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Abstract
Background  Lung adenocarcinoma (LUAD) remains associated with limited effective pharmacological treatment options. 
This study aimed to identify potential therapeutic targets for LUAD through the integration and analysis of multi-omics 
datasets.
Methods  A meta-analysis was conducted using two extensive proteomics datasets, the UK Biobank Proteomics Project 
(UKB-PPP) and the Fenland study, to identify disease-associated targets for LUAD through the Summary-Data-Based 
Mendelian Randomization method. Sensitivity analysis, including heterogeneity tests for dependent instruments, were 
conducted to validate the findings. The prognostic relevance of the identified candidate targets was assessed using 
transcriptomic data. Functional interactions were explored via protein–protein interaction network analysis, while single-
cell analyses were employed to determine cell-specific expression patterns and differentiation trajectories. Potential 
side effects and therapeutic indications of these targets were evaluated using phenome-wide association studies and 
pharmacological data mining.
Results  Following meta-analysis, a primary significant target, intercellular adhesion molecule 5 (ICAM5), along with 
potential targets FUT8 and KLK13, were identified as therapeutic candidates for LUAD. FUT8 demonstrated a positive 
association with LUAD risk (OR = 1.02, p = 0.049), while ICAM5 (OR = 0.88, p = 0.002) and KLK13 (OR = 0.85, p = 0.021) 
exhibited negative associations. ICAM5 was further identified as an independent prognostic factor for patient survival 
(HR: 0.788, 95% CI: 0.663–0.936, p = 0.007) and revealed significant diagnostic and prognostic utility in LUAD. ICAM5 
expression correlated with various immune infiltration patterns, suggesting potential modulation of the tumor immune 
microenvironment. Single-cell analysis revealed that ICAM5 did not directly impact LUAD cell differentiation, though 
its downstream target, MUC1, may contribute to differentiation processes, particularly in KRAS-mutated LUAD. Further-
more, phenome-wide association studies did not reveal substantial evidence of adverse phenotypes linked to ICAM5, 
supporting its safety profile for drug development.
Conclusion  ICAM5 emerges as a promising biological marker with significant prognostic and therapeutic potential in 
LUAD.
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Abbreviations
LUAD	� Lung adenocarcinoma
UKB-PPP	� UK Biobank Pharma Proteomics Project
SMR	� Summary-data-based Mendelian Randomization
HEIDI	� Heterogeneity In Dependent Instruments
PPI	� Protein-protein interaction
PheWAS	� Phenome-wide association study
MR	� Mendelian randomization
GWAS	� Genome-Wide Association Studies
FDR correction	� False discovery rate correction
pQTL	� The protein quantitative trait loci
MAF	� Minor Allele Frequency
SNP	� Single nucleotide polymorphism
eQTL	� Expression quantitative trait Loci
TCGA​	� The Cancer Genome Atlas
HR	� Hazard ratios
KM	� Kaplan-Meier
OS	� Overall survival
DCA	� Decision curve analysis
c-index	� The concordance index
time-ROC	� Time-dependent receiver operating characteristic
KEGG	� Kyoto Encyclopedia of Genes and Genomes
GSEA	� Gene Set Enrichment Analysis
GO	� Gene Ontology
BP	� Biological process
CC	� Cellular component
MF	� Molecular function
BC	� The betweenness centrality
AUC​	� Area Under Curve
ICAM5	� Intercellular adhesion molecule-5
MUC1	� Mucins 1
CD8 + T cells	� Cytotoxic T Lymphocytes
FUT8	� Fucosyltransferase 8provided by HGNC
KLK13	� Kallikrein related peptidase 13
KACs	� Lysine actylation
SFTPB	� Surfactant protein B
KDELC2	� KDEL (Lys-Asp-Glu-Leu) containing 2
CLDN4	� Claudin-4
MYC	� The v-myc avian myelocytomatosis viral oncogene homolog
EMT	� Epithelial-mesenchymal transition
KRAS	� Kirsten rat sarcoma viral oncogene homolog
NSCLC	� Non-small cell lung cancer

1  Introduction

Lung adenocarcinoma (LUAD) represents one of the most prevalent pathological subtypes of non-small cell lung cancer 
(NSCLC) [1]. Despite surgical intervention being the cornerstone of treatment, LUAD continues to pose a substantial 
global health challenge, with a five-year survival rate of merely 22% [2, 3]. This underscores the critical need for effective 
therapeutic strategies beyond surgery. Moreover, the advanced stages of LUAD are often characterized by treatment 
resistance, further complicating disease management [4]. Identifying key molecular drivers of LUAD is therefore essential 
for improving early detection and therapeutic interventions.
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Advancements in bioinformatics and molecular database development have significantly enhanced the potential 
for target discovery in various diseases, providing valuable insights into diagnosis and treatment. While single-omics 
approaches, such as single-cell analysis and weighted network analysis, have contributed to elucidating the pathogen-
esis of LUAD, the complex and heterogeneous molecular characteristics of the disease necessitate a more integrative 
approach [5–7]. Single-omics studies often fail to fully capture the multifaceted molecular mechanisms underlying LUAD. 
In contrast, recent multi-omics investigations have provided comprehensive prognostic insights by integrating gene 
expression, protein abundance, and methylation data [8]. Such approaches have proven effective in cancer research, 
including studies on breast and colorectal cancers [9, 10].

Mendelian randomization (MR) is a robust analytical technique that uses genetic variations to explore causal relation-
ships between exposures and outcomes. Summary data-based Mendelian randomization (SMR) and heterogeneity tests 
for heterogeneity in dependent instruments (HEIDI) offer enhanced statistical power and have been extensively applied 
in drug target development [11, 12]. Emerging studies have highlighted the regulatory effects of gene expression loci 
on lung cancer risk [13]. However, the phenotypic regulatory influence of genes is often overshadowed by changes in 
protein abundance. Given the significant role of protein levels in LUAD pathogenesis and the limited research on multi-
omics target exploration, MR offers a promising avenue for identifying disease-driving targets in LUAD.

This study utilized two extensive proteomic datasets, the UK Biobank Proteomics Project (UKB-PPP) and the Fenland 
study, as exposure variables to explore potential disease-driving targets in LUAD using the SMR method. Furthermore, 
multi-omics data were integrated to provide a comprehensive evaluation of the identified targets, elucidating their roles 
in the development and prognosis of LUAD.

2 � Materials and methods

2.1 � Research process

Protein quantitative trait locus (pQTL) data were obtained from two large-scale proteomics studies, the UKB-PPP and the 
Fenland study. A meta-analysis was performed using genome-wide association study (GWAS) data from these datasets 
to identify significant proteins associated with LUAD. Identified proteins were subject to false discovery rate (FDR) cor-
rection to account for multiple testing and reduce the likelihood of false positives. Subsequently, transcriptomic analysis 
was conducted on all significant targets to comprehensively assess their impact on prognosis.

2.2 � Data source

pQTL data were derived from the UKB-PPP and the Fenland study [14, 15]. These studies conducted proteomic analyses 
on plasma samples from 54,219 and 10,708 participants of European ancestry, respectively, generating datasets com-
prising of 2923 and 4775 proteins [14, 15]. GWAS data for LUAD were obtained from the Transdisciplinary Research in 
Cancer of the Lung consortium, encompassing 11,245 LUAD cases and 54,619 controls, with a total of 10,345,176 single 
nucleotide polymorphisms (SNPs). RNA sequencing data for LUAD were sourced from TCGA (https://​www.​cancer.​gov/​
ccg/​resea​rch/​genome-​seque​ncing/​tcga).

2.3 � SMR analysis

For proteins whose cis-regions did not yield significant top SNPs, the top SNP selection method from the original UKB-PPP 
and Fenland studies was used, as outlined in prior reports [14, 15]. This method enabled the identification of significant 
top SNPs for all proteins.

In the SMR analysis, SNPs with a minor allele frequency below 0.01 were excluded. Additional filters included a maxi-
mum allele frequency difference threshold of 0.1 and a requirement that no more than 5% of SNPs exceeded this thresh-
old. In the HEIDI test, highly correlated SNPs (r2 > 0.9) with the primary QTL were excluded, as were SNPs with minimal 
correlation (r2 < 0.05) to the primary eQTL. Default settings in SMR version v1.3.1 (https://​yangl​ab.​westl​ake.​edu.​cn/​softw​
are/​smr/#​SMR) were applied for all analyses.

In the sensitivity analysis, we first performed a meta-analysis on the UKB-PPP and Fenland datasets, and then applied 
the Benjamini–Hochberg method to adjust the p-values and minimize false positive results, controlling the false discovery 

https://www.cancer.gov/ccg/research/genome-sequencing/tcga
https://www.cancer.gov/ccg/research/genome-sequencing/tcga
https://yanglab.westlake.edu.cn/software/smr/#SMR
https://yanglab.westlake.edu.cn/software/smr/#SMR
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rate (FDR) in multiple hypothesis testing. Secondly, considering the HEIDI test, a p-value greater than 0.01 indicates that 
there is no heterogeneity in the current results. Therefore, the criteria for selecting significant targets were defined as 
FDR meta P-value < 0.05 and HEIDI P-value > 0.01.

2.4 � Prognostic evaluation

After identifying significant targets using the SMR method, these targets were hypothesized to potentially influence the 
risk of LUAD. Survival analysis was subsequently conducted on the identified targets using data from TCGA.

Cox regression models were applied to assess the prognostic impact of these candidate targets on LUAD, with HR 
and 95% CI used to quantify their effects on prognosis. Kaplan–Meier survival curves were generated to examine the 
association between the expression levels of these targets and OS.

To further analyze and visualize prognostic models, the rms package was used for nomogram development. Calibration 
curves were constructed to compare predicted probabilities with observed outcomes, providing an assessment of model 
accuracy. Additionally, decision curve analysis was conducted to assess the net clinical benefit of the prognostic model.

2.5 � Gene expression analysis

For the core targets identified, differential expression between tumor and normal tissues was analyzed using data from 
TCGA database. Restricted cubic splines were used to visualize the relationship between the expression levels of can-
didate targets and the risk of mortality in LUAD [16]. Spearman’s rank correlation coefficient was used to assess the cor-
relations among continuous variables.

2.6 � Construction of prognostic models for core targets

Core targets were identified by integrating findings from SMR and prognostic analyses. For these core targets, multivariate 
Cox regression analysis was conducted. A nomogram was developed, incorporating both the core targets and relevant 
clinical pathological features based on the results of the multivariate Cox model.

A risk score was generated using the coefficients from the Cox model, allowing for individualized risk assessment. The 
performance of the model was evaluated using the concordance index (c-index), calibration plots, and time-dependent 
receiver operating characteristic (time-ROC) curves [17].

2.7 � Functional enrichment

Functional enrichment analysis was performed for the candidate targets to elucidate their biological roles and interac-
tions. Friends analysis was conducted using the GOSemSim package to assess the importance of each target based on 
network topology parameters. Candidate targets were ranked and visualized according to their gene similarity scores. 
Differential expression analysis of the core targets was conducted using the limma package (version 3.40.6) to identify 
differentially expressed genes, with thresholds set at an adjusted p-value < 0.05 and a fold change > 2.

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were performed to 
annotate the core targets, encompassing the GO categories of biological processes (BP), cellular components (CC), and 
molecular functions (MF). To further elucidate the biological relevance of the core targets, Gene Set Enrichment Analysis 
(GSEA) for KEGG pathways was conducted. Additionally, Disease ontology (DO) enrichment analysis was carried out using 
the DOSE package to identify associations between the core targets and specific diseases. Structural domain analysis 
was conducted to examine the domains of the core proteins.

Protein–protein interaction (PPI) network analysis for the differentially expressed genes of the core targets was con-
ducted using the STRING database (https://​cn.​string-​db.​org/). The betweenness centrality (BC) of the core genes within 
the PPI network was calculated using the cytoNCA module in Cytoscape (version 3.10.1) to identify key genes.

https://cn.string-db.org/
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2.8 � Immunoprofiling

The correlation between the core targets and immune infiltration was investigated using multiple algorithms, including 
xCell, MCP-counter, QuanTIseq, and CIBERSORT [18–21]. The relationships between the core targets and the Immune 
Score, Stromal Score, and ESTIMATE Score were further evaluated using the ESTIMATE algorithm [22].

Given the relevance of immune checkpoint therapies in LUAD, the association between the core targets and key 
immune checkpoint genes was analyzed. These included CD274, CTLA4, HAVCR2, LAG3, PDCD1, PDCD1LG2, SIGLEC15, 
and TIGIT [23].

2.9 � Single‑cell analysis

Single-cell RNA sequencing (scRNA-seq) data from Jiang et al. (GSE189487) were used for single-cell analysis [24]. The raw 
scRNA-seq data were processed using the Seurat package (v5.1.0). Cells were retained based on the following criteria: 
more than 2000 unique molecular identifiers, more than 500 discovered genes, and less than 5% mitochondrial gene 
content. Cluster annotations were performed with reference to prior studies and the CellMarker database (http://​xteam.​
xbio.​top/​CellM​arker/) [25].

In LUAD development, the primary focus was on identifying benign and malignant cell populations, including alveolar 
intermediate cells (KRT8 + , KACs) and malignant cells [25]. Pseudotime analysis was subsequently conducted to assess 
the potential role of candidate targets in cell differentiation, using Monocle3 (v1.3.7).

2.10 � Phenome‑wide Mendelian Randomization (pheWAS) analysis

To investigate causal relationships between identified targets and other diseases, thereby assessing potential side effects 
or therapeutic indications, the methodology described by Zhou et al. was used. This approach employed SAIGE (Scal-
able and Accurate Implementation of Generalized Mixed Models) to analyze over 1400 binary phenotypes derived from 
408,961 participants of European descent in the UK Biobank [26]. FDR correction was applied to adjust the significance 
thresholds for all results, ensuring the robustness of the findings.

2.11 � Pharmacological search

A pharmacological search was conducted for the candidate targets using traditional Chinese medicine databases, 
including the Herb database (http://​herb.​ac.​cn/) and the TCMBank database (https://​tcmba​nk.​cn/). The objective of this 
approach was to comprehensively explore the potential involvement of these targets in drug development and identify 
relevant compounds for therapeutic applications.

2.12 � Cell lines

The cell lines HCC827 (purchased from PnoScience, catalog number CL-0094) and NCI-H1975 (purchased from Cyagen, 
catalog number iCell-h156) were used in this experiment. HCC827 cells were cultured in RPMI 1640 medium (Corning, 
catalog number 10–040-CVB), while NCI-H1975 cells were cultured in DMEM (Corning, catalog number 10-013-CVR), 
both supplemented with 10% fetal bovine serum (Ausbian, catalog number VS500T) and 1% Penicillin–Streptomycin 
(Gibco, catalog number 15140122). The cells were cultured at 37 °C in a 5% CO2 incubator, with regular medium changes 
and monitoring of cell growth. When the cells reached 70%-80% confluency, they were passaged. All cell cultures were 
maintained in a 37 °C, 5% CO2 humidified incubator, and mycoplasma contamination was regularly tested.

2.13 � qPCR

Total RNA was extracted from cells using Trizol reagent (Sigma, Cat# T9424-100m) following the manufacturer’s instruc-
tions. Briefly, cells were lysed with Trizol, and after phase separation with chloroform, the RNA was precipitated with 
isopropanol, washed with 75% ethanol, and resuspended in RNase-free water. RNA concentration and quality were 
assessed using a Nanodrop 100 spectrophotometer (Thermo, Cat# 2000/2000C). For cDNA synthesis, 1 μg of RNA was 

http://xteam.xbio.top/CellMarker/)
http://xteam.xbio.top/CellMarker/)
http://herb.ac.cn/
https://tcmbank.cn/
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reverse transcribed using Hiscript QRT Supermix for qPCR (+ gDNA WIPER) (Vazyme, Cat# R123-01). The cDNA was stored 
at – 80 °C. Real-time PCR was performed using AceQ qPCR SYBR Green Master Mix (Vazyme, Cat# Q111-02) with 5 μL 
mastermix, 0.25 μL of each primer (10 μM), 0.2 μL Dye2, 2 μL cDNA, and 2.3 μL RNase-free H2O. The following primer 
sequences were used:

ICAM5: (Upstream primer: GGG​GCA​GAT​GGT​GAC​AGT​AAC; Downstream primer: GTC​GTT​CTC​GGT​GGC​ATT​TAG; Amplified 
fragment size: 121 bp). β-actin: (Upstream primer: CAA​AGT​TCA​CAA​TGT​GGC​CGA​GGA; Downstream primer: GGG​ACT​TCC​
TGT​AAC​AAC​GCA​TCT; Amplified fragment size: 93 bp). PCR was conducted with an initial denaturation at 95  °C for 15 
min, followed by 40 cycles of 95 °C for 15 s, 60 °C for 15 s, and 72  °C for 30 s, with a melting curve analysis. Relative gene 
expression was calculated using the 2^(– △△Ct) method, where △Ct is the difference between the target gene and 
reference gene Ct values, and – △△Ct represents the difference between the NC group and each sample.

2.14 � Cell proliferation assay

For the cell viability assay using the CCK-8 kit, LUAD cells were seeded into 96-well plates at a density of 5 × 10^3 cells 
per well. After 2–4 h of incubation at 37 °C and 5% CO2, the culture medium was replaced with fresh medium containing 
10% CCK-8 reagent at various time points. The cells were incubated with the CCK-8 reagent for 2 h, and the absorbance 
at 450 nm was measured using a microplate reader. A standard curve was constructed using cell counts and corre-
sponding OD values. To assess cell proliferation, the cell viability was calculated using the formula: **Cell viability (%) =  
[(A(experiment)—A(blank)) / (A(control)—A(blank))] × 100, where A(experiment) is the absorbance of wells containing 
cells, CCK-8 solution, and drug solution; A(blank) is the absorbance of wells containing medium and CCK-8 solution but 
no cells; and A(control) is the absorbance of wells containing cells and CCK-8 solution but no drug solution.

2.15 � Cell migration assay

The Transwell migration assay was conducted to assess cell migration. A 24-well Transwell plate was used, and 100 µL 
of cell suspension was added to the upper chamber, containing approximately 1 × 105 cells. After a brief incubation to 
allow cell attachment, the cells were resuspended in serum-free medium, and 600 µL of medium containing 30% FBS 
was added to the lower chamber to induce migration. The cells were allowed to migrate for 24 h, and after incubation, 
cells on the lower surface of the membrane were stained with a dye solution for 5 min. Following several washes with 
water, the Transwell was air-dried, and migrated cells were observed under a microscope.

2.16 � Colony‑formation assay

Cells were first prepared for culturing by resuspending them in a complete medium and counting the cell number. For 
each experiment, 400–1000 cells were seeded into each well of a 6-well plate. The plate was incubated for 14 days or until 
a sufficient number of colonies were formed, and the medium was refreshed every 3 days. At the end of the incubation 
period, the colonies were fixed with 1 mL of 4% paraformaldehyde for 30–60 min and washed with PBS. After fixation, 
the colonies were stained with 500 µL of GIEMSA stain solution for 10–20 min and washed again with PBS. Colonies 
were then counted under a microscope to assess the cell proliferation ability. The experiment utilized standard reagents 
including DMEM (Corning), fetal bovine serum (FBS, Ausbian), GIEMSA stain (Shanghai Jinbei Biological Technology Co., 
Ltd.), and paraformaldehyde (Sigma-Aldrich).

3 � Results

3.1 � Pathogenic targets of LUAD

In the UKB-PPP and Fenland cohorts, a meta-analysis was conducted following the SMR analysis. After applying FDR 
correction, eight significant targets were identified (as depicted in Table S1). Among these, FUT8 (OR = 1.02, p = 0.049), 
RNASET2 (OR = 1.08, p = 0.068), SELL (OR = 1.05, p = 0.022), and TGFBI (OR = 1.04, p = 0.022) revealed a positive association 
with LUAD risk. Conversely, ICAM5 (OR = 0.88, p = 0.002), INHBB (OR = 0.82, p = 0.022), KLK13 (OR = 0.85, p = 0.021), and 
WFIKKN2 (OR = 0.90, p = 0.049) were negatively associated with LUAD risk (as depicted in Fig. 1A).
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HEIDI testing was conducted for these eight significant targets, with all targets passing the test (p > 0.05) (as depicted 
in Table S1). This indicates that the SMR analysis results are unlikely to be substantially influenced by heterogeneity.

3.2 � Expression of candidate targets in LUAD

The mRNA expression levels of the candidate targets were validated in LUAD using the TCGA database. The analysis 
revealed that FUT8, INHBB, and RNASET2 were significantly upregulated in tumor tissues (p < 0.05), whereas ICAM5 was 
significantly downregulated (p < 0.05). Expression data for WFIKKN2 were not available in the TCGA database (Fig. 1B).

3.3 � Prognosis of candidate targets for LUAD

The prognostic value of the candidate targets for LUAD was assessed through univariate analysis (as depicted in Table S2). 
The findings indicated that ICAM5 significantly influenced LUAD prognosis, with a HR of 0.833 (95% CI: 0.710–0.978, 
p = 0.025) (as depicted in Fig. 1C).

Kaplan–Meier (K-M) survival curve analysis demonstrated significant effects of FUT8, ICAM5, and KLK13 on long-term 
survival in LUAD. Increased expression of FUT8 was associated with poor prognosis (p = 0.022), whereas decreased expres-
sion of KLK13 (p = 0.001) and ICAM5 (p = 0.004) correlated with worse prognosis (as depicted in Fig. 1).

Fig. 1   Expression of Candidate Targets. A SMR analysis depicting the pathogenic significance of candidate targets. B Differential expression 
of candidate targets in LUAD tissues compared to normal tissues. C Prognostic evaluation of candidate targets for LUAD. D Diagnostic per-
formance of candidate targets, including Kaplan–Meier survival curve analysis. D–K The prognostic impact of significant candidate targets 
on LUAD. LUAD lung adenocarcinoma, SMR summary data-based Mendelian randomization, K-M Kaplan–Meier
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To further assess their prognostic use, ROC analysis was performed for ICAM5, FUT8, and KLK13. Among these, FUT8 
demonstrated the highest AUC at 0.920 for predicting LUAD occurrence, followed by ICAM5 with an AUC of 0.705. In 
contrast, KLK13 did not exhibit high diagnostic value (as depicted in Fig. 1D).

3.4 � Prognostic models of candidate targets

Given the potential impact of FUT8, ICAM5, and KLK13 on the occurrence and prognosis of LUAD, a predictive model for 
LUAD prognosis was developed by integrating these three targets with clinical pathological features. A nomogram was 
constructed to visualize the relationship between these prognostic parameters and 5-year survival rates (as depicted 
in Fig. 2).

A risk score model was subsequently developed based on the three targets, and calibration plots demonstrated that 
the nomogram accurately predicted 3-year and 5-year survival outcomes (as depicted in Fig. 2C). RCS analysis further 
revealed nonlinear relationships between FUT8, ICAM5, KLK13, and patient prognosis (as depicted in Fig. 2D–F).

3.5 � Clinical association of ICAM5

Since ICAM5 exhibited significant results in the univariate Cox analysis, its correlation with clinical pathological features 
was further evaluated (as depicted in Table S2). The analysis revealed that ICAM5 expression was significantly upregulated 
in stage T1 tumors (p < 0.05) (as depicted in Fig. 3). However, no significant associations were observed with N stage, M 
stage, TNM staging, or patient age (as depicted in Fig. 3B–F).

In multivariate analysis, ICAM5 was identified as an independent prognostic factor associated with patient outcomes 
(HR: 0.788, 95% CI: 0.663–0.936, p = 0.007) (as depicted in Fig. 3G). A nomogram was constructed to predict patient prog-
nosis based on these findings (as depicted in Fig. 3I). The risk score in the Cox model was calculated using the formula:

A higher risk score was associated with poorer prognosis (as depicted in Fig. 3H).
The predictive performance of the model was further validated using a calibration plot, time-dependent ROC curves, 

and the concordance index (c-index = 0.700), all of which demonstrated that the model exhibits good predictive accuracy.

3.6 � Functional evaluation of ICAM5

In the Friend analysis, ICAM5 was identified as a potential key gene (as depicted in Fig. 4B). The structural domains of 
ICAM5 were analyzed, revealing important protein domains (as depicted in Fig. 4C, D). Differential expression analysis 
using the limma package (as depicted in Table S3), along with GO and KEGG analyses, indicated that ICAM5 is associated 
with functions such as MHC activity, phagosome formation, and antigen presentation (as depicted in Fig. 4E, Table S4).

GSEA further linked ICAM5 to processes such as the cell cycle and immune response (as depicted in Fig. 4F, Table S5). 
DO analysis identified associations between ICAM5 and conditions including benign cell tumors, ovarian malignancies, 
and breast cancer (as depicted in Fig. 4G, Table S6).

In the PPI network, MUC1 occupied a central position, indicating its potential role as a core protein within the network 
(as depicted in Fig. 4). This highlights the potential interplay between ICAM5 and MUC1 in key biological pathways.

3.7 � Relationship between ICAM5 and immune infiltration

Analysis using various immune algorithms revealed that ICAM5 is significantly associated with multiple immune cell 
types. Notably, ICAM5 demonstrated a negative correlation with CD8 + T cells (as depicted in Fig. 5A–C) and M1 mac-
rophages (as depicted in Fig. 5E). However, no significant correlation was observed between ICAM5 and Immune, Stromal, 
or ESTIMATE Scores as determined by the ESTIMATE algorithm (as depicted in Fig. 5).

In the analysis of eight immune checkpoint genes, ICAM5 was positively correlated with CD274 (as depicted in Fig. 5F). 
These findings indicate that ICAM5 is involved in various aspects of immune infiltration and contributes to the develop-
ment and progression of LUAD.

Risk score = 0.390 + ICAM5 × (−0.238) + TNM II × (0.778) + TNM III × (1.422) + TNM IV × (1.498).
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Fig. 2   Predictive models of candidate targets and clinical evaluation. A Mulberry plot depicting the relationship between candidate targets 
and prognosis. B Nomogram integrating candidate targets and clinical features. C Calibration plot demonstrating the accuracy of the nomo-
gram. D–F Restricted cubic spline analysis exploring the nonlinear associations of candidate targets with prognosis



Vol:.(1234567890)

Analysis	  
Discover Oncology         (2025) 16:1028  | https://doi.org/10.1007/s12672-025-02835-2

3.8 � Single‑cell analysis

Single-cell analysis was conducted for all target genes, revealing the availability of expression data for FUT8, ICAM5, 
KLK13, and MUC1 (as depicted in Fig. 6). In LUAD pathogenesis, pseudotime analysis was conducted to examine the 
differentiation process, revealing that KACs differentiate into LUAD-KRAS mutant cells.

Among these genes, the expression levels of FUT8, ICAM5, and KLK13 did not exhibit significant changes during 
the cell differentiation process (as depicted in Fig. 6E). However, MUC1 displayed dynamic expression changes during 
the differentiation of KACs into LUAD-KRAS cells, indicating its pivotal role in this differentiation process (as depicted 
in Fig. 6E). These findings indicate that, while ICAM5 may not directly regulate the differentiation of KACs, it could 
potentially influence the differentiation trajectory of LUAD-KRAS cells indirectly through its interaction with MUC1 
(see Fig. 6E).

3.9 � PheWAS

In the PheWAS analysis, no significant associations between ICAM5 and the full spectrum of phenotypes were identi-
fied after FDR correction (as depicted in Table S7). However, suggestive associations were observed, indicating that 
ICAM5 is positively correlated with an increased risk of Inflammatory Bowel Disease (beta = 0.077) and Intestinal 
Infection (beta = 0.048). Conversely, negative correlations were noted with the risk of Herpes Simplex (beta = – 0.33) 
and Other Nonspecific Findings on Examination of Urine (beta = – 0.27) (as depicted in Table S7).

Additionally, in drug target searches, ICAM5 was identified as a potential target for several traditional Chinese 
medicines, including FENG FANG and GUAN HUA DANG SHEN (as depicted in Table 1). These findings highlight 
potential therapeutic implications of ICAM5 in both modern and traditional medicinal contexts.

3.10 � ICAM5 inhibits LUAD invasion in vitro

Given the potential significance of ICAM5 in LUAD, previous studies have also reported that ICAM5 may have an 
impact on the development of lung cancer (OR = 0.91; 95% CI 0.88–0.95; P = 2.94 × 10−5) [27]. Therefore, we conducted 
cell functional experiments to further validate the effect of ICAM5 on LUAD. To further determine the effect of ICAM5 
on LUAD, we performed in vitro validation (as depicted in Fig. 7). We established an ICAM5 knockdown cell line. In the 
CCK-8, colony formation, and Transwell assays, we found that the reduction of ICAM5 significantly increased LUAD’s 
colony formation, proliferation, and migration.

4 � Discussion

LUAD exhibits significant heterogeneity and is often characterized by an absence of distinct clinical symptoms, com-
plicating early detection. In this study, two major proteomic datasets were used to apply the SMR method for the first 
time to identify potential pathogenic targets of LUAD, including FUT8, KLK13, and ICAM5. Additionally, multi-omics 
data were used to comprehensively explore the molecular mechanisms of these targets in LUAD pathogenesis, their 
prognostic significance, and their associations with the broader phenome.

ICAM5 was identified as a potential primary pathogenic target for LUAD. Notably, a recent study identified SFTPB 
and KDELC2 as pathogenic targets for LUAD, differing from the findings of this study [28]. This discrepancy may be 
attributed to differences in the proteomic datasets analyzed and the inclusion of the SMR method. Although similar 
methods have been applied in eQTL studies for LUAD, no significant association between ICAM5 and LUAD pathogen-
esis was observed in prior research [13]. A deCODE-based study proposed an association between ICAM5 (OR = 0.95) 

Fig. 3   Clinical Association of ICAM5. A Differences in T stage expression of ICAM5. B Differences in N stage expression of ICAM5. C Differ-
ences in M stage expression of ICAM5. D Differences in TNM stage expression of ICAM5. E Variations in tumor location when compared to 
ICAM5 expression. F Relationship between ICAM5 expression and patient age. G Multivariate analysis evaluating ICAM5 as an independent 
prognostic factor. H Survival analysis of the predictive model. I Nomogram constructed using ICAM5 and clinicopathological features. J Cali-
bration plot of the nomogram. K Time-dependent ROC curve analysis evaluating the predictive performance of the model
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and lung cancer risk; however, this study relied on a traditional Mendelian randomization design and did not dif-
ferentiate between pathological subtypes [29]. These findings underscore the heterogeneity of LUAD pathogenesis.

Given the direct role of proteins in phenotypic regulation, proteomic analyses often provide more immediate insights. 
In this study, the use of meta-analysis across two proteomic datasets enhanced the robustness of the evidence. Further-
more, candidate targets were validated through multi-omics analysis, providing a comprehensive proteomic perspec-
tive on the heterogeneous mechanisms underlying LUAD. This work highlights the potential of SMR in advancing LUAD 
research.

Genetic changes are widely recognized as key contributors to tumor development and progression. In this study, 
ICAM5 was identified as playing a significant role in the risk of LUAD. This finding aligns with data from the TCGA, where 
ICAM5 was significantly upregulated in normal tissues, and lower ICAM5 expression was associated with poorer prog-
nosis, consistent with previous research [30]. Among immune targets, a positive correlation was observed between 
ICAM5 expression and CD274, indicating that patients with LUAD having elevated ICAM5 levels may benefit from 
immunotherapy.

ICAM5 is predominantly expressed in specific regions of the brain and is implicated in processes such as dendritic 
growth and microglial cell proliferation [31–33]. However, studies on ICAM5 in cancer remain limited. Current evidence 
indicates that ICAM5 may reduce the risk of LUAD [29, 34]. The SMR analysis used in this study, based on a cis-design, 
offers higher precision and efficacy in identifying causal relationships in gene expression regulation. Furthermore, HEIDI 
test results indicated no significant heterogeneity in the genetic effect of ICAM5 on LUAD, effectively ruling out the pos-
sibility of false-positive results caused by linkage disequilibrium.

Although the cis-design focuses on top SNPs within the cis-regulatory range of ICAM5, the broader genetic impact of 
these top SNPs on LUAD remains unclear [29, 34]. Notably, the rs281439 variant of ICAM5 was identified as having the 
most significant association with LUAD, indicating that it is the strongest genetic contributor to LUAD risk. Additionally, 
this genetic polymorphism has been linked to an increased risk of breast cancer, highlighting the heterogeneous regula-
tory effects of genetic variations on phenotypes [35].

In TCGA, ICAM5 exhibited a high AUC value of 0.705 in predicting LUAD occurrence, providing robust evidence for its 
potential as a candidate target in LUAD pathogenesis.

The tumor microenvironment is a pivotal factor in the initiation and progression of LUAD [36]. Analysis revealed that 
ICAM5 is correlated with various immune cell types, including a positive association with CD4+ T cells and memory B 
cells. CD4+ T cells play essential roles in antigen presentation and orchestrating immune responses. Elevated infiltration 
of CD4+ T cells has been linked to improved prognosis in cancer patients [37]. Similarly, memory B cells, which are crucial 
for immune activation, are key contributors to anti-tumor immunity [38]. Although B cells are traditionally recognized 
for their role in humoral immunity, emerging evidence indicates their involvement in the favorable response to immune 
therapies [39]. For instance, Xia et al. reported that B cell infiltration is associated with improved outcomes in NSCLC 
patients undergoing anti-PD-1 therapy, highlighting their potential positive impact on patient prognosis [40].

Enrichment analysis of ICAM5 further supports its close association with immune system pathways. Additionally, 
immune target correlation analysis demonstrated a significant positive correlation between ICAM5 and CD274, a criti-
cal immune checkpoint molecule. This relationship proposes that ICAM5 may contribute to the benefits observed with 
immune therapy.

In summary, these findings indicate that ICAM5 plays a role in regulating the immune microenvironment, which may 
influence the initiation and progression of LUAD.

In single-cell analysis, while ICAM5 expression was discovered in both KACs and malignant cells, ICAM5 does not 
directly regulate the differentiation process from KACs to malignant cells. KACs, as relatively undifferentiated alveolar 
progenitor cells, exhibit increased expression of the tumor marker CLDN4, indicating their potential to rapidly differenti-
ate into KRAS-driven malignant cells [25].

Previous research identified MUC1 as a diagnostic marker for small cell lung cancer [41]. A study by Shinjiro et al. dem-
onstrated that MUC1 is strongly associated with tumor differentiation, with significant expression in LUAD [42]. Given 
that KRAS-mutant solid tumors are linked to MYC signaling, and in KRAS-mutant NSCLC cells, MUC1 has been implicated 

Fig. 4   Functional evaluation of ICAM5. A PPI network analysis depicting the interactions of ICAM5 with other proteins. B Friend analysis 
ranking candidate targets based on network topology parameters. C, D Structural domain analysis highlighting the protein domains of 
ICAM5. E GO and KEGG pathway analysis depicting the biological functions and pathways associated with ICAM5. F GSEA analysis revealing 
the involvement of ICAM5 in cell cycle regulation and immune responses. G DO analysis linking ICAM5 to specific diseases, including benign 
and malignant conditions
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in promoting epithelial-mesenchymal transition and enhancing cellular stemness, MUC1 is as a critical player in tumor 
progression [43, 44]. Associations between MUC1 and KRAS mutations have been observed in other cancers, including 
pancreatic and ovarian cancers [45, 46]. Furthermore, recent studies indicate that inhibition of MUC1 can suppress MYC 
expression, thereby reducing the growth of KRAS-mutant LUAD [47].

These findings strongly propose that MUC1 plays a key role in LUAD pathogenesis. We hypothesize that MUC1 may 
function as a downstream target of ICAM5, potentially mediating LUAD differentiation. However, further studies are nec-
essary to confirm this hypothesis and elucidate the mechanistic link between ICAM5 and MUC1 in LUAD development.

In addition, previous studies on lung cancer onset targets have found that ICAM5 is associated with a reduced risk of 
lung cancer. For example, Zhang et al. found that ICAM5 was associated with a reduced risk of lung cancer (OR = 0.91; 95% 
CI 0.88–0.95; P = 2.94 × 10−5) [27], and Ren et al. also found similar evidence (OR = 0.95; 95% CI: 0.93–0.97; P = 2.94 × 10−5) [34]. 

Fig. 5   Relationship between ICAM5 and immune infiltration. A xCell analysis depicting the relationship of ICAM5 with various immune cell 
types. B MCP-counter analysis showing immune infiltration patterns associated with ICAM5. C QuanTIseq analysis evaluating immune cell 
compositions correlated with ICAM5. D ESTIMATE analysis indicating the relationship between ICAM5 and Immune, Stromal, and ESTIMATE 
Scores. E CIBERSORT analysis detailing the correlation of ICAM5 with specific immune cell subtypes. F Correlation analysis revealing the 
associations of ICAM5 with multiple immune infiltration targets, including CD274
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Fig. 6   Single-Cell analysis of candidate targets. A Classification of cell types based on single-cell RNA-seq data. B, C Expression patterns of 
candidate targets, including FUT8, ICAM5, KLK13, and MUC1, across different cell types. D, E Pseudotime analysis depicting differentiation 
trajectories of cells and the dynamic expression of candidate targets, particularly MUC1, during the progression from KACs to LUAD-KRAS 
mutant cells
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This is consistent with our results. However, in these studies, the effect of ICAM5 on lung cancer risk may not have been the 
most significant, potentially weaker than ALAD (OR = 0.79; 95% CI 0.72–0.87; P = 4.92 × 10 − 7) or SFTPB (OR = 0.93; 95% CI: 
0.91–0.95; P = 6.36E − 09). However, based on two protein databases, we did not find significant associations for ALAD and 
SFTPB. This further emphasizes the consistent regulatory role of ICAM5 in lung cancer risk across multiple protein databases. 
Additionally, the cell experiments we included further validate our conclusions, demonstrating that ICAM5 has been suf-
ficiently supported by experimental evidence.

Other potential candidate targets for LUAD were identified, including FUT8 and KLK13. FUT8 regulates cancer-associated 
fibroblasts, thereby promoting the progression of NSCLC [48]. Increased expression of FUT8 has been associated with poor 
prognosis in LUAD [49]. Similarly, KLK13 has been reported as a marker of poor prognosis in ovarian cancer, although its 
upregulation has been linked to favorable prognosis in NSCLC [50, 51]. These findings align with the results of this study, 
providing theoretical support for the identified roles of these targets.

Notably, ICAM5, KLK13, and FUT8 were identified as potential drug targets for various traditional Chinese medicines, 
highlighting their potential for drug repurposing and new drug development. These findings underscore the importance 
of exploring therapeutic strategies targeting these molecules to enhance LUAD prognosis. Future research should focus on 
developing and optimizing drugs targeting these candidates to improve treatment outcomes for patients diagnosed with 
LUAD.

This study has several notable strengths. First, it used largest-scale proteomics datasets available to conduct SMR analysis, 
representing a novel approach to identifying pathogenic targets in LUAD. Notably, this is the first study to apply SMR to LUAD. 
Second, a multi-omics approach was used to comprehensively explore the roles of candidate targets in LUAD pathogenesis. 
Finally, a PheWAS was conducted to assess potential side effects of the candidate targets, complemented by extensive 
pharmacological retrieval to provide valuable insights for drug development.

However, the study is not without limitations. First, the research was based exclusively on data from individuals of European 
descent, limiting the generalizability of the findings to other ethnic groups. Second, the study lacks in-depth experimental 
validation, and further investigation into the complex mechanisms underlying these targets will be necessary in future 
research. Finally, we found that ICAM5 has a certain regulatory effect on the tumor microenvironment; however, the current 
results are based on bioinformatics analysis. Therefore, further experimental validation is needed for these findings.

Table 1   Traditional Chinese 
medicine target search for 
candidate targets

Results of the top five drug searches for each candidate target are displayed

Target Full name Ingredient/Herb ID Source

ICAM5 intercellular adhesion molecule 5 FENG FANG HERB001702 Herb
GUAN HUA DANG SHEN HERB001965 Herb
HUI MAO DANG SHEN HERB002620 Herb
QIU HUA DANG SHEN HERB004551 Herb
IFP; glycerol TCMBANKIN057946 TCMBank

FUT8 fucosyltransferase 8 XIANG RI KUI ZI HERB006042 Herb
3,4-benzopyrene TCMBANKIN035072 TCMBank
quercetin TCMBANKIN058127 TCMBank

KLK13 kallikrein related peptidase 13 BAI GUO HERB000186 Herb
BO LING HAO HERB000515 Herb
BO NIANG HAO HERB000523 Herb
CHA YE HERB000632 Herb
CU YE RONG HERB000992 Herb
2- naphthalene methanol TCMBANKIN002996 TCMBank
plumb TCMBANKIN003384 TCMBank
iodo tyrosine TCMBANKIN003780 TCMBank
Phenylephrine TCMBANKIN005364 TCMBank
L-Phenylalanine TCMBANKIN005990 TCMBank
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Fig. 7   In vitro validation of the tumor-suppressive effect of ICAM5. A Relative mRNA levels of ICAM5 in HCC827 cells with knockdown of 
ICAM5 (shICAM5-1 and shICAM5-2) compared to the control (shCtrl). B Relative mRNA levels of ICAM5 in NCI-H1975 cells with knockdown 
of ICAM5 (shICAM5-1 and shICAM5-2) compared to the control (shCtrl). C, D The proliferation of cells with ICAM5 knockdown (shICAM5-1 
and shICAM5-2) was assessed by CCK-8 assay over 5 days (left to right: HCC827, NCI-H1975, and two other cell lines). E, F The colony forma-
tion assay was used to assess the impact of ICAM5 knockdown on the colony formation ability of LUAD cells in vitro (left to right: HCC827, 
NCI-H1975, and two other cell lines). G, H Transwell assays were employed to evaluate the impact of ICAM5 knockdown on the in  vitro 
migration ability of LUAD cells (G HCC827; H NCI-H1975)
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5 � Conclusion

Through multi-omics analysis, this study identified ICAM5 as a primary pathogenic target with a significant impact on 
both the prognosis and development of LUAD. Furthermore, KLK13 and FUT8 were identified as potential pathogenic 
targets, providing additional insights into LUAD pathogenesis.
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