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1. Presentation of the publications 

According to data from the International Agency for Research on Cancer (IARC), approximately 

20 million new cancer cases and 9.7 million cancer deaths occurred globally in 2022. It is 

estimated that approximately one in five people will develop cancer during their lifetime, with 

new cancer cases projected to reach 35 million by 2050 (Bray et al. 2024). Cancer has emerged 

as a significant public health and economic challenge this century. Among all types of cancer, 

malignant tumors of the digestive system (including colorectal, gastric, esophageal, pancreatic, 

liver, and gallbladder cancers) exhibit the highest incidence and mortality rates (accounting for 

24.56% and 34.13%, respectively) (Bray et al. 2024). Colorectal cancer demonstrates the 

highest incidence rate among digestive system cancers, while pancreatic cancer has the 

highest mortality rate within this group (Bray et al. 2024). Despite ongoing advancements in 

treatment strategies such as surgery, chemotherapy, radiotherapy, immunotherapy, and 

targeted therapy, the overall five-year survival rate for gastrointestinal cancers remains 

suboptimal (Wang et al. 2024). Furthermore, due to their anatomical location often leading to 

subtle and nonspecific symptoms, the majority of patients are diagnosed at an advanced stage, 

contributing further to the high mortality rates. 

 

The intricate tumor microenvironment (TME) heterogeneity inherent to gastrointestinal 

cancers is a key factor driving resistance to conventional therapies. For instance, in pancreatic 

cancer, the densely desmoplastic tumor-associated stroma not only impedes drug delivery but 

also fosters a hypoxic niche (Ho et al. 2020, Kwon et al. 2025). This hypoxic state significantly 

suppresses immune cell responses, drives tumor metabolic reprogramming, and mediates 

therapeutic resistance (Tao et al. 2021). Conversely, in colorectal cancer, the unique intestinal 

microbiota profoundly impacts tumorigenesis, progression, and the balance of immune 

responses by modulating specific immune cell functions, such as those of CD4+ T cells and 

specific macrophage subsets (Chen et al. 2024). Therefore, dissection of TME heterogeneity 

and the development of novel, highly effective microenvironment-based therapeutic targets 

and predictive biomarkers remain a critical clinical need. 
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To address these challenges, my research integrates multi-omics technologies, including 

single-cell sequencing, spatial transcriptomics, and Mendelian randomization to perform an 

in-depth dissection of the cellular and molecular heterogeneity within the TME of 

gastrointestinal cancers, specifically focusing on colorectal cancer and pancreatic ductal 

adenocarcinoma (PDAC). This research aims to identify critical cell types (e.g., hypoxia-

responsive macrophage subpopulations) and key regulatory genes. Furthermore, it seeks to 

construct TME feature-based predictive models (such as a hypoxia-responsive macrophage 

score and tumor thrombus-related gene signatures) with the goal of guiding individualized 

treatment strategies and optimizing chemotherapeutic response in patients. Concurrently, we 

validate the differential expression of pivotal genes in chemoresistant pancreatic cancer cell 

lines using RNA-Seq and Western blot analysis in vitro. This experimental validation provides 

crucial evidence for identifying novel therapeutic targets to overcome chemotherapy 

resistance and enhance the efficacy of immunotherapy. 

 

1.1 Spatial transcriptomics deciphers the immunosuppressive microenvironment in 

colorectal cancer with tumour thrombus 

Colorectal cancer (CRC) is the third most commonly diagnosed malignancy globally and stands 

as the second leading cause of cancer-related deaths (Bray et al. 2024). Microscopic 

examinations often reveal clusters of tumor cells within the blood vessels, indicative of 

vascular tumour thrombus, which is recognized as an early stage to metastasis and is 

associated with a higher risk of postoperative metastasis and poorer prognoses. The presence 

of tumour thrombus categorizes CRC patients, especially at stage II, as high-risk, necessitating 

adjuvant chemotherapy, as guided by NCCN and ESMO (Argiles et al. 2020) clinical guidelines. 

Previous research reveal that tumour thrombus is associated with a higher survival hazard 

ratio than lymph node metastasis in CRC (Song et al. 2021). Moreover, 21.48% of CRC cases 

presented with tumour thrombus, and these patients suffered a more dire prognosis 

comparing to those without tumour thrombus in our data. Regretfully, little is known about 

the factors and mechanism promoting the formation of tumour thrombus, leading to a lack of 

targeted treatment plans for CRC cases with tumour thrombus. Previous research suggested 
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that the formation of tumour thrombus is related to the malignant characteristics of tumor 

cells in hepatoma (Liu et al. 2012), which cannot fully explain the directional invasion and 

migration of tumor cells to vascular areas. Shi et al. believed that not only cancer cells but also 

tumor-infiltrating cells may participate in the process of tumour thrombus (Shi et al. 2022). 

Those tumor-promoting cells are able to provide a protective microenvironment for the 

survival of tumor cells and susceptible to the invasion and migration of tumor cells into specific 

immunosuppressive areas (Li et al. 2021, Xiang et al. 2021), providing a favorable 

microenvironment for tumor cells to invade blood vessels and form tumour thrombus. 

Therefore, we sought to investigate the multicellular heterogeneity of tumor cell communities 

of tumour thrombus to provide valuable biological and clinical insights into CRC tumour 

thrombus. While the constraints in previous technology elucidating the cell-cell crosstalk in 

tissues impeded a thorough understanding of the immune microenvironment of tumour 

thrombus in CRC, recent advancements in spatial transcriptomics now make such studies 

feasible (de Vries et al. 2020). 

 

This study employed spatial transcriptomics to analyze primary tumor samples from four 

colorectal cancer (CRC) patients with vascular tumour thrombus (TT), comparing them against 

existing datasets from four non-tumour thrombus (NTT) CRC samples (Park et al. 2024). 

Analysis revealed that while malignant epithelial cells from TT and NTT samples exhibited no 

significant differences in gene expression profiles, consensus molecular subtypes (CMS/iCMS), 

or stem cell/ epithelial-mesenchymal transition features, critical distinctions resided within 

the tumor microenvironment (TME). Spatial profiling demonstrated that TT regions were 

enriched in CD8+ T cells and macrophages, with a concomitant reduction in CD4+ T cells. 

Paradoxically, this immune cell enrichment did not confer a better prognosis; functional 

analysis revealed that these abundant immune cells exhibited a state of dysfunction. Further 

investigation delineated a pronounced immunosuppressive landscape within the TT 

microenvironment: characterized by enriched immunosuppressive cell populations - including 

regulatory T cells (Tregs), M2 macrophages, monocytic and polymorphonuclear myeloid-

derived suppressor cells (M-MDSCs, PMN-MDSCs), and tolerogenic dendritic cells (tDCs) - 
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concomitant with reduced conventional dendritic cells (cDCs), diminished expression of 

antigen-presenting molecules, and significant upregulation of immune checkpoint molecules 

(e.g., PDCD1/PD-1, CD274/PD-L1) and immunosuppressive cytokines/genes. Cell-cell 

communication analysis identified frequent, direct cell-contact-dependent inhibitory signaling 

between CD4+ T cells and CD8+ T cells within TTs, mediated by ligand-receptor pairs such as 

CD80/86-CTLA4, LGALS9-CD45 and CD274-PDCD1, which suppressed CD8+ T cell function - a 

core mechanism underlying immune cell dysfunction in TT. Based on differential gene 

expression analysis, a 145-gene TT signature was constructed. This signature robustly 

predicted poor prognosis (reduced survival in the high-score group) in independent cohorts 

like TCGA-CRC. The high-score group also exhibited elevated immune/stromal scores, 

increased infiltration of immunosuppressive cells (e.g., Tregs), reduced levels of antigen-

presenting cells, and predicted higher resistance to key chemotherapeutic agents. Pan-cancer 

analysis further demonstrated that this TT signature and its associated immunosuppressive 

state (positive correlation with Tregs, negative correlation with activated CD4+ memory T cells 

and activated DCs) were significantly correlated with adverse outcomes across multiple 

epithelial-derived solid tumors.  

 

This study elucidates the heterogeneous cellular composition and distribution within CRC 

tumour thrombus microenvironment through spatial transcriptomics. These findings 

successfully unlocked that immune cells exhibited an impaired anti-tumor functionality 

through the upregulation of immune checkpoints, immunosuppressive genes and attenuated 

antigen presentation processes, even though they were abundant in thrombus 

microenvironment, emphasizing the predominance of an immunosuppressive 

microenvironment. Given the reliance of current immunotherapies on the activation and 

efficacy of pre-existing immune cells, our findings suggest that CRC patients with tumour 

thrombus may derive enhanced benefit from immunotherapeutical strategies. 
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1.2 Gut microbiota influences colorectal cancer through immune cell interactions: 

a Mendelian randomization study 

The diversity of human gut microbiota constitutes a complex and unique ecosystem whose 

stability is critical for maintaining host health, while disruption of this balance may trigger 

multiple pathological conditions (Al-Hujaily et al. 2022). Colorectal cancer (CRC) development 

is significantly associated with gut dysbiosis, where microenvironmental homeostasis exerts 

protective effects through maintaining epithelial barrier integrity, modulating inflammatory 

responses, and regulating immune surveillance (Chen and Fu 2022, Chen et al. 2024). 16S rRNA 

gene sequencing analyses revealed reduced bacterial diversity in fecal microbiota of CRC 

patients, accompanied by significant enrichment of pathogenic bacteria such as Catabacter, 

Mogibacterium, and Fusobacteria (Du et al. 2020). Specific gut microbial (GM) communities, 

along with their virulence factors or microbially derived metabolites, can directly promote 

oncogenic transformation of epithelial cells or facilitate CRC progression through interactions 

with the host immune system (El Tekle et al. 2024, Hu et al. 2024). Mendelian Randomization 

(MR) serves as a robust causal inference framework that leverages common genetic variants 

as instrumental variables (IVs). Capitalizing on the random allocation of genotypes during 

conception, MR effectively mitigates confounding biases inherent in conventional 

epidemiological studies (Davies et al. 2018). This approach recapitulates randomization 

procedures in clinical trials, thereby strengthening causal inference (Smith and Ebrahim 2003), 

and characterizes lifelong effects of exposures—overcoming limitations in assessing long-term 

exposure periods faced by traditional observational and interventional studies (Cornish et al. 

2019). 

 

This study systematically analyzed the associations of 473 gut microbial species and 731 

immune cell signatures with CRC using data derived from large-scale genome-wide association 

studies (GWAS). The results revealed significant causal associations between five specific gut 

microbes (Alloprevotella, Holdemania, Megamonas, Psychroserpens, Succinivibrionaceae) and 

nine key immune phenotypes (including CD4⁺ T cells, CD3 on CD28- CD8br T cells, etc.) and 

CRC. Specifically, Alloprevotella was identified as a risk factor for CRC, whereas microbes such 
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as Holdemania exhibited protective effects. Mediation analysis further revealed that 

Alloprevotella mediates CRC progression through the suppression of CD4⁺ T cell activity 

(mediation effect: 6.48%), while the protective effect of Holdemania operates via the CD3 on 

CD28- CD8br immune pathway (mediation effect: 9.29%). Reverse Mendelian randomization 

analyses ruled out reverse causality (i.e., the effect of CRC on microbial abundance or immune 

traits). Sensitivity analyses confirmed the absence of significant heterogeneity or horizontal 

pleiotropy.  

 

This study comprehensively assessed the association between the GM, immune cells, and CRC. 

These findings indicate that specific gut microbial species can exert either positive or negative 

effects on colorectal cancer development and progression by modulating specific immune cell 

populations. This suggests a novel therapeutic approach for CRC: targeting specific gut 

microbes (such as Alloprevotella or Holdemania) to influence corresponding immune cells and 

thereby confer protection against colorectal cancer. 

 

1.3 Development of a hypoxia-responsive macrophage prognostic model using 

single-cell and bulk RNA sequencing in pancreatic cancer 

Pancreatic ductal adenocarcinoma (PDAC), the most prevalent histological subtype of 

pancreatic cancer (Vincent et al. 2011, Güngör et al. 2014), is globally acknowledged as one of 

the most lethal malignancies, characterized by a dismal five-year survival rate approximating 

10% despite significant research advances (Siegel et al. 2024). Current therapeutic modalities 

are routinely employed; however, patient response rates remain suboptimal (Chen et al. 2022, 

Sonkin et al. 2024). Notably, while immune checkpoint inhibitors have significantly improved 

outcomes in diverse tumor types, their efficacy in enhancing PDAC prognosis remains limited 

(Yoon et al. 2023). Thus, there is an urgent need to identify novel molecular biomarkers and 

develop effective therapeutic targets for this disease. Hypoxia constitutes a fundamental 

feature of the solid tumor microenvironment, including PDAC, and contributes critically to 

multiple pathological processes driving tumor progression (Hielscher and Gerecht 2015). 

These include suppression of anti-tumor immune responses, metabolic reprogramming, 
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promotion of epithelial-mesenchymal transition, and the development of therapy resistance 

(Choudhry and Harris 2018, Qiao et al. 2023). Crucially, the presence of hypoxic regions within 

PDAC tumors is strongly associated with adverse patient outcomes and serves as an 

independent prognostic indicator (Qin et al. 2014). Furthermore, tumor-associated 

macrophages (TAMs) exhibit a pronounced accumulation specifically within these hypoxic 

niches of the tumor stroma (Bai et al. 2022). 

 

This study integrates single-cell RNA sequencing (scRNA-seq) data and bulk RNA sequencing 

data from the TCGA-PAAD database. We initially identified a macrophage subcluster exhibiting 

significant hypoxia responsiveness ("macrophage cluster1"), demonstrating a distinctive gene 

expression pattern within the hypoxic tumor microenvironment. Subsequently, we identified 

13 core hypoxia- and prognosis-associated genes (LYZ, SCN1B, PLAU, INSIG2, DSC2, MICAL1, 

U2AF1, KRTCAP2, DDX60L, SATB1, SAMD9, LTC4S, IGLL5) and constructed a novel hypoxia-

derived prognostic model. This model demonstrated robust independent predictive capacity 

within the TCGA-PAAD cohort: patients categorized into the high-hypoxia-score group 

exhibited significantly shorter overall survival (Hazard Ratio > 1). The model's predictive 

accuracy, as quantified by area under the curve (AUC) values for 1-year, 2-year, and 3-year 

survival (0.774, 0.727, and 0.711, respectively), significantly surpassed that of traditional 

clinicopathological features. Further validation revealed that the high-hypoxia-score group 

demonstrated significantly reduced sensitivity to first-line chemotherapeutic agents such as 

gemcitabine and oxaliplatin (characterized by increased IC50 values) and exhibited concomitant 

deterioration of the immune microenvironment. This deterioration manifested as reduced 

infiltration of antitumor naïve B cells, enrichment of protumoral M0 macrophages, along with 

elevated tumor mutational burden (TMB) and increased frequencies of copy number 

variations (CNV). Of particular importance, pan-cancer analysis identified KRTCAP2 as a key 

cross-cancer biomarker. High KRTCAP2 expression was positively correlated with adverse 

prognosis, advanced tumor stage, and infiltration of immunosuppressive regulatory T cells 

(Tregs), highlighting its potential therapeutic target value. Cumulatively, this research not only 

provides a prognostication tool with clinical translation potential for PDAC, but also elucidates 
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mechanistic insights whereby the hypoxic TME drives therapeutic resistance through its 

capacity to reshape the immune landscape and promote genomic instability.  

 

Through integrative analysis of single-cell and bulk transcriptomic data, our study established 

a thirteen-gene hypoxia-based prognostic model for pancreatic cancer. Demonstrating strong 

independent predictive value for outcomes, this signature further elucidates the tumor 

immune microenvironment and chemotherapeutic response. Strikingly, it also holds 

significant potential for identifying novel biomarkers and actionable targets. 

 

Experimental work: RARRES1 drives chemoresistance via an immune-cold 

malignant epithelial niche in pancreatic ductal adenocarcinoma 

Pancreatic ductal adenocarcinoma (PDAC) is one of the most aggressive solid malignancies. Its 

treatment efficacy is frequently limited by the common development of chemoresistance 

(Ding et al. 2025). The mechanisms driving this resistance are highly complex, involving the 

accumulation and combined effects of multiple gene mutations within tumor cells (Won et al. 

2021). Together, these create a substantial obstacle to effective treatment. Specifically, 

activating mutations in the KRAS (G12D) gene are the most common genetic alteration in PDAC. 

They occur in over 90% of cases and are recognized as a key driver of the disease (Dilly et al. 

2024). Despite KRAS's central role in cancer-related signaling pathways, developing treatments 

that directly target mutant KRAS has proven difficult. Clinical success with such approaches 

remains limited (Singhal et al. 2024). Therefore, further research is needed to study other co-

mutated genes and their related signaling pathways in PDAC. This research aims to understand 

how these genes contribute to chemoresistance and identify new, targetable treatment 

options. 

 

We analyzed single-cell RNA sequencing data from public databases (Werba et al. 2023), 

covering 17 primary PDAC samples and 10 liver metastasis samples. Eight patients had 

received neoadjuvant chemotherapy with the following responses: 2 Partial Response (PR), 2 

Stable Disease (SD), 3 Progressive Disease (PD), and 1 Nonevaluable. Following initial 
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clustering, we identified 86,286 epithelial cells (Fig. 1A). Tissue distribution analysis showed a 

significantly higher proportion of epithelial cells in the PD group compared to the Naive, PR, 

and SD groups (Naive: 1.05; PR: 0.53; SD: 1.09; PD: 1.57) (Fig. 1B). Additionally, liver metastases 

contained a higher proportion of epithelial cells than primary pancreatic tissues (Pancreas: 

0.88; Liver: 1.25) (Fig. 1C). 

 

Subcluster analysis of epithelial cells identified 20 distinct subclusters (c01-c20) (Fig. 1D). To 

exclude non-malignant cells, we performed copy number variation (CNV) analysis, selecting 

c01-c14 subclusters with high CNV scores (Fig. 1E). Expression patterns of marker genes 

confirmed these subclusters as malignant epithelial cells. Using established PDAC subtype 

classifications (Moffitt et al. 2015), c01-c03 were classified as classical subtype, c06-c08 as 

basal-like subtype (associated with poor prognosis), while c04 and c05 showed mixed 

expression patterns of both subtypes. Subclusters c09-c14 lacked defined subtype markers (Fig. 

1F). Importantly, c05 demonstrated significant enrichment in liver metastases compared to 

primary tumors (Fig. 1G), higher abundance in chemotherapy-exposed versus treatment-naive 

samples (Fig. 1H), and elevated proportions in PD versus Naive, PR, and SD groups (Fig. 1I). 

Patients with high c05 signature gene expression in TCGA-PAAD showed significantly shorter 

overall survival (P = 0.037), a finding consistently observed in independent PACA-CA (P = 

0.0069) and PACA-AU (P = 0.00035) cohorts (Fig. 1J-L). 

 

Cell-cell communication analysis indicated that the c05 subcluster had significantly weaker 

signaling compared to other malignant epithelial cells, particularly classical and basal-like 

subtypes (Fig. 2A). c05 received minimal signals through ligand-receptor interactions and 

showed very limited input from immune cells including mast cells, myeloid cells, T/NK/ILCs, 

and B/Plasma cells (Fig. 2B). Bulk RNA analysis using CIBERSORT (Newman et al. 2015) further 

supported this phenotype: samples with high c05 signature expression showed increased 

immunosuppressive regulatory T cells (Tregs) but lacked anti-tumor effector immune cell 

infiltration (Fig. 2C). Non-negative matrix factorization (NMF) analysis (Chen et al. 2024) 

revealed that the c05-enriched NMF5 program corresponded to an immune-cold phenotype 
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(no immune cells present), while immune cells were concentrated in the NMF1 program (Fig. 

2D). Importantly, NMF5-enriched cells primarily came from PD samples, whereas NMF1-

enriched cells mainly originated from PR and SD samples (Fig. 2E). These patterns - immune 

exclusion in the microenvironment and spatial distribution differences - suggest how c05 

drives treatment resistance and poor outcomes. 

 

Pseudotime analysis (Trapnell et al. 2014) showed c05 subcluster and PD-derived cells were 

significantly enriched at differentiation trajectory endpoints (Fig. 3A). This indicates they 

collectively represent a terminal, treatment-resistant state in pancreatic cancer progression. 

 

We assessed the treatment-resistant features associated with the c05 subcluster using drug 

sensitivity data from the GDSC2 database. Compared to other malignant epithelial subclusters, 

samples with high c05 signature gene expression showed significantly reduced sensitivity to 

first-line pancreatic cancer chemotherapies, including Gemcitabine, 5-Fluorouracil, Oxaliplatin, 

Irinotecan, and Paclitaxel (Fig. 3B). These findings demonstrate that the c05 signature predicts 

multi-drug resistance in pancreatic cancer patients. 

 

Analysis of single nucleotide variants (SNVs) revealed that while high and low c05-expression 

groups shared similar mutation frequencies in the top five mutated genes (KRAS, TP53, 

CDKN2A, SMAD4, TTN), the high-expression group showed significantly higher KRAS mutation 

rates (81% vs. 45%) (Fig. 3C) and elevated tumor mutational burden (TMB; P = 0.0223) (Fig. 

3D). 

 

Differential gene expression analysis across four comparison groups: (1) c05 vs. other 

malignant epithelial subclusters, (2) PD vs. Naive/PR/SD samples, (3) liver metastases vs. 

primary pancreatic tumors, and (4) chemotherapy-treated vs. treatment-naive samples. We 

identified the top 50 most differentially expressed genes in each group. Intersection of these 

gene sets revealed four consistently upregulated genes: SNCG, CST6, CAPS, and RARRES1 (Fig. 

3E). To test their link to drug resistance, we generated gemcitabine-resistant L3.6pl cells (GEM-
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R) using gradual dose escalation (0.1-2 μmol/L over 6 months). Both RNA sequencing and 

Western blotting confirmed significantly higher RARRES1 RNA- and protein expression in GEM-

R cells than in the parental wild type chemosensitive lines (Fig. 3F, G), aligning with single-cell 

data. Importantly, our prior study employing microfluidic circulating tumor cell (CTC) analysis 

in resected PDAC patients demonstrated that RARRES1 protein expression on CTCs strongly 

correlated with early tumor relapse, further substantiating the adverse prognostic role of 

RARRES1-overexpressing tumor cells (Nitschke et al. 2022). These multi-method validation 

results establish RARRES1 as a key regulator of drug resistance development in pancreatic 

cancer. 

 

Pan-cancer survival analysis identified high RARRES1 expression as a biomarker of poor 

prognosis across multiple cancer types. Patients with elevated RARRES1 levels had significantly 

worse overall survival in adrenocortical carcinoma, esophageal carcinoma, kidney renal clear 

cell carcinoma, brain lower grade glioma, lung adenocarcinoma, ovarian serous 

cystadenocarcinoma, thymoma, and uterine corpus endometrial carcinoma (Fig. 3H). 

 

This study defines key mechanisms of chemotherapy resistance in PDAC through integrated 

single-cell RNA sequencing and functional validation. We identified a distinct malignant 

epithelial subcluster (c05) specifically enriched in liver metastases and progressive disease 

samples that correlates with poor patient outcomes. The c05 subcluster demonstrates: 1) an 

immune-cold phenotype with disrupted cell signaling and deficient anti-tumor immune 

infiltration, 2) a treatment-resistant state featuring frequent KRAS mutations and multi-drug 

resistance, and 3) RARRES1 as a central resistance driver validated across experimental models 

and clinical cohorts where its expression associates with treatment failure and reduced 

survival. These findings establish c05 as a cellular resistance niche and identify RARRES1 

targeting as a promising strategy to overcome treatment resistance in PDAC. 
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LETTER TO TH E JOURNAL

Spatial transcriptomics deciphers the immunosuppressive
microenvironment in colorectal cancer with tumour
thrombus

Dear Editor,
Vascular tumour thrombus (TT), a prominent indica-

tor of early metastasis associated with poor prognosis,
classifies colorectal cancer (CRC) patients as high-risk
according to theNational Comprehensive CancerNetwork
and the European Society for Medical Oncology1 guide-
lines. Regretfully, the mechanisms by which TT occurs
and develops remain unclear. In this study, we identified
a distinctive transcriptomic profile of immune cells with
a compromised phenotype in the TT microenvironment,
where CD4+ T cells as negative regulators directly signal
to CD8+ T cells.
Note that, 6150 CRC surgery patients at Xiangya Hos-

pital from 2014 to 2019 were retrospectively analyzed,
of which 1321 cases behaved with pathological vascular
TT (Figure 1A,B and Table S1). Survival data available
for 5109 patients demonstrated a significant separation in
overall survival (OS) between those with and without TT
(Figure 1C and Figure S1).
We performed spatial transcriptomics (ST) on four pri-

mary CRC samples with TT (TT 1–4; Figure S2A–D
and Table S2) and compared them with four non-TT
(NTT) samples from dataset GSE2269972 (NTT 1–4; Figure
S2E–H). Malignant epithelial cells were identified using
CNA3 and deconvolution methods (Figure 1D–F and
Figure S3A,B), while non-malignant spots were classi-
fied into nine distinct clusters (Figure 1G,H and Figure
S3C–K).4
The gene expression patterns of malignant epithelial

cells were conserved in thrombus status (Figure S4A).
Pathway enrichment related to angiogenesis and tumour
growth was observed in malignant epithelial cells in
TTs (Figure S4B,C and Tables S3 and S4). However,
cancer-promoting transcription factors revealed compara-
ble expression activated in both TTs and NTTs (Figure
S4D and Table S5). When categorising malignant epithe-
lial cells into consensus molecular subtypes CMS1-4 and

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the
original work is properly cited.
© 2024 The Author(s). Clinical and Translational Medicine published by John Wiley & Sons Australia, Ltd on behalf of Shanghai Institute of Clinical Bioinformatics.

iCMS2/3, we observed no significant differences in pro-
portions or spatial distributions between TTs and NTTs
(Figures S4E–J and S5A–E), nor in stem cell and epithelial-
mesenchymal transition scores (Figure S5F–I), indicating
that the prognostic differences were predominantly driven
by the microenvironment.
Spatial profiling showed an increase of CD8+ T cells

and macrophages and a reduction of CD4+ T cells in
TTs (Figure 2A–F and Figure S6A–F), confirmed by
immunofluorescence (Figure 2G–J), with a heightened co-
localization of CD4+ and CD8+ T cells in TTs (Figure
S7A–C).
Contrary to expectations, the increased immune cells

in TTs did not contribute to a better prognosis. We per-
formed a functional analysis of immune cells to explore
this paradox,5 indicating these immune cells with a state
of dysfunction mostly within TTs albeit their abundance
(Figure 2K).
Further analysis revealed a higher prevalence of

immunosuppressive cells, including regulatory T cells
(Tregs), M2 macrophages, monocytic myeloid-derived
suppressor cells (M-MDSCs), polymorphonuclear MDSCs
and tolerogenic dendritic cells in TTs (Figure 3A–E),
suggesting a microenvironment dominated by immuno-
suppression. Immunostaining confirmed these findings
(Figures 2I,J and 3G,H). Given that Tregs can inhibit
antigen-presenting cells, we examined the spatial distri-
bution of conventional dendritic cells, which was reduced
in TTs (Figure 3F), confirmed by immunofluorescence
(Figure 3I,J). Additionally, classical antigen-presenting
molecules also exhibited lower expression levels in TTs
(Figure S9). Chemokines, such as CCL5 and CXCL12,
were notably elevated in TTs, which may partly explain
the recruitment of both immune and immunosuppressive
cells (Figures S8A,B and S9). Immune checkpoint genes
like PDCD1 and CD274 were upregulated in TTs (Figures
S8C,D and S9), validated by qPCR likewise (Figure 3K).

Clin. Transl. Med. 2024;14:e70112. wileyonlinelibrary.com/journal/ctm2 1 of 8
https://doi.org/10.1002/ctm2.70112
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F IGURE 1 Overview of study design and spatial transcriptomics (ST) spots annotation. (A) Schematic representation of this study
design. Tumour thrombus and non-tumour thrombus tissues from colorectal cancer (CRC) patients were used for spatial transcriptomics
RNA sequencing. (B) The proportion of patients with tumour thrombus across different stages of CRC. (C) Survival curve for CRC patients
with and without tumour thrombus. (D–F) UMAP plots of malignant spots identified by CNA analysis (D), deconvolution analysis (E), and
the combination of CNA analysis and deconvolution results (F). (G) ST spots annotation based on CNA analysis and deconvolution in
carcinoma regions. (H) Proportion of different cell type spots within the carcinoma regions of TT and NTT samples. TT, tumour thrombus;
NTT, non-tumour thrombus; SMC, smooth muscle cells.
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F IGURE 2 Spatial distribution of various cell types in TT and NTT samples. Spatial plots of CD8+ T cells (A), CD4+ T cells (B),
macrophages (C), B cells (D), endothelial cells (E) and fibroblasts (F) in TT1 and NTT1 samples. (G) Immunofluorescence for CD8+ and CD4+

T cells on TT and NTT samples. Scale bar 25 µm. (H) Percentage of CD8+ and CD4+ T cells among total cells between TT and NTT groups. (I)
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Immunosuppressive genes and cytokines were also
elevated in TTs (Figures S8E,F and S9).
Intercellular communication6 showed more signalling

events in NTTs, whereas TTs exhibited frequent interac-
tions between CD8+ and CD4+ T cells (Figure S10A–D
and Table S6). Receptor-ligand pairs between CD8+ and
CD4+ T cells, including CD80 - CTLA4, CD86 - CTLA4,
LGALS9 - CD45 and CD274 - PDCD1, were identified as
inhibitors of CD8+ T cell activation (Figure S11). Inter-
estingly, these interactions were cell-contact-dependent
rather than mediated by secreted factors, aligning with
the spatial proximity between CD8+ and CD4+ T cells.
Enrichment analysis showed a significant inhibitory path-
way in CD8+ T cells within the TTs, whereas an obvious
activation pathway was observed in NTTs (Figure S8G).
This CD4+ T cell-mediated inhibition was confirmed in
thrombus samples from hepatocellular carcinoma, which
demonstrated higher proportions of CD8+ T cells with sup-
pressed activity due to CD4+ T cell interactions (Figure
S12).7 Collectively, our findings suggested that CD4+ T
cells exert an inhibitory effect on CD8+ T cells within TTs,
resulting in immune cell dysfunction.
Differential gene expression analysis between TTs and

NTTs identified 145 TT-specific genes associated with poor
prognosis (Table S7 and S8). TCGA-CRC patients were
stratified into high- and low-score groups based on this
gene signature, with the high-score group exhibiting a
worse prognosis (Figure 4A and Figure S13A,B). Two dis-
tinct datasets validated these findings (Figure S13C,D).8,9
Notably, the high-score group showed elevated immune
scores (Figure 4B), accompanied by increased immuno-
suppressive Tregs and decreased activated/resting DCs
and CD4+ T cells (Figure 4C and Figure S13E).10 These
findings were consistent with our results from ST sam-
ples, substantiating the reduction of CD4+ T cells and
antigen-presenting cells and the simultaneous augment
of Tregs within TTs. Additionally, TT score correlated
positively with higher half inhibitory concentrations of
key chemotherapeutic agents (Figure 4D), reinforcing the
association with poorer clinical outcomes in patients with
TT.
Pan-cancer analysis exhibited a significant correlation

between the aforementioned gene signature and poor
prognosis across several epithelial-origin solid tumours

(Figure 4E). Immunosuppressive Tregs showed a posi-
tive correlation with the TT gene signature, whereas both
activated/resting CD4 memory T cells and activated DCs
unveiled a negative correlation (Figure 4F). These findings
aligned with findings from ST samples, indicating that an
enhanced immunosuppressive state is a key feature of the
TT microenvironment across diverse cancer types.
In conclusion, our study highlights that, despite

their abundance in the TT microenvironment, immune
cells demonstrate impaired anti-tumour functionality
due to upregulated immune checkpoints, immunosup-
pressive genes, and attenuated antigen presentation,
which emphasizes the predominance of an immuno-
suppressive microenvironment. Given the reliance of
current immunotherapies on the activation and effi-
cacy of pre-existing immune cells, our findings suggest
that CRC patients with TT may benefit from enhanced
immunotherapeutic strategies targeting immune cell
reactivation.
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Immunofluorescence for macrophages (CD68+) and M2 macrophages (CD68+CD206+) on TT and NTT samples. Scale bar 50 µm. (J)
Percentage of macrophages and M2 macrophages among total cells between TT and NTT groups. (K) Differences in the TIDE dysfunction and
exclusion scores were observed between TT and NTT samples. In TT samples, the lower exclusion score indicated that immune cells
successfully infiltrated the tumour. However, the higher dysfunction score in TT samples suggested that, despite this infiltration, the immune
cells had their functions suppressed, preventing them from effectively killing tumour cells. TT, tumour thrombus; NTT, non-tumour
thrombus; SMC, smooth muscle cells.
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F IGURE 3 Immunosuppressive landscape of colorectal cancer (CRC) tumour thrombus. Spatial plots of regulatory T cells (Tregs) (A),
M2 macrophages (B), monocytic myeloid-derived suppressor cells (M-MDSCs) (C), polymorphonuclear MDSCs (PMN-MDSCs) (D),
tolerogenic dendritic cells (tDCs) (E) and conventional dendritic cells (cDCs) (F) in TT1 and NTT1 samples. (G) Immunofluorescence for
Tregs (CD4+FOXP3+) on TT and NTT samples. Scale bar 50 µm. (H) Percentage of Tregs among total cells between TT and NTT groups. (I)
Immunofluorescence for cDCs (CD86+CD11c+) on TT and NTT samples. Scale bar 50 µm. (J) Percentage of cDCs among total cells between
TT and NTT groups. (K) qPCR analysis of key immune checkpoint genes, immunosuppressive genes, and antigen-presenting molecules in TT
and NTT samples. TT, tumour thrombus; NTT, non-tumour thrombus.
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F IGURE 4 Construction of the tumour thrombus gene signature and pan-cancer analysis. (A) Survival curve of high and low tumour
thrombus score groups in TCGA-CRC patients. (B) Comparison of immune and stromal scores between high and low tumour thrombus score
groups. The high-score group exhibited significantly higher proportions of immune and stromal cells compared to the low-score group. (C)
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Abstract
Background  Colorectal cancer (CRC) is the most prevalent malignant tumor of the digestive system globally, posing a 
significant threat to human health and quality of life. Recent studies have established associations between gut micro-
biota and immune cells with CRC; however, the mechanisms by which gut microbiota influence the development and 
progression of CRC through immune mediators remain poorly understood.
Methods  We conducted a two-sample, bidirectional Mendelian randomization analysis. We utilized 731 immune cell 
types and 473 gut microbial species along with colorectal cancer statistics from published summary statistics from 
genome-wide association studies (GWAS).The analysis employed several methodologies, including inverse variance-
weighted (IVW) analysis, MR-Egger regression, the weighted median method, and both weighted and simple model 
approaches.Sensitivity analyses were performed to confirm the reliability of the Mendelian randomization results, and 
reverse Mendelian randomization was used to assess the overall impact of CRC on gut microbiota and immune cells.
Results  Our findings suggest a causal relationship involving nine immunophenotypes and five specific gut microbial 
taxa with CRC. Notably, the gut microbes Alloprevotella and Holdemania, along with immune cell types CD3 on CD28- 
CD8br and CD4 + T cells, demonstrated significant causal associations with CRC. Mediation analysis revealed that the 
association between Alloprevotella and CRC was mediated by CD4 + T cells, with a mediation effect of 6.48%. Additionally, 
Holdemania was found to mediate its association with CRC through CD3 on CD28- CD8br, exhibiting a mediation effect 
of 9.29%. Reverse Mendelian randomization did not indicate any causal effect of CRC on specific immune cells or gut 
microbiota. Two-sided sensitivity analyses revealed no evidence of heterogeneity or horizontal pleiotropy in our findings.
Conclusions  This comprehensive Mendelian randomization study enhances our understanding of the mechanisms by 
which gut microbiota affects CRC through immune cell interactions. Further investigations are warranted to unravel the 
underlying mechanisms linking gut microbiota, immune cells, and colorectal cancer.

Keywords  Colorectal cancer · Gut microbiota · Immune cells · Mendelian randomization
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AC	� Absolute cell
MFI	� Median fluorescence intensity
MP	� Morphological parameters
RC	� Relative cell
GTDB	� Genome Taxonomy Database
IVW	� Inverse variance weighted
MR	� Mendelian randomization
IVs	� Instrumental variables
SNPs	� Single-nucleotide polymorphisms
LD	� Linkage disequilibrium
MAF	� Minimal allele frequency
UVMR	� Univariate Mendelian randomisation
SCFA	� Short-chain fatty acid
BCR	� B-cell antigen receptor
MAPK	� Mitogen-activated protein kinase
PRR	� Pattern recognition receptor

1  Introduction

Colorectal cancer is a prevalent malignancy, ranking as the third most common cancer and the second leading cause of 
cancer-related mortality globally [1]. According to the most recent data on cancer burden from the World Health Organi-
zation’s International Agency for Research on Cancer, it was estimated that in 2020, there were more than 1.9 million new 
cases of colorectal cancer and approximately 935,000 associated deaths. This accounts for approximately one in ten of 
all cancer cases and deaths [2]. Given the rising incidence of colorectal cancer, there is an urgent need for more sensitive 
biomarkers to enhance early detection and improve prognostic assessment of the disease.

Recent research has highlighted the extensive diversity of microorganisms inhabiting the human gut, forming a 
complex and unique microbial ecosystem [3]. The stability of the gut microbiota (GM) is crucial for maintaining human 
health, and disruptions to this balance can lead to a range of diseases. One risk factor for colorectal cancer (CRC) is 
intestinal dysbiosis, and the stability of the intestinal microenvironment is essential for preventing CRC development by 
maintaining intestinal barrier function, mediating intestinal inflammation, and regulating immune responses [4, 5] 0.16S 
rRNA gene sequencing has revealed decreased bacterial diversity in the fecal microbiota of CRC patients, accompanied 
by increased abundances of pathogenic bacteria such as Catabacter, Mogibacterium, and Fusobacteria [6]. Increasing 
evidence suggests that specific GM are directly associated with CRC development and progression. Particular microbial 
species and their virulence factors or associated small molecules can contribute to CRC by directly affecting the neo-
plastic transformation of epithelial cells or by interacting with the host immune system [7, 8].Recent studies have shown 
that Lactococcus lactis HkyuLL 10 can inhibit colorectal tumorigenesis through the production of α-mannosidase, while 
Fusobacterium nucleatum can inhibit pyroptosis, leading to chemoresistance in CRC [9, 10].These results suggest that 
GM plays an important role in the development and progression of CRC.

The colorectum, as a digestive organ, also functions as a critical immune organ, participating in both innate and 
adaptive immune responses [11]. The immune system plays a central role in the pathogenesis and progression of CRC. 
Emerging evidence indicates that CRC is influenced by a confluence of factors, including interactions between innate 
and adaptive immune cells, cytokine signaling pathways, and GMs [12]. Histopathological analysis revealed that CRC is 
characterized by a significant infiltration of various immune cell types [13]. Immune cell populations within CRC encom-
pass both innate and adaptive immune components. Specifically, the innate immune response includes macrophages, 
neutrophils, mast cells, and natural killer cells. In contrast, the adaptive immune response is represented by T lymphocytes 
and B lymphocytes. Innate immunity serves as the body’s initial defense mechanism, or “gut response,”against cancer 
and operates independently of specific antigen recognition [14–16].

In addition to the roles of T and B lymphocytes, innate immune cells contribute to the inflammatory milieu that 
can either promote or inhibit tumor growth [17]. During CRC progression, adaptive immune cells are recruited and 
exhibit both tumor-promoting and anti-tumor effects. T lymphocytes are implicated in the processes of inflammation, 
tumor development, and progression, as well as in the generation of anti-cancer immunity. B lymphocytes also play a 
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complementary role in the host’s response to tumors, highlighting the complex interplay between different immune 
system components in the context of CRC [18, 19].

Mendelian randomization (MR) is a robust analytical framework that employs common genetic variants as instrumental 
variables (IVs) to investigate causal relationships between exposures and outcomes. This method capitalizes on the fact 
that genotypes are randomly allocated at conception, thereby minimizing the confounding biases inherent in traditional 
epidemiological studies [20]. By leveraging the random assignment of genetic variants, MR studies approximate the 
randomization process found in clinical trials, thereby enhancing their capacity to infer causality [21]. Furthermore, MR 
studies capture the lifelong effects of exposure, providing a temporal advantage over conventional epidemiological 
studies and clinical trials that may be limited in their ability to account for long-term exposure periods [22].

Although extensive research has elucidated the roles of GM and immune cells in CRC development, there are still 
relatively few relevant studies on whether GM modulates the relationship between immunity and CRC.In this study, we 
employed MR analysis to systematically explore the causal effects of GM and 731 immune signatures on CRC (Fig. 1). This 
investigation utilized genome-wide association study (GWAS) data sourced from public databases to inform our analysis. 
Subsequently, we assessed the impact of GM on immune cell signatures and evaluated whether GM could influence 
CRC progression by modulating the immune system. This comprehensive approach aimed to elucidate the potential 
interactions between GM and immune responses in the context of CRC.

2 � Materials and methods

2.1 � Design

This study consisted of two steps of analysis. First, the association between 473 GMs and CRC was assessed using a 
two-sample MR approach, using SNPs as a instrumental variable (IV) for each factor. In the second step, mediators were 
selected from the 731 immune cell profiles to explore the role of immune cells in GM and CRC. The mediation effects of 
these immune traits were calculated using a two-step MR-mediated approach. MR analysis should be based on the fol-
lowing three assumptions: (1) Genetic IVs must be valid instruments, meaning that they are associated with exposure. 
(2) Genetic IVs must not be associated with known risk factors for the outcome of interest (i.e., confounding variables). 
(3) SNPs as instrumental variables are not directly associated with outcomes but are only associated with outcomes 
through exposure (Fig. 1) [20, 23, 24].

2.2 � GWAS data sources for GM and immune cells

Summary statistics for immune signatures, derived from genome-wide association studies (GWAS), are publicly accessible 
in the GWAS Catalog, with accession numbers ranging from GCST0001391 to GCST0002121[25].This comprehensive data-
set encompasses a total of 731 immunophenotypes, classified into distinct categories: absolute cell (AC) counts (n = 118), 
median fluorescence intensity (MFI) reflecting surface antigen levels (n = 389), morphological parameters (MP) (n = 32), 
and relative cell (RC) counts (n = 192). Specifically, the MFI, AC, and RC profiles include various immune cell types such as 

Fig. 1   Schematic diagram 
of the core assumptions of 
Mendelian randomization
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B cells, circulating dendritic cells (CDCs), T cell maturation stages, monocytes, myeloid cells, T cells, B cells, natural killer 
(NK) cells, and regulatory T cells (Tregs), while the MP profiles focus on CDC and TBNK (T cells, B cells, NK cells) panels.

The human gut microbiota (GM) data utilized in this study originates from the largest GWAS published to date, repre-
senting an extensive multi-ethnic examination of human autosomal genetic variations in relation to GM composition,with 
accession numbers ranging from GCST90032172 to GCST90032644. Genome-wide association tests were performed on 
2,801 microbial taxa alongside 7,967,866 human genetic variants obtained from a cohort of 5959 individuals enrolled in 
the FR02 study. Our analysis identified a total of 471 distinct taxa from the Genome Taxonomy Database (GTDB), repre-
senting 17% of all assessed taxa. This dataset encompasses 11 phyla, 19 classes, 24 orders, 62 families, 146 genera, and 
209 species, providing a robust framework for investigating the intricate relationships between immune mechanisms 
and GM [26].

2.3 � SNPs associated with colorectal cancer

The GWAS summary statistics of colorectal cancer were obtained from the FinnGen database (https://​www.​finng​en.​
fi/​en). The study performed a GWAS on European individuals (Ncase = 3022, Ncontrol = 174,006), with approximately 
16380321 number of SNPs.

2.4 � SNPs selection

To ensure the accuracy and validity of the causal relationship between GM, immune cells and CRC risk, we added the 
following restrictions to the IV inclusion criteria. First, only SNPs with p < 1e-05 were included as IV in the exposure and 
outcome analyses in the MR study. Second, SNPs with linkage disequilibrium (LD) r2 < 0.001) within a distance of 10,000 kb 
were removed using the TwoSampleMR R package [27].Third, SNPs that were significantly associated with the results 
were excluded (significance threshold of 1e-05). Fourth, palindromic SNPs were removed to ensure that SNP effects on 
exposure and outcome corresponded to the same allele. Finally, we calculated F-statistic values to measure the strength 
of IV,retaining SNPs with F-values greater than 10, and excluding SNPs with minimal allele frequency (MAF) less than 0.01 
[28] (Table S1-3). IVs must not influence the outcome through pathways other than the exposure of interest. To avoid 
this violation, we screened for common SNPs associated with CRC traits using the LDtrait Tool (https://​ldlink.​nih.​gov/) 
(Table S4-5).

2.5 � Statistical analysis

Analyses were conducted using R version 4.3.0, employing the “Two-Sample MR” package to facilitate the formatting, 
harmonization, and semi-automated analysis of summary data from genetic association studies. Statistical significance 
was defined as a threshold of p < 0.05 [29]. Following the selection of valid single nucleotide polymorphisms (SNPs), 
we utilized inverse variance weighting (IVW) as the primary approach for estimating the parameters in our Mendelian 
randomization (MR) analysis [30, 31]. The IVW method is deemed the most accurate method for assessing the overall 
causal impact of exposure on outcomes, assuming that all selected SNPs are valid [32].

To bolster our findings, we incorporated complementary methods for causal inference, including the weighted median, 
MR Egger, weighted mode, and simple mode techniques [33]. The weighted median method offers robust estimates 
when more than half of the SNPs are valid, whereas the MR Egger is capable of providing reliable effect estimates even 
in cases where all SNPs are invalid [34]. Further evaluations included MR-Egger regression and MR pleiotropy residuals 
and outliers (MR-PRESSO) tests to ascertain potential horizontal pleiotropy among SNPs [35].

Additionally, we investigated reverse causality through reverse MR analysis involving the GM, immune cell phenotypes, 
and CRC, employing the same methodological framework. To mitigate the impact of multiple testing, we established 
that at least one of the MR-Egger and weighted median estimates must achieve significance (p < 0.05).

Subsequently, we performed a mediation analysis. Initially, we identified immune cells that were causally affected 
by the gut microbiota using univariate Mendelian randomization (UVMR) and calculated their effect values (β1). Next, 
we determined whether the mediator exhibited a causal relationship with the outcome independent of exposure, 
with its effect quantified asβ2. We implemented two-sample mediation analysis (TSMR) to decompose the direct 
effects (without mediators) and mediating effects (through mediators) of pathways linking exposure and outcomes. 
It is essential that both the direct and indirect effects of exposure on the outcome are aligned in the same direction. 
The mediating effect was derived using the formulaβ12 = β1 × β2. The proportion of the mediating effect relative to 

https://www.finngen.fi/en
https://www.finngen.fi/en
https://ldlink.nih.gov/
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the total effect was calculated as β12_p = β12/β_all × 100% [36]. Finally, the direct effect of exposure on the outcome 
was determined using the formula β_dir = β_all—β12 (Fig. 2).

3 � Result

3.1 � Exploration of the causal effect of immunophenotypes on colorectal cancer

We used two-sample MR analysis to detect the relationship between immunophenotypes and colorectal cancer.
Preliminary results of IVW analysis showed that 35 suggestive immunophenotypes were identified,of which 5 were 
in the TBNK panel, 9 in the Treg panel,6 in the Myeloid cell panel,5 in the Maturation stages of T cell panel,7 in 
the B cell panel,2 in the cDC panel and 1 in the Monocyte panel (Fig S1). Combined with complementary and 
sensitivity analyses, nine immunophenotypes that met stringent screening criteria were identified as candidate 
immunophenotypes.The following immunophenotypes include CD25hi CD45RA + CD4 not Treg AC(OR 0.94, 95% CI: 
0.90–0.98, p = 0.002),CD4 + AC(OR 0.95, 95% CI: 0.91–0.99, p = 0.018),CD19 on IgD + CD24-(OR 0.97, 95% CI: 0.95–1.00, 
p = 0.022),CD19 on IgD + CD38dim(OR 0.98, 95% CI: 0.95–1.00, p = 0.032),FSC-A on CD14 + monocyte(OR 0.95, 95% 
CI: 0.91–0.99, p = 0.008),CD4 on CD39 + secreting Treg (OR 0.97, 95% CI: 0.95–1.00, p = 0.039)suggesting a protective 
effect.Of these, CD3 on CD28- CD8br (OR 1.07, 95% CI: 1.01–1.13, p = 0.016),HLA DR on CD14 + CD16- monocyte(OR 
1.04, 95% CI: 1.00–1.09, p = 0.047) and SSC-A on CD14 + monocyte(OR 1.06, 95% CI: 1.01–1.11, p = 0.011) are con-
sidered risk factors (Fig. 3, Table S6). Among the above nine immunophenotypes, each IVW resulted in a significant 
estimate (p < 0.05), and at least one of the MR-Egger and Weighted median estimates was significant (p < 0.05), and 
the direction and magnitude of the IVW, MR-Egger, and Weighted median estimates were consistent.To address 
potential pleiotropy issues, we scanned all SNPs used as IV in the study using the LDtrait tool. We identified one SNP 
(rs3184504) associated with CRC and reviewed the relevant literature to investigate its association with CRC (Table S4). 
After excluding this SNP, we performed MR analysis using the IVW method. The results showed that after removing 
this SNP, the p-value obtained using the IVW method remained greater than 0.05. After removing the outliers, the 
MR-PRESSO results did not support the presence of heterogeneous SNPs. Cochran’s Q test (p > 0.05) and the MR-
Egger’s intercept test (p > 0.05) similarly demonstrated the absence of heterogeneous SNPs. The results of the MR 
leave-one-out sensitivity analysis indicate that individual SNPs do not cause bias in the MR estimation. Reverse MR 
analysis showed no forward causal association between the nine immunophenotypes and CRC, demonstrating the 
reliability of the results.Forest plots,scatter plots,funnel plots and leave-one-out sensitivity analysis plots associated 
with the MR analysis of the above positive results can be found in the supplementary files (Figs S2-S5).

3.2 � The causal effect of GM on colorectal cancer

To further explore the causal effect of CRC on GM, we also chose two-sample MR analysis, which showed a causal rela-
tionship between a total of five GM and CRC: Alloprevotella (OR 1.17, 95% CI: 1.02–1.34, p = 0.02), factors.Holdemania 

Fig. 2   The analytical methods 
of mediation analysis
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(OR 0.82, 95% CI: 0.68–0.99, p = 0.04), Megamonas (OR 0.88, 95% CI: 0.79–0.97, p = 0.01), Psychroserpens (OR 0.64, 95% 
CI: 0.49–0.84, p = 0.001), and Succinivibrionaceae (OR 0.81, 95% CI: 0.72–0.92, p = 0.001) showed a negative association 
with CRC (Fig. 4, Table S7). Similarly, we scanned all SNPs used as IV in the study using the LDtrait tool and identi-
fied one SNP (rs 1,446,585) associated with CRC (Table S5). After excluding this SNP, we performed an MR analysis 
using the IVW method. The results showed that after removing this SNP, the p-value obtained using the IVW method 
remained greater than 0.05.All the forest plots,scatter plots,funnel plots and leave-one-out sensitivity analysis plots 
associated with the MR analysis of the above positive results can be found in the supplementary files (Fig S6-S9).

3.3 � Mediation analyses of potential mediators

After identifying potential mediators, we performed a two-step MR analysis and revealed how GM impacts CRC 
through immune cells. We measured the effect of exposure (GM) on mediation (immune cells) by calculating the 
mediation effect, which showed a causal relationship between Alloprevotella and CD4 + AC (OR 0.829, 95% CI: 0.692, 
0.993, p = 0.042), Holdemania and CD3 on CD28- CD8br (OR 1.327, 95% CI: 1.024–1.719, p = 0.032) (Fig. 5, Table S8). We 
found that CD4 + AC mediated the causal associations between Alloprevotella and CRC, with a mediation proportion 
of 6.48% (Fig. 6). CD3 on CD28- CD8br mediated the association between Holdemania and CRC, with a mediation 
proportion of 9.29% (Fig. 7).

Fig. 3   Forest plot illustrating the causal effects between immune cell traits and CRC as determined by five MR analyses
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Finally, we performed heterogeneity and pleiotropy analyses of the results of the aforementioned GM, immune cell, 
and mediation analyses. Our results showed p-values greater than 0.05, indicating the absence of heterogeneous and 
pleiotropic SNPs. In addition, we performed leave-one-out analysis, which further demonstrated the stability of our 
results.All the forest plots,scatter plots,funnel plots and leave-one-out sensitivity analysis plots associated with the MR 
analysis of the above positive results can be found in the supplementary files (Fig S10-S13).

Fig. 4   Forest plot illustrating the causal effects between GMs and CRC as determined by five MR analyses

Fig. 5   Forest plot illustrating the causal effects between GMs and immune cell traits as determined by five MR analyses

Fig. 6   Mediation effect of 
CD4 + AC in the association 
between Alloprevotella and 
colorectal cancer
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4 � Discussion

Colorectal cancer (CRC) has emerged as a global health concern, with half of all cases diagnosed at locally advanced 
stages or beyond [37]. To address this challenge, we conducted an intermediary Mendelian randomization (MR) study to 
elucidate the causal relationships among GM, immune cells, and CRC. This study represents a novel approach for explor-
ing the interconnectedness of multiple GM, immune cells, and CRC through MR analysis.

Our Mendelian randomization findings revealed that CRC exhibited causal effects on nine distinct immunophenotypes, 
whereas five specific GM demonstrated an impact on CRC risk. Notably, our mediation MR analysis identified five CRC-
associated GM and nine CRC-associated immune cell types. Among these, we discovered causal associations between 
Alloprevotella and CD4 + T cells, as well as between Holdemania and CD3 on CD28- CD8br, which helped us to gain more 
insight into the complex relationship between GM, immune cells, and CRC.

Numerous studies have highlighted the significant association between GM and CRC. Mechanistic insights suggest that 
dysbiosis, the presence of pathogenic GM, and their metabolites may contribute to CRC development and progression 
[38, 39]. In our investigation, we observed a notable positive correlation between CRC and Alloprevotella abundance of 
Alloprevotella. Recent research has identified Alloprevotella as a potential oral biomarker of the intestinal microbiota of 
patients with gastric cancer [40]. Additionally, evidence indicates that Alloprevotella is inversely associated with cytokines 
such as TNF-α, IFN-γ, and CXCR4 [41]. Li et al. reported elevated levels of Alloprevotella in CRC tissues compared to normal 
intestinal mucosa, consistent with our findings, suggesting a role for Alloprevotella in promoting CRC [42].

Furthermore, Alloprevotella has been implicated in the synthesis of short-chain fatty acids (SCFAs), which are key 
metabolites generated from the fermentation of insoluble dietary fibers by gut microbes. SCFAs are known to enhance 
gut health and have been shown to influence adoptive immunotherapy for cancer by modulating CD8 + T cells [43]. Based 
on these observations, we hypothesized that the metabolites produced by Alloprevotella may modulate immune cell func-
tion and consequently reduce CRC risk. This hypothesis underscores the need for further research to elucidate the precise 
mechanisms by which Alloprevotella and its metabolic products influence CRC pathogenesis and the immune response.

In contrast,our study identified four GM—Holdemania, Megamonas, Psychroserpens, and Succinivibrionaceae, which 
exhibit a negative association with CRC. Holdemania has been minimally investigated in the context of CRC; however, 
existing data suggest a higher abundance of Holdemania in younger CRC patients than in their older counterparts [9]. 
Megamonas, a member of the Firmicutes phylum, has been previously associated with CRC [44]. Notably, Megamonas 
was found to be significantly enriched in CRC patients, with an increased abundance observed in patients harboring 
KRAS mutations [45].Psychroserpens, a psychrophilic bacterium isolated from Antarctic marine sediments, is yet to 
be studied in relation to CRC [46]. Similarly, there is currently no available research on the association between Suc-
cinivibrionaceae and CRC, which underscores the need for further investigation into the roles of these microbiota in 
CRC pathogenesis, particularly given the limited existing evidence and potential implications for understanding the 
influence of microbes on CRC development.

Immune cells play a pivotal role in CRC development and progression. In our study, we observed a significant 
negative correlation between the presence of CD19 in IgD + CD24 − B cells and CD19 in IgD + CD38 dim B cells and 
CRC risk. CD19, a member of the immunoglobulin superfamily expressed exclusively on B lymphocytes, serves as 

Fig. 7   Mediation effect of CD3 
on CD28- CD8br in the asso-
ciation between Holdemania 
and colorectal cancer
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a critical co-receptor for B-cell antigen receptor (BCR) signaling. Co-ligation of CD19 with BCR has been shown to 
synergistically enhance calcium flux, mitogen-activated protein kinase (MAPK) activity, and cellular proliferation [47].

Prior research has indicated that depletion of CD19 + B lymphocytes can facilitate immune escape and adversely 
affect patient prognosis in CRC [48]. Our findings suggest that CD19 on IgD + CD24 − B cells and CD19 on IgD + CD38 
dim B cells may act as protective factors against CRC. This observation aligns with recent studies that highlight the 
similar protective roles of these B-cell subsets. IgD + B cells, characterized by their surface expression of IgD, rep-
resent a subset of B cells involved in the immune response. IgD can coexist with other immunoglobulins in B cells 
and participate in the co-regulation of immune responses [49]. These results underscore the importance of CD19-
expressing B-cell subsets in CRC and suggest potential avenues for further investigation of their roles as biomarkers 
or therapeutic targets in CRC management.

CD14, a prominent monocyte marker, functions as a pattern recognition receptor (PRR) and is integral in enhancing 
the innate immune response by mediating intracellular signaling upon encountering bacterial pathogens [50]. In our 
study, we found that HLA-DR expression in CD14 + CD16 − monocytes was positively associated with CRC risk. HLA-
DR, an MHC class II cell surface receptor encoded by the human leukocyte antigen (HLA) complex on chromosome 
6p21, along with CD14 and CD16, are crucial surface markers involved in signal recognition, signal transduction, and 
amplification of immune responses [51].

Previous investigations have demonstrated that HLA-DR expression in CD14 + CD16 − monocytes is notably ele-
vated in CRC tissues and correlates with poor patient prognosis [52]. This subset of monocytes may contribute to 
tumor progression by producing angiogenic mediators or growth factors that promote tumor cell proliferation, 
thereby enhancing CRC migration and invasion [53, 54]. These findings suggest that HLA-DR + CD14 + CD16 − mono-
cytes may play a significant role in the pathophysiology of CRC and may serve as potential biomarkers or therapeutic 
targets for improving disease outcomes.

Numerous studies underscore the pivotal role of CD4 + T cells in antitumor immunity, demonstrating their capacity 
to directly eliminate tumor cells and coordinate tumor destruction through cytokine production within the tumor 
microenvironment (TME) [55]. In CRC, GM has been identified as a key regulator of CD4 + T cell function. Recent 
research has highlighted a dichotomy within Bacteroides fragilis strains, where toxigenic strains promote tumorigen-
esis, whereas non-toxigenic strains confer protective effects by enhancing T follicular helper (Tfh) cell infiltration and 
the development of ectopic lymphoid structures [56]. In agreement with these observations, our findings revealed 
that CD4 + T cells may serve as a critical mediator between Alloprevotella and CRC. Specifically, while Alloprevotella 
has been identified as a potential risk factor for CRC, CD4 + T cells exhibit a protective role against the disease. We 
observed a negative correlation between Alloprevotella and CD4 + T cells, suggesting that Alloprevotella may facilitate 
CRC progression by suppressing CD4 + T cell activity, which may be attributable to Alloprevotella-induced inflam-
mation, which could disrupt epithelial barrier integrity and enhance bacterial translocation. This cascade of events 
may lead to chronic inflammation and a sustained immune response that inhibits CD4 + T cell function, thereby con-
tributing to the progression of CRC. These findings provide insights into the complex interplay between microbial 
components and immune cell dynamics in CRC progression, suggesting potential therapeutic strategies targeting 
microbial and immune interactions to mitigate CRC development [57].

Furthermore,we found a causal relationship between Holdemania and CD3 on CD28- CD8br.Our results indicate 
that CD3 on CD28- CD8br inhibits the protective effect of Holdemania against CRC.Previous studies have shown that 
Holdemania association with colorectal cancer suggests that it may play a role in immune function, inflammation, 
and hormone levels [58, 59].A study on irritable bowel syndrome showed that RPL9P33 and RP11-730G20.2 were 
positively correlated with the abundance of Holdemania, while RP11-730G20.2 was significantly enriched in CD8 + T 
cells, suggesting that Holdemania may have some link with CD8 + T cells [60]. In this study, ANXA2P2 was also found 
to be positively correlated with the abundance of Holdemania, and ANXA2P2 was significantly correlated with CD8 + T 
cells depletion in gliomas, which further indicated the association between Holdemania and CD8 + T cells [61, 62].
However, the specific mechanisms require further exploration.

Despite the insights provided by this study, several limitations must be acknowledged. First, the associations between 
genetic instrumental variables and phenotypes may be weakened, potentially resulting in a “weak instrument”phenomenon 
[63]. This limitation underscores the need for a cautious interpretation of our findings. Second, our primary analysis utilized 
inverse variance weighting (IVW) for Mendelian randomization (MR). While IVW was central to our analysis, it was essential 
to ensure that at least one of the MR-Egger or Weighted Median estimates was statistically significant (p < 0.05) to confirm 
robustness. However, these methods do not entirely mitigate the risk of false positives, and the mediation analysis yielded low 
effect sizes, suggesting a limited mediation impact. Additionally, the data used were predominantly derived from individuals 



Vol:.(1234567890)

Analysis	  
Discover Oncology          (2025) 16:747  | https://doi.org/10.1007/s12672-025-02486-3

of European ancestry and were restricted to adults, with no stratification by sex or age. These factors may affect the gener-
alizability and accuracy of the results.

Future studies should involve larger and more diverse cohorts to enhance the robustness and applicability of our con-
clusions. Validation across various populations will be crucial to affirm the generalizability of our findings and address the 
limitations of this study.

5 � Conclusion

Overall, our study comprehensively assessed the association between GM, immune cells, and CRC.These findings suggest that 
specific gut microbiota can positively or negatively affect the development and progression of colorectal cancer by affecting 
specific immune cells. This provides new ideas for the treatment of colorectal cancer: targeting specific gut microbiota (such 
as Alloprevotella or Holdemania), by affecting the corresponding immune cells, and then play a protective role in colorectal 
cancer. Considering the current widespread use of immunotherapy in colorectal cancer, our subsequent studies would further 
explore the impact of targeting gut microbiota or immune cells on colorectal cancer immunotherapy. 
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Abstract 

Objective

Pancreatic ductal adenocarcinoma (PDAC) is characterized by a low survival rate 

and limited responsiveness to current therapies. The role of hypoxia in the tumor 

microenvironment is critical, influencing tumor progression and therapy resistance. 

The aim of this study was to implement the complex dynamics of the hypoxic tumor 

microenvironment in PDAC in a hypoxia-related prognosis model.

Methods

We utilized single-cell RNA sequencing (scRNA-seq) data and integrated it with 

TCGA-PAAD database to identify hypoxia-responsive macrophage subsets and 

related genes. Kaplan-Meier survival analysis, Cox regression, and Lasso regres-

sion methods were employed to construct and validate a hypoxia-related prognostic 

model. The model’s effectiveness was evaluated through its predictive capabilities 

regarding chemotherapy sensitivity and overall survival.

Results

Our research integrated data from scRNA-seq and the TCGA-PAAD database to con-

struct a hypoxia-related prognostic model that encompassed 13 critical genes. This 

hypoxia model independently predicted chemotherapy response and poor outcomes, 

outperforming traditional clinicopathologic features. Additionally, a pan-cancer analy-

sis affirmed the relevance of our hypoxia-related genes across multiple malignancies, 

particularly highlighting KRTCAP2 as a pivotal biomarker associated with worse 

prognosis and reduced immune infiltration.

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0322618&domain=pdf&date_stamp=2025-05-02
https://doi.org/10.1371/journal.pone.0322618
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Conclusion

Our findings underscored the prognostic potential of hypoxia-related model and 

offered a novel avenue for therapeutic targeting, aiming to ameliorate outcomes in 

pancreatic cancer.

Introduction

Pancreatic cancer is globally recognized as one of the most lethal malignancies [1], 
with ductal adenocarcinoma (PDAC) representing the predominant pathological type 
[2]. Despite noteworthy advancements in the field of PDAC research, the five-year sur-
vival rate for patients still remains approximately 10% [1]. Current systemic therapies 
encompassing surgical intervention, chemotherapy, and immunotherapy are widely 
administered; however, the response rate among patients is still extremely low [3,4]. 
Notably, even though immune checkpoint inhibitors have markedly enhanced out-
comes in a variety of tumor types recently, their efficacy in improving pancreatic cancer 
prognosis remains limited [5]. Consequently, there is a pressing need to identify novel 
molecular markers and develop effective therapeutic targets for pancreatic cancer.

Hypoxia is a hallmark of the tumor microenvironment in solid malignancies, 
including pancreatic cancer, where it contributes to several pathological pro-
cesses such as impaired immune responses, metabolic reprogramming, epithelial-
mesenchymal transition, and increased therapy resistance [6,7]. In pancreatic 
cancer, the presence of hypoxic areas is critically implicated in adverse patient 
outcomes and serve as independent prognostic markers [8]. Moreover, tumor-
associated macrophages (TAMs) are notably accumulated in these hypoxic regions 
of the tumor. Previous studies have demonstrated that TAMs not only facilitate tum-
origenesis but also correlate with poor survival outcomes due to their involvement in 
inflammation, further emphasizing their potential as therapeutic targets in pancreatic 
cancer [9,10]. The dynamic interactions between cancer cells and TAMs within these 
hypoxic environments are pivotal in driving tumorigenesis and therefore present 
promising targets for innovative therapeutic strategies in cancer management [11].

In this study, our findings indicated that hypoxia significantly affects macrophages 
more than any other investigated immune cell type within the PDAC microenvi-
ronment. We pinpointed a distinct subset of macrophages using single-cell RNA 
sequencing (scRNA-seq) data from pancreatic cancer, which displayed heightened 
susceptibility to hypoxic conditions. By integrating data from the TCGA-PAAD data-
base, we identified a subset of hypoxia-related genes and subsequently developed 
a novel hypoxia-related prognostic model. This model is independent from current 
clinicopathologic features in pancreatic cancer. We further validated the prognostic 
efficacy of our model across multiple public databases. Our results confirmed that 
this model effectively predicts the sensitivity to common chemotherapeutic agents, 
including gemcitabine, oxaliplatin, cisplatin, 5-fluorouracil, and paclitaxel, within the 
pancreatic cancer context. Additionally, the model demonstrated robust prognostic 
prediction capabilities in a pan-cancer analysis.
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Materials and methods

Data acquisition

The 200 hypoxia hallmark genes were retrieved from the Molecular Signatures Database (https://www.gsea-msigdb.org/
gsea/msigdb/index.jsp). According to the MSigDB, this set consists of genes that are up-regulated in response to low 
oxygen levels (hypoxia).

The scRNA-seq data GSE155698 [12] were obtained from the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/), which comprised 19 samples: 16 primary PDAC tissues and 3 non-malignant pancreas 
tissues.

Bulk RNA-seq data, along with copy number variation (CNV), single-nucleotide variants (SNV), and associated clini-
copathologic information of PAAD were accessed from the Cancer Genome Atlas (TCGA) database (https://portal.gdc.
cancer.gov/), which included 159 pancreatic cancer tissues, following the exclusion of samples lacking survival data and 
clinical details. For external validation, databases from two cohorts, PACA-CA and PACA-AU, were utilized, encompassing 
142 and 76 samples respectively, after removing samples without follow-up. These were accessed from the International 
Cancer Genome Consortium (ICGC) database (https://dcc.icgc.org/).

Processing of scRNA-seq data

ScRNA-seq data were processed using the R package “Seurat” (v5.0.1). Initial quality control was performed with the 
following criteria:

1)	Genes expressed in fewer than three single cells were excluded;

2)	Cells with total gene counts <200 or > 5,000 were removed to filter low-quality cells and potential doublets;

3)	Cells with mitochondrial gene content >20% were discarded to eliminate apoptotic cells.

Normalization and feature selection.  Gene expression was normalized using the LogNormalize method (scale 
factor = 10,000) via the NormalizeData function. To identify highly variable genes for downstream analysis, 2,000 variable 
features were selected using the FindVariableFeatures function with the “vst” method.

Data scaling and dimensionality reduction.  Expression values were standardized (z-score transformation) using 
ScaleData. Principal component analysis (PCA) was performed on scaled data (RunPCA), and the top 30 principal 
components (PCs) were selected based on the elbow plot for downstream clustering.

Cell clustering and annotation.  Cell neighborhoods were constructed using FindNeighbors (dims = 1:30), followed 
by FindClusters (resolution = 0.4) to partition cells into distinct clusters. Uniform Manifold Approximation and Projection 
(UMAP) was applied for 2D visualization (RunUMAP, dims = 1:30). Cluster identity was determined by manually curating 
the top 10 marker genes from FindAllMarkers (Wilcoxon test, min.pct = 0.25, logfc.threshold = 0.25) against canonical cell-
type markers (Fig 2D).

Calculation of hypoxic microenvironment scores

For bulk RNA-seq data (TCGA-PAAD).  The tumor hypoxic microenvironment scores were computed via single-sample 
Gene Set Enrichment Analysis (ssGSEA) using the GSVA R package (v1.46.0). The 200 hypoxia hallmark genes were ranked 
per sample, and enrichment scores were calculated with 1,000 permutations. All 200 genes were included in the analysis. 
Subsequently, samples were classified into high and low hypoxic microenvironment groups based on the median score.

For scRNA-seq data.  Hypoxia activity was quantified using two methods
AddModuleScore:  The average expression of hypoxia genes was subtracted by the mean expression of 100 control 

gene sets to generate per-cell hypoxia scores.

https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
https://www.gsea-msigdb.org/gsea/msigdb/index.jsp
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://dcc.icgc.org/
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AUCell:  Gene rankings per cell were computed using the AUCell R package (v 1.20.2), and area under the curve 
(AUC) values were computed using the top 10% of ranked genes.

Gene set enrichment analysis

To investigate differential signaling pathways, we performed Gene set enrichment analysis (GSEA) using the package 
“clusterProfiler” (v4.6.0). This analysis compared macrophage cluster 1 with macrophage cluster 2 in scRNA-seq data, as 
well as high and low hypoxia groups within the TCGA-PAAD dataset. Pathway marker genes were downloaded from the 
MSigDB. The analysis was performed with the permutations parameter set to 1000. Results were considered significant 
if the normalized enrichment score (NES) had an absolute value greater than 1, with a FDR below 0.25 and p-values less 
than 0.05.

Construction and evaluation of the prognostic model

The FindMarkers function within the package “Seurat” was employed to identify DEGs between normal and tumor tissues 
in macrophage cluster 1 in scRNA-seq data, using Wilcoxon tests with a threshold value of 0.25. Genes were further 
filtered based on statistical significance and effect size, retaining only those with a p-value less than 0.05 and an absolute 
log2 fold change (|log2FC|) greater than 0.25. A univariate Cox regression analysis was performed to evaluate the prog-
nostic value of these DEGs for OS in patients from the TCGA-PAAD dataset using the package “survival” (v3.4.0) [13]. 
Subsequent least absolute shrinkage and selection operator (LASSO) regression with 10-fold cross-validation (glmnet, 
v4.1.8) was used to penalize overfitting genes [14–16]. The optimal lambda (λ = 0.0432) was selected via minimum partial 
likelihood deviance.

Utilizing the 13 hypoxia-related genes, ssGSEA was performed to calculate the enrichment fraction of hypoxia in each 
sample from the TCGA-PAAD database. Patients were stratified into high and low hypoxia groups based on the median 
hypoxia score. The prognostic efficacy of the hypoxia model was validated through the construction of receiver operating 
characteristic (ROC) curves and Kaplan–Meier (K–M) survival curves, using the packages “timeROC” (v0.4) and “sur-
vminer” (v0.4.9), respectively. Decision curve analysis (ggDCA, v1.2) was used to assess clinical utility. Additionally, the 
validity of the model was corroborated using external databases from PACA-CA and PACA-AU.

Mutation landscape analysis

SNV and TMB analysis: Mutation annotation format files were processed using package “maftools” (v2.14.0). Tumor 
mutational burden (TMB) was calculated as mutations per megabase. CNV analysis: Segmented copy number data from 
TCGA were analyzed using GISTIC 2.0 (thresholds: amplification = 0.2, deletion = -0.2).

Immune landscape analysis

To investigate the characteristics of immune cells across different hypoxia groups, we employed the R package “estimate” 
(v1.0.13) to calculate immune and stromal scores. Furthermore, we adopted the CIBERSORT algorithm [17] to evalu-
ate the infiltration of 22 immune cell types (LM22 signature matrix) in both high and low hypoxia groups using package 
“CIBERSORT” (v0.1.0). The association between the hypoxia score and the levels of immune cell infiltration was quanti-
fied using the Pearson correlation coefficient.

Drug sensitivity analysis

IC50 values for drugs were determined from the Genomics of Drug Sensitivity in Cancer (GDSC) database using the R 
package “oncoPredict” (v0.2). Differences in IC50 values between high and low hypoxia groups were statistically analyzed 
using the Wilcoxon test to assess significance.
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Statistical analysis

All statistical analysis were performed using R software (version 4.2.2). Differences among groups were evaluated using 
the Wilcoxon test, while correlations were assessed using either the Spearman or Pearson correlation coefficients. Sur-
vival differences were analyzed using the Log-rank test through Kaplan-Meier curves. All statistical tests were two-tailed, 
and a P-value of less than 0.05 was considered statistically significant.

Results

Association between tumor hypoxic microenvironment and survival outcomes in pancreatic cancer

The 200 hypoxia hallmark genes were retrieved from the Molecular Signatures Database [18]. We performed Kaplan−
Meier survival analysis to explore the correlation between the tumor hypoxic microenvironment and survival outcomes in 
TCGA-PAAD. Our findings demonstrated that a highly tumor hypoxic microenvironment in pancreatic cancer correlated 
with adverse prognostic outcomes, including reduced overall survival (OS) and progression free survival (PFS) (Figs 1, 2A 
and 2B).

Annotation of cell types and hypoxic microenvironment scores

Based on scRNA-seq data from GSE155698 [12], we obtained gene expression profiles of 37,018 cells from 16 primary 
PDAC samples and 7,316 cells from 3 non-malignant pancreas samples for further analysis after rigorous quality con-
trol and batch correction. Cells were classified into 13 distinct types based on the expression of typical cell markers. 
These types included epithelial cells, neutrophils, macrophages, T cells, acinar cells, mast cells, plasma cells, NK cells, 
fibroblasts, pericytes, B cells, dendritic cells, and endothelial cells (Fig 2C). Key marker genes utilized for annotation are 
depicted in Fig 2D.

We subsequently calculated hypoxic microenvironment scores for all identified cell types using the AddmoduleScore 
and AUCell functions. The analysis revealed that macrophages exhibited the highest hypoxic microenvironment scores, 
significantly higher than those of other immune cell types (Fig 2E and 2F). This significant elevation among macrophages 
suggested that tumor hypoxic microenvironment may play a crucial role in modulating macrophage functions, thereby 
potentially impacting the progression of PDAC. To further dissect the sensitivity of macrophages to the tumor hypoxic 
microenvironment, we performed subclustering of macrophages and recalculated their hypoxic microenvironment scores. 
We identified a subgroup of macrophages displaying significantly elevated hypoxic microenvironment scores, which we 
termed “macrophage cluster1”, representing hypoxia-responsive macrophages. In contrast, other subgroups exhibited rel-
atively lower sensitivity to tumor hypoxic microenvironment, and we designated these as “macrophage cluster2” (Fig 2G). 
Gene Set Enrichment Analysis (GSEA) conducted on these subtypes indicated a significantly more pronounced effect of 
hypoxia on macrophage cluster1, compared to cluster2 (Fig 2H), consistent with the hypoxic microenvironment scores 
calculated by AddmoduleScore (Fig 2I) and AUCell functions (Fig 2J).

Hub genes identification and hypoxia signature construction

To develop a risk signature, we initially identified differentially expressed genes (DEGs) between PDAC and non-
malignant pancreas tissues within macrophage cluster1 in scRNA-seq data. A total of 882 DEGs were discerned,  
comprising 571 upregulated and 311 downregulated genes. These DEGs represented the specific alterations in hypoxia-
responsive macrophages within pancreatic cancer. Subsequently, we evaluated the prognostic value of these 882 DEGs 
using univariate Cox regression analysis, identifying 23 genes associated with poor prognosis in the TCGA-PAAD cohort. 
Further refinement was conducted through Lasso Cox regression analysis to pinpoint hub genes. As illustrated in Fig 
3A and 3B, the optimal Lambda is 0.0432, and 13 hypoxia-related genes were finally included in the construction of the 
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hypoxia-related prognostic model, including LYZ, SCN1B, PLAU, INSIG2, DSC2, MICAL1, U2AF1, KRTCAP2, DDX60L, 
SATB1, SAMD9, LTC4S, IGLL5. The regression coefficients for each gene were detailed in S1 Table.

Hypoxia model predicts survival in TCGA cohort

To assess the prognostic significance of hypoxia in PDAC, we calculated a hypoxia score for each patient in the TCGA-
PAAD cohort according to the hypoxia-related prognostic model. The hypoxia score represented the degree of hypoxic 
activity based on the hypoxia-related prognostic model. Patients were stratified into high and low hypoxia groups using 
the median hypoxia score as a cutoff. Fig 3C displayed the distribution of hypoxia scores and correlated them with patient 
survival status, indicating a higher mortality rate in the high hypoxia group. Kaplan−Meier survival curve demonstrated 
that patients with high hypoxia scores exhibited significantly worse outcomes, compared to those with low scores (Fig 3D). 
Additionally, to assess the predictive efficacy of our hypoxia model, time-dependent ROC curves for OS were generated. The 
area under the curve (AUC) values were 0.774 at 1 year, 0.727 at 2 years, and 0.711 at 3 years (Fig 3E). These values were 
significantly superior to those derived from clinicopathologic characteristics alone (Fig 3F), underscoring the model’s excel-
lent predictive capability. Decision curve analysis confirmed these findings, demonstrating that clinical interventions guided 
by the hypoxia model yielded greater benefits compared to those based solely on clinicopathologic characteristics (Fig 3G). 
Similar results were also observed in external validation cohorts, including PACA-CA (S1 Fig) and PACA-AU (S2 Fig).

Fig 1.  Flow chart of this study.

https://doi.org/10.1371/journal.pone.0322618.g001

https://doi.org/10.1371/journal.pone.0322618.g001
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Fig 2.  Single-cell RNA-sequencing analysis identified hypoxia-responsive macrophage subcluster. (A, B) Prognostic differences of the tumor 
hypoxic microenvironment in TCGA-PAAD cohort. (C) UMAP plot of 13 cell types in PDAC samples. (D) Key cell markers used to identify cell types. (E, 
F) Hypoxic microenvironment scores calculated by the AddModuleScore and AUCell function. (G) UMAP plot of macrophage subclusters. (H) GSEA 
showed that Hypoxia pathways was activated in macrophage cluster 1. (I, J) Hypoxic microenvironment scores calculated by the AddModuleScore and 
AUCell function in macrophage subclusters. Data sources: Panels A and B use the TCGA-PAAD cohort. Panels C-J use the dataset GSE155698.

https://doi.org/10.1371/journal.pone.0322618.g002

https://doi.org/10.1371/journal.pone.0322618.g002
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Fig 3.  Construction of hypoxia-related prognostic model in TCGA cohort. (A, B) LASSO regression of hypoxia-related genes. (C) Relationship 
between survival status and hypoxia scores in TCGA cohort. (D) Kaplan−Meier curves of patients in high and low hypoxia groups. (E) ROC curves of 
hypoxia model for predicting the risk of death at 1, 2, and 3 years. (F) Time-AUC curves evaluating the predictive capacity of the hypoxia model and 
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Analysis of clinicopathologic characteristics and nomogram construction

To ascertain whether the hypoxia score could independently influence prognosis, we collected clinicopathologic data 
from the TCGA-PAAD cohort. Multivariate Cox regression analysis confirmed that the hypoxia score was an independent 
prognostic factor for patients with pancreatic cancer (Fig 4A and S3 Fig). We compared clinicopathologic characteristics 
between the high and low hypoxia groups; a heatmap analysis indicated comparable features across both groups (Fig 
4B). This suggested that the prognostic capability of the hypoxia model operated independently of clinicopathologic char-
acteristics. Further analysis assessed the differences in hypoxia scores across various clinicopathologic factors; notably, 
higher N stages were associated with increased hypoxia scores (Fig 4C and S3 Fig). Additionally, stratified analysis based 
on clinicopathologic characteristics such as age<=65, age > 65, Male, T3-T4, N0, N1, Stage Ⅰ-Ⅱ, Stage Ⅲ-Ⅳ demonstrated 
significant differences in survival outcomes between the high and low hypoxia groups (S4 Fig).

Finally, we developed a novel nomogram that integrated clinicopathologic features and hypoxia scores (Fig 4D). 
This nomogram exhibited strong predictive power for survival outcomes, as evidenced by the calibration curve (Fig 4E). 
Additionally, we conducted decision curve analysis to evaluate the nomogram’s predictive efficacy, and the results demon-
strated that the benefit rate for patients treated based on the nomogram exceeded those who were treated based on other 
clinicopathologic features alone (Fig 4F).

Gene set enrichment analysis

To elucidate the molecular mechanisms underlying the differences in cancer progression between high and low hypoxia 
groups, we performed Gene Set Enrichment Analysis (GSEA). The analysis revealed that the high hypoxia group exhib-
ited significant enrichment in several critical pathways, including biosynthesis of amino acids, cell cycle, DNA replication, 
nucleocytoplasmic transport, nucleotide metabolism, protein processing in the endoplasmic reticulum, ribosome, E2F 
targets, G2M checkpoint, hypoxia and mitotic spindle (Fig 5A and 5B).

Mutation landscape analysis

Gene mutations play a critical role in tumor development and resistance to therapy. Analysis of single-nucleotide variants 
(SNV) indicated that missense mutations were the most common type in both the high and low hypoxia groups. Despite 
the top five most frequently mutated genes - KRAS, TP53, CDKN2A, SMAD4 and TTN - being identical between the 
groups, the overall mutation rate was significantly higher in the high hypoxia group (90.28%), compared to the low hypoxia 
group (78.87%), as shown in Fig 5C and 5D. Further investigations revealed a higher incidence of copy number variation 
(CNV) gains in the high hypoxia group (Fig 5E). Additionally, the high hypoxia group harbored a remarkably greater tumor 
mutational burden (TMB) than the low hypoxia group (Fig 5F), and the hypoxia score was positively correlated with TMB, 
with a correlation coefficient of 0.28 and a statistically significant level (P < 0.001), as illustrated in Fig 5G. It is widely 
accepted that TMB is associated with poor prognosis, which may be the reason for the poor prognosis in the high hypoxia 
group.

Unveiling immune cell infiltration in hypoxia model

The immune microenvironment plays a crucial role in the prognosis of pancreatic cancer patients. We explored the associ-
ation between hypoxia scores and immune cell infiltration using the ESTIMATE algorithm, which assesses the level of 
immune cell presence within tumors. Our analysis indicated that the high hypoxia group exhibited higher tumor purity and 
lower immune, stromal, and ESTIMATE scores (Fig 6A), suggesting a negative correlation between hypoxia scores and 

clinicopathologic features. (G) Decision curve analysis evaluating the benefit rate of patients receiving clinical treatment based on the hypoxia model and 
clinicopathologic features. Data sources: Panels A-G use the TCGA-PAAD cohort.

https://doi.org/10.1371/journal.pone.0322618.g003

https://doi.org/10.1371/journal.pone.0322618.g003
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immune cell infiltration. Moreover, the CIBERSORT algorithm was employed to further analyze the composition of immune 
cells in the TCGA-PAAD cohort. The findings demonstrated a reduced presence of anti-tumor immune cells such as 
naive B cells in the high hypoxia group, while macrophages M0 were predominantly enriched (Fig 6B), indicating that the 

Fig 4.  Clinicopathologic features of hypoxia model and construction of prognostic nomogram. (A) Multivariate Cox regression analysis of 
hypoxia model and clinicopathologic characteristics. (B) Heatmap of hypoxia groups and clinicopathologic characteristics. (C) Relationship between 
hypoxia score and N stage of patients. (D) Construction of the nomogram integrating the hypoxia model and clinicopathologic characteristics. (E) Cali-
bration curves for 1, 2, and 3 years of nomogram. (F) Decision curve analysis evaluating the benefit rate of patients receiving clinical treatment based on 
the nomogram. Data sources: Panels A-F use the TCGA-PAAD cohort.

https://doi.org/10.1371/journal.pone.0322618.g004

https://doi.org/10.1371/journal.pone.0322618.g004
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Fig 5.  Molecular features of high and low hypoxia groups. (A, B) GSEA analysis revealed enriched signaling pathways in high hypoxia group. (C, 
D) Waterfall diagrams displaying SNV mutations of high and low hypoxia groups. (E) Differential proportion of CNV mutations in high and low hypoxia 
groups. (F) The comparison of TMB between high and low hypoxia groups. (G) The Pearson correlation analysis of TMB and hypoxia scores. Data 
sources: Panels A-G use the TCGA-PAAD cohort.

https://doi.org/10.1371/journal.pone.0322618.g005

https://doi.org/10.1371/journal.pone.0322618.g005


PLOS One | https://doi.org/10.1371/journal.pone.0322618  May 2, 2025 12 / 18

hypoxia score was closely associated with an immunosuppressive tumor microenvironment. Correlation analysis between 
hypoxia-related genes and immune cell infiltration levels further substantiated these observations (Fig 6C).

Drug sensitivity analysis

We further explored the correlation between hypoxia score and chemotherapy sensitivity in pancreatic cancer. Utilizing 
the GDSC database, we assessed the response to chemotherapeutic agents. Notably, most drugs exhibited significant 

Fig 6.  Relationship of hypoxia score with immune cell infiltration and chemotherapy sensitivity. (A) Differences among immune score, stromal 
score, ESTIMATE score, and tumor purity between different hypoxia groups. (B) Differential proportion of 22 immune cell subtypes between high and 
low hypoxia groups by the CIBERSORT algorithm. (C) Correlations between hypoxia-related genes and 22 immune cell subtypes. (D) Correlation analy-
sis between hypoxia score and chemotherapy sensitivity. Data sources: Panels A-C use the TCGA-PAAD cohort. Panel D uses TCGA-PAAD cohort and 
GDSC dataset.

https://doi.org/10.1371/journal.pone.0322618.g006

https://doi.org/10.1371/journal.pone.0322618.g006
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differential responses between the high and low hypoxia groups, including key agents such as gemcitabine, oxaliplatin, 
cisplatin, 5-Fluorouracil and paclitaxel (Fig 6D). The elevated half-maximal inhibitory concentrations (IC50) of these drugs 
in the high hypoxia group suggested a diminished chemotherapy efficacy, which may contribute to the observed poorer 
prognosis in this group.

Pan-cancer analysis

We extended our analysis of hypoxia-related genes to a pan-cancer analysis. These genes were found to be significantly 
associated with various survival metrics across multiple cancer types, including overall survival (OS) (Fig 7A), disease 
specific survival (DSS) (Fig 7B), disease free survival (DFS) (Fig 7C), and progression free survival (PFS) (Fig 7D). 
Among these, KRTCAP2 consistently emerged as a prognostic marker, with its expression linked to unfavorable outcomes 
across nearly all investigated cancer types, evidenced by a hazard ratio (HR) greater than 1. We further examined KRT-
CAP2 expression levels in cancer tissues, compared to adjacent normal tissues, and across different stages of cancer 
progression. The results indicated a significant overexpression of KRTCAP2 in cancer tissues across most cancer types 
(Fig 7E), with its abundant expression escalating in higher cancer stages (Fig 7F). Additionally, we also assessed the cor-
relation between KRTCAP2 expression and immune cell infiltration across various tumors and found KRTCAP2 expres-
sion exhibited a negative correlation with several immune cell populations, including T cells gamma delta, CD8+ T cells, 
CD4+ memory activated T cells, neutrophils, monocytes, resting mast cells, M1 macrophages, and activated dendritic 
cells, across multiple tumor types. Conversely, a positive correlation was observed between KRTCAP2 expression and 
the immunosuppressive Treg cells (Fig 7G), suggesting that KRTCAP2 played a significant role in modulating the tumor 
immune microenvironment across diverse cancer types.

Discussion

The incidence of pancreatic cancer has been steadily increasing, with projections indicating that this upward trend will 
continue for the foreseeable future in both the United States and Europe [19]. Rahib et al. have projected that PDAC will 
become the second-leading cause of cancer-related mortality in the United States by 2030, despite rapid advancements in 
cancer therapeutics [20]. Therefore, identifying the factors contributing to pancreatic cancer drug resistance is imperative. 
Current literature highlights that pancreatic cancer is notably hypoxic compared to other cancer types, with the hypoxic 
microenvironment significantly enhancing drug resistance [21–23]. Despite these insights, current research has not yet 
revealed the specific cell types within the pancreatic cancer microenvironment that are most likely influenced by the local 
hypoxic microenvironment.

In this study, we observed that macrophages are disproportionately affected by hypoxic conditions compared to other 
immune cell types. Macrophages are indispensable components of the tumor microenvironment and play pivotal roles in 
the progression, metastasis, and therapeutic resistance of PDAC, thus posing significant challenges to developing effec-
tive treatment strategies targeting this deadly cancer [24,25]. Furthermore, the hypoxic microenvironment is known to 
promote macrophage polarization and their enrichment within tumors [26]. Our subgroup analysis further identified macro-
phage cluster1 as being particularly sensitive to tumor hypoxic microenvironment.

We conducted differential gene expression analysis on macrophage cluster 1 and combined COX and Lasso regres-
sion analysis to construct a novel hypoxia-related prognostic model, which contained 13 genes: LYZ, SCN1B, PLAU, 
INSIG2, DSC2, MICAL1, U2AF1, KRTCAP2, DDX60L, SATB1, SAMD9, LTC4S and IGLL5. Our hypoxia model shares 
common genes, such as PLAU, with other hypoxia-related prognostic models [27–29]. However, unlike other models 
constructed from bulk RNA data, our model was developed using single-cell data. This approach allowed us to identify the 
cell subpopulations with the highest hypoxia responsiveness in pancreatic cancer, providing a more precise localization of 
hypoxia-driven effects.
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Based on our model, we calculated hypoxia score for each patient in the TCGA-PAAD cohort. Patients were then 
stratified into high and low hypoxia groups based on the median score. Our analysis revealed that patients in the high 
hypoxia group exhibited significantly worse prognostic outcomes compared to those in the low hypoxia group. Moreover, 
our hypoxia model demonstrated superior predictive performance for patient survival at 1, 2, and 3 years when compared 
to clinicopathologic characteristics. By integrating hypoxia scores with clinicopathologic features, our findings confirmed 
that the hypoxia score served as an independent prognostic factor. Interestingly, there were no significant differences in 
clinicopathologic features between the high and low hypoxia score groups. Moreover, within most subgroups defined by 
clinicopathologic characteristics, patients with high hypoxia scores generally exhibited worse prognoses compared to 
those with low scores. These findings underscored the predictive efficacy of the hypoxia model and was entirely indepen-
dent of clinicopathologic features.

To further elucidate the relationship between the hypoxia microenvironment and tumor-infiltrating immune cells 
in pancreatic cancer, we employed several algorithms to assess immune infiltration states [30–32]. Our findings 
indicated a significant reduction in naïve B cells, which are well known for their anti-tumor immune responses, in 
patients with high hypoxia scores. This reduction potentially facilitated tumor immune evasion and progression, con-
tributing to the substantially decreased survival rates observed in the high hypoxia group. Similar findings have been 
reported in studies of kidney renal clear cell carcinoma (KIRC), where cuproptosis signatures are closely associated 
with tumor immune cell infiltration and responses to immunotherapy, serving as a potential biomarker for predicting 
patient prognosis [33].

Pan-cancer analysis has emerged as a powerful approach to uncover biomarkers and therapeutic targets that 
play critical roles across multiple cancer types, providing insights into shared molecular mechanisms and prognostic 
factors [34–36]. In our study, pan-cancer analysis had further demonstrated that these 13 hypoxia-related genes, 
particularly the KRTCAP2 gene, were not only significantly associated with the prognosis of pancreatic cancer but 
also played critical roles across various malignancies. Keratinocyte-associated protein 2 (KRTCAP2) is involved in 
N-glycosylation processes. Previous research has shown that elevated levels of KRTCAP2 protein are associated 
with reduced infiltration of CD8+ T cells and CD68+ macrophages in hepatocellular carcinoma tissues [37]. Addition-
ally, KRTCAP2 has been shown to regulate tumor cell proliferation, differentiation, and carcinogenesis in gastric 
cancer [38]. Elevated expression of KRTCAP2 has also been associated with unfavorable prognosis in uveal mel-
anoma, further underscoring its role as a prognostic marker [39]. Similar observations have been made with other 
pan-cancer biomarkers [40,41], where individual gene can demonstrate significant prognostic value and associations 
with immune cell infiltration across multiple cancer types. Moreover, when comparing the gene expression levels 
of KRTCAP2 between tumor tissues and adjacent normal tissues, as well as across different cancer stages, it was 
found that KRTCAP2 was consistently overexpressed in tumor tissues compared to adjacent normal tissues across 
a broad spectrum of cancers. Its expression also escalated with advancing tumor stages. Based on these findings, 
we propose that KRTCAP2 serves as a potential tumor biomarker and represents a promising target for therapeutic 
intervention.

Despite the promising findings obtained, our study also has some limitations that need to be addressed. Firstly, addi-
tional investigations into the protein expression levels of hypoxia-related genes are necessary to complement our findings. 
Secondly, our study lacks supporting cellular and animal experiments to confirm the regulatory mechanisms in pancreatic 

Fig 7.  Pan-cancer analysis of hypoxia-related genes. (A-D) Relationship between hypoxia-related genes with OS (A), DSS (B), DFS (C) and PFS (D) 
across multiple cancer types. (E) Differences in KRTCAP2 expression levels between cancer and adjacent normal tissues across various tumor types. 
(F) Differences in KRTCAP2 expression levels between different tumor stages across various tumor types. (G) The relationship between KRTCAP2 and 
immune cell infiltration across various tumor types. Data sources: Panels A-G use the TCGA dataset.

https://doi.org/10.1371/journal.pone.0322618.g007

https://doi.org/10.1371/journal.pone.0322618.g007
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cancer. Therefore, more comprehensive research is essential to thoroughly assess the potential and applicability of our 
hypoxia model in future studies.

In conclusion, we developed a thirteen-gene hypoxia-related prognostic model for pancreatic cancer by integrating 
single-cell RNA sequencing and bulk RNA sequencing data. This prognostic signature not only served as an independent 
factor for predicting patient outcomes, but also offered important insights into immune cell infiltration and chemotherapy 
response. Further, it holds promise for identifying potential new biomarkers and therapeutic targets in pancreatic cancer.

Supporting information

S1 Fig.  Validation of the hypoxia-related prognostic model in PACA-CA cohort. (A) Relationship between survival 
status and hypoxia score in PACA-CA cohort. (B) Kaplan−Meier curves of patients in high and low hypoxia groups. (C) 
ROC curves of hypoxia model for predicting the risk of death at 1, 2, and 3 years. (D) Time-AUC curves evaluating the 
predictive capacity of the hypoxia model and clinicopathologic features. (E) Decision curve analysis evaluating the bene-
fit rate of patients receiving clinical treatment based on the hypoxia model and clinicopathologic features. Data sources: 
Panels A-E use the PACA-CA cohort.
(TIF)

S2 Fig.  Validation of the hypoxia-related prognostic model in PACA-AU cohort. (A) Relationship between survival 
status and hypoxia score in PACA-AU cohort. (B) Kaplan−Meier curves of patients in high and low hypoxia groups. (C) 
ROC curves of hypoxia model for predicting the risk of death at 1, 2, and 3 years. (D) Time-AUC curves evaluating the 
predictive capacity of the hypoxia model and clinicopathologic features. (E) Decision curve analysis evaluating the bene-
fit rate of patients receiving clinical treatment based on the hypoxia model and clinicopathologic features. Data sources: 
Panels A-E use the PACA-AU cohort.
(TIF)

S3 Fig.  Clinicopathologic features of hypoxia model. (A, B) Multivariate Cox regression analysis of hypoxia model 
and clinicopathologic characteristics in PACA-CA (A) and PACA-AU (B) cohort. (C-F) Relationship between hypoxia score 
with age (C), gender (D), TNM stage (E) and T stage (F) of patients in TCGA-PAAD cohort. Data sources: Panel A use the 
PACA-CA cohort. Panel B use the PACA-AU cohort. Panels C-F use the TCGA-PAAD cohort.
(TIF)

S4 Fig.  The prognostic value of hypoxia model in age (A, B), gender (C, D), T stage (E, F), N stage (G, H) and TNM 
stage (I, J), respectively. Data sources: Panels A-J use the TCGA-PAAD cohort.
(TIF)

S1 Table.  The coefficient of each gene in the hypoxia model. 
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3. Summary 

Spatial transcriptomics and mendelian randomization decipher the microenvironment in 

colorectal cancer:  

i) Spatial transcriptomics analysis revealed that within the tumor thrombus associated 

microenvironment of colorectal cancer, despite the increased infiltration of CD8+ T cells and 

macrophages, these immune populations exhibit significant dysfunction. CD4+ T cells inhibit 

CD8+ T cell activity, concomitant with enrichment of immunosuppressive subsets and impaired 

antigen-presenting capacity of cDCs.  

ii) Large-scale genome-wide association study revealed robust causal relationships of five 

distinct microbial taxa and nine distinct immune cell phenotypes with CRC.  

 

Single-cell RNA sequencing deciphers the microenvironment in PDAC:  

iii) Integrating single-cell and bulk RNA sequencing data, a hypoxia-responsive macrophage-

derived prognostic signature was developed to predict survival outcomes in PDAC. This 13-

gene model independently predicts inferior overall survival and chemosensitivity. 

Comprehensive pan-cancer analysis further substantiated KRTCAP2 as a pan-tumor biomarker 

correlating with diminished immune infiltration and adverse prognosis. 

iv) Using single-cell RNA sequencing and functional validation, we identify a distinct malignant 

epithelial subcluster (c05) enriched in liver metastases and progressive disease PDAC, 

characterized by an immune-cold niche with disrupted cell communication. We further define 

RARRES1 as a central resistance driver consistently upregulated across resistant groups and 

validated in experimental models. 
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3. Zusammenfassung 

Räumliche Transkriptomik (spatial transcriptomics) und Mendelsche Randomisierung 

entschlüsseln das Mikromilieu im kolorektalen Karzinom:  

i) Räumlich-transkriptomische Analysen offenbarten, dass im tumorthrombus-assoziierten 

Mikromilieu des kolorektalen Karzinoms trotz verstärkter Infiltration von CD8+ T-Zellen und 

Makrophagen diese Immunpopulationen eine ausgeprägte Dysfunktion aufweisen. CD4+ T-

Zellen supprimieren die Aktivität von CD8+ T-Zellen, begleitet von einer Anreicherung 

immunsuppressiver Subpopulationen sowie einer eingeschränkten 

Antigenpräsentationsfähigkeit konventioneller dendritischer Zellen (cDCs). 

ii) Großangelegte genomweite Assoziationsstudien belegten robuste kausale Beziehungen von 

fünf spezifischen mikrobiellen Taxa und neun distinkten Immunzellphänotypen mit 

kolorektalen Karzinomen.  

 

Einzelzell-RNA-Sequenzierungs-Analysen des Mikromilieu im duktalen Pankreaskarzinom 

(PDAC):  

iii) Durch Integration von Einzelzell- und Bulk-RNA-Sequenzierungsdaten wurde eine 

hypoxieantwortende makrophagenabhängige prognostische Signatur zur Vorhersage von 

Überlebensendpunkten bei PDAC entwickelt. Dieses 13-Gen-Modell sagt unabhängig ein 

schlechteres Gesamtüberleben und Chemosensitivität voraus. Eine umfassende Pan-Krebs-

Analyse validierte ferner KRTCAP2 als Pan-Tumor-Biomarker, das mit reduzierter 

Immuninfiltration und ungünstiger Prognose korreliert. 

iv) Mittels Einzelzell-RNA-Sequenzierung und funktioneller Validierung identifizierten wir 

einen distinkten malignen epithelialen Subcluster (c05), der in Lebermetastasen und 

progredientem PDAC angereichert ist und durch eine immunologisch “kalte” Nische mit 

gestörter Zellkommunikation charakterisiert ist. Wir definieren RARRES1 weiterhin als 

zentralen Resistenzfaktor, der konsistent über Resistenzgruppen hochreguliert ist und 

experimentell validiert wurde. 
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5. List of abbreviations 

IARC: International Agency for Research on Cancer 

TME: tumor microenvironment 

CRC: colorectal cancer 

TT: tumor thrombus 

NTT: non-tumor thrombus 

CMS: consensus molecular subtypes 

Tregs: regulatory T cells 

M-MDSCs: monocytic myeloid-derived suppressor cells 

PMN-MDSCs: polymorphonuclear myeloid-derived suppressor cells 

tDCs: tolerogenic dendritic cells 

cDCs: conventional dendritic cells 

GM: gut microbial 

MR: Mendelian Randomization 

IVs: instrumental variables 

GWAS: genome-wide association studies 

PDAC: Pancreatic ductal adenocarcinoma 

TAMs: tumor-associated macrophages 

scRNA-seq: single-cell RNA sequencing 

AUC: area under the curve 

TMB: tumor mutational burden 

CNV: copy number variations 

PR: Partial Response 

SD: Stable Disease 

PD: Progressive Disease 

NMF: Non-negative matrix factorization 

SNVs: single nucleotide variants 

GEM-R: gemcitabine-resistant L3.6pl cells 
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Figure 1. Identification of a chemoresistance-associated malignant epithelial subcluster (c05) 

in PDAC. 

(A) UMAP plot of 8 cell types from single-cell RNA sequencing (scRNA-seq) data in 27 PDAC 

samples. 

(B) Proportion of different cell types across treatment response groups: Treatment-naive 

(Naive), Partial Response (PR), Stable Disease (SD), and Progressive Disease (PD).  

(C) Proportion of different cell types in primary pancreatic cancers versus liver metastases. 

(D) UMAP plot showing 20 distinct epithelial subclusters (c01-c20). 

(E) CNV scores across epithelial subclusters. c01-c14 exhibit high CNV scores, confirming their 

malignant origin. Dashed line indicates the CNV threshold for malignancy. 

(F) Heatmap of established PDAC subtype marker genes across malignant subclusters (c01-

c14). c01-c03: Classical subtype; c06-c08: Basal-like subtype; c04-c05: Mixed subtype 

expression; c09-c14: No defined subtype markers. 

(G) Proportion of malignant subclusters (c01-c14) in primary pancreatic cancers versus liver 

metastases. 

(H) Proportion of malignant subclusters (c01-c14) in chemotherapy-exposed samples versus 

treatment-naive samples. 

(I) Proportion of malignant subclusters (c01-c14) across treatment response groups: Naive, PR, 

SD, PD. 

(J-L) Kaplan-Meier overall survival curves for PDAC patients stratified by high and low 

expression of the c05 subcluster gene signature in independent cohorts: (J) TCGA-PAAD, (K) 

PACA-CA, (L) PACA-AU.  
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Figure 2. The c05 subcluster exhibited an immune-cold phenotype and disrupted cell-cell 

communication. 

(A) Cell-cell communication networks revealed significantly weaker overall signaling strength 

in the c05 malignant epithelial subcluster compared to other malignant epithelial subclusters. 

(B) Cell-cell communication networks showed minimal incoming signaling to the c05 

subcluster from immune cell populations (Mast, Myeloid, T/NK/ILC, B/Plasma). 

(C) Deconvolution of bulk RNA-seq data (TCGA-PAAD) using CIBERSORT demonstrated that 

samples with high c05 signature gene expression exhibited a significantly increased proportion 

of immunosuppressive regulatory T cells (Tregs) and a lack of anti-tumor effector immune cell 

infiltration. 

(D) NMF analysis of bulk RNA-seq data identified an NMF5 program significantly enriched for 

the c05 cells. This NMF5 program strongly correlated with an immune-cold tumor 

microenvironment phenotype. Conversely, the NMF1 program was enriched for immune cell 

signatures. 

(E) NMF program enrichment analysis confirmed that samples exhibiting progressive disease 

(PD) were significantly enriched for the c05-associated, immune-cold NMF5 program. In 

contrast, samples showing treatment response (Partial Response, PR; Stable Disease, SD) were 

primarily enriched for the immune-rich NMF1 program. 
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Figure 3. The c05 subcluster exhibited multi-dimensional chemoresistance features and 

identified RARRES1 as a central resistance driver. 

(A) Pseudotime trajectory analysis localized the c05 subcluster and PD-derived cells at terminal 

endpoints, indicating a differentiated, treatment-resistant state in PDAC progression. 

(B) Drug sensitivity profile demonstrated significantly reduced sensitivity to first-line 

chemotherapies (gemcitabine, 5-fluorouracil, oxaliplatin, irinotecan, paclitaxel) in samples 

with high c05 signature expression. 

(C, D) SNV analysis revealed elevated KRAS mutation frequency (81% vs. 45%) and increased 

TMB in high c05-expression samples compared to low-expression counterparts. 

(E) Intersection of differentially expressed genes (DEGs) from four comparisons: (i) c05 vs. 

other malignant subclusters, (ii) PD vs. Naive/PR/SD, (iii) metastases vs. primary tumors, and 

(iv) chemo-treated vs. naive samples, identifies consistent upregulation of SNCG, CST6, CAPS, 

and RARRES1.  

(F) Transcriptome profile confirmed significantly elevated RARRES1 expression in GEM-R 

compared to wild type. 

(G) Western blot showed increased RARRES1 protein abundance in GEM-R cells compared to 

wild type line. 

(H) Pan-cancer survival analysis established RARRES1 overexpression as a prognostic 

biomarker for reduced overall survival across multiple malignancies. 
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