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The cellular origin and molecular mechanisms underlying therapeutic resistance in colorectal cancer 
remain largely unclear.This study integrates single-cell transcriptomics, spatial transcriptomics, 
molecular docking, and multi-cohort public databases to systematically elucidate the epithelial cell-
driven drug resistance mechanism, and combines clinical pathological paraffin samples to evaluate 
the clinical significance and prognosis of the key protein TMEM184A. Integrated single-cell datasets 
underwent quality control and PCA/UMAP clustering, followed by annotation verified through spatial 
transcriptomic mapping. CellChat, CopyKat, inferCNV, Monocle3 and AUCell analyses were applied 
to assess cell–cell communication, CNV heterogeneity and pseudotime differentiation. Integrate the 
TCGA, GEO data, as well as the drug sensitivity data from GSCA and CTR-DB 2.0, and combine with the 
AutoDock molecular docking results to explore the correlation between genes and prognosis, as well as 
immune infiltration, and their pharmacological effects. Use the tissue microarray technique to detect 
the protein expression of TMEM184A in cancer tissues and adjacent tissues, and analyze its association 
with clinical pathological features and patient prognosis. The study identified a subset of epithelial 
cells associated with drug resistance, characterized by the enrichment of interferon, TNF-α/NF-κB, 
TGF-β, hypoxia, and p53 signaling pathways.By combining machine learning and clinical prognosis 
analysis, the key drug-resistant driving gene TMEM184A was finally determined. The genes related 
to TMEM184A were significantly enriched in the lipid metabolism pathway. Moreover, TMEM184A 
were highly expressed in microsatellite stable colorectal cancer, positively correlated with regulatory 
T cell (Treg) infiltration, and associated with the “low immune - low stroma” microenvironment. The 
analysis of immunohistochemical staining on tissue microarrays showed that the high expression 
of TMEM184A protein was related to lymph node metastasis, and was more prevalent in the rectal 
region. Additionally, the high expression of TMEM184A was associated with poor prognosis in patients. 
Drug sensitivity and molecular docking analysis indicated that TMEM184A had strong binding affinity 
with lapatinib and various EGFR tyrosine kinase inhibitors. TMEM184A promotes the occurrence of 
drug resistance in colorectal cancer by regulating lipid metabolism. The high expression of this protein 
in the rectum is more common and is associated with lymph node metastasis and poor prognosis in 
patients with colorectal cancer. This study provides a theoretical basis for TMEM184A to be used as a 
prognostic marker and a therapeutic target for drug resistance in colorectal cancer.
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Background
Colorectal cancer (CRC) is one of the most common malignancies of the digestive system. According to the 
latest global epidemiological statistics, CRC ranked as the third most frequently diagnosed cancer and the 
second leading cause of cancer-related death in both men and women worldwide in 20221.Advances in surgical 
techniques, radiochemotherapy, and targeted therapies have evolved the overall treatment paradigm for CRC, 
leading to improved local control and survival2,3. However, the drug resistance of colorectal cancer still limits the 
benefits that patients can obtain from the treatment4.

The mechanisms of drug resistance mainly involve enhanced drug efflux, activation of DNA damage 
repair pathways, dysregulation of apoptosis, and maintenance of epithelial–mesenchymal transition (EMT). 
Concurrently, tumour-associated immunosuppression is mediated by tumour-associated macrophages (TAMs), 
regulatory T cells (Tregs), cancer-associated fibroblasts (CAFs), and aberrant activation of immune checkpoint 
signalling. These changes collectively contribute to therapeutic refractoriness in CRC. Understanding and 
reprogramming this suppressive network is therefore crucial for improving treatment responses5–7. The 
existence of drug resistance renders a substantial proportion of CRC patients unable to benefit from current 
regimens. Addressing this challenge requires an in-depth elucidation of the molecular mechanisms and 
cellular heterogeneity of the disease progression. Breakthrough insights in these areas will pave the way for the 
development of precision-guided therapeutic strategies to improve patient prognosis.

The advancement of genomic technology, particularly single-cell RNA sequencing (scRNA-seq), have 
provided powerful tools to dissect cellular diversity within the CRC microenvironment8. This approach enables 
high-resolution interrogation of gene expression profiles, uncovering the intricate mosaic of tumour, immune, 
and stromal cell populations—details that are often obscured in bulk tissue analyses9. These technologies have 
refined our understanding of disease architecture and have highlighted key molecular and cellular determinants 
underlying tumour progression, immune evasion, and therapeutic resistance. Analyzing the complex interactions 
among tumor cells, immune cells and stromal cells in the tumor microenvironment is of great significance 
for understanding the complexity of tumors and identifying potential disease and therapeutic targets10.One of 
the major challenges in CRC management lies in elucidating the mechanisms of resistance. Using single-cell 
transcriptomic analyses, we identified a distinct epithelial subpopulation exhibiting drug-resistant features, and 
uncovered its key regulatory gene, providing new insights into therapeutic targets for resistant CRC.

TMEM184A (Transmembrane Protein 184 A)—a heparin-binding seven-pass transmembrane receptor—
has drawn attention for its regulatory roles in vascular biology. TMEM184A mediates heparin-induced anti-
inflammatory effects by promoting DUSP1 expression and suppressing JNK/p38 stress pathways; it also 
modulates cell proliferation and signalling in vascular smooth muscle and endothelial cells11,12. Its paralogue, 
TMEM184B, is markedly up-regulated in hypopharyngeal squamous cell carcinoma, where its knockdown 
reduces proliferation, migration, and invasion while enhancing apoptosis, suggesting a potential oncogenic 
role13. Multi-omics resources and the Human Protein Atlas further indicate that TMEM184A exhibits tissue-
specific expression patterns across human organs and cancers14.

In conclusion, the molecular mechanisms of treatment resistance in colorectal cancer (CRC) and the 
tumor microenvironment have not been fully elucidated. By integrating single-cell and bulk RNA sequencing 
data and further exploring the clinical relevance and prognosis of this gene based on clinical cases, this study 
systematically identified TMEM184A as a key gene driving CRC resistance and malignant progression. The 
aim of this research is to provide a theoretical basis for predicting specific biomarkers for resistant patients and 
improving the prognosis of patients with colorectal cancer.

Methods
Study design
This study employed a comprehensive multi-omics approach integrating single-cell RNA sequencing (scRNA-
seq), bulk RNA sequencing, spatial transcriptomics, machine learning, and molecular docking to analyze the 
characteristics of colorectal cancer (CRC) cells and the intercellular networks. After drawing unique cell clusters 
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through single-cell analysis, we identified the drug-resistant subpopulations and used machine learning and 
transcriptomics analysis to screen out key genes. We first validated the candidate genes using publicly available 
transcriptomic datasets, and then performed immunohistochemical staining of the key genes in 180 paraffin-
embedded colorectal cancer samples and their adjacent normal tissues to observe protein expression and analyze 
its correlation with clinical pathological features and prognosis, in order to explore the role of this protein in 
colorectal cancer patients. Finally, through drug sensitivity analysis and molecular docking, potential drugs 
and small molecule compounds targeting this protein were screened to provide a theoretical basis for clinical 
treatment.

Clinical data collection
We collected paraffin-embedded tissues and adjacent normal paraffin tissues from patients who underwent 
surgical resection for pathologically confirmed colorectal adenocarcinoma at Shanxi Cancer Hospital between 
January 2019 and June 2021. The patient cohort consisted of 102 males and 78 females, with ages ranging from 
29 to 91 years and a median age of 63 years. Among these cases, 157 had complete clinical and pathological 
information.126 had complete follow-up information. Our inclusion criteria were as follows: (1) no preoperative 
antitumor treatment administered through any route; (2) complete clinical records available; (3) confirmation 
of adenocarcinoma through pathological examination of colorectal cancer biopsies and absence of tumor cell 
infiltration in the adjacent para-cancerous tissue.

Source of biological information data
All datasets used in this study were obtained from public database.scRNA-seq dataset: GSE161277 (healthy and 
tumour colorectal tissues; n = 6) was used to explore cellular heterogeneity within the tumour microenvironment.
Spatial transcriptomics dataset: GSE226997, applied to validate spatial expression patterns of key genes and cell 
types.Microsatellite status dataset: GSE13294 (MSS vs. MSI; n = 155) for comparison of molecular differences 
between subtypes.Bulk RNA-seq dataset: The TCGA-COAD/READ cohort, comprising 571 CRC and 44 
adjacent normal tissues (552 with complete clinical annotations), was used for machine learning, as well as 
survival and clinical association analyses.

Pre-processing of single-cell data and Seurat object construction
Data preprocessing was performed in R(4.3.1) using the Seurat (v5) package, which enables quality control, 
normalisation, and integration of scRNA-seq data.Expression matrices for all samples were imported and 
merged into a unified Seurat object. Quality control was conducted using three metrics: number of detected 
genes (nFeature_RNA), total RNA counts (nCount_RNA), and percentage of mitochondrial genes (percent_
mt).Cells with > 25% mitochondrial reads or < 600 detected genes were removed. DoubletFinder was applied 
to identify and eliminate doublets. These steps ensured removal of low-quality or irrelevant cells, thereby 
minimising technical noise and improving biological accuracy15,16.To correct for batch effects across samples, 
the SCTransform (SCT) workflow was used for data normalisation and integration, generating a high-quality 
expression matrix for downstream analyses.

Dimensionality reduction, clustering, and cell annotation
After data integration, Data were centred and scaled to remove depth- and batch-related biases, followed by 
Principal Component Analysis (PCA) for linear dimensionality reduction. The top 15 principal components 
(determined by the elbow plot) were retained for clustering.Cell clustering was performed using the 
FindNeighbors and FindClusters functions (resolution = 0.4). Marker genes for each cluster were identified with 
FindAllMarkers using the SCT-normalised matrix.Cell-type annotation was guided by PanglaoDB, the ACT 
online annotation platform, and published references to ensure biological reliability. The final major cell types 
included CD4⁺ T cells, CD8⁺ T cells, B cells, plasma cells, epithelial cells, fibroblasts, macrophages, NK cells, and 
dendritic cells.Non-linear dimensionality reduction and visualisation were performed using Uniform Manifold 
Approximation and Projection (UMAP) to depict cellular distributions and tumour–normal compositional 
differences.

Cell–cell communication analysis
Cell–cell communication networks were inferred using the CellChat package with the CellChatDB.human 
database as a reference for ligand–receptor interactions.Only significantly expressed ligand–receptor pairs 
were retained, and clusters with < 10 cells were excluded to reduce noise.This analysis systematically revealed 
intercellular signalling relationships and communication pathways, providing insights into the mechanisms of 
CRC cellular crosstalk.

Copy number variation (CNV) analysis
For epithelial tumour subclusters, Copy Number Variation (CNV) inference was conducted using CopyKAT to 
estimate chromosomal alterations based on scRNA-seq data. InferCNV was further used to identify segmental 
copy-number gains or losses across chromosomes, thereby characterising genomic heterogeneity and potential 
clonal architecture.Normal epithelial cells were used as a reference to ensure biological accuracy.

Pseudotime trajectory analysis
To reconstruct the developmental trajectories of epithelial tumour cells, representative normal epithelial 
clusters (based on marker expression and CNV profiles) were selected as the root state.Monocle3 was applied 
to perform pseudotime ordering, inferring the dynamic transition from normal to malignant phenotypes.The 
inferred pseudotime was mapped onto the UMAP embedding to visualise continuous transcriptional states 
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and transitional cell populations.This approach delineated epithelial heterogeneity and transcriptional evolution 
during CRC progression.

Functional and pathway activity scoring
To evaluate the pathway activity of different epithelial cell clusters, this study employed two scoring methods: 
(1) Using the MSigDB Hallmark gene set for AUCell analysis to investigate the pathway activity of each cell; (2) 
Employing the AddModuleScore function in combination with the drug resistance gene set to assess specific 
biological states. This revealed the pathway specificity and functional heterogeneity among different cell types.

Evaluating clinical significance through TCGA data
The prognostic relevance of marker genes derived from drug-resistant epithelial subclusters was evaluated in 
the TCGA CRC cohort.Patients were divided into high- and low-expression groups based on median gene 
expression levels.Kaplan–Meier (K–M) survival curves and log-rank tests assessed survival differences, while 
Cox proportional hazards regression estimated hazard ratios (HRs) and 95% confidence intervals.Associations 
between gene expression and TNM stage and clinical stage were further analysed.An integrated nomogram 
model combining gene expression and independent prognostic variables was constructed using the rms package 
to predict 1, 3, and 5-year survival probabilities.Model calibration was validated using bootstrap resampling, 
with calibration curves comparing predicted and observed survival.

Machine learning analysis
Two machine learning algorithms were applied to identify key prognostic genes: Least Absolute Shrinkage and 
Selection Operator (LASSO) regression, incorporating an L1 penalty for variable selection; andRandom Forest 
(RF), constructing ensemble decision-tree models and ranking variables by feature importance.These methods 
jointly identified genes with strong predictive value for survival outcomes.

Correlation analysis and protein–protein interaction (PPI) network
To explore co-expression patterns, genes significantly correlated with TMEM184A (|ρ| ≥ 0.4, FDR < 0.05) were 
identified from the TCGA RNA-seq dataset.Protein–protein interaction (PPI) networks were then constructed 
using the STRING database and visualised in Cytoscape.Gene Ontology (GO) and KEGG pathway enrichment 
analyses were performed to elucidate biological processes (BP), molecular functions (MF), and cellular 
components (CC) associated with the correlated genes, thereby revealing key co-regulatory modules.

Comprehensive analysis of gene features
The mutation profiles of key genes were analyzed using the SangerBox platform (http://sangerbox.com). The 
correlations between gene expression, methylation levels and drug sensitivity were analyzed through the GSCA 
and CTR-DB 2.0 databases. The correlations between genes and immune infiltration were analyzed using the 
Cibersort、ssGSEA and Estimate algorithms.

Gene set enrichment analysis (GSEA)
GSEA was conducted to evaluate transcriptional differences between groups.Genes were ranked by expression 
fold change, and enrichment scores were calculated to identify up- or down-regulated pathways.Significant 
pathways were defined by FDR < 0.05 after permutation testing.

Tissue microarray preparation
A tissue microarray block instrument with a 2 mm aperture was used to create the paraffin microarray chip. A 
total of 180 colorectal cancer samples were re-evaluated based on hematoxylin–eosin stained (HE) sections, and 
the typical tumor areas were identified and marked on the pathological sections under a microscope. Using a 
puncture needle, the corresponding tissues marked on the HE sections were carefully picked and punched into 
the prepared blank tissue chip. Once the chips were prepared, they were placed upside down on the surface of a 
blank slide. Subsequently, the chips were heated at 55 °C in a drying oven for 7 min, followed by cooling down 
at room temperature outside the oven for 7 min. This heating and cooling process was repeated until the picked 
tissue was fully in contact with the paraffin on the chip17.

Immunohistochemical staining
All tissue specimens were fixed in 10% neutral formalin, dehydrated in a gradient of alcohol, and then made 
transparent in xylene. Subsequently, the specimens were embedded in paraffin. The paraffin tissue microarrays 
used for immunohistochemical (IHC) staining had a thickness of 3 μm. For the automatic immunohistochemical 
staining, the Roche VENTANA BenchMark XT Immunohistochemical Stainer was employed. The rabbit anti-
human TMEM184A polyclonal antibody (Catalog No.: 25989-1-AP, Proteintech Group, China) was diluted at a 
ratio of 1:200 in the antibody dilution. Other mediums and buffers were prepared as working solutions according 
to the requirements of the platform, with the exception of the primary TMEM184A antibody.

Interpretation of results
The localization of TMEM184A protein is mainly in the cytoplasm and the cell membrane.Positive TMEM184A 
staining was characterized by the presence of brownish-yellow granules in the cytoplasm and/or membrane 
of cancer cells. Two pathologists with over 10 years of experience conducted a double-blind test on the results 
of immunohistochemical staining. In cases of disagreement, a third pathologist re-evaluated the sections 
to determine a consensus score. The scoring system for TMEM184A immunostaining adopts the IRS 
(Immunoreactive Score) method, as defined below: The staining intensity is typically classified into four grades: 
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0 points: no positive staining, 1 point: light yellow, 2 points: brownish yellow, 3 points: brown. The proportion 
of positive cells is divided into four intervals: 1 point: <25% of cells are positive, 2 points: 25% − 50% of cells are 
positive, 3 points: 51% − 75% of cells are positive, 4 points: >75% of cells are positive. IRS = staining intensity × 
proportion of positive cells. A score of ≤ 6 points is defined as low expression, and > 6 points is defined as high 
expression.

Follow-up visit
The follow-up period commenced on the day of surgery, and the endpoint for the follow-up visit was either the 
date of the patient’s death or June 30, 2025. Follow-up data of 126 cases were available for analysis. To assess the 
overall survival differences, a Kaplan–Meier overall survival curve was constructed.

Molecular docking analysis
The drug sensitivity characteristics of key genes were evaluated using the GSCA database, and potential drugs 
and small molecule compounds that could regulate gene expression were screened out. Chemical structure data 
were downloaded from the PubChem database and converted from SDF format to PDB format using the Open 
Babel software. The receptor protein structure data were sourced from the AlphaFold protein structure database 
(in PDB format). Protein processing (dehydration, hydrogenation, charge distribution) and molecular docking 
were completed in the AutoDock 4 software, and the ligands and receptors were converted to PDBQT format. 
The docking results were visualized and analyzed using PyMOL software to observe the interaction sites. A 
binding energy of <-5 kcal/mol was defined as having a good binding force.

Statistical analysis
Clinical pathological data analysis was conducted using SPSS 26.0 software. Qualitative variables were expressed 
by the number of cases, and inter-group comparisons were performed using McNemar test. Correlation 
analysis of clinical pathological features was conducted using χ2 test. All other analyses were completed in R 
software (version 4.5.1). The Cox proportional hazards regression model was used to identify prognostic genes, 
and survival differences were evaluated using Kaplan-Meier (K-M) analysis. A P value < 0.05 was considered 
statistically significant.

Results
Single-cell transcriptome analysis of tumors and normal tissues
After quality control of the integrated single-cell dataset (Fig. 1A), dimensionality reduction was performed using 
principal component analysis (PCA). The first 15 principal components (determined by the elbow plot) were 
retained for downstream analyses, and clusters were visualised with UMAP. Cluster-specific marker genes were 
identified using FindAllMarkers (Fig. 1B), and the top 200 markers per cluster were subjected to Gene Ontology 
Biological Process (BP) enrichment (Fig. 1C). Manual cell-type annotation was guided by PanglaoDB, the ACT 
online resource and relevant literature, yielding UMAP maps for tumour versus normal samples (Fig.  1D). 
The annotations were further projected onto spatial transcriptomic sections (GSE226997) by deconvolution, 
confirming consistency and reliability (Fig. 1E).

Stacked bar plots showed marked differences in cellular composition between groups : epithelial cells were 
substantially enriched in tumours, whereas immune cells—particularly CD8⁺T cells—were depleted(Fig. 1F). To 
probe putative intercellular mechanisms, CellChat was applied (Fig. 1G), revealing strongly enhanced epithelial 
signalling in tumours but reduced communication involving fibroblasts and CD8⁺ T cells. The inter-group 
intensity comparison is presented through a differential heat map(Figure S1).

Identification of drug-resistant epithelial subtypes
To analyze epithelial heterogeneity, the epithelial cells from the tumor source were reclustered (Fig. 2A). The 
reliability of the clustering results was verified by the epithelial markers KRT8, KRT18, and EPCAM (Fig. 2B). 
For each epithelial subcluster, the top 200 marker genes were subjected to BP enrichment analysis. Subclusters 
0–8 were mainly enriched in aerobic respiration, wound healing, cytoplasmic translation, viral process, aerobic 
electron transport chain, RNA splicing, Golgi vesicle transport, chromosome segregation, and DNA replication 
(Figure S2). Because copy-number variation (CNV) is a key mechanism conferring clonal advantage and driving 
tumour evolution, CopyKat was first used to infer chromosome-level CNVs with normal epithelium as reference 
(Fig. 2C). InferCNV then provided higher-resolution CNV profiling, showing that, except for cluster 4, most 
malignant epithelial subclusters harboured variable degrees of CNV (Fig.  2D). Notably, cluster 2 displayed 
widespread copy-number gains and losses, indicative of substantial genomic instability and a putative clonal 
selection advantage.

To infer differentiation dynamics, cluster 4 (normal-like by markers/CNV and functional context) was set as 
the root for Monocle3 pseudotime analysis, which was mapped back to UMAP space. Clusters 1 and 7 emerged 
as distinct termini(Fig. 2E)The BP enrichment analysis revealed that cluster 1 was enriched with features such as 
wound healing and actin filament tissues. Multiple studies have shown that actin filament organization is closely 
related to drug resistance18–20. In contrast, cluster 7 was enriched for chromosome segregation and mitotic 
nuclear division, reflecting high proliferation and anabolic metabolic activity (Figure S2). Notably, while Cluster 
7 and Cluster 8 exhibited highly similar characteristics, including CNV patterns and Hallmark AUCell scores, 
Cluster 7 showed a significantly higher score in the G2M_CHECKPOINT pathway than Cluster 8. This suggests 
that Cluster 7 represents a specific functional subpopulation in a hyper-proliferative state. Retaining Cluster 7 as 
an independent cluster allows for the precise capture of the transition node from general proliferation to rapid 
proliferation, avoiding the loss of biological nuances related to cell cycle dynamics that might be obscured by 
over-integration.
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Hallmark AUCell scoring across malignant epithelial subclones (Fig. 2F) highlighted striking functional 
heterogeneity. Cluster 1 cell populations exhibit strong activation of the IFN-α/γ, TNF-α/NF-κB and TGF-β 
signaling pathways, accompanied by activation of the p53 pathway and hypoxia. In the tumor microenvironment, 
they are often reorganized to promote adaptive survival and treatment tolerance21,22. The synergistic TGF-β 
and hypoxia signals can induce epithelial-mesenchymal transition (EMT) and immune escape23,24, while the 
tumor suppressor factor p53 can trigger tumor resistance to chemotherapy by maintaining genomic integrity25.
Conversely, cluster 7 was dominated by cell-cycle control, DNA repair and metabolic reprogramming, with 
persistent MYC targets and mTORC1 activation consistent with anabolic growth26,27.

The existing confirmed drug resistance genes28–30 and immunosuppression genes31–45 were queried in 
colorectal cancer. A customized gene set (Table S1) was created. Then, after scoring the epithelial cell clusters 
using the AddModuleScore function, it was shown that cluster 1 had the highest scores in terms of drug resistance 
and immunosuppression (Fig. 2G), indicating that the cells in this cluster exhibited stronger drug resistance and 
immunosuppressive properties. Based on CNV and trajectory context, cluster 1 may evolve from the highly 
unstable cluster 2, whereby heavy CNV burden fosters metastatic, drug-tolerant advantages46–49.

It is worth noting that the drug resistance score of the cluster 6 is lower than that of the cluster 7. However, 
through the identification of high-variability genes, the cluster 6 was identified as goblet cells(Figure S3). Due 
to the significant differences in lineage origin and physiological function between goblet cells and the tumor 
cell subpopulation mainly derived from columnar epithelium, including it in the analysis might introduce 
interference signals related to cell differentiation. Therefore, following a comprehensive evaluation, the cluster 
7 was selected for subsequent analysis due to its higher sensitivity to both chemotherapy and immunotherapy. 
Comparative cell–cell communication between the drug-resistant cell cluster 1 and the highly proliferative cell 
cluster 7 showed higher overall signalling activity in cluster 1. Multiple receptor–ligand axes were augmented in 
cluster 1—CEACAM1→CEACAM5, LAMB3→ITGA2/ITGB1, DSC2→DSG2, CDH1→CDH1, LAMB3→ITGA6/
ITGB4, and MDK→NCL (Fig. 2H). The activation of the integrin axis indicates a stronger migration/
invasion ability50, and the enhancement of the MDK → NCL signaling pathway promotes the formation of an 
immunosuppressive microenvironment51.Therefore, we have designated Cluster 1 as the primary focus for 

Fig. 1.  Single-cell sequencing analysis of tumor and normal group samples. (A) Quality control plot of 
single-cell samples (percent mito > 25%, nFeature RNA < 600). (B) Top marker genes for each cell type. (C) BP 
enrichment analysis of the top 200 marker genes for each cell type. (D) UMAP dimensionality reduction plot 
for the normal and tumor groups (resolution = 0.4). (E) Single-cell annotation and deconvolution validated the 
accuracy of the annotation using colorectal cancer spatial transcriptomics slices. (F) Proportions of cell types 
in the tumor and normal groups. (G) Comparison of cell-cell communication intensity between the tumor and 
normal groups.
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investigating the mechanisms of drug resistance in colorectal cancer and for identifying potential therapeutic 
targets.

TMEM184A as a key gene in cluster 1
To explore the differences between drug-resistant cancer cell clusters and highly proliferative cancer cell clusters, 
and to screen key drug resistance genes, we conducted differential expression analysis on clusters 1 and 7. A 
total of 2,812 differentially expressed genes were identified (Fig.  3A), including 765 up-regulated genes and 
2,047 down-regulated genes. In the TCGA colorectal cancer cohort, after conducting a survival analysis on 765 
upregulated genes in cluster 1, a total of 57 prognostic genes were identified (Fig. 3B), among which 41 were 
classified as high-risk genes (hazard ratio HR > 1).To further screen out the key prognostic genes, the LASSO 
method (Figs. 3C-E) and the random forest method (Fig. 3F) were used to analyze 41 high-risk genes based 
on the survival outcome as the indicator; The intersection of the two models (Fig. 3G) yielded a total of five 
candidate genes: CTSD, HSPA1A, TMEM184A, IRF7 and FSTL3.

Membrane proteins are the key proteins for drug resistance. The transmembrane protein TMEM184A caught 
our attention. It is highly expressed in intestinal tissue52. Combined with subsequent bioinformatics analysis, 
it plays an important role in drug resistance and immune escape in colorectal cancer. Therefore, we finally 
determined it as a key gene driving drug resistance and conducted in-depth research on it. It is worth noting that 
this gene has not been studied in the context of cancer.

Expression profile and clinical significance of TMEM184A
GEPIA2 indicated significantly higher TMEM184A expression in CRC compared with normal tissues (Fig. 4A). 
GSCA methylation analysis showed hypomethylation of TMEM184A in CRC (Fig.  4B, C), consistent with 

Fig. 2.  Identification of drug resistance and immune suppression-related cell types. (A) UMAP plot of 
secondary clustering of epithelial cells, further divided into 9 subpopulations (resolution = 0.4). (B) Display 
of epithelial cell markers in the UMAP plot (KRT8/KRT18/EPCAM). (C) CopyKat analysis of copy number 
variations in epithelial cell types. (D) InferCNV analysis of copy number variations in epithelial cell types. 
(E) Pseudotime analysis of epithelial cells, showing two differentiation endpoints (C1 and C7, with C4 as the 
starting point). (F) AUCell scoring of epithelial cell types based on the MSigDB Hallmark gene set, with C1 
and C7 enriched in distinct pathways. (G) Scoring of epithelial cell types using a custom drug resistance and 
immune suppression gene set via AddModuleScore, with C1 scoring significantly higher than other epithelial 
types. (H) Cell-cell communication analysis between C1/C7 epithelial cells and non-epithelial cells, with C1 
showing higher activity.
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epigenetic de-repression. Spatial transcriptomics (GSE226997) localised TMEM184A predominantly to 
epithelial cells (Fig. 4D).

In TCGA, higher TMEM184A expression associated with larger primary tumours (T), distant metastasis (M) 
and more advanced clinical stage, with an increasing trend across N stage despite non-significance (Fig. 4E). 
Kaplan–Meier analysis showed worse overall survival in the high-expression group(Fig. 4F). The nomogram and 
calibration curve constructed based on the multivariate Cox proportional hazards regression model indicate that 
TMEM184A can be regarded as an independent prognostic factor for patients with colorectal cancer. (Fig. 4G, 
H). Collectively, aberrant TMEM184A up-regulation aligns with adverse tumour biology.

Meanwhile, our analysis of the CTR-DB 2.0 (http://ctrdb.cloudna.cn/home) patient drug resistance database 
and the GEO (GSE173606) drug resistance cell dataset revealed that the expression level of TMEM184A was 
higher in the non-response group than in the response group(Figure S4). These data from clinical patient 
samples and drug-resistant cell lines consistently indicate that the high expression of TMEM184A is closely 
related to chemotherapy resistance in colorectal cancer.

Analysis of the TMEM184A regulatory network and associated genes
Correlation analysis in TCGA identified 469 genes significantly associated with TMEM184A expression. A 
STRING-based PPI network was constructed and visualized in Cytoscape to visually highlight the important 
genes. (Fig. 5A), alongside top positively correlated genes(Fig. 5B).

The GO/KEGG enrichment analysis of the top 200 positively correlated genes (Fig. 5C, D) revealed that 
they were significantly enriched in lipid metabolism pathways such as glycerol metabolism, glycerophospholipid 
metabolism, choline metabolism in cancer, and linoleic acid/α-linolenic acid metabolism53–55. This indicates 
that the TMEM184A transmembrane protein may promote cell resistance and invasion by regulating lipid 
metabolism on the membrane and receptor signal transduction.

The expression of TMEM184A is higher in MSS CRC
The GSCA database indicates that TMEM184A is significantly upregulated in MSS CRC(Fig. 6A), which was 
validated in GSE13294 (Fig. 6B). Prior studies show MSS CRC exhibits poor immunotherapy responsiveness 
relative to MSI disease56,57 In the microsatellite stable colorectal cancer (GSE13294) samples, the samples were 
divided into high and low expression groups based on the median expression level of the TMEM184A gene, 
and GSEA enrichment analysis was performed. It was found that the high expression group of TMEM184A was 
significantly enriched in pathways related to fatty acid metabolism, oxidative phosphorylation, and exogenous 
metabolism (Fig. 6C), which was consistent with the previous results58,59. In summary, the research results 
indicate that TMEM184A can promote the treatment resistance of microsatellite stable colorectal cancer by 
driving metabolic reprogramming (especially fatty acid metabolism).

Fig. 3.  Identification of TMEM184A as a key gene in C1. (A) Volcano plot of differential genes between C1 
and C7(|logFC| > 1,P adj < 0.05). (B) Prognosis-related genes among the upregulated differential genes, with 41 
high-risk genes (HR > 1). (C, D, and E) Lasso machine learning for the 41 high-risk genes to identify key genes. 
(F) Random forest machine learning for the 41 high-risk genes to identify key genes.G Intersection of key 
genes identified by Lasso and random forest machine learning.
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Immune infiltration and mutational landscape associated with TMEM184A
The deconvolution analysis based on Cibersort revealed that the increased expression of TMEM184A was 
positively correlated with regulatory T cells (Tregs) (R = 0.252) (Fig. 7A). Tregs can impair anti-tumor immunity 
and promote cancer progression by weakening the function of effector T cells (Teffs)60. Consistently, ESTIMATE 
revealed that TMEM184A-high CRC had lower ImmuneScore (R = − 0.371), StromalScore (R = − 0.261) and 
ESTIMATEScore (R = − 0.336)(Fig. 7B), indicating a “low-immune/low-stroma” state—an immune desert that 
facilitates immune evasion and progression. The stacked cibersort graph visualizes the changes in immune 
subpopulations between the high TMEM184A group and the low TMEM184A group at the sample level and 
between the groups (Fig. 7C).To further explore the relationship between TMEM184A and key immune cells 
within tumors, based on the TCGA colorectal cancer expression matrix, we divided the samples into high and 
low expression groups according to the median expression value of TMEM184A. Using the ssGSEA algorithm 
from the ImmuCellAI database (https://guolab.wchscu.cn/ImmuCellAI), we conducted an in-depth analysis 
of the correlation between TMEM184A and the tumor immune microenvironment. The results showed that 
high expression of TMEM184A significantly induced a phenotypic transformation of CRC from ‘immune 
inflammatory type’ to ‘immune suppressive type‘(Figure S5). Specifically, the proportions of antigen-presenting 
cells (DC) and effector killing cells (NK, CD8+ T, Tc) that play a key role in anti-tumor function were significantly 
suppressed, and the synchronous decline of exhausted T cells (Tex) indicated that the mechanism was not 
inducing local exhaustion but rather an overall recruitment barrier, presenting a ‘immune desertification’ 
feature. This was corroborated by the ESTIMATE score of TMEM184A. At the same time, in the high-expression 
group of TMEM184A, the Treg subpopulation with strong immunosuppressive function (nTreg, iTreg) and the 
proportion of Th17 cells closely related to the malignant progression of CRC were significantly increased61. We 
speculate that this antagonistic pattern of “absence of killing cells” and “enrichment of inhibitory cells” promotes 
the poorer prognosis and low responsiveness to treatment in patients with high expression of TMEM184A. 
Mutation profilingshowed higher APC and TP53 mutation frequencies in TMEM184A-high tumours (Fig. 7D).

Fig. 4.  Expression profile and clinical significance of TMEM184A. (A) TMEM184A is highly expressed 
in colorectal cancer (GEPIA2). (B) and (C) TMEM184A methylation level is reduced in colorectal cancer 
(GSCA), and its methylation level negatively correlates with TMEM184A expression. (D) TMEM184A is 
primarily expressed in epithelial cells in spatial transcriptomics slices. (E) High expression of TMEM184A is 
associated with T, M, and STAGE cancer staging. (F) High expression of TMEM184A is associated with poor 
prognosis. (G) Prognostic nomogram for TMEM184A, showing that its high expression decreases the 1-, 3-, 
and 5-year survival rates of CRC patients. (H) Prognostic calibration curve of TMEM184A confirming the 
accuracy of the nomogram model’s prediction.
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The clinical significance and prognosis of TMEM184A expression in colorectal cancer
To verify the results of the above bioinformatics analysis, we conducted an experimental test using paraffin-
embedded tissue samples of colorectal cancer. We used immunohistochemical staining to detect the expression 
of TMEM184A protein in colorectal cancer tissues and paired normal tissues(Fig. 8A). The results showed that 
TMEM184A protein was mainly located in the cell membrane and cytoplasm. Compared with adjacent normal 

Fig. 6.  High expression of TMEM184A in MSS-type colorectal cancer. (A) High expression of TMEM184A 
in MSS colorectal cancer (GSCA database). (B) High expression of TMEM184A in MSS colorectal cancer 
(GSE13294). (C) GSEA enrichment analysis of TMEM184A in MSS colorectal cancer (groups divided based on 
the median expression level of TMEM184A).

 

Fig. 5.  TMEM184A regulatory network and analysis of related genes. (A) Protein-protein interaction network 
of TMEM184A-related genes, showing key modules of co-expressed genes. (B) Most significant positively 
correlated genes of TMEM184A. (C) GO enrichment analysis of the top 200 positively correlated genes of 
TMEM184A. (D) KEGG enrichment analysis of the top 200 positively correlated genes of TMEM184A.We 
have obtained formal permission from the copyright owner to use the results and images analyzed by KEGG.
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tissues, the high expression rate of TMEM184A protein in colorectal cancer tissues was higher (49.44%, 89 cases 
versus 35.56%, 64 cases. P = 0.009) (Table 1).

In addition, we also studied the relationship between TMEM184A expression and the clinical pathological 
characteristics of colorectal cancer patients. Based on the immunohistochemical results of TMEM184A, 157 
colorectal cancer patients were divided into a low TMEM184A expression group (71 cases) and a high expression 
group (86 cases). The relationship between TMEM184A expression in colorectal cancer tissues and the clinical 
pathological characteristics of patients was analyzed. The results (Table  2) showed that high TMEM184A 
expression was related to lymph node metastasis and tumor location (high expression was more likely in the 
rectal region). However, TMEM184A expression level was not significantly associated with age, gender, degree 
of differentiation, TNM stage, stage, maximum tumor diameter, tumor type, tumor location, nerve invasion, 
vascular invasion, KRAS mutation, p53 mutation, and MSI status (p > 0.05). Stage was somewhat related to 
TMEM184A expression, although this association was not statistically significant (p = 0.085). In conclusion, the 
increase in TMEM184A expression in colorectal cancer is closely related to lymph node metastasis and tumor 
location (more likely to be highly expressed in the rectal region).

We generated a Kaplan-Meier survival curve for this cohort population to assess the impact of TMEM184A 
expression on the prognosis of colorectal cancer patients. The results showed that the 5-year overall survival 
rate of the high-expression group of TMEM184A was 64.71% (44 cases out of 68 cases), while that of the low-
expression group was 81.03% (47 cases out of 58 cases), indicating that the prognosis of the high TMEM184A 
expression group was worse than that of the low-expression group (p < 0.05) (Fig.  8B). High TMEM184A 
expression was associated with poor prognosis in colorectal cancer patients, highlighting its potential as a 
prognostic biomarker in the treatment of colorectal cancer.

Drug screening targeting the TMEM184A protein
GSCA drug-sensitivity analyses suggested that higher TMEM184A is associated with reduced sensitivity to 
multiple chemotherapeutics(Fig. 9A, B), implying multidrug tolerance. Conversely, Cetuximab and several 
EGFR-family tyrosine kinase inhibitors (TKIs)—Afatinib, Lapatinib, Erlotinib, Gefitinib—appeared more 
effective in the TMEM184A-high context.To explore direct interactions, the AlphaFold model of TMEM184A 
(PDB) and PubChem ligand structures (SDF) were prepared (SDF→PDB via Open Babel), then processed for 
docking (dehydration, hydrogenation, charge assignment) and converted to PDBQT. AutoDock Vina docking 

Fig. 7.  Association analysis of TMEM184A expression with immune infiltration and mutation landscape. 
(A) Correlation between TMEM184A expression and immune cell infiltration. (B) Correlation between 
TMEM184A expression and immune score, stromal score, and overall score. (C) Stacked bar chart of immune 
cells in high and low TMEM184A expression groups. (D) Mutation landscape of high and low TMEM184A 
expression groups.
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and PyMOL visualisation indicated binding energies < − 5 kcal/mol for TMEM184A with Afatinib/Lapatinib/
Erlotinib/Gefitinib, indicating that these drugs can inhibit the activation of the TMEM184A protein (Fig. 9C)62.

By integrating GSCA with molecular docking technology, we propose that cetuximab and EGFR family 
tyrosine kinase inhibitors (TKIs) may antagonize the signal transduction mediated by TMEM184A protein by 
down-regulating or directly acting on this protein, thereby inhibiting the drug resistance and tumor malignant 
progression caused by high expression of TMEM184A.

Discussion
This study employed a multi-omics combined with clinical validation approach. Through single-cell omics 
analysis, it was discovered that the communication between tumor epithelial cells was more active than that of 
normal epithelial cells. In the tumor epithelial cells, we identified a drug-resistant subgroup, which exhibited 
high scores for chemotherapy resistance and immunosuppression. Temporal sequence analysis revealed that 
the drug-resistant subgroup and the high proliferation subgroup were two distinct differentiation endpoints. 
Through prognostic analysis and machine learning algorithms, the key marker TMEM184A of the drug-resistant 
subgroup was ultimately identified. Subsequently, We verified this result through the TCGA, GEO, CTR-DB 2.0 
and GSCA databases as well as clinical samples, and confirmed that TMEM184A plays a promoting role in the 
progression of colorectal cancer.

Combined with GSEA enrichment analysis, our study indicates that TMEM184A can drive the therapeutic 
tolerance and malignant progression of colorectal cancer (especially microsatellite unstable colorectal cancer) by 
regulating the fatty acid metabolism pathway. And lipid metabolism reprogramming has been proven to promote 
chemotherapy resistance in cancer in previous studies63. Based on the lipid metabolism-related characteristics 
of TMEM184A, we speculate that it maintains receptor signal transduction and enhances drug resistance by 

McNemar test N High expression N Low expression Total

T High expression 34 55 89

T Low expression 30 61 91

Total 64 116 180

P 0.009

Table 1.  Tumor and normal group paired samples were tested using the McNemar test. The sample size was 
180

 

Fig. 8.  A HE staining images of colorectal cancer and its adjacent tissues, as well as IHC TMEM184A staining 
images (200X and 400X). B The K-M survival curve (five-year overall survival rate) of the high and low 
expression groups of TMEM184A in 126 cases of colorectal cancer patients.

 

Scientific Reports |        (2026) 16:15900 12| https://doi.org/10.1038/s41598-026-46674-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Clinicopathological features

TMEM184A

Low expression High expression χ² P

(n=58) (n=68)

Age 0.161 0.689

  ≤55 17 23

  ＞55 54 63

Sex 0.793 0.373

  Male 43 46

  Female 28 40

Tumor differentiation 0.004 0.948

  Well to Moderately differentiated 60 73

  Moderately to Poorly / Poorly differentiated 11 13

Tumor location 3.988 0.046

  Colon 25 18

  Rectum 46 48

Vascular invasion 1.096 0.295

  No 60 67

  Yes 11 19

Perineural invasion 1.16 0.281

  No 65 74

  Yes 6 12

Tumor type 0.976 0.614

  Polypoid type 7 10

  Ulcerative type 64 75

  Infiltrative type 0 1

Maximum tumor diameter 0.037 0.847

  ≤4cm 44 52

  ＞4cm 27 34

T 0.112 0.737

  T1-T2 19 21

  T3-T4 52 65

N 4.653 0.031

  N0 42 36

  N1-N2 29 50

M 0.678 0.41

  M0 70 83

  M1 1 3

Stage

  I-II 42 39 2.968 0.085

  III-IV 29 47

Ki-67 0.103 0.748

  ≤60% 19 25

  ＞60% 52 61

P53

  Wild-type 25 33 0.167 0.683

  Mutant 46 53

MLH1 0.057 0.811

  Negative 3 3

  Positive 68 83

PMS2 0.057 0.811

  Negative 3 3

  Positive 68 83

MSH2 1.469 0.225

  Negative 3 1

  Positive 68 85

MSH6 0.455 0.5

  Negative 3 2

Continued
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reshaping the membrane lipid environment64. As far as we know, this is the first time that TMEM184A has been 
studied as a standalone potential biomarker in cancer.

From a clinical perspective, we analyzed the protein expression of TMEM184A in 180 paraffin samples 
from colorectal cancer patients using immunohistochemical methods. The protein expression of TMEM184A 
was significantly elevated in cancer tissues, and its high expression was associated with lymph node metastasis 
and tumor location. It was more prevalent in the rectal area, and its high expression was also related to the 
poor prognosis of colorectal cancer patients. Combined with drug sensitivity analysis and molecular docking 
results, TMEM184A has good binding characteristics with EGFR family tyrosine kinase inhibitors (such as 
afatinib, lapatinib), suggesting that this protein is located upstream or in a branch of the EGFR-related signaling 
pathway. It is notable that bioinformatics analysis showed that the expression of TMEM184A was higher in 
MSS colorectal cancer, which accounted for approximately 85% of colorectal cancers. These tumors have weak 
antigen presentation ability and limited response to immune checkpoint inhibitors (ICIs)56, suggesting that the 
expression level of TMEM184A is related to the microsatellite status.In summary, TMEM184A plays a crucial 
role in drug resistance and the progression of colorectal cancer.

Fig. 9.  Molecular docking of TMEM184A. (A) and (B) High expression of TMEM184A is associated with 
resistance to multiple drugs. (C) The TMEM184A protein shows good binding affinity with various EGFR 
family tyrosine kinase inhibitors.

 

Clinicopathological features

TMEM184A

Low expression High expression χ² P

(n=58) (n=68)

  Positive 68 84

Microsatellite status 0.415 0.519

  MSS 65 81

  MSI 6 5

Table 2.  The correlation between the high and low expression of TMEM184A and the clinical pathological 
characteristics of 157 colorectal cancer patients was analyzed using the chi-square test
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This study reveals the potential molecular mechanism by which TMEM184A drives drug resistance through 
fatty acid metabolism. Its high expression promotes lymph node metastasis and is associated with poor prognosis 
of colorectal cancer. TMEM184A can serve as a potential new biomarker for biological diagnosis. Additionally, 
molecular docking predicted that TMEM184A has a potential strong binding interaction with EGFR inhibitors 
such as Lapatinib. However, the mechanisms by which TMEM184A influences drug resistance through fatty acid 
metabolism, as well as the predicted drug interactions, require further validation through in vitro and in vivo 
drug sensitivity and functional experiment. In the future, we will conduct experiments to verify its molecular 
mechanism and drug sensitivity, thereby promoting clinical application.

Conclusions
TMEM184A, as a transmembrane protein, links the lipid metabolism pathway to the drug resistance of colorectal 
cancer. Its high expression is more prevalent in the rectal area and is associated with lymph node metastasis in 
patients with colorectal cancer. Moreover, its high expression is related to the poor prognosis of patients, with a 
lower 5-year survival rate. TMEM184A is expected to be a prognostic marker and therapeutic target for patients 
with drug-resistant colorectal cancer.
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