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Abstract

Background and Aims: Primary sclerosing cholangitis
(PSC) is an immune-mediated cholestatic liver disease. Its
molecular etiology remains poorly defined, hindering the de-
velopment of mechanism-based diagnostics and therapies.
Therefore, this study aimed to identify key molecular drivers
and causal biomarkers of PSC by integrating transcriptom-
ics, machine learning, and genetic causal inference. Meth-
ods: We deployed an integrated computational framework
combining transcriptomics, network biology, machine learn-
ing, and genetic causal inference. Peripheral blood tran-
scriptomes from PSC patients and controls were analyzed to
identify disease-associated modules. Candidate genes were
refined via protein-protein interaction networks and a multi-
algorithm machine learning screen. Causal inference was
performed using two-sample Mendelian randomization, in-
tegrating plasma protein quantitative trait loci with PSC ge-
nome-wide association study summary statistics. Results:
Transcriptomic analysis revealed a PSC-associated module
enriched in ribosome biogenesis and protein homeostasis
pathways. A machine learning-optimized nine-gene signa-
ture (including PTMA, SUMO1, Shwachman-Bodian-Diamond
syndrome (SBDS), RPL7, EIF1AX, ANP32A, PCNA, FAM98A,
and MPHOSPHG6) achieved high diagnostic accuracy (mean
AUC = 0.908) and was consistently downregulated in PSC.
This signature was linked to a remodeled immune micro-
environment characterized by myeloid skewing and specific
transcriptional-immune covariation patterns. Mendelian ran-
domization identified SBDS as a putatively causal protective
factor, where genetically instrumented higher plasma SBDS
protein levels were robustly associated with a lower PSC risk
(IVW OR = 0.525, 95% CI: 0.356-0.773, P = 0.001). Sensi-
tivity analyses supported the validity of the Mendelian rand-
omization assumptions. Conclusions: Our study establishes
disrupted ribosome homeostasis as a causal pathway in PSC
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and nominates plasma SBDS as a high-confidence diagnostic
biomarker and therapeutic target. The integrative framework
provides a generalizable strategy for discovering causal bio-
markers in complex diseases.
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Introduction

Primary sclerosing cholangitis (PSC) is a progressive, im-
mune-mediated cholestatic liver disease characterized by
chronic inflammation and fibrosis of the intra- and extra-
hepatic bile ducts. This pathology frequently leads to biliary
strictures and cirrhosis and confers a markedly elevated life-
time risk of cholangiocarcinoma.?2 A hallmark of PSC is its
strong clinical association with inflammatory bowel disease,
particularly ulcerative colitis, implicating shared dysregula-
tion of mucosal immunity and gut-liver axis interactions in
its pathogenesis.3 This systemic dimension suggests that
key molecular drivers of PSC may extend beyond the hepatic
microenvironment and could be accessible in peripheral cir-
culation.

The molecular etiology of PSC remains incompletely de-
fined, a critical knowledge gap that hinders the development
of mechanism-based diagnostics and targeted therapies.*
Current diagnostic paradigms rely primarily on cholangio-
graphic imaging and liver biochemistry, modalities that often
identify advanced disease stages and offer limited prognostic
insight.> Consequently, there is a pressing, unmet need to
identify robust molecular biomarkers for early detection, risk
stratification, and, crucially, for illuminating causal, drugga-
ble biological pathways.

Genomic studies have established a robust genetic archi-
tecture for PSC, with numerous risk loci identified through
genome-wide association studies (GWAS), many of which
are implicated in immune function.®? However, a fundamen-
tal challenge lies in translating these statistical genetic asso-
ciations into actionable biological mechanisms. While expres-
sion quantitative trait loci analyses connect genetic variants
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to gene expression, proteins serve as the primary functional
effectors of cellular processes and represent central targets
for pharmacotherapy.8 The recent advent of large-scale plas-
ma protein quantitative trait locus (pQTL) maps provides a
transformative resource, enabling the direct linkage of ge-
netic variation to circulating protein levels, a proximal and
clinically actionable molecular layer for causal inference.®

Mendelian randomization (MR) employs genetic variants
as instrumental variables to infer causal relationships be-
tween an exposure and an outcome, largely circumventing
confounding and reverse causation biases inherent in obser-
vational studies.10 Integrating pQTL data with disease GWAS
through MR methodologies offers a powerful and systematic
framework for identifying circulating proteins with putative
causal roles in disease pathogenesis.!!

Here, we outline a multi-stage integrative framework de-
signed to systematically discover and causally validate pro-
tein biomarkers for PSC. Our approach begins by leveraging
bioinformatic and machine learning analyses of disease-rel-
evant transcriptomic data to nominate a robust set of high-
confidence candidate proteins. The central aim was then to
rigorously test the causal role of these prioritized candidates
in PSC pathogenesis. To achieve this, we employed two-sam-
ple MR, integrating large-scale plasma pQTL data with the
latest PSC GWAS summary statistics. This comprehensive
strategy was designed to bridge the gap between associa-
tive findings and causal mechanisms, with the ultimate goal
of identifying high-confidence diagnostic biomarkers and re-
vealing novel therapeutic targets for future validation.

Methods

Study design and analytical framework

We designed an integrated computational framework to sys-
tematically discover plasma protein biomarkers with a puta-
tive causal role in PSC. The analytical pipeline progressed
through three sequential, hypothesis-driven phases to trans-
late associative signals into causal evidence: (I) Transcrip-
tomic discovery: Identification of the PSC-associated tran-
scriptional landscape from public gene expression datasets.
(II) Candidate prioritization: Refinement of candidates via
network biology and machine learning to construct a mini-
mal, robust diagnostic signature. (III) Causal inference: In-
tegration of plasma pQTL with PSC GWAS data using MR to
establish genetic evidence for causality. A schematic over-
view of the workflow is presented in Figure 1.

Acquisition and processing of omics data

Transcriptomic data: Gene expression datasets from indi-
viduals with PSC and matched healthy controls were obtained
from the Gene Expression Omnibus. A primary training co-
hort was assembled by merging peripheral blood transcrip-
tomic profiles from two independent studies (GSE119600 and
GSE144521). For external validation, two distinct testing co-
horts were used: one comprising liver tissue transcriptomes
(GSE159676) and another based on urinary cell transcrip-
tomes (derived from the urinary fraction of GSE144521).
All expression data were log,-transformed and normalized
across samples using the normalizeBetweenArrays function
in the limma R package.? Potential batch effects arising from
dataset merging were corrected using the ComBat algorithm
from the sva R package.!3

Genetic and proteomic data for causal inference: For
the MR analysis, we used summary-level genetic data from
two sources. The genetic association data for the outcome
(PSC risk) were sourced from the largest publicly available
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Fig. 1. Flowchart of the study. GEO, gene expression omnibus; DEGs, differ-
entially expressed genes; WGCNA, weighted gene co-expression network analy-
sis; PPI, protein-protein interaction; TFs, transcription factors; pQTL, plasma pro-
tein quantitative trait loci; GWAS, genome-wide association study; MR, Mendelian
randomization.

PSC GWAS (OpenGWAS ID: ieu-a-1112). Genetic instru-
ments for protein exposures were derived from a large-scale
plasma proteome-wide association study (pQTL mapping) by
Ferkingstad et al.®

Identification of PSC-associated transcriptional pro-
grams

Differential expression and co-expression network
analysis: Differentially expressed genes (DEGs) between
PSC and control samples in the training cohort were iden-
tified using the limma package, applying a significance
threshold of absolute log, fold change > 0.379 and a false
discovery rate (FDR) < 0.05. Weighted gene co-expression
network analysis (WGCNA) was performed on the DEGs
to identify modules of highly correlated genes.14 Module-
trait relationships were assessed by correlating module
eigengenes with the PSC phenotype. Modules with a sig-
nificant correlation (|r] > 0.5, P < 0.01) were retained for
downstream analysis.

Functional enrichment analysis: Genes from the PSC-
significant WGCNA modules were subjected to functional
annotation using Gene Ontology biological process pathway
analyses, performed with the clusterProfiler R package.!®

Prioritization of core biomarker candidates

Protein-protein interaction (PPI) network and hub
gene identification: A PPI network for candidate genes
from significant modules was constructed using the STRING
database (minimum interaction confidence score > 0.7) and
visualized in Cytoscape.16:17 Network topology was analyzed
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using the cytoHubba plugin. Hub genes were identified by
ranking nodes based on the maximal clique centrality algo-
rithm.18

Machine learning-based diagnostic signature devel-
opment: The identified hub genes were further refined using
a multi-algorithm machine learning pipeline to define a mini-
mal, high-performance diagnostic signature.

Feature selection: Four distinct algorithms proficient in
variable selection, namely LASSO regression, random forest
(RF), stepwise generalized linear model, and gradient boost-
ing with component-wise linear models, were applied to rank
gene importance. The intersection and consensus from these
methods produced a refined candidate gene subset.

Predictive modeling: The predictive power of this subset
was evaluated using an extensive suite of twelve machine
learning classifiers, including regularization methods (Ridge,
ElasticNet), ensemble learners (GBM, XGBoost, RF), and oth-
ers (SVM, LDA, Naive Bayes). Models were built and hyper-
parameter-tuned using a stratified 10-fold cross-validation
framework on the training cohort. This process generated
113 unique model-gene set combinations. Performance was
evaluated by the area under the receiver operating charac-
teristic curve (AUC) in both training and independent vali-
dation cohorts. The final optimal model and its constituent
genes were selected based on achieving the highest mean
AUC across cohorts.19

Model interpretation: To ensure interpretability, SHapley
additive explanations (SHAP) analysis was employed on the
optimal model.2° SHAP provided both global feature impor-
tance rankings and local explanations for individual predic-
tions, quantifying the contribution of each gene to the mod-
el’s output and enhancing clinical translatability.

Biological characterization and validation

Diagnostic performance and correlation: The diagnos-
tic utility of individual and combined signature genes was
quantified by calculating the AUC using the pROC package.?!
Pairwise Spearman correlations among signature genes were
assessed to infer potential co-regulation.

Immune microenvironment analysis: The relative
proportions of 22 immune cell types in the liver tissue tran-
scriptomes were estimated using CIBERSORTx with the LM22
signature matrix.22 Associations between signature gene ex-
pression and immune cell infiltration levels were evaluated
using Spearman correlation.

Transcriptional regulator inference: Potential up-
stream transcriptional regulators of the signature genes were
predicted using the hTFtarget database (https://guolab.wch-
scu.cn/hTFtarget). Correlations between the expression lev-
els of predicted transcription factors and their target signa-
ture genes were analyzed within the PSC cohort to suggest
plausible in vivo regulatory relationships.23

MR for causal inference

A comprehensive two-sample MR framework was imple-
mented to test for a causal effect of genetically predicted
plasma protein levels on PSC risk.24

Instrument selection: Independent (linkage disequilib-
rium r2 < 0.001 within a 10,000 kb window), genome-wide
significant (P < 5 x 1078) pQTLs for each protein were se-
lected as instrumental variables.

Data harmonization: Effect alleles and estimates for
exposure (pQTL) and outcome (PSC GWAS) datasets were
aligned using the harmonise_data function from the TwoSa-
mpleMR R package.?>

Primary causal estimation: The inverse variance
weighted (IVW) method under a multiplicative random-ef-

fects model served as the primary analysis. Statistical sig-
nificance was set at a two-sided P < 0.05. The effect size is
reported as an odds ratio (OR) per one-standard-deviation
increase in genetically predicted protein level.26

Complementary and sensitivity analyses: To ensure
robustness, four supplementary MR methods (MR-Egger,
weighted median, simple mode, weighted mode) were ap-
plied.27-30 Sensitivity analyses included: 1) Cochran’s Q test
for heterogeneity (P > 0.05 preferred); 2) MR-Egger inter-
cept test for directional pleiotropy (P > 0.05 preferred); 3)
leave-one-out analysis to identify influential variants; and 4)
MR-Steiger directionality test to confirm the assumed causal
direction.3!

Exploration of therapeutic potential

The druggability of the proteins identified as causally associ-
ated with PSC was explored by querying the DGIdb data-
base, which catalogs known and predicted interactions be-
tween genes and drugs.32

Statistical implementation

All analyses were performed in R (version 4.5.2). Multiple
testing corrections were applied using the Benjamini-Hoch-
berg method to control FDR where appropriate. Statistical
significance was defined as a two-sided P < 0.05 or an FDR-
adjusted g < 0.05.

Results

Identification of DEGs and co-expression modules in
PSC

Comparative transcriptomic analysis of the PSC training co-
hort versus healthy controls identified 514 DEGs (|log,FC| >
0.379, FDR < 0.05) (Fig. 2A). Hierarchical clustering based
on these DEGs demonstrated clear separation between PSC
and control samples (Fig. 2B). WGCNA of these DEGs re-
solved several distinct co-expression modules (Fig. 2C).
Module-trait relationship analysis identified multiple mod-
ules significantly correlated with the PSC phenotype, includ-
ing MEpurple (r = 0.25, P = 0.009), MEbrown (r = 0.37, P
= 8e-5), and MEblack (r = 0.42, P = 8e-6) (Fig. 2D). The
MEblack module, demonstrating the strongest association,
was selected for downstream analysis, comprising 159 high-
confidence PSC-related candidate genes.

Functional enrichment implicates ribosome biogen-
esis and protein homeostasis

Functional enrichment analysis of the candidate genes from
the MEblack module revealed significant terms related to ri-
bosome biogenesis, cytoplasmic translation, and protein ho-
meostasis (Fig. 3A and B). Gene Ontology analysis across
biological process, cellular component, and molecular func-
tion categories highlighted prominent clusters including “ri-
bosome biogenesis,” “cytoplasmic translation,” “structural
constituent of ribosome,” “protein stabilization,” and “unfold-
ed protein binding” (all FDR < 0.05) (Fig. 3C).

An integrated network and machine learning pipe-
line identifies a core diagnostic signature

The PPI network constructed from the candidate genes
yielded 21 topologically central hub genes (Fig. 4A). These
were refined using a multi-algorithm machine learning
framework. Among 113 model combinations evaluated via
stratified 10-fold cross-validation, an RF classifier achieved
the highest and most generalizable performance, with a
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Fig. 2. DEGs and weighted gene co-expression network analysis (WGCNA) in PSC. (A) Volcano plot displaying DEGs between PSC samples and healthy con-
trols; (B) Hierarchical clustering heatmap of the 514 DEGs; (C) Gene dendrogram (top) and module color assignment (bottom) from WGCNA; (D) Module-trait correla-
tion heatmap. DEGs, differentially expressed genes; WGCNA, weighted gene co-expression network analysis; PSC, primary sclerosing cholangitis.

mean AUC of 0.908 across training and independent valida-
tion cohorts (Fig. 4B). In the training cohort, individual can-
didate genes showed diagnostic AUCs ranging from 0.728
to 0.792 (Fig. 4C).

Feature importance analysis within the optimal RF model
identified a nine-gene diagnostic signature: PTMA, SUMO1,
Shwachman-Bodian-Diamond syndrome (SBDS), RPL7, EI-
F1AX, ANP32A, PCNA, FAM98A, and MPHOSPH6. SHAP anal-
ysis quantified their contributions, identifying SUMO1 (mean
|SHAP| = 0.0576) and PTMA (0.0519) as the most influential
predictors (Fig. 4D and E). SHAP dependence plots illustrated
the directional impact of each feature on the model’s pre-
diction of PSC risk (Fig. 4F). A detailed force analysis for a
representative sample showed SUMO1 and SBDS as primary
negative regulators, substantially lowering the prediction
score below the baseline expectation (Fig. 4G).

Consistent with their diagnostic role, all nine signature
genes were significantly downregulated in PSC samples ver-
sus controls (Wilcoxon test, P < 0.05) (Fig. 4H). Strong posi-

tive pairwise co-expression correlations among these genes
(e.g., SUMO1 vs. SBDS: r = 0.85, P < 0.001) suggested
functional co-regulation within the PSC state (Fig. 4I).

The PSC immune microenvironment exhibits myeloid
skewing and altered transcriptional-immune cou-
pling
Deconvolution of the peripheral immune cell composition re-
vealed profound remodeling in PSC, characterized by a shift
toward myeloid expansion and lymphoid contraction (Fig.
5A).

Quantitatively, we observed a significant reduction in CD8+
T cells, yd T cells, and activated NK cells (P < 0.05), along-
side a marked expansion of neutrophils (P < 0.01) (Fig. 5B).

Integrated correlation analysis uncovered that expression
of the nine-gene signature was selectively coupled to specific
immune cell covariance modules, a pattern we term “tran-
scriptional-immune circuit aliasing” (Fig. 5C). For instance,
PCNA expression correlated positively with a CD8* T cell/
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resting mast cell module but negatively with a neutrophil/M0
macrophage module. PTMA aligned with a monocyte/resting
mast cell axis while anti-correlating with a neutrophil/plasma
cell axis. SBDS expression was inversely linked to a yd T cell/
M2 macrophage module.

Inference of a dysregulated transcriptional regula-
tory network

Analysis of predicted transcription factor-hub gene inter-
actions within the PSC cohort revealed distinct regulatory
patterns (Fig. 6A). POU2F1 emerged as a central negative
regulator, showing strong inverse correlations with multiple
hub genes including RPL7 (r = —0.56, P < 0.001), EIF1AX
(r = —=0.52, P < 0.001), PCNA (r = —0.53, P < 0.001), and
SBDS (r = —0.43, P < 0.01). In contrast, LMO2 exhibited
significant positive correlations with ANP32A (r = 0.49, P <
0.001), SUMOL1 (r = 0.48, P < 0.001), and SBDS (r = 0.29,
P < 0.01).

A reconstructed regulatory interaction network positioned
ANP32A as a major hub, densely connected to several re-
pressive TFs (POU2F1, IRF4, MYB, EBF1), suggesting it may
be a focal point for concerted transcriptional dysregulation
(Fig. 6B). The network also highlighted a specific regulatory

axis for SBDS, potentially under the control of NFIC.

Drug repurposing analysis highlights potential thera-
peutic agents

Drug enrichment analysis targeting the hub genes identified
several pharmacological agents with significant associations
(P < 0.01), suggesting repurposing potential (Fig. 6C and D).
Notable findings included the association of the topoisomer-
ase I inhibitor topotecan and the DNA polymerase inhibitor
aphidicolin with PCNA, implicating DNA replication pathways.
Agents with anti-inflammatory or redox-modulatory proper-
ties, such as hesperetin (linked to PTMA and ANP32A) and
dihydroergotamine (associated with EIF1AX and ANP32A),
were also enriched. Compounds with hepatobiliary rele-
vance, including epirubicin hydrochloride (SUMO1) and the
tyrosine kinase inhibitor vandetanib (PTMA), were identified,
alongside antibiotics and NSAIDs such as cefixime (SUMO1)
and indomethacin (EIF1AX).

MR identified plasma SBDS as a causal protective
factor in PSC

Two-sample MR analysis was performed to assess the causal
relationship between genetically predicted plasma levels of
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the signature proteins and PSC risk. SBDS protein demon-
strated a significant causal association with PSC, and four
conditionally independent SNPs (rs1354034, rs138783789,
rs74490291, rs79344818; pairwise r2 < 0.01) served as in-
strumental variables.

Genetically predicted higher plasma SBDS levels dem-
onstrated a protective causal effect on PSC risk, with an
OR of 0.525 (95% CI: 0.356-0.773; P = 0.001) using the
IVW method (Fig. 7A). A scatter plot of SNP-specific effects
showed consistent directional estimates aligning with the
IVW and weighted-median regression lines (Fig. 7B).

This causal inference was robust to sensitivity analyses.
We found no significant heterogeneity among instrument-
specific estimates (Cochran’s Q = 1.063, P = 0.786) and
no evidence of directional pleiotropy (MR-Egger intercept =
0.028, P = 0.616) (Fig. 7C and D). Steiger directionality test-
ing confirmed the assumed causal direction from SBDS to
PSC risk (P = 0.007). Leave-one-out analysis confirmed that
the association was not driven by any single influential SNP
(Fig. 7E). These results provide robust genetic evidence that
elevated plasma SBDS is causally associated with a reduced
risk of PSC.
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Discussion

In this study, we developed and applied an integrated mul-
ti-omics framework to delineate the causal molecular ar-
chitecture of PSC. This systematic strategy culminated in
the identification of a robust, peripherally accessible gene
expression signature for disease diagnosis. Furthermore,
it provided genetic evidence nominating the protein SBDS
as a putatively causal protective factor, wherein genetically
predicted higher plasma SBDS levels were associated with
reduced disease risk. Collectively, these findings advance
a novel mechanistic understanding of PSC, centered on ri-
bosome homeostasis, and establish a direct translational
pathway for biomarker development and therapeutic target
identification.

The nine-gene diagnostic signature (PTMA, SUMO1,
SBDS, RPL7, EIF1AX, ANP32A, PCNA, FAM98A, MPHOSPH®6),
refined from a broader candidate set through a stringent ma-
chine learning pipeline, constitutes a functionally cohesive
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molecular network whose activities converge on ribosome
biogenesis, translational control, and nucleic acid metabo-
lism. These interconnected processes are fundamental to
cellular homeostasis and the adaptive stress response, with
their collective dysregulation forming a compelling patho-
genic axis in chronic inflammatory and fibrotic diseases.33.34

The most salient functional theme uniting this signature is
ribosome biology. Central to this is SBDS, which encodes a
key assembly factor essential for the maturation of the 60S
ribosomal subunit and the maintenance of translational fidel-
ity; its deficiency is a known cause of ribosomopathies.35:36
This core function is supported by RPL7, a canonical struc-
tural component of the 60S subunit,3” and EIF1AX, a crucial
translation initiation factor.38 Their coordinated downregula-
tion in PSC (Fig. 4H) strongly implies a systemic impairment
of global protein synthesis capacity. Such a proteostatic defi-
cit could underpin cellular dysfunction and heightened sensi-
tivity to injury within the cholangiocyte microenvironment, a
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mechanism implicated in other forms of liver injury.34

This perturbation in core translational machinery is further
modulated by signature genes governing post-translational
modification and nuclear chaperone function. SUMO1 me-
diates SUMOylation, a dynamic post-translational modifica-
tion critical for regulating protein stability, localization, and
activity, with particular importance for factors involved in
DNA damage and stress responses.3° Concurrently, ANP32A
and PTMA function as histone chaperones and acidic nuclear
phosphoproteins deeply involved in chromatin remodeling,
transcription, and apoptosis.*%4! The dysregulation of this
suite of nuclear regulators points to a concomitant disrup-
tion of nuclear homeostasis and gene expression control,
potentially locking cells into a maladaptive stress state that
exacerbates inflammation and hampers repair.

Expanding beyond translational and nuclear control, the
signature also encompasses direct modulators of cell cycle

progression and proliferative capacity. PCNA acts as an es-
sential processivity factor for DNA polymerases, serving as
a central platform that coordinates DNA replication and re-
pair.42 MPHOSPH6 participates in mRNA export and cell cy-
cle regulation, while FAM98A contributes to the assembly
of protein complexes and methyltransferase activity.43 The
coordinated downregulation of these pro-growth and pro-
synthesis factors within the signature may indicate a fun-
damental rewiring of cellular physiology in PSC. This could
represent a state of proliferative arrest, which may be a
consequence of sustained inflammatory damage, or it may
alternatively reflect an adaptive cellular strategy to mitigate
stress by reducing metabolic and biosynthetic demand.34
While the nine-gene signature as a whole provides a
powerful diagnostic tool through the combined interpre-
tation of its gene expression levels, our subsequent MR
analysis allowed us to probe the individual causal roles of
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its components at the protein level to uncover underlying
disease mechanisms. It is crucial to distinguish the role of
the multi-gene panel in achieving high diagnostic accuracy
from the role of SBDS as a single, causally implicated fac-
tor for mechanistic understanding and therapeutic targeting.

Among these components, SBDS emerges as the central and
causally validated hub. Our MR analysis, which focused on
genetically predicted higher plasma levels of SBDS protein,
provides the first genetic evidence that these higher levels
are causally protective against PSC (IVW OR = 0.525, P =
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0.001). This elevates SBDS from a merely correlative bio-
marker to a putative upstream regulator within the patho-
genic network, highlighting its potential as a therapeutic tar-
get. We propose that a deficit in SBDS function, potentially
arising from genetic predisposition, inflammatory inhibition,
or other mechanisms, could initiate a molecular cascade.
This cascade would be characterized by ribosomal stress,
triggering the coordinated downregulation of associated
translational machinery (RPL7, EIF1AX). This primary de-
fect could subsequently dysregulate downstream processes
vital for protein stabilization (SUMO1, ANP32A, PTMA) and
cellular replication (PCNA). Consequently, the SBDS-centric
signature likely delineates a critical pathogenic axis in PSC,
wherein compromised ribosome homeostasis acts as a nex-
us, linking fundamental cellular stress to the overt inflam-
matory and fibrotic disease phenotypes.36:44

The immune microenvironment in PSC, marked by promi-
nent neutrophil expansion and a relative contraction of CD8*
T cells, is consistent with established reports of dominant
innate immunity in this disease.*> Our analysis uncovers a
deeper layer of dysregulation, which we term “transcription-
al-immune circuit aliasing.” This phenomenon describes the
selective coupling between the expression of key signature
genes (e.g., PCNA, PTMA, and SBDS) and specific covariance
modules of immune cells.22 This finding suggests that the
diagnostic signature is not merely a passive reflection but is
functionally embedded within, and may actively participate
in regulating, the dysregulated immune crosstalk character-
istic of PSC. For instance, the inverse correlation observed
between SBDS expression and a module comprising yo T
cells and M2 macrophages points to a potential role for this
ribosome assembly factor in modulating pro-fibrotic or im-
munosuppressive immune axes, a hypothesis that merits
dedicated experimental inquiry.46

The translational implications derived from our integra-
tive analysis are significant and fall into two distinct yet
complementary categories. First, for diagnostic purposes,
the nine-gene expression signature as a whole presents a
compelling candidate for a minimally invasive, blood-based
molecular assay. The combined predictive power of these
nine markers, reflecting a functionally cohesive molecular
network, underpins its high diagnostic accuracy (AUC =
0.908) for distinguishing or stratifying PSC patients. Second,
on a mechanistic and therapeutic level, our genetic causal
inference provides robust evidence for SBDS’s role. This
elevates SBDS beyond its function as a component of the
diagnostic panel to a high-confidence therapeutic target for
intervention, wherein genetically predicted higher protein
levels are causally protective. This distinction is vital: the
signature offers a practical tool for diagnosis, while SBDS
provides a specific, causally validated target for therapeu-
tic intervention. Supporting this direction, our in silico drug
repositioning analysis identified several existing compounds
with favorable safety profiles that interact with signature
gene products, indicating tangible repurposing avenues. No-
table among these are the flavonoid hesperetin, associated
with PTMA and ANP32A, and chemotherapeutic agents with
known hepatobiliary distribution such as epirubicin, linked to
SUMO1.32 Consequently, a pivotal future direction involves
delineating the precise mechanistic role of SBDS in cholan-
giocyte pathobiology and immune cell function, coupled with
screening for pharmacological agents capable of augmenting
its expression or activity. This approach aims to restore ribo-
some homeostasis, representing a novel and mechanistically
grounded therapeutic strategy for PSC.4*

Several limitations merit consideration. First, while MR
strongly supports causality, functional validation of SBDS in
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relevant in vitro and in vivo models is essential to confirm
its mechanistic role in bile duct inflammation and fibrosis.
Second, the primary data sources (GWAS, pQTL) are pre-
dominantly from European ancestry populations, which lim-
its the generalizability of our findings across diverse ethnic
groups.*’ Future studies should incorporate multi-ancestry
cohorts. Third, our analysis focused on plasma pQTLs; in-
tegrating protein QTL data from liver tissue or single-cell
contexts could provide more tissue-specific mechanistic in-
sights.48 Finally, prospective validation in independent, clini-
cally well-characterized cohorts is needed to assess the real-
world utility of the diagnostic signature.

Conclusions

Our integrated multi-omics and machine learning framework
makes two key, interconnected contributions. First, it estab-
lishes a robust nine-gene expression signature with high ac-
curacy for PSC diagnosis and stratification, offering a readily
accessible molecular tool. Second, it profoundly advances
our mechanistic understanding by establishing disrupted ri-
bosome homeostasis as a causal pathway in PSC, specifically
nominating plasma SBDS protein as a key protective factor
and a high-priority therapeutic target through genetic causal
inference. This work therefore not only provides a powerful
biomarker panel for clinical use but also moves beyond ge-
netic associations to reveal a druggable, causal mechanism.
The strategy outlined here provides a generalizable blueprint
for translating complex disease genetics into causal biomark-
ers and mechanistic therapeutic hypotheses.
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