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Abstract: Background Psoriasis (PsO): is an immune-mediated inflammatory disease that
imposes a significant burden on patients. Many patients experience relapse or inadequate
responses, and PsO subtypes also lack effective therapies, highlighting the need for new
therapeutic targets. Methods: We performed a proteome-wide Mendelian randomization
(MR) to explore potential therapeutic targets for PsO. Protein quantitative trait loci (pQTLs)
data were obtained from the Pharma Proteomics Project (54,219 UK Biobank participants,
2923 proteins), and PsO phenotype and subtype data were sourced from FinnGen (10,312
cases; 397,564 controls) for discovery. Replication MR utilized integrated protein data
(Iceland and Norfolk) and phenotype data from multiple databases (UK Biobank and
GWAS Catalog). Reverse MR and colocalization were used to support causal relationships.
Single-cell RNA-seq analysis revealed distinct expression patterns of protein-coding genes
across different cell types in PsO biopsy samples and normal skin tissues. Protein-protein
interactions (PPI) and molecular docking were used to evaluate druggability. Results:
MR analysis identified 13 proteins significantly associated with PsO risk (p < 2.56 × 10−5),
including 10 proteins associated with PsO subtypes. Decreased levels of eight proteins
(IFNLR1, APOF, TDRKH, DDR1, HLA-E, LTA, MOG, and ICAM3) and increased levels of
five proteins (IFNGR2, HCG22, IL12B, BTN3A2, and TRIM40) showed protective effects
against PsO progression. Robust colocalization (PPH4 > 0.9) identified IFNLR1, IFNGR2,
APOF, and TDRKH as top candidates. Single-cell RNA sequencing analysis revealed
that IFNLR1, IFNGR2, LTA, TDRKH, and DDR1 were specifically expressed in T cells of
psoriatic biopsy specimens compared to healthy controls. Molecular docking indicated
the druggability of IFNLR1 and IFNGR2. Conclusions: We identified several potential
therapeutic targets for PsO, with IFNLR1, IFNGR2, APOF, and TDRKH emerging as
promising candidates, particularly IFNLR1 and IFNGR2, which are associated with the IFN
family. These findings may provide new perspectives on PsO therapy and pathogenesis.
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1. Introduction
PsO is a chronic immune-mediated inflammatory condition that predominantly af-

fects the skin of the elbows, knees, scalp, and back [1]. This disease imposes significant
physical and psychological burdens on patients and incurs substantial treatment costs.
With a prevalence of around 2% in Europe and North America [2] and a rising incidence
globally [3], PsO poses a significant health challenge. This condition is associated with an
increased risk of several cancers [4–6], with a cancer prevalence of 4.78% among patients
with PsO [7]. Additionally, individuals with PsO face a higher risk of developing various
chronic conditions and health-related diseases [1]. The World Health Organization (WHO)
has classified PsO as a major global health problem [8].

Current PsO treatments focus on relieving symptoms such as itching, pain, and skin
lesions [9]. Despite advancements in targeted biologics, treatment outcomes remain unsat-
isfactory for many patients due to limited efficacy, adverse reactions, and high discontinua-
tion rates [10–12]. Current treatment outcomes for PsO subtypes, such as palmoplantar PsO
and pustular PsO, are unsatisfactory. Therefore, it is essential to identify more promising
drug targets to address these shortcomings.

Plasma proteins are vital to human biology and disease progression and are a primary
source of drug targets [13]. Protein quantitative trait loci (pQTLs) reveal associations be-
tween genetic variations and plasma protein levels, while genome-wide association studies
(GWAS) establish links between genetic variations and traits. Mendelian randomization
(MR) leverages these insights by using single nucleotide polymorphisms (SNPs) from
protein-level GWAS as genetic instruments to estimate the causal effects of proteins on dis-
eases. By satisfying instrumental variable assumptions [14], MR can mitigate confounding
effects, providing a robust framework for exploring potential drug targets [15]. Notably,
drug targets supported by replicable genetic evidence are more likely to receive regulatory
approval [16]. Thus, the integration of pQTL data with the genetic associations of diseases
provides significant value for drug discovery and the study of pathological mechanisms.

2. Materials and Methods
2.1. Study Design

The overall study design is presented in Figure 1. This study followed the Strengthen-
ing the Reporting of Observational Studies in Epidemiology-Mendelian Randomization
(STROBE-MR) Reporting Guidelines [17]. Based on the fulfillment of the three core assump-
tions of Mendelian randomization (relevance, independence, and exclusion restriction),
causal pathways from proteins to PsO were established using stepwise analyses. While
Mendelian randomization (MR) overcomes confounding and facilitates causal inference, it
also has inherent limitations, such as pleiotropy and reverse causality. These issues must
be addressed through appropriate strategies for practical applications. In this study, we
employed rigorous methodologies to mitigate these limitations, including the use of strong
instrumental variables to ensure robust associations with the disease, linkage disequilib-
rium filtering to reduce pleiotropy and reverse MR analysis to rule out reverse causation.
First, Mendelian randomization (MR) analysis was conducted using the lead cis-pQTL
(most significant p-value) of each protein to explore candidate proteins. To enhance the ro-
bustness of our findings, we then performed multi-instrument MR analysis, including both
discovery and replication phases, on the identified candidate proteins. Further validation
of the causal relationship and exclusion of potential confounding factors were achieved
through reverse MR, Bayesian colocalization, heterogeneity tests, and SMR analysis. Finally,
we constructed protein-protein interaction networks to map the relationships among the
identified causal proteins, current drug targets, and known PsO signaling pathways to
evaluate the potential of candidate proteins as viable drug targets.
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Figure 1. Study design for identifying causal associations between plasma proteins and PsO.

2.2. Plasma Protein Data

The plasma pQTL data for the discovery set were obtained from the Pharma Pro-
teomics Project in the UK Biobank [18] (2923 plasma proteins measured in 54,219 partic-
ipants). For external validation, plasma pQTL data were retrieved from genome-wide
association studies of plasma levels [19] (4907 plasma proteins measured in 35,559 partici-
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pants) in Iceland, and the proteogenomic links study [20] from the EPIC-Norfolk cohort
(2923 plasma proteins measured in 1180 participants). Proteins from the UK Biobank and
EPIC-Norfolk cohort were measured using the Olink platform [18,20], while proteins from
the Iceland study were measured using the SOMAscan platform [19]. The details of the
plasma proteins are provided in Supplementary Table S1.

2.3. GWAS Summary Association Statistics of PsO

For the primary analysis, summary statistics of PsO (ICD10-L40) were derived
from the FinnGen research project [21], including 407,876 participants (ncase = 10,312,
ncontrol = 397,564, prevalence = 2.51%). For reproducibility validation, summary statis-
tics of PsO were obtained from the UK Biobank (ncase = 4815, ncontrol = 415,646) [22] and
GWAS Catalog (ncase1 = 5459, ncontrol1 = 324,074, ncase2 = 15,967, ncontrol2 = 28,194) [23–25].
Data for PsO subtypes, including guttate PsO (ncase = 389, ncontrol = 397,564), general-
ized pustular PsO (ncase = 101, ncontrol = 397,564), and pustulosis palmaris et plantaris
(ncase = 1249 ncontrol = 397,564), were also obtained from the FinnGen project. Basic infor-
mation on PsO is shown in Supplementary Table S2.

2.4. Mendelian Randomization (MR) Analysis

In our study, we used the R package “MendelianRandomization” (V0.10.0) to perform
Mendelian randomization as the primary analysis to identify potential drug targets. In
this analysis, proteins were considered as exposures and PsO as the outcome variable.
The protein pQTL and GWAS phenotype data were derived from two sources with no
overlap. Only pQTLs that met the following criteria were selected as instrumental variables:
(i) pQTLs were cis associations (within 1 MB from the gene encoding the protein) and were
used as effective proxies for the proteins. (ii) a significant Bonferroni-corrected genetic
association threshold (1.7 × 10−11) to control type I errors (5 × 10−8/nprotein). (iii) SNPs
associated with fewer than three proteins to reduce classic horizontal pleiotropy [26].
Finally, we obtained 1954 lead cis-pQTL (lowest p-value associations) as proxies for 1954
proteins for ratio estimates to explore potential candidate protein targets, with multiple
testing corrections, p < 2.56 × 10−5 (0.05/1954).

Subsequently, multi-instrument proteome-wide Mendelian randomization analysis
employing the IVW method (ratio estimate for the single instrument) was conducted on
the explored proteins at the significant threshold (p < 2.56 × 10−5), excluding dependent
associations (linkage disequilibrium (LD) clumping r2 < 0.001) to eliminate pleiotropy. The
MR-Egger and weighted median methods were employed to enhance the robustness of the
results. Strong cis-pQTL instrumental variables (first stage F-statistic greater than 10, R2 = 2
× EAF × (1 − EAF) × beta2; F = R2 × (N − 2)/(1 − R2)) were used to enhance the strength
of the instrumental variables and reduce bias [27]. In both exploratory and confirmatory
analyses, GWAS data for PsO used as the outcome, were derived from the FinnGen research
project. SMR analysis was performed using the “gsmr” (V1.0.6) R package to ensure the
robustness of the results. The instruments for exploratory MR and multi-instrument MR
analyses are shown in Supplementary Tables S3 and S4.

MR was performed for reproducibility validation, with a p-value threshold of 0.05.
Combined pQTL data from the Iceland and EPIC-Norfolk cohorts were used for repro-
ducibility validation. The selection criteria for pQTLs were the same as those for the
aforementioned strategy, noting that the significance threshold for pQTLs selection might
vary depending on the number of proteins. GWAS phenotype data of PsO from the UK
Biobank and GWAS Catalog were used for this validation.
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2.5. Reverse Causality Detection

To eliminate potential reverse causality, we employed reverse MR-IVW and MR-Egger
analyses, adhering to the same criteria for selecting instrumental variables as in the pQTL
analysis [28]. This approach aimed to confirm that the causal direction flows from drug-
protein targets to disease, rather than the inverse, with a significance threshold set at
p < 0.05. The GWAS of protein-level data was derived from the UK Biobank.

2.6. Bayesian Colocalization Analysis

Bayesian colocalization was employed to assess whether the protein and phenotype
share a genetic variant [29], thereby excluding linkage disequilibrium (LD)-mediated
horizontal pleiotropy. In this study, we considered using PPH4 > 0.9 as colocalization
evidence to support the hypothesis that the protein and PsO share the same genetic variant.
The colocalization regions were defined similarly to cis-pQTL regions, as being within 1
MB of the gene that encodes the protein. The parameters used for Bayesian colocalization
were p1 = 1 × 10−4 (prior probability: a SNP is associated with protein), p2 = 1 × 10−4

(prior probability: a SNP is associated with PsO), and p12 = 1 × 10−5 (prior probability: a
SNP is associated with both protein and PsO). We also set p12 to 5 × 10−6 (PPH4 > 0.8) as
a sensitivity analysis to enhance the robustness of the results. Colocalization analysis was
conducted within a 500 kb region upstream and downstream of the gene-coding regions of
the identified candidate causal proteins. Colocalization analysis was conducted using the
“coloc” (V5.2.3) R package [29], and the results were visualized with the “LocusCompareR”
(V1.0.0) R package [30].

2.7. Horizontal Pleiotropy Detection

Due to the extensive linkage disequilibrium (LD) present in genetic variations, the
observed effect of a protein may be influenced by the effects of other proteins arising from
biological pleiotropy [31]. The causal effect observed between the proxy pQTL of a causal
protein and the disease may be driven by proxy pQTLs of other proteins that are linked to
the pQTLs of the proxy causal protein (Supplementary Figure S1). To mitigate the impact of
horizontal pleiotropy arising from this, we performed Mendelian randomization analysis
following these steps: First, we identified suspicious genetic variants with an LD r2 greater
than 0.8 with the proxy pQTL of the causal protein in the cis-region (within 1 MB from
the gene encoding the protein). Next, we selected all proteins within the cis-region of
the causal protein. Finally, we conducted Mendelian randomization between the pQTLs
(p < 5 × 10−8) of these proteins and PsO. By following these steps, we can exclude the
influence of other proteins located within the coding region of the causal protein on its
causal effect. The selection of proteins encompassed all proteins from the UK Biobank
Pharma Proteomics Project.

2.8. Single-Cell RNA-Seq Differential Expression Analysis

To provide additional causal evidence supporting the relationship between plasma
proteins and PsO, we performed differential expression analysis of candidate genes by
comparing psoriatic and normal skin samples and expression patterns across distinct
cell types. Single-cell RNA-seq data were obtained from the Gene Expression Omnibus
(GEO) database (GSE183047) [32]. Information on the patients and controls is provided in
Supplementary Table S5. Data normalization and quality control were conducted using the
“Seurat” (V5.1.0) R package [33], excluding genes with fewer than three cell counts and cells
with fewer than 200 unique feature counts. Ultimately, this process yielded 23,245 genes
and 18,241 cells across 10 psoriatic skin biopsy samples and 23,245 genes and 13,589 cells
across 10 normal skin control samples. We used markers from seven cell types for cell type
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annotation (Supplementary Table S6). Subsequently, data integration was performed using
the Harmony method, and the Wilcoxon rank sum test was conducted to compare the
differential expression of candidate genes between psoriatic and normal skin samples, as
well as across different cell types. Differential expression: A log fold change greater than 0.5,
and a Bonferroni-corrected p-value less than 0.05 were considered statistically significant.

2.9. Protein-Protein Interaction Networks and Drug Targets Analysis

Protein-protein interaction (PPI) networks were used to explore the interactions be-
tween PsO-associated proteins and existing drug targets of approved PsO medications,
which were derived from a recent retrospective review [10] that summarized the exist-
ing signaling pathways, drugs, and drug targets for PsO (Supplementary Table S7). By
analyzing PsO mechanisms, therapeutic targets, and key pathways, we aimed to evalu-
ate the potential of causal proteins as therapeutic targets. All protein-protein interaction
analyses were performed using the STRING (V12.0) database [34] (minimum required
interaction score of 0.4, with interactions supported by curated databases and experimental
evidence given particular emphasis). Detailed information on these drugs was obtained
from ChEMBL [35] and DrugBank [36] databases.

2.10. Molecular Docking Analysis of Therapeutic Target Proteins

Structure-based virtual screening involves docking small organic molecules with
biological and therapeutic targets and is a highly popular computational technique for
identifying new chemical scaffolds with biological activities. This technique has yielded
many positive results comparable to those of experimental screening [37,38]. The key to
successful docking is the use of energy estimation method. The protein structures used as
ligands were obtained from the RCSB PDB database [39], and the drug molecule structures
used as receptors were sourced from the PubChem database [40]. We used computational
molecular docking to assess whether existing PsO drugs could target the identified protein
targets and to explore whether drugs not currently used for PsO might interact with these
targets, thereby offering a potential for repurposing. Molecular docking was used to
evaluate the potential of the identified proteins as therapeutic targets. We downloaded the
drug molecular structures from PubChem and the protein structures from the RCSB Protein
Data Bank. Molecular docking was performed using AutoDock4, with preprocessing steps
including hydrogen addition, water removal, and ligand deletion. A Genetic Algorithm
was employed for 50 docking runs, and the results were visualized using PyMOL.

3. Results
3.1. Proteome Screening for Causal Proteins in PsO

Following exploratory analysis and confirmation through multi-instrument Mendelian
randomization, we identified 13 proteins at Bonferroni significant (p < 2.56 × 10−5)
(Table 1 and Figure 2). No heterogeneity was detected in the Mendelian randomization
analyses. The selection of instrumental variables was rigorously conducted according to
the aforementioned criteria to ensure the strength of the instruments. High expression
levels of eight of these proteins (Interferon lambda receptor 1 (IFNLR1); Apolipopro-
tein F (APOF); Tudor and KH domain-containing protein (TDRKH); Epithelial discoid
in domain-containing receptor 1 (DDR1); HLA class I histocompatibility antigen alpha
chain E (HLA-E); Lymphotoxin-alpha (LTA); Myelin-oligodendrocyte glycoprotein (MOG);
Intercellular adhesion molecule 3 (ICAM3)) were associated with an increased risk of PsO,
while the expression of the remaining five proteins (Interferon gamma receptor 2 (IFNGR2),
Protein PBMUCL2 (HCG22); Interleukin-12 subunit beta (IL12B); Butyrophilin subfamily
3 member A2 (BTN3A2); E3 ubiquitin ligase TRIM40 (TRIM40)) was associated with a
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reduced risk of PsO. All proteins passed the SMR analysis (Supplementary Table S8). The re-
sults of exploratory Mendelian randomization analyses using lead cis-pQTL for all proteins
are shown in Figure 2 and Supplementary Table S9. The results of the multi-instrument MR
analysis of the 13 candidate proteins are shown in Table 1 and Supplementary Table S10.

Table 1. Summary of causal validation results for bidirectional MR, reproducibility, and colocalization
of 13 candidate proteins.

Protein UniProt Pdiscovery Preplication
a Preverse Colocalization b PPH4 Category

IFNLR1 Q8IU57 1.17e−06 4.49e−04 0.221 0.999/0.998 Tier1
IFNGR2 P38484 7.54e−06 4.77e−04 0.640 0.962/0.929 Tier1
TDRKH Q9Y2W6 1.94e−05 7.11e−06 0.349 0.915/0.846 Tier1
APOF Q13790 2.56e−08 6.20e−20 0.864 0.911/0.836 Tier1
DDR1 Q08345 7.73e−29 2.05e−228 0.082 0.000/0.000 Tier2

HCG22 E2RYF7 1.19e−16 2.51e−56 0.117 0.000/0.000 Tier2
IL12B P29460 5.56e−11 1.20e−23 0.729 0.000/0.000 Tier2
LTA P01374 2.54e−09 2.81e−15 0.063 0.000/0.000 Tier2

ICAM3 P32942 2.54e−06 2.56e−12 0.895 0.034/0.017 Tier2
MOG Q16653 3.14e−06 2.74e−20 0.038 0.000/0.000 Tier2

HLA-E P13747 1.14e−14 NA 0.354 0.000/0.000 Tier3
TRIM40 Q6P9F5 1.87e−06 NA 0.209 0.000/0.000 Tier3
BTN3A2 P78410 2.46e−09 5.09e−02 0.044 0.000/0.000 Tier4

a The reproducibility validation results were conducted using the UKB and two GWAS Catalog datasets, but only
the most significant p-values were presented. b prior probability p12 (1e−5/5e−6).

Figure 2. Volcano plot presenting the MR results using lead cis-pQTL.

In the validation analysis, Reverse Mendelian randomization and Bayesian colocaliza-
tion were employed to exclude interference from other causal pathways and identify the
final causal proteins. Firstly, in the reverse Mendelian randomization analysis, only MOG
(p = 0.038) and BTN3A2 (p = 0.044) showed significant results among the 13 proteins
(Table 1). However, their MR-Egger results for p values were 0.134 and 0.315, respectively,
and both did not pass the heterogeneity test. Consequently, MOG and BTN3A2 are not
considered to have reverse causal effects (Supplementary Table S11). Subsequent Bayesian
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colocalization analysis provided strong evidence supporting that IFNLR1 (rs139958347,
PPH4 = 0.999), IFNGR2 (rs9808753, PPH4 = 0.962), APOF (rs2020854, PPH4 = 0.911),
and TDRKH (rs4845556, PPH4 = 0.914) share the same genetic variants with PsO (Supple-
mentary Table S12). This excluded the influence of LD horizontal pleiotropy and further
supported the causal effects. Supplementary Figures S2–S12 present the colocalization
results between the proteins and PsO treatment.

Subsequently, we performed horizontal pleiotropy detection for the four causal pro-
teins in PsO. The genetic variations with an LD r2 greater than 0.8, and the causal proteins
within the cis-region can be found in Supplementary Table S13. The selected genetic
variants representing pQTLs did not meet the criteria (p < 5 × 10−8) or lacked sufficient
instrument strength, resulting in no significant Mendelian randomization (MR) results
across PsO. This excludes the impact of classical horizontal pleiotropy on the causality.

In the stratified analysis of PsO subtypes (Supplementary Table S14), eight (DDR1,
BTN3A2, TRIM40, HLA-E, HCG22, IL12B, LTA, and APOF) of the 13 proteins were as-
sociated with the risk of guttate PsO. Three proteins (ICAM3, IL12B, and IFNLR1) were
associated with the risk of generalized pustular PsO. Two proteins (DDR1 and TRIM40)
were associated with the risk of pustulosis palmaris et plantaris. No heterogeneity was
observed in the significant results.

3.2. Reproducibility Validation of Potential Drug Targets for PsO

In the reproducibility analysis, meta-proteins from the Icelandic and EPIC-Norfolk
cohorts were used. PsO phenotype data were sourced from the Pan-UKB project and two
studies available in the GWAS Catalog. We also used the IVW and ratio estimation methods,
and ultimately, ten out of the 13 identified proteins demonstrated associations with PsO
risk in at least two external datasets (Table 2 and Figure 3). Due to limited data availability,
HLA-E and TRIM40 could not be validated in the replication analysis. We classified these
proteins into four tiers. Four proteins (IFNLR1, IFNGR2, APOF, and TDRKH) that passed all
the aforementioned tests were classified as tier 1. Six proteins (DDR1, HCG22, IL12B, LTA,
MOG, and ICAM3) that did not pass the Bayesian colocalization analysis were classified
into tier 2. HLA-E and TRIM40, lacking external validation data, were classified as tier 3.
BTN3A2 was classified as tier 4 due to the failure to pass any external validations.

Figure 3. Estimates from the discovery and replication datasets for the 13 identified
candidate proteins.
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Table 2. MR results from the discovery set and external reproducibility validation for the 13 candidate
proteins.

Discovery UKB GWAS1 GWAS2

Protein OR
(95%CI) p OR

(95%CI) p OR
(95%CI) p OR

(95%CI) p

IFNLR1 1.23
(1.13–1.33) 1.17e−06 NA NA 1.01

(1.01–1.02) 4.49e−04 2 (1.34–3) 7.25e−04

IFNGR2 0.94
(0.92–0.97) 7.54e−06 0.93

(0.89–0.97) 4.77e−04 1 (0.99–1) 8.72e−04 0.95
(0.92–0.99) 4.88e−03

TDRKH 1.21
(1.11–1.33) 1.94e−05 1.18

(1.08–1.29) 1.51e−04 1.02
(1.01–1.02) 7.11e−06 1.02

(0.94–1.1) 6.86e−01

APOF 1.69
(1.4–2.03) 2.56e−08 1.73

(1.33–2.24) 4.19e−05 1.03
(1.02–1.04) 2.80e−06 2.73

(2.2–3.39) 6.20e−20

DDR1 1.57
(1.45–1.7) 7.73e−29 7.14

(6.26–8.15) 3.11e−186 1.13
(1.12–1.14) 2.04e−199 4.03

(3.7–4.39) 2.05e−228

HCG22 0.73
(0.68–0.79) 1.19e−16 0.66

(0.62–0.71) 1.12e−30 0.97
(0.96–0.97) 1.34e−30 0.64

(0.61–0.68) 2.51e−56

IL12B 0.83
(0.78–0.88) 5.56e−11 0.7

(0.63–0.78) 3.69e−11 0.97
(0.96–0.98) 1.62e−12 0.66

(0.61–0.71) 1.20e−23

LTA 1.14
(1.09–1.19) 2.54e−09 1.12

(1.06–1.19) 1.51e−04 1 (1–1.01) 2.34e−03 1.23
(1.17–1.29) 2.81e−15

ICAM3 1.25
(1.14–1.37) 2.54e−06 1.3

(1.16–1.46) 1.21e−05 1.02
(1.02–1.03) 1.83e−07 1.38

(1.26–1.51) 2.56e−12

MOG 1.7
(1.36–2.12) 3.14e−06 1.52

(1.26–1.85) 1.69e−05 1.02
(1.01–1.02) 6.67e−06 2.18

(1.85–2.58) 2.74e−20

HLA-E 1.44
(1.31–1.57) 1.14e−14 NA NA NA NA NA NA

TRIM40 0.76
(0.68–0.85) 1.87e−06 NA NA NA NA NA NA

BTN3A2 0.87
(0.84–0.91) 2.46e−09 0.93

(0.86–1) 5.09e−02 1 (0.99–1) 5.74e−01 0.96
(0.9–1.02) 2.28e−01

The significance threshold for the discovery set was defined as p < 2.56 × 10−5, while the threshold for external
reproducibility validation was set at p < 0.05

3.3. Single-Cell Gene Expression Analysis in Psoriatic and Normal Skin

To validate the causal effects of the 13 identified protein-coding genes and investigate
their cell type specificity, we performed a comprehensive single-cell differential expression
analysis between psoriatic and normal skin samples. The cells were clustered into five
cell types (T cells, dendritic cells, fibroblasts, keratinocytes, and melanocytes). Notably,
the expression level of T cells in psoriatic biopsy samples was higher than that in normal
controls (Figure 4a). Expression profiling revealed that 11 of the 13 protein-coding genes
were detectable in psoriatic biopsy samples, with HCG22 and TRIM40 being undetectable
Figure 4b. In normal skin samples, ten protein-coding genes were expressed, with HCG22,
APOF, and TRIM40 remaining undetectable (Supplementary Figure S13). APOF was
expressed in psoriatic skin samples but not in normal skin samples, suggesting a potential
role in the pathogenesis of psoriasis. In contrast, the absence of HCG22 and TRIM40
expression in the single-cell transcriptomic analysis may be attributed to the characteristics
of the sampled tissues and their exclusion from Tier 1 prioritization. Using a log2 fold
change (log2FC) greater than 0.5, we identified differential expression of ICAM3, BTN3A2,
LTA, HLA-E, and IFNGR2 between psoriatic and normal skin samples (Figure 4c). For
cell-type-specific expression, IFNLR1, TDRKH, HLA-E, and DDR1 were predominantly
enriched in T cells within psoriatic biopsy samples, a pattern of enrichment not observed
in normal skin. IFNGR2 is predominantly enriched in dendritic cells (DC). LTA, ICAM3,
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and BTN3A2 were mainly enriched in keratinocytes. Notably, in normal skin samples, no
statistically significant differences were observed between T cells and other cell types for
IFNLR1, IFNGR2, LTA, TDRKH, and DDR1 expression (Figure 4d). However, in patients
with PsO, these genes exhibited specific expression in T cells.

Figure 4. Single-cell expression of the identified candidate protein-coding genes in psoriatic biopsy
and normal skin samples. (a) Five cell types from psoriatic biopsy and normal skin samples.
(b) Expression of 11 protein-coding genes in different cell types. (c) Differentially expressed genes
between psoriatic biopsy and normal skin samples. (d) Differential expression of eight protein-coding
genes among different cell types in psoriatic and normal skin samples.

3.4. Protein-Protein Interaction Analysis Between Candidate Therapeutic Targets and Current
PsO Medications

PPI analysis revealed interactions between two tier 1 proteins (IFNLR1 and IFNGR2)
and three tier 2 proteins (IL12B, LTA, MOG, and ICAM3) with existing drug targets
(Figure 5). Among them, IL12B and LTA are already established therapeutic targets for
PsO, and IFNGR2 has been developed as a therapeutic target for chronic granulomatous
disease. High-confidence interactions were identified through PPI network analysis for the
following pairs (curated databases and experimental evidence): IFNLR1-TYK2, IFNLR1-
JAK1, IFNLR1-JAK3, IFNLR1-IL23A, IFNLR1-IL12B, IFNGR2-TYK2, IFNGR2-JAK1 and
MOG-TYK2. In particular, the non-receptor tyrosine-protein kinase TYK2 (TYK2, the
target of deucravacitinib) and tyrosine-protein kinase JAK1 (JAK1, the target of upadaci-
tinib) are known to have established connections with both IFNLR1 and IFNGR2. These
interactions have been confirmed through physical experiments and are supported by mul-
tiple databases. Additionally, PPI analysis revealed high-confidence interactions between
IFNLR1 and tyrosine-protein kinase JAK3 (JAK3, the target of tofacitinib), interleukin-23
subunit alpha (IL23A, the target of guselkumab and tildrakizumab), and interleukin-12
subunit beta (IL12B, the target of ustekinumab). IFNLR1 and ICAM3 are associated with
tumor necrosis factor (TNF, a target of etanercept and infliximab), indicating that they may
be involved in shared cellular processes. IFNGR2 is also linked to TNF and IL12B. MOG
interacts with multiple PsO drug targets, such as Interleukin-17A (IL-17A, the target of
secukinumab), TYK2, and IL-23A.
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Figure 5. Protein-protein interaction (PPI) analysis was used to show interactions between PsO drug
targets and identified potential drug targets. Figures (a–c) illustrate the interactions between PsO
drug targets and IFNLR1, IFNGR2, HLA-E, ICAM3, and MOG. Figure (d) shows the current PsO
drug targets and their associated drugs.

3.5. Molecular Docking Analysis for Druggability Evaluation

The JAK-STAT and TYK2 pathways play critical roles in cytokine signaling in PsO
and are strongly associated with the candidate target proteins. We searched the DrugBank
database for drugs targeting TYK2 and JAK1, ultimately selecting the PsO medication
deucravacitinib (an inhibitor of TYK2) and the anticancer drug ruxolitinib (an inhibitor
of JAK1 and JAK2) as ligands. We then performed molecular docking using IFNLR1 and
IFNGR2 as receptors. The binding energies of IFNLR1-Deucravacitinib (−5.24 kcal/mol),
IFNLR1-Ruxolitinib (−6.05 kcal/mol), IFNGR2-Deucravacitinib (−6.61 kcal/mol), and
IFNGR2-Ruxolitinib (−6.43 kcal/mol) were all less than −5 kcal/mol (Figure 6 and
Supplementary Table S15), indicating that both drugs have the potential to form stable
interactions with the potential causal proteins IFNLR1 and IFNGR2, suggesting their
therapeutic potential for treating PsO.

Figure 6. Molecular docking pattern of IFNLR1 and IFNGR2 with two PsO medications.
(a) IFNGR2-Deucravacitinib (binding energy = −6.61 kcal/mol). (b) IFNGR2-Ruxolitinib
(binding energy = −6.43 kcal/mol). (c) IFNLR1-Deucravacitinib (binding energy = −5.24 kcal/mol).
(d) IFNLR1-Ruxolitinib (binding energies = −6.05 kcal/mol).
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4. Discussion
To our knowledge, this is the largest study to date exploring PsO targets using plasma

proteins, with the most rigorous replication (three independent datasets), and integrates
single-cell data to examine the expression patterns of causal proteins and assess their
druggability. In this study, we identified 13 proteins as potential therapeutic targets for
PsO through a proteome-wide Mendelian randomization analysis of 1954 plasma proteins.
Ten of the 13 identified proteins were associated with the risk of PsO subtypes (Guttate
PsO, Pustulosis palmaris et plantaris, and generalized pustular PsO). By integrating re-
verse Mendelian randomization, SMR analysis, and horizontal pleiotropy assessment, we
established a causal association between protein and disease. Bayesian colocalization
indicated that four proteins shared the same variants with PsO, supporting their causal
association. Repeated MR validated 10 of the 13 proteins across at least two datasets [41].
We further utilized single-cell data to validate the expression differences of the encoding
protein-coding genes. In this study, rigorous causal validation for IFNLR1 and IFNGR2,
along with our novel finding of their specific expression in T cells from PsO biopsy samples
and the promising drug evaluation results revealed through molecular docking, collectively
highlight their therapeutic potential. Furthermore, a study by Lazear et al. suggested that
the IFN family may represent a promising direction for psoriasis treatment [42], while our
study revealed the IFN receptor proteins IFNLR1 and IFNGR2, highlighting their therapeu-
tic potential for PsO. Meanwhile, LTA, TDRKH, and DDR1 were expressed exclusively in T
cells from psoriasis biopsy samples, while HLA-E and ICAM3 exhibited psoriasis-specific-
expression. These findings offer new perspectives for mechanistic psoriasis research.

IFNLR1 and interleukin 10 receptor subunit beta (IL-10RB) form a unique dimer
known as the IFN-λ (type III IFN) receptor, which serves as a receptor for the cytokines
IFNL1, IFNL2, IFNL3, and IFNL4 [43,44]. The binding of IFN-λ to its receptor activates
the JAK-STAT pathway, which plays a crucial role in inflammatory and immune diseases.
Moreover, IFN-λ plays a role in autoimmune diseases and inflammatory responses [45].
In our PPI analysis, we found that IFNLR1 is linked to several existing drug targets,
including IL12B/IL23A, JAK, and TYK2, with known interactions. Previous studies have
indicated that IL12/IL23 and IL23 inhibitors can provide prolonged efficacy even after
discontinuation [46], while JAK inhibitors, which have been recently approved, show
promising safety profiles and are currently undergoing clinical trials, making them a highly
promising class of drugs [10]. Numerous studies have demonstrated that type III IFN plays
a pivotal role in immune responses at barrier surfaces [42,47,48]. Chemokines produced
by IFN-λ act on keratinocytes and epithelial cells, inducing inflammatory responses and
attracting immune cells. Research on IFN-λ gene polymorphisms has also revealed that
G alleles may be closely linked to the pathophysiological processes of PsO [49]. As a
receptor for type III interferons, IFNLR1 has the potential to serve as a drug target for PsO.
Additionally, the favorable molecular docking results of INFLR1 with the JAK1 inhibitor
ruxolitinib (an anticancer drug) and the TYK2 inhibitor deucravacitinib (a PsO medication)
(<−5 kcal/mol) also suggest that IFNLR1 could be a viable drug target and that existing
non-PsO medications might be repurposed for PsO treatment.

Compared to IFNLR1, IFNGR2, and IFNGR1 form the interferon-gamma receptor
complex, which, upon binding to the IFN-γ (type II IFN) ligand, similarly activates the
JAK-STAT pathway [50]. Activation of the JAK-STAT1 pathway further induces the ex-
pression of the pro-inflammatory cytokine TNF-α, an established PsO target [51]. The
development or exacerbation of PsO may be triggered or worsened by various cellular
changes induced by IFN-γ, such as the abnormal differentiation of keratinocytes [52] and
protein-mediated responses [53]. Type II IFN may influence PsO by modulating pathways
related to complement, proteases, and upstream miRNAs [54]. As a crucial receptor for
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IFN-γ, IFNGR2 may serve as a potential target for influencing the progression of PsO.
Moreover, additional research has revealed the role of the IFN family in autoimmune
diseases [55,56]. Currently, there are drugs that target IFNGR2. Actimmune, which binds to
IFNGR2, is known to alleviate severe malignant osteoporosis and chronic granulomatous
disease and may potentially be repurposed for PsO.

A previous MR analysis by Cai et al. [57] identified a role for IFNLR1 in psoriatic
arthritis, which is consistent with our finding of IFNLR1 as a therapeutic target for psoriasis,
collectively suggesting its involvement in psoriasis progression. In addition, IFNGR2 was
identified in our study but has not been reported in prior research, indicating that the
IFN family warrants further attention and plays a role in the broader spectrum of PsO.
Moreover, our study revealed specific expression of IFNLR1 and IFNGR2 in T cells from
psoriatic skin biopsy samples compared to normal skin, a pattern not observed by Cai et al.
in the peripheral blood samples of psoriasis patients. Furthermore, our molecular docking
results also demonstrated their potential as drug targets.

APOF is a liver-synthesized and secreted protein. Audrey et al. provided new insights
into APOF, indicating that increased APOF levels reduce plasma triglyceride levels and
elevate high-density lipoprotein (HDL) levels, thereby exerting protective effects against
cardiovascular diseases [58]. Interestingly, recent studies have revealed the pleiotropic
effects of PCSK9 inhibitors—a cardiovascular drug that regulates low-density lipoprotein
cholesterol—on autoimmune diseases [59], as well as the impact of APOF on type 2 diabetes.
These findings suggest that APOF and cardiovascular drugs may play potential roles in
autoimmune diseases. APOF, a promising target, was also mentioned in the MR study by
Liu et al. [60], who suggested that the association between APOF and psoriasis may be
mediated through its effects on atherosclerosis. The functional relationship between APOF
and psoriasis requires further experimental investigation. Tudor and TDRKH are proteins
essential for spermatogenesis and are involved in the biogenesis of piRNA [61]. Despite
our study suggesting a potential causal relationship between TDRKH and PsO, there is
currently no research linking TDRKH to autoimmune diseases. Further investigation is
needed to elucidate the role of TDRKH in non-reproductive processes.

Additionally, tier 2 and tier 3 candidate causal proteins are implicated in the pro-
gression of autoimmune or inflammatory diseases. DDR1 inhibits the host’s anti-tumor
immunity, and anti-DDR1 antibodies could serve as an alternative anticancer immunother-
apy for a variety of cancer types [62]. A subset of patients with antibodies against MOG
expresses a clinical phenotype distinct from multiple sclerosis (MS) [63]. Moreover, MOG
drives Th17/Th1 cells to produce IL-17A and TNF-α, which may have a potential impact
on psoriasis [64]. ICAM3 is involved in immune cell interactions and T-lymphocyte ac-
tivation, influencing inflammatory pathways [65]. Studies have also shown that ICAM1,
which shares similar functions with ICAM3, may be induced by TNF-α, thereby enhancing
neutrophil migration to the sites of inflammation [66]. TRIM40 may serve as a therapeutic
target to limit the onset and progression of inflammatory bowel disease (IBD) [67]. These
are potential drug targets for PsO that warrant further investigation.

The strength of this study lies in its rigorous exclusion of alternative causal pathways
using only cis-pQTLs in both the discovery and external validation cohorts. This approach
ensured the establishment of a causal relationship between candidate causal proteins and
PsO. Compared to other similar studies, we employed horizontal pleiotropy detection to
rule out the possibility that other proteins mediated the effects of the identified proteins.
Single-cell differential expression analysis further validated the causal effects of protein-
coding genes on PsO, revealing distinct expression patterns across various cell types. The
accurate identification of approved drug targets (IL12B and LTA) for PsO in this study
also validated the reliability of the research. They are also likely to be developed as
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therapies for guttate PsO and pustular PsO. Additionally, these identified proteins (e.g.,
DDR1, APOF, and TRIM40) associated with PsO subtypes are also worthy of attention.
The large-scale plasma protein data used in our study from the UK Biobank ensured
the homogeneity and robustness of the research. Furthermore, the results of the PPI
analysis and molecular docking provide supporting evidence for the potential of these
candidate proteins to serve as drug targets for PsO. The application of drug molecular
docking offers a novel perspective for the potential repurposing of existing medications;
however, these results reflect only computationally simulated binding affinities and should
be interpreted with caution. The identified proteins, IFNLR1 and IFNGR2, underscore
the significance of IFNs in the context of PsO. Their associations with multiple PsO drug
targets, roles in disease progression, and potential for drug development highlight their
potential as new therapeutic targets for PsO. Nevertheless, this study has several limitations.
Firstly, our study primarily focused on the European population, necessitating further
investigation into non-European ancestries. Secondly, although we only utilized pQTL data
for analysis, stringent significance thresholds may have filtered out some potentially critical
proteins involved in the pathogenesis of PsO. Additionally, further functional validation
experiments are required to confirm the roles of these identified proteins. Third, due to
the lack of available GWAS data, we were unable to replicate the associations for HLA-E,
TRIM40, and BTN3A2 also failed to replicate. This represents a limitation of the present
study. More comprehensive proteomic and GWAS datasets, as well as additional related
studies, are needed to address this gap.

5. Conclusions
In summary, our study reveals a causal relationship between several plasma proteins

and PsO. Notably, IFNLR1 and IFNGR2 are highly likely to serve as candidate therapeutic
targets for PsO and provide etiological support for the role of IFNs in the pathogenesis of the
disease, warranting further experimental and clinical studies to elucidate their mechanisms
of action.
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