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Abstract
Background
Lipid metabolism-related genes (LMRGs) have been reported to be correlated with the immune infiltration of colorectal cancer (CRC). This study aimed to investigate the immune infiltration characteristics along the colorectal adenoma-carcinoma sequence (ACS) based on LMRGs.

Methods
Gene expression data of colorectal adenoma and carcinoma samples were obtained from the public databases. The “limma” package was applied to determine the differentially expressed LMRGs. Unsupervised consensus clustering was used to cluster colorectal samples. The features of the tumor microenvironment were analyzed by the “ESTIMATE”, “GSVA”, and “TIDE” algorithms.

Results
The expression of 149 differentially expressed LMRGs was defined as the LMRG signature. Based on this signature, the adenoma and carcinoma samples were divided into three clusters. Unexpectedly, these sequential clusters showed a directional relationship and collectively constituted the progressive course of colorectal ACS. Interestingly, the LMRG signature revealed that adenoma progression was accompanied by a progressive loss of immune infiltration and a stepwise establishment of a cold microenvironment, but carcinoma progression was characterized by a progressive gain of immune infiltration and a gradual establishment of a hot microenvironment.

Conclusions
The LMRG signature reveals dynamic immune infiltration along the colorectal ACS, which substantially changes the understanding of the tumor microenvironment of CRC carcinogenesis and provides novel insight into the role of lipid metabolism in this process.
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Introduction
In 2020, global cancer statistics reported 1.8 million new cases and 880,800 deaths due to colorectal cancer (CRC) [1]. Most cases of CRC are sporadic, accounting for over 80% of all diagnoses [2]. There is an established model of sporadic CRC known as the adenoma-carcinoma sequence (ACS), which describes the progressive process from normal mucosa to adenoma to carcinoma and is responsible for 85–90% of sporadic CRC cases [3].
CRC risk is predominantly driven by environmental factors, particularly a high-fat diet. Dysregulation in lipid metabolism has been found to be the most prominent metabolic alteration in cancer. Abnormal lipid metabolism can promote tumor growth and progression by modulating ferroptosis-induced cell death, promoting metastasis, and interacting with the tumor microenvironment [4, 5]. Moreover, activating oncogenes drive abnormal lipid metabolism to provide cancer cells with energy, lipid components, and signaling molecules that are needed for proliferation, invasion, and metastasis [4]. In particular, a high-fat diet is a highly relevant risk factor in CRC and is associated with nearly 80% of CRC cases [6]. Regardless of the formation and cancerous transformation of adenomas or the progression and metastasis of CRC, a high-fat diet is an important promoting factor [7, 8]. Therefore, understanding the role of abnormal lipid metabolism in CRC carcinogenesis is of great interest.
Tumor heterogeneity is a significant characteristic of cancers and a great challenge in the oncology field. Tumor heterogeneity shapes the tumor microenvironment and plays decisive roles in tumor initiation, progression, and drug resistance [9]. Several studies have provided novel insight into lipid metabolic heterogeneity in CRC based on lipid metabolism-related genes (LMRGs) and reported that the LMRGs were associated with immune infiltration and were useful for predicting the prognosis of CRC patients [10–12]. However, no study has focused on the role of LMRGs in the complete course of the colorectal ACS. In particular, the relationship between LMRGs and immune infiltration along the colorectal ACS is unclear. This study aimed to investigate the immune infiltration characteristics along the ACS based on LMRGs.

Methods
Data collection and preparation
The gene expression datasets GSE41657 (12 normal, 51 adenoma, and 25 carcinoma samples), GSE37364 (38 normal, 29 adenoma, and 27 carcinoma samples), and GSE117606 (65 normal, 69 adenoma, and 74 carcinoma samples) were obtained from the Gene Expression Omnibus (GEO) repository, and RNA sequencing data of patients with colon adenocarcinoma (COAD, n = 429) were downloaded from The Cancer Genome Atlas (TCGA) database.
A total of 776 human LMRGs were obtained from 7 gene sets in the Molecular Signature Database (http://​gsea-msigdb.​org) (Table 1) [13]. As a supplement, 833 LMRGs were preliminarily obtained by taking the union of the above 776 LMRGs and the LMRGs reported by Sun X et al. [14]. However, only 711 genes were used for differential expression analyses because not all the LMRGs could be detected during sequencing (Sheet 1).
Table 1Retrieving the genes related to lipid metabolism


	ID
	Gene set
	Database
	Gene count

	M699
	FATTY ACID METABOLISM
	KEGG
	42

	M15902
	GLYCEROLIPID METABOLISM
	KEGG
	49

	M27854
	FATTY ACID METABOLISM
	REACTOME
	177

	M14690
	MITOCHONDRIAL FATTY ACID BETA OXIDATION
	REACTOME
	37

	M706
	GLYCEROPHOSPHOLIPID BIOSYNTHESIS
	REACTOME
	161

	M27451
	METABOLISM OF LIPIDS
	REACTOME
	742

	M649
	PHOSPHOLIPID METABOLISM
	REACTOME
	212

	Not applicable
	LMRGs reported by Sun X, et al. (doi: https://​doi.​org/​10.​1155/​2022/​3170950)
	Pubmed
	776

	Unique
	 	 	833





Differentially expressed LMRG analyses and pathway enrichment analyses
The GSE41657 and GSE37364 datasets were adopted to screen the differentially expressed LMRGs among normal mucosa, colorectal adenoma, and colorectal carcinoma. Each dataset was analyzed independently, and the differentially expressed LMRGs were taken from their intersection. Principal component analysis was used to identify potential outliers in each dataset. The “limma” package [15] was used to determine the differentially expressed LMRGs with adjusted P values less than 0.05 and absolute value of fold change more than 1.5 as the threshold. Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) analyses were used to elucidate the function of differentially expressed LMRGs by the “clusterProfiler” package [16].

Unsupervised consensus clustering analyses
Unsupervised consensus clustering is a popular method to identify robust clusters and has been extensively utilized in analyzing omics data [17–19]. The “ConsensusClusterPlus” package [20] was used to apply unsupervised consensus clustering to facilitate the classification of colorectal tumors based on the transcriptome of differentially expressed LMRGs, and repeated subsampling was set 500 times to ensure reliability. For the convenience of analysis, the colorectal adenoma and carcinoma samples were divided into three clusters based on the consensus clustering algorithm (adenoma: A1, A2, and A3; carcinoma: C1, C2, and C3). The t-distributed stochastic neighbor embedding (t-SNE) was applied to determine the difference in each cluster by the “Rtsne” package [21] based on the expression of differentially expressed LMRGs.

Evaluation of the tumor microenvironment
The stromal, immune, and ESTIMATE scores were calculated for each sample using the ESTIMATE algorithm [22]. The stromal score and immune score positively correlate with the matrix and immune in the tumor microenvironment, and the ESTIMATE score positively correlates with tumor purity. Gene set variation analyses were used to quantify the immune cells according to the 28 immune cell gene sets retrieved from a previous study [23] by the “GSVA” package. The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was used to calculate the antitumor immunotherapeutic response [24], which includes the dysfunction score of T lymphocytes, exclusion score of T lymphocytes, and dysfunction and exclusion of T lymphocytes (TIDE score). A higher dysfunction score, exclusion score, and TIDE score indicate a higher likelihood of antitumor immune dysfunction or escape.

Statistical analysis
Statistical analyses were performed with R software (version 4.2.2). Kaplan–Meier (K‒M) survival analyses were performed with the “survival” and “survminer” packages. The log-rank test was used to estimate the differences among K‒M survival curves. Sankey plots were generated with the “ggalluvial” package [25]. Differences of continuous variables were calculated using a t test or analysis of covariance. All statistical tests were two-sided, and a P value less than 0.05 was considered significant.


Results
Identification of differentially expressed LMRGs
The GSE41657 and GSE37364 datasets were used to identify the differentially expressed LMRGs. Six overlapping upregulated and 22 overlapping downregulated LMRGs in the colorectal adenoma compared with the normal mucosa (Fig. 1A), 38 overlapping upregulated and 103 overlapping downregulated LMRGs in the colorectal carcinoma compared with the normal mucosa (Fig. 1B), and 13 overlapping upregulated and 16 overlapping downregulated LMRGs in the colorectal carcinoma compared with the colorectal adenoma (Fig. 1C), were identified. In total, 149 unique LMRGs were identified (Sheet 1), which reflected the serious lipid metabolism disorders in colorectal tumors. The enriched GO and KEGG analyses suggested that the 149 LMRGs constituted the lipid component of cells, performed the molecular function of lipid metabolism, participated in the biological process of fatty acid metabolism, and affected a wide range of lipid metabolic pathways (Fig. 1D and E).
[image: ]
Fig. 1Identification of differentially expressed LMRGs. The volcano plots show the gene expression regulation in the GSE41657 and GSE37364 datasets. The overlapping upregulated and downregulated genes in the two datasets were intersected by Venn diagrams. A: Differentially expressed LMRGs in adenoma samples compared with normal samples. B: Differentially expressed LMRGs in carcinoma samples compared with normal samples. C: Differentially expressed LMRGs in carcinoma samples compared with adenoma samples. D: The Gene Ontology (GO) enrichment terms showed the biological process (BP), cellular component (CC), and molecular function (MF) of 149 differentially expressed LMRGs. E: KEGG pathways of 149 differentially expressed LMRGs.



The LMRG signature reveals a progressive loss of immune infiltration in colorectal adenoma
The expression of the 149 LMRGs was defined as an LMRG signature. Based on the LMRG signature, the colorectal adenoma samples from the GSE41657 dataset were divided into three clusters (A1, A2, and A3) (Fig. 2A). Gene set variation analysis suggested that most of the 28 immune cells were reduced in the adenoma samples compared with the normal samples (Fig. 2B). Type 1 T helper cells, myeloid-derived suppressor cells (MDSCs), effector memory CD8 T cells, plasmacytoid dendritic cells, CD56 dim natural killer cells, active dendritic cells, and activated CD8 T cells showed a sequential decreasing trend in the three clusters (Fig. 2C). The ESTIMATE algorithm showed a stepwise decreasing trend in the stromal, immune, and ESTIMATE scores in the three sequential clusters (Fig. 2D-F), which suggested gradually reduced immune infiltration and a gradually colder microenvironment in the three sequential clusters. In particular, adenoma with high-grade dysplasia accounted for 21.1% of the samples in cluster A1 but accounted for 90.9% of the samples in cluster A3 (Fig. 2G), which indicated that the three sequential clusters represented the progression of colorectal adenoma. Therefore, the three sequential clusters determined by the LMRG signature revealed a progressive loss of immune infiltration and a stepwise establishment of a cold microenvironment in colorectal adenoma (Fig. 2H).
[image: ]
Fig. 2The LMRG signature revealed a progressive loss of immune infiltration in colorectal adenoma in the GSE41657 dataset. A: Consensus clustering of colorectal adenoma samples. B: Various immune cell infiltrations in each cluster. C: Seven immune cells showed a gradually decreasing trend in the three clusters. D-F: Stromal score, immune score, and ESTIMATE score calculated by the ESTIMATE algorithm. G: Proportion of samples with low- and high-grade dysplasia in each cluster. H: Sankey plot summarizing the relationships among clusters, ESTIMATE score, and dysplasia. ANVOA: analysis of variance



The LMRG signature reveals a progressive gain of immune infiltration in colorectal adenocarcinoma
A total of 429 colon carcinoma from the TCGA-COAD cohort were grouped into three clusters (C1, C2, and C3) (Fig. 3A). Substantially greater immune infiltration was found in cluster C3 (Fig. 3B). The stromal, immune, and ESTIMATE scores showed gradual gains in these three clusters (Fig. 3C-E). In addition, gradually increased dysfunction scores, exclusion scores, and TIDE scores were observed in the three sequential clusters (Fig. 3F-H). Therefore, the sequential clusters C1, C2, and C3 manifested a progressive gain of immune infiltration with a gradually hot microenvironment and a progressively increased risk of antitumor immune escape. Antitumor immunity can be divided into three types: the immune-desert phenotype, inflamed phenotype, and immune-excluded phenotype [26]. Cluster C1 represented the immune-desert phenotype with no immunotherapeutic response because of an absolute lack of immune cells. Cluster C2 represented the inflamed phenotype that was amenable to immunotherapy because of numerous activated and semiactivated immune cells in the tumor microenvironment. Cluster C3 represented the immune-excluded phenotype that had poor effectiveness in immunotherapy because of the inhibition of abundant stromal elements [26]. No obvious differences were observed between the three clusters and TNM stage (Fig. 3I). However, cluster C1 exhibited the best prognosis, and cluster C3 showed the worst prognosis (Fig. 3J), as suggested by the K‒M survival curve (log-rank P = 0.011). As such, the three sequential clusters reflected the progressive development of colorectal carcinoma. The above results suggested that the three sequential clusters determined by the LMRG signature were associated with increased immune infiltration, increased antitumor immune escape, and reduced overall survival in colorectal carcinoma (Fig. 3K), which was opposite to the change in the tumor microenvironment in colorectal adenocarcinoma.
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Fig. 3The LMRG signature reveals a progressive gain of immune infiltration in colorectal adenocarcinoma in the TCGA-COAD cohort. A: Consensus clustering analysis of colorectal adenocarcinoma samples. B: Various immune cell infiltrations in each cluster. C-E: Stromal score, immune score, and ESTIMATE score calculated by the ESTIMATE algorithm. F-H: Dysfunction score, exclusion score, and TIDE score in each cluster. I: Proportion of various TNM stages in each cluster. J: K‒M survival curves of each cluster. K: Sankey plot summarizing the relationships among clusters, ESTIMATE score, TIDE score and survival status. ANVOA: analysis of variance



The LMRG signature reveals dynamic immune infiltration along the ACS
The GSE117606 dataset was used to further confirm the above results. As before, both adenoma samples and carcinoma samples were grouped into three clusters (Fig. 4A and B). The relative positions of normal, adenoma, and carcinoma samples exactly represented the course from normal mucosa to adenoma to carcinoma as suggested by the t-SNE analysis (Fig. 4C). Unexpectedly, the sequential clusters of colorectal adenoma and carcinoma showed a directional relationship and collectively constituted the progressive course of colorectal ACS (Fig. 4D). In addition, the stromal, immune, and ESTIMATE scores decreased from cluster A1 to their lowest points in cluster A3 and then gradually rose to their highest points in cluster C3 (Fig. 4E). The infiltration of most immune cells in these clusters also maintained almost the same trend (Fig. 4F). Furthermore, the expression of CD3G (T-cell marker), CD8A (CD8+ T-cell marker), CD19 (B-cell marker), and PD-L1 (an immunotherapy target of CRC) maintained the same trend as immune infiltration among these clusters (Figure S1A-D). Eight LMRGs (CEBPB, ADH1B, PI3KCG, GLIPR1, CD36, CAV1, G0S2, and PTGS2) were also correlated with the characteristic immune infiltration along the colorectal ACS (Figure S1E-L). The above evidence strongly demonstrated the rationality of analyzing the colorectal ACS based on the LMRG signature, and the LMRG signature revealed that adenoma progression was accompanied by a progressive loss of immune infiltration and a stepwise establishment of a cold microenvironment, but carcinoma progression was characterized by a progressive gain of immune infiltration and a stepwise establishment of a hot microenvironment.
[image: ]
Fig. 4The LMRG signature reveals dynamic immune infiltration across the ACS in the GSE117606 dataset. A and B: Consensus clustering analysis of colorectal adenoma and carcinoma samples. C: t-SNE plot of three different colorectal samples. D: t-SNE plot of each cluster. E: Stromal score, immune score, and ESTIMATE score for each cluster. F: Various immune cell infiltrations in each cluster. ns: not significant; *: P < 0.05; **: P < 0.01; ***: P < 0.001; ****: P < 0.0001




Discussion
In this study, the expression of 149 differentially expressed LMRGs was defined as the LMRG signature. Based on the LMRG signature, the adenoma and carcinoma samples were divided into three clusters. Unexpectedly, these sequential clusters showed a directional relationship and collectively constituted the progressive course of colorectal ACS. Interestingly, the LMRG signature revealed that adenoma progression was accompanied by a progressive loss of immune infiltration and a stepwise establishment of a cold microenvironment, but carcinoma progression was characterized by a progressive gain of immune infiltration and a gradual establishment of a hot microenvironment (Figure S2).
The ACS is responsible for 85–90% of sporadic CRC cases [27, 28], but it is a very slow process that takes approximately 10–20 years from a normal state to adenoma to cancer diagnosis. During this long course, a high-fat diet is the predominant environmental factor. Although a high-fat diet has been reported to be associated with many cancers, a high-fat diet is a particularly relevant risk factor in CRC and is associated with nearly 80% of CRC cases [6]. Therefore, understanding the role of lipid metabolism in CRC carcinogenesis is highly important. In the current study, 149 differentially expressed LMRGs were identified in colorectal adenoma and carcinoma, which reflects a serous lipid metabolism disorder in colorectal tumors. The clusters determined by the LMRG signature show a directional relationship and collectively constitute the progressive course of colorectal ACS. Perhaps most interestingly, the LMRG signature revealed a dynamic immune infiltration characteristic along the colorectal ACS. The above results reveal the important role of lipid metabolism in the tumor microenvironment of CRC.
Fatty acid oxidation can promote the effects of PD-1 antibody in CD8+ T cells and enhance the survival of CD8+ tissue-resident memory T cells, but excessive fatty acid oxidation inhibits the antitumor ability of effector T cells and supports the immunosuppressive function of regulatory T cells in the tumor microenvironment [29]. Thus, lipid metabolic alterations are closely related to the functional status of immune cells. A few studies have reported that LMRGs are immune-related prognostic indicators in various cancers, and many LMRG signatures have been constructed to evaluate the tumor microenvironment and identify different immune clusters [10, 11, 30, 31]. Unlike previous studies, the current study did not emphasize the role of specific LMRGs but instead constructed clusters of colorectal tumors based on the LMRG signature. Surprisingly, evidence suggested that these clusters showed a directional relationship and collectively constituted the progressive course of colorectal ACS. In addition, this study did not focus solely on the clusters of carcinoma samples but rather on the complete process of colorectal ACS. Consequently, the current study revealed dynamic immune infiltration along the colorectal ACS based on the LMRG signature.
A previous study reported that tumor infiltration based on immune cell counts decreased in adenomas with low-grade dysplasia, adenomas with high-grade dysplasia, and invasive adenocarcinomas according to a small number of adenoma and carcinoma samples [32]; these findings share some similarities with those of the current research. However, the current study found that as adenomas undergo cancerous transformation, carcinoma progression is characterized by a progressive gain of immune infiltration. In fact, several studies have revealed the immune subtypes in COAD [33–35], and the immune subtypes in these studies also share similarity with the current research. However, they did not find a connection between different clusters. Unfortunately, there is no relevant research to elucidate the molecular mechanism by which immune infiltration in colorectal adenomas and carcinomas changes in this way. The progressive loss of immune infiltration in colorectal adenoma suggests a morbid exhaustion of immune cells that likely results from persistent antigen stimulation and chronic inflammation, and the progressive gain of immune infiltration in CRC suggests a diseased activation of immune cells that may be attributed to the secondary response of the body’s antitumor immunity.
Immune cells can be divided into immune promoting related cells (CD8 T cells, monocytes, dendritic cells, etc.) that are associated with good clinical outcomes and immunosuppressive related cells (MDSCs and regulatory T cells) that are associated with poor clinical outcomes. We found that there was a consistent trend in the infiltration level of immune promoting related cells and immune suppressing related cells along the ACS. The MDSCs, regulatory T cells, and most of the immune promoting related cells showed reduced trend with the progressive development of colorectal adenoma, which suggests a morbid exhaustion of immune cells that likely results from persistent antigen stimulation and chronic inflammation. The more immune cells are exhausted, the worse the pathological type of the patient. On contrary, these cells exhibited increased trend with the development of colorectal carcinoma, which suggests a diseased activation of immune cells that may be attributed to the secondary response of the body’s antitumor immunity. The cluster C3 that had the most abundant immune infiltration but the highest risk of immune escape and the worst prognosis may be related to the significantly increased immune infiltration of immunosuppressive related cells. These viewpoints suggested that the immunosuppressive related cells may have a greater effect on inhibiting the activity of other immune cells than reducing their counts, and a certain immune cell alone could not be reliable to determine the immune status and prognosis of tumor patients as the functional states of different immune cells can interact with each other. Therefore, a comprehensive understanding of the immune infiltration in the tumor microenvironment is vital for evaluating the immune status and prognosis of patients with colorectal neoplasm.
Study strength and limitations
This study reveals dynamic immune infiltration along the colorectal ACS, which substantially changes the understanding of the tumor microenvironment of CRC. The major limitation of this study is that all gene expression data were obtained from public databases and lack experimental validation in vivo and in vitro, as well as the unavailability of histological evidence. However, similar results were obtained from different algorithms and multiple cohorts, which improves the accuracy and stability of the conclusions. Nevertheless, further experiments are necessary.


Conclusions
In summary, the LMRG signature reveals that adenoma progression is accompanied by a progressive loss of immune infiltration and a stepwise establishment of a cold microenvironment, but carcinoma progression is characterized by a progressive gain of immune infiltration and a gradual establishment of a hot microenvironment. The progressive loss of immune infiltration in colorectal adenoma suggests a morbid exhaustion of immune cells that likely results from persistent antigen stimulation and chronic inflammation, and the progressive gain of immune infiltration in colorectal carcinoma suggests a diseased activation of immune cells that may be attributed to the secondary response of the body’s antitumor immunity. These findings substantially change the understanding of the tumor microenvironment of CRC and provide novel insight into the role of lipid metabolism in this process.
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