASLD or HCC diagnosis. Liver samples were obtained from patients who had liver transplantation, liver resection surgery,

or diagnostic percutaneous core biopsy procedure at Koç University Hospital or Medipol University Hospital. For peritumor HCC

samples, the samples were collected at least 1 cm distant from the tumor. The samples were immediately snap-frozen in Qiagen

RNAprotect Tissue Reagent (Catalog No. 76106) to ensure RNA integrity. Tissues were stored at �80�C until RNA isolation.

RNA extraction and library preparation for transcriptome sequencing
Samples were homogenized using Stainless Steel Beads (Catalog No. 69989) and a Qiagen TissueLyser II system, operating at a

frequency of 20 Hz for 4 min. To ensure thorough homogenization, the samples were further processed using Qiagen

QIAShredder (Catalog No. 79656). RNA of the tissue homogenates was extracted by Trizol/Chloroform phase separation technique,
Cell Reports Medicine 6, 101935, February 18, 2025 e2
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then RNA purification was carried out with Qiagen RNeasymini kit for explant liver samples (Catalog No.74104) and RNeasy micro kit

(Catalog No.74004) for biopsy samples. After the evaluation of the sample A260, A260/A280, and A260/A230 values of the samples,

the RNA integrity number (RIN) value of total RNA samples was measured with TapeStation (Agilent Tech, USA). The amount of total

RNA was measured more precisely fluorometrically with the RNA Broad Range kit (Thermofisher, USA) by using Qubit (Invitrogen,

USA). The RNA sequencing library was prepared with Illumina Stranded Total RNA Prep and Ligation with Ribo-Zero Plus kit was

used following the standard protocol provided by the manufacturer. The libraries were then pair-end (20100bp) sequenced on the

NovaSeq6000 system yielding, on average, 25 million fragment reads per sample. Raw sequencing data (.bcl) was converted to

FASTQ with the Dragen Bio-IT platform (v3.9.5). The quality of RNA-seq data was assessed by FastQC (v0.11.9).

RNA-seq data processing, differential expression, and functional enrichment analysis
Tissue bulk RNA-seq data were aligned and quantified using a standard protocol of Kallisto (v0.46.2)53 against the Human genome

GRCh38 (ensembl release 102) downloaded from Ensembl official website (https://www.ensembl.org/index.html). The output of Kal-

listo, both estimated counts and TPM (transcript per kilobase million)-based transcript-level expressions were then transformed into

gene-level expressions using the Bioconductor package tximport (v1.22.0)54 with the tx2gene option set to connect transcripts to

genes. Protein-coding genes were considered for the above step and downstream analyses. Differential analysis was performed us-

ing the DESeq2 R package (v1.34.0),52 following a standard protocol for all the pairwise comparisons. Significantly expressed genes

(DEGs) were identified with a significance threshold of an adjusted p-value <0.05. To examine differences in global gene expression,

we conducted principal component analysis (PCA) based on TPM and/or variance-stabilizing transformation (VST)-normalized count

data in DESeq2. Uniform manifold approximation and projection (UMAP) dimensionality reduction was used for the visualization of

80% variance calculated by PCA analysis.

Gene Set Functional Enrichment Analysis. We used the clusterProfiler R package (v4.11.0)47 to perform gene set enrichment anal-

ysis against the curated gene sets obtained from the KEGG pathway database or TRRUST.58 Benjamini-Hochberg (BH)–adjusted

p-value <0.05 are considered statistically significant and are provided in the relevant figures/datasets.

Cell-type deconvolution based on DWLS
The deconvolution algorithm dampened weighted least squares (DWLS)28 was employed in computing the cell proportion from bulk

tissue RNA-seq data. The DWLS uses a reference cell type-specific gene expression profile and a list of signature genes specific for

the cell types to calculate the cell type proportion. The processed/annotated single-cell data that was originally published by Ram-

achandran et al.11 (available on the online database under accession number GSE136103), were downloaded from the website pro-

vided by Duan et al.29 Signature genes for each cell type were analyzed using the FindAllMarkers function from the Seurat R package

(v4.3.0).56 The transcript per million (TPM) of marker genes from the liver samples was inputted to DWLS along with signature refer-

ence to estimate the cell proportion. The results were analyzed using Kruskal-Wallis analysis of variance followed by Dunnet’s post

hoc test.

Plasma proteomic profiling and data pre-processing
The levels of 1463 proteins were measured using the Olink Explore 1536 Proximity Extension Assay.22 The proteins were presented

from four Olink panels: the Olink Explore 384 Cardiometabolic Reagent Kit (Panel lot number: B04413, Product number: 97700/

97300), theOlink Explore 384 Inflammation Reagent Kit (Panel lot number: B04411, Product number: 97500/97100), theOlink Explore

384 Oncology Reagent Kit (Panel lot number: B04412, Product number: 97600/97200), and theOlink Explore 384 Neurology Reagent

Kit (Panel lot number: B04414, Product number: 97800/97400). In the Olink Explore platform, massively parallel sequencing is used

as a readout.

The Olink workflow is detailed in Álvez et al.59 In short, antibodies targeting 1463 proteins are first conjugated with two comple-

mentary probes and distributed in 384-plex panels. The samples are incubated with the antibodies overnight to allow binding to

the corresponding targets and hybridization of the oligos, and are further extended, pre-amplified, amplified and indexed by PCR,

and sequenced using Illumina’s NovaSeq platform. Olink’s quality control and normalization pipeline is applied to the resulting

counts, which are later transformed into a relative log2 scale unit, the Normalized Protein eXpression (NPX). All proteinmeasurements

reported to fail quality control are excluded from the dataset.

Differential expression and functional analyses of plasma proteome
The differential protein expression was performed using the limma R package (v3.58.1)46 after excluding proteins with missing values

in >50% of samples. Proteins with false discovery rate (FDR)-adjusted p-values <0.05 are considered statistically significant. The

adjusted p-values and differences in average expression per group were summarized in volcano plots for each of the pairwise com-

parisons. Enrichment analysis of protein sets was performed using the clusterProfiler R package (v4.11.0). The enricher function in

the clusterProfiler package was used to perform overrepresentation analysis against biological process gene sets from MSigDB

retrieved using R package msigdbr (v7.5.1),48 with subsequent p-value adjustment using the Benjamini-Hochberg method. The

1463 proteins analyzed in the study were used as a background list for enrichment/overrepresentation analysis.
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Fuzzy c-mean clustering of plasma proteome
To reveal protein abundance patterns as the disease advanced, we used a fuzzy c-means clustering approach to perform pattern

recognition using the ‘Mfuzz’ R package (v2.58.0)31 after normalization of the data. We first used the NbClust method, available in

the NbClust R package (v3.0.1),49 to determine the optimal number of clusters of proteins with similar patterns. In this study, the num-

ber of clusters was chosen based on the support from the most NbClust testing methods (Euclidean distance, Ward method clus-

tering, searching from 2 to 10 clusters).

Pairwise liver-plasma correlation analysis
Pairwise correlation was performed to assess the relationship between mean gene expression in the liver and its end-product

protein levels in the paired plasma across the patient cohort. The Spearman coefficient of the gene-protein pair was assessed using

the cor.test function in the R stats package (v4.3.3). The significance level was controlled at an FDR-adjusted p-value (adj.p) by

Benjamini–Hochberg of <0.05 and a value of correlation coefficient r > 0.3. Significant proteins and corresponding p-values,

Spearman correlation coefficients and annotations from the Human Protein Atlas are provided in Data S6.

Machine learning models for advanced fibrosis and cirrhosis
Two classification models were constructed to 1) differentiate patients with advanced fibrosis (RF3), and 2) patients with cirrhosis

(F4), respectively, using the caret R package (v6.0.94).50 The data in the discovery cohort were split into 70% as a training set and

30% for a testing set using the createDataPartition function in caret, generating a training and testing pool of samples. Before the

model training, the data with missing values due to failed quality control were imputed using the preProcess function in caret with

the ‘‘knnImpute’’ method. Highly correlated proteins were removed using the findCorrelation function (Pearson’s correlation

r2 > 0.9). The models first were built on the training sets using the train function in caret, and a random forest algorithm was used

as the classification algorithm for feature selection. We fine-tuned the hyperparameters of eachmodel using a 5-fold cross-validation

strategy on the training set and evaluated the best models on the test sets, including the remaining 30% of the samples in the same

cohort and an additional cohort. The predict function in the caret package was used to evaluate model performance. The area under

the receiver operating characteristic curve (AUROC) scores and balanced accuracy were used as performance metrics. The overall

importance of each protein, with values ranging between 0 and 100%, was estimated during the model training phase and extracted

using the varImp function in the caret package, indicating the extent to which a protein is relevant to the classification task. The 95%

confidence intervals of AUC were calculated by the DeLong test60 implementation in the pROC R package (v1.18.5).51 For further

evaluation of the predictive power of selected proteins in each model, we used the logistic regression algorithms in the train function

in the caret package.

QUANTIFICATION AND STATISTICAL ANALYSIS

To summarize the patient characteristics, descriptive statistics were employed. Continuous variables were evaluated for normality by

using the Shapiro-Wilk test. Normally distributed variables were summarizedwithmean ± standard deviation (SD) while non-normally

distributed variables were described using medians and interquartile ranges. Categorical variables were represented through fre-

quencies and percentages. The formula for calculation of FIB-4 index: FIB-4 = Age(years)3AST (U/L)/[PLT(10̂ 9/L)3ALT̂ (½) (U/L)].

Differences between multiple groups were tested by ANOVA or a non-parametric Kruskal-Wallis test if the data were not normally

distributed, followed by Dunn’s multiple comparisons post-test. Association between plasma proteins and clinical measurements

and between mRNA-protein pairs were determined by Spearman correlation. All results were considered statistically significant at

p-value <0.05, unless stated otherwise. Data visualization was conducted using R (v4.3.3) and Rstudio (v2023.09.0 + 463) with

the ggplot2 R package (v3.5.0)55 and other extended R packages, including ComplexHeatmap (v2.18.0),44 ggthemes (v5.1.0).45
Cell Reports Medicine 6, 101935, February 18, 2025 e4


	Integrative proteo-transcriptomic characterization of advanced fibrosis in chronic liver disease across etiologies
	Introduction
	Results
	Characteristics of cohorts, data collection, and study design
	Transcriptome signatures differentiate advanced fibrosis
	Single-cell deconvolution reveals cell type composition heterogeneity and its association with fibrosis score
	Plasma proteomic changes in patients with liver disease reflect disease severity
	Proteo-transcriptomic signatures associated with advanced fibrosis
	Biomarker panels for advanced fibrosis and cirrhosis

	Discussion
	Limitations of the study

	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Acknowledgments
	Author contributions
	Declaration of interests
	Supplemental information
	References
	STAR★Methods
	Key resources table
	Experimental model and study participant details
	Participant information: Ethical approval and patient consent
	Participant information: Inclusion and exclusion criteria
	Participant information: Sample size estimation
	Participant information: Experimental group allocations

	Method details
	Clinical data collection
	Plasma sample collection
	Liver tissue procurement
	RNA extraction and library preparation for transcriptome sequencing
	RNA-seq data processing, differential expression, and functional enrichment analysis
	Cell-type deconvolution based on DWLS
	Plasma proteomic profiling and data pre-processing
	Differential expression and functional analyses of plasma proteome
	Fuzzy c-mean clustering of plasma proteome
	Pairwise liver-plasma correlation analysis
	Machine learning models for advanced fibrosis and cirrhosis

	Quantification and statistical analysis



