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Neoadjuvant chemoradiotherapy (nCRT) is widely used to treat patients with locally advanced rectal cancer (LARC), and treatment responses vary. Fatty acid metabolism (FAM) is closely associated with carcinogenesis and cancer progression. In this study, we investigated the vital role of FAM on the gut microbiome and metabolism in the context of cancer. We screened 34 disease-free survival (DFS)-related, FAM-related, and radiosensitivity-related genes based on the Gene Expression Omnibus database. Subsequently, we developed a five-gene FAM-related signature using the least absolute shrinkage and selection operator Cox regression model. The FAM-related signature was also validated in external validation from Fujian Cancer Hospital for predicting nCRT response, DFS, and overall survival (OS). Notably, patients with a low-risk score were associated with pathological complete response and better DFS and OS outcomes. A comprehensive evaluation of the tumor microenvironment based on the FAM-related signature revealed that patients with high-risk scores were closely associated with activating type I interferon response and inflammation-promoting functions. In conclusion, our findings indicate the potential ability of FAM to predict nCRT response and the prognosis of DFS and OS in patients with LARC.
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Introduction

Colorectal cancer (CRC) is one of the three most common cancers and the second leading cause of cancer-related deaths worldwide (1). Rectal cancer accounts for approximately 30% of all newly diagnosed CRC cases (2). Neoadjuvant chemoradiotherapy (nCRT) followed by total mesorectal excision is the standard treatment modality for patients with locally advanced rectal cancer (LARC) (T3, T4, or N+) (3). nCRT has been confirmed to be associated with better survival outcomes, especially in improving disease-free survival (DFS) rates (4, 5). Patients with pathological complete response (pCR) have been confirmed to have much better overall survival (OS) and DFS. However, treatment responses varied widely among patients. About 15%–30% of patients achieve pCR after nCRT (6, 7). Hence, it is crucial to identify potential biomarkers to predict treatment response and prognosis in patients with rectal cancer who undergo nCRT.

Microbiomes and metabolites have been recognized as indispensable cancer hallmarks (8, 9). The gut microbiome is known to be related to tumor development, especially in digestive system tumors (10, 11). Metabolic reprogramming also plays an important role in cancer development (12–14). In addition, gut microbiome dysbiosis and metabolic disorders are associated with the development of CRC (15). The gut microbiome and metabolites can be used to predict treatment response to radiotherapy, chemotherapy, and immunotherapy (16, 17). In addition, the gut microbiome and metabolites have been shown to be useful in predicting nCRT response in patients with LARC (18, 19). However, little is known about the mechanisms by which the gut microbiome and metabolites influence radiotherapy response in rectal cancer (20).

Fatty acid metabolism (FAM) has been the focus of related research because of its close relationship with carcinogenesis and cancer progression (21). Fatty acids (FAs) are a principal structural component of the human body. They are also vital secondary messengers and materials for energy production (22). FAM has been confirmed to be associated with sensitivity to chemotherapy, radiotherapy, and targeted therapy in cancers (19, 23). Given the important role of FAM, therapies targeting FAM are of great concern. Previous studies have shown the potential ability of FAM-related genes to guide prognosis in CRC (24, 25). However, evidence of FAM-related genes predicting treatment response in patients with rectal cancer is lacking. Therefore, further exploration of the relationship between FAM-related genes and clinicopathological characteristics in patients with rectal cancer treated with nCRT would be helpful in developing personalized regimens and management.

In this study, we first analyzed the potential function of the gut microbiome and its metabolites in rectal cancer patients with different nCRT responses. Additionally, we established a reliable signature for FAM-related genes. We fully evaluated its ability to predict survival outcomes and treatment responses in rectal cancer patients treated with nCRT based on the Gene Expression Omnibus (GEO) database. The findings of this study provide new insights that may be used to personalize the treatment of patients with rectal cancer who have undergone nCRT.



Materials and methods


Study participants

The procedure used in this study is shown in Figure 1. This study was approved by the Ethics Committee of the Fujian Cancer Hospital (No. K2017-082-01). Between September 2020 and September 2021, 42 patients with newly diagnosed rectal cancer were administered nCRT before surgery at Fujian Cancer Hospital. The inclusion criteria were 1) pathologically confirmed rectal adenocarcinoma; 2) clinical T3, T4, and/or N+ without distant metastasis; 3) long-course nCRT comprising 50 Gy in 25 fractions and concurrent oral capecitabine chemotherapy; 4) surgery 6–8 weeks after nCRT; 5) Fujian Province resident for >10 years. The exclusion criteria were as follows: 1) patients with metabolic diseases; 2) incomplete clinical information; 3) treatment interruption or did not accept nCRT before surgery; 4) antibiotic or steroid therapy within 6 months before nCRT.




Figure 1 | Workflow of this study. pCR, pathological complete response; UHPLC-MS/MS, ultra-high performance liquid chromatography–tandem mass spectrometry; RS, radiation sensitivity; FAM, fatty acid metabolism; RT, radiotherapy.



The histopathological responses to nCRT were classified according to the American Joint Committee on Cancer tumor regression grade (TRG) system, which is considered to be the most accurate (26). Patients with TRG grade 0 (no residual tumor cells) were classified as pCR, whereas patients with TRG grades 1–3 were classified as non-pCR. These specimens were examined by two experienced clinical pathologists.



16S rRNA gene sequencing and bioinformatics analysis

The V3–V4 region of the rRNA gene was amplified using primers 341F and 806R (27). The “DADA2” package was used to convert the paired-end FASTQ files. Raw data were processed using Quantitative Insights Into Microbial Ecology 2 (QIIME2, v. 2021.11). Representative amplicon sequence variant (ASV) sequences were classified into organisms using a naive Bayesian model and the RDP classifier (v. 2.2), according to the SILVA database (v. 132).

The abundance statistics for each taxon were visualized using Krona (v. 2.6). Venn analysis was performed using the R project “VennDiagram” package. The biomarker features were screened using linear discriminant analysis effect size (LEfSe) software (v. 1.0). Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses of ASVs were performed using the Phylogenetic Investigation of Communities by Reconstruction of Unobserved States 2 (PICRUSt2) Tool (v. 2.1.4). Wilcoxon rank sum tests were performed in the R package “vegan”.



Ultra-high-performance liquid chromatography–tandem mass spectrometry analysis and statistical metabolism analyses

Ultra-high-performance liquid chromatography–tandem mass spectrometry (UHPLC-MS/MS) analyses were performed using a Vanquish UHPLC System (Thermo Fisher Scientific, Waltham, MA, USA) coupled with an Orbitrap Q Exactive™ HF-X mass spectrometer (Thermo Fisher Scientific). The peaks were then matched with the mzCloud (https://www.mzcloud.org/), mz Vault (Thermo Fisher Scientific), and Masslist databases (www.maldi-msi.org/mass) to obtain accurate qualitative and quantitative results.

A partial least-squares discriminant analysis (PLS-DA) was conducted with the “ropls” package in R. Variable importance in projection (VIP) based on PLS-DA was used to rank candidate metabolites (p< 0.05, t-test; VIP ≥ 1). Metabolite set enrichment analysis (MSEA) was used to evaluate pathway overrepresentation using the MetaboAnalyst module with the R package “MSEAp”.



Date source

Gene expression and clinicopathological information were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). Two GEO cohorts (GSE56699 and GSE87211) were used in our study. The RNA sequencing data of two cohorts were corrected for batch effects by using the R package “sva”. A total of 158 FAM-related genes were obtained from the Molecular Signatures Database (MSigDB) (http://www.broad.mit.edu/gsea/msigdb/, Supplementary Table 1). In addition, 82 frozen cancer samples of patients with LARC at Fujian Cancer Hospital (FJCH) between June 2016 to June 2021 were used for external validation. All the patients received nCRT and radical surgery. The clinical information of the GEO validation sets and FJCH set is detailed in Supplementary Table 2.



Single-sample gene set enrichment analysis

Single-sample gene set enrichment analysis (ssGSEA) was performed using the R package “GSVA” to calculate the pathway activity of “Hallmark_Fatty_Acid_Metabolism”. The patients were then divided into high and low pathway activities based on the median of all patients’ pathway activity.



Identification of differentially expressed genes

FAM-related differentially expressed genes (DEGs) of patients with high and low pathway activities were screened with an adjusted p-value of<0.05 by using the R package “limma”. The same method was used to identify the radiosensitive (RS) DEGs between nCRT-sensitive and nCRT-resistant patients. Univariate Cox regression analysis was performed to select prognosis-related DEGs based on DFS by applying the Kaplan–Meier R package “survival” with a p-value of <0.05.



Development of the fatty acid metabolism-related signature

The intersection of FAM-related DEGs, RS DEGs, and prognosis-related DEGs yielded candidate FAM-related genes. To avoid overfitting, the least absolute shrinkage and selection operator (LASSO) Cox regression algorithm was applied using the R package “glmnet”. Finally, the risk score of FAM-related genes was calculated using the following formula:

	

The patients were divided into high-risk and low-risk groups based on the median values. A heatmap of the model-related genes was generated for the two cohorts.



Assessment of fatty acid metabolism-related signature

FAM-related signatures were divided into two cohorts (GSE56699 and GSE87211). Patients in both cohorts were divided into high- and low-risk groups based on their FAM-related signature. Patients in both groups were then evaluated using the Kaplan–Meier survival analysis of DFS and OS by using the R package “survival”. The time-dependent receiver operating characteristic (ROC) curve was calculated using the R package “timeROC” to evaluate the predictive accuracy of the FAM-score prognostic model.



Evaluation of fatty acid metabolism-related signature and clinicopathological features

Multivariate Cox regression analysis and Wilcoxon rank sum tests were performed to identify the relationship between risk scores and clinical features. The area under the curve (AUC) analysis was calculated by using the R package “pROC” to evaluate the accuracy of using risk scores in predicting nCRT response in patients with rectal cancer.



Function enrichment analysis of fatty acid metabolism-related signature

Gene Ontology (GO) function enrichment analysis and KEGG function enrichment analysis were performed based on DEGs between high-risk and low-risk patients.



Relationship between fatty acid metabolism-related signature with tumor microenvironment and immune-related analysis

The R package “GSVA” was applied to calculate the abundance of 28 immune-infiltrating tumor cell types in each patient. The Wilcoxon test was used to assess the differences between patients with high-risk and low-risk scores. The ESTIMATE algorithm was used to evaluate the immunity, tumor purity, and stromal scores of each patient. Furthermore, we analyzed the differential expression levels of immune checkpoints between high-risk score patients and low-risk score patients by applying the R package “limma”.



Tissue samples and quantitative real-time polymerase chain reaction

Quantitative real-time polymerase chain reaction (qRT-PCR) was performed on 82 rectal cancer samples from FJCH. Total RNA was extracted from paraffin sections of tumor tissues using the E.Z.N.A. FFPE RNA Isolation Kit (R6954-01; Omega Bio-Tek, Doraville, GA, USA). The primer sequences are listed in Supplementary Table 3. Quantitative real-time PCR (qPCR) was used to determine RNA levels using SYBR Green (29139149001; Roche, Basel, Switzerland). RNA levels were normalized to those of β-actin. All the qRT-PCR analyses were performed in triplicates, and the average value was calculated by the Livak method.



Statistical analyses

R (version 3.6.1) was used to perform statistical analyses in this study. Bioinformatics analyses were performed using Omicsmart, which is a real-time interactive online data analysis platform (http://www.omicsmart.com). Pearson’s χ2 test and Student’s t-test were used to compare normally distributed variables, whereas the Kruskal–Wallis test and Wilcoxon rank sum test were used to compare non-normally distributed variables. Statistical significance was set at p< 0.05.




Results


Relationship between baseline gut microbiome and neoadjuvant chemoradiotherapy response in patients with rectal cancer

Data from 14 patients were analyzed according to the inclusion and exclusion criteria. Detailed clinicopathological characteristics of the 14 patients are shown in Supplementary Table 4. There were 134 species included in the pCR group and 155 species in the non-pCR group (Supplementary Figure 1B). We first determined community composition at the species level in the top 10 microbiomes of the pCR and non-pCR groups (Supplementary Figure 1A). To further identify the significantly different gut microbiomes in patients with rectal cancer with different nCRT responses, we performed LEfSe with |log10 LDA| ≥ 2 (Figure 2A; Supplementary Table 5). The microbiome of the phylum Proteobacteria, including the class Betaproteobacteriales and the families Xanthobacteraceae and Burkholderiaceae, was enriched in the pCR group, which may be associated with treatment response.




Figure 2 | Gut microbiome and metabolism characteristics at the baseline associated with neoadjuvant chemoradiotherapy treatment response. (A) Differentially abundant taxa between pCR and non-pCR groups analyzed by LEfSe (Kruskal–Wallis test; p< 0.05; LDA > 2). (B) Differences in KEGG pathway analyses between pCR and non-pCR groups (p< 0.05). (C) The bar plots show upregulated and downregulated metabolites of patients with different nCRT responses. (D) MSEA of metabolites from each patient showed significantly enriched signaling pathways. nCRT, neoadjuvant chemoradiotherapy; pCR, pathological complete response; LEfSe, linear discriminant analysis (LDA) effect size; KEGG, Kyoto Encyclopedia of Genes and Genome; MSEA, metabolite set enrichment analysis.



Functional analysis was performed, and the results are shown in a streamgraph (Supplementary Figure 1C). We found that the functions of each patient were enriched in the metabolism-related pathways. Finally, the difference analysis between the pCR and non-pCR groups showed significant differences in linoleic acid metabolism, which is included in lipid and FAM (p< 0.05, Figure 2B).



Characteristic of baseline metabolites of patients with rectal cancer with different neoadjuvant chemoradiotherapy responses

PLS-DA significantly segregated the patients into the pCR and non-pCR groups (Supplementary Figure 1D). We then screened the metabolites by combining the VIP scores based on PLS-DA and the p-values based on the t-test for the pCR and non-pCR groups. We found 72 metabolites with different abundance in patients with different nCRT responses at baseline (Figure 2C; Supplementary Table 6). Further functional enrichment analysis showed that different metabolites were primarily enriched in FAM (Figure 2D). Finally, propanoate and glycerol lipid metabolism were significantly different in patients with different nCRT responses (p< 0.05, Supplementary Figure 1E). Based on the analysis of the baseline gut microbiome and metabolites, we hypothesized that FAM may influence the response to nCRT in patients with rectal cancer.



Identification of different expression genes and construction of fatty acid metabolism-related signatures

We first scored 72 patients in GSE56699, based on 158 FAM-related genes (FAM-related genes). Patients who received pCR after nCRT had a higher score based on FAM-related genes than those who did not achieve pCR after nCRT (p< 0.05, Figure 3A). Once again, the results showed the vital role of FAM in influencing the treatment response in patients with rectal cancer. Thus, we divided the patients into two groups based on the median FAM-related genes score.




Figure 3 | Construction of the FAM-related signature for patients with rectal cancer treated with neoadjuvant chemoradiotherapy. (A) The expression of FAM-related genes in relation to nCRT response. (B) Venn diagram identifying the intersection of genes among RS DEGs, FAM-related genes, and prognostic genes. (C, D) The expression levels of five FAM score-related genes in GEO database (GSE56699 and GSE87211). nCRT, neoadjuvant chemoradiotherapy; RS, radiation sensitivity; DEGs, differentially expressed genes; FAM, fatty acid metabolism; LASSO, least absolute shrinkage and selection operator.



We identified 2,734 DEGs between the two groups with different FAM-related gene scores (Supplementary Table 7). Additionally, 2,912 RS DEGs were identified in patients with different nCRT responses (Supplementary Table 8), and 1,032 prognosis-related genes based on DFS were identified in patients from the GSE56699 dataset (Supplementary Table 9). Finally, 34 genes at the intersection of three parts of DEGs were recognized as potential candidate genes (Figure 3B; Supplementary Table 10). With the use of LASSO regression analysis, five genes (CYP1B1, DDC, ANO1, DAPL1, and RIOK3) were screened based on their minimum lambda values (Supplementary Figure 2, Supplementary Table 11). Among these five genes, two were protective genes (DDC and DAPL1) and three were risk-related genes (CYP1B1, ANO1, and RIOK3). Therefore, the FAM-related risk score was calculated using the following formula:

	

According to the FAM-related risk score, patients with a score lower than the median risk score were classified into the low-risk group, whereas those with a score higher than the median risk score were classified into the high-risk group. The expression levels of the five genes are described in the heatmap of the GSE56699 and GSE87211 datasets (Figures 3C, D). DDC and DAPL1 showed lower expression levels than CYP1B1, ANO1, and RIOK3 in patients in the high-risk group.



Prognostic analysis based on fatty acid metabolism-related signature

We evaluated the prognostic ability of FAM-related signatures in patients with rectal cancer from the training (GSE56699) and testing (GSE87211) datasets. All patients from the two datasets underwent nCRT. The distribution graph shows that the mortality rate of patients increased with an increase in the FAM-related risk score in the GSE56699 dataset (Figure 4A). The Kaplan–Meier survival curves revealed that patients in the low-risk group had significantly better DFS than those in the high-risk group (p< 0.05, Figure 4C). In addition, the AUC values of the 1-, 2-, and 3-year survival rates of the FAM-score prognostic model were 0.780, 0.910, and 0.942, respectively (Figure 4E). To further evaluate the prognostic ability of the FAM-score prognostic model, we calculated the FAM score in the test dataset (GSE87211). Similarly, patients with a low-risk score had a significantly favorable survival rate and DFS (p< 0.05, Figures 4B, D). The AUC values of the 1-, 2-, and 3-year survival rates in the test dataset were 0.736, 0.710, and 0.702, respectively (Figure 4F). Univariate and multivariate Cox regression analyses showed that the FAM score was an independent risk factor for DFS (both p< 0.05, Figure 4G).




Figure 4 | Evaluation of the ability of FAM-related signatures to predict prognosis in training and validation cohorts. (A, B) The association between DFS and FAM-related risk score in the training cohort (GSE56699) and the validation cohort (GSE87211). (C, D) Kaplan–Meier survival analyses of DFS between patients with high-risk scores and low-risk scores in the training and validation cohorts. (E, F) Time-dependent ROC curves used to evaluate the prognostic value of risk score in training and validation cohorts. (G) Univariate Cox analysis and multivariate Cox analysis of clinicopathological features and FAM-related signature in DFS. (H) Univariate Cox analysis and multivariate Cox analysis of clinicopathological features and FAM-related signature in OS. FAM, fatty acid metabolism; DFS, disease-free survival; ROC, receiver operating characteristic. OS, overall survival.



In terms of OS, the same phenomenon was observed in both the training (GSE56699) and testing (GSE87211) datasets. The survival rates decreased with increasing risk scores (Supplementary Figures 3A, B). In the training cohort, OS was not significantly different between the high- and low-risk groups (p = 0.2, Supplementary Figure 3C). In the testing cohort, patients in the high-risk group had a worse OS than those in the low-risk group (p = 0.04, Supplementary Figure 3D). The AUC values of 1-, 2-, and 3-year overall survival rates in the training dataset were 0.933, 0.596, and 0.739, respectively, and in the testing dataset, they were 0.907, 0.868, and 0.864, respectively (Supplementary Figures 3E, F). Therefore, we considered that the FAM-score prognostic model has an excellent ability to predict DFS and OS in patients with rectal cancer who have undergone nCRT. Similarly, the FAM score was an independent risk factor for OS (p< 0.05, Figure 4H).



Association between clinicopathological features and fatty acid metabolism-related signature

FAM-related signatures were significantly associated with patient age (Supplementary Figure 4A). Patients who are less than 65 years of age had a higher FAM-related risk score than those older than 65 years (p = 0.039, Supplementary Figure 4B). In addition, patients who achieved pCR after nCRT had a lower risk score than nCRT-resistant patients (p = 0.002, Figure 5A). In predicting the nCRT responses of patients with rectal cancer, the FAM-related risk score showed promising predictive ability (AUC = 0.706, Figure 5B). Once more, our observations reflected the ability of the FAM score to predict nCRT response in patients with rectal cancer.




Figure 5 | Comparison of FAM-related signature and previously published multi-gene models. (A) FAM-related risk score association with nCRT response. (B) ROC curves used to evaluate the ability of predicting nCRT response using FAM-related signature. (C) The ability of the FAM-score model to predict nCRT response of patients with rectal cancer treated with nCRT is better than previously published multi-gene models. (D–F) AUC values at 1-, 2-, and 3-years DFS of FAM-score model and previously published multi-gene models. (G–I) The DCA for FAM-score model compared with previously published multi-gene models. nCRT, neoadjuvant chemoradiotherapy; FAM, fatty acid metabolism; AUC, area under the curve; DCA, decision curve analysis.





Comparison of fatty acid metabolism-related signature and previously published multi-gene signatures

The FAM-related signature showed the potential ability to predict DFS, OS, and even nCRT response in patients with rectal cancer. To further evaluate the predictive ability of the FAM-related signature, we compared it with previously published multi-gene signatures. The FAM-related signature showed a better predictive ability for nCRT responses than the other previously published multi-gene signatures (Figure 5C). FAM-related signatures were more efficient in predicting the 1-, 2-, and 3-year DFS and OS of patients who received nCRT than other signatures (Figures 5D–F; Supplementary Figures 5A–C). Furthermore, the decision curve analysis (DCA) curves also suggested that the FAM-related signature outperformed the other signatures in predicting 1-, 2-, and 3-year DFS and OS (Figures 5G–I; Supplementary Figures 5D–F). Therefore, the FAM-related signature shows promising potential not only in predicting the prognosis of DFS and OS but also in predicting the nCRT response of patients with rectal cancer who underwent nCRT.



Function enrichment of differentially expressed genes between high- and low-risk groups

GO and KEGG enrichment analyses were used to reveal the biological processes and functions of the DEGs between the high- and low-risk groups based on FAM-related signatures. GO enrichment analysis revealed that the functions of DEGs were enriched in the biogenesis and targeting of proteins, including the biogenesis of ribonucleoprotein complexes and calmodulin binding (Figure 6A). KEGG enrichment analysis revealed that the cAMP signaling pathway and neuroactive ligand–receptor interaction metabolic pathways were significantly enriched based on the DEGs between the two groups (Figure 6B).




Figure 6 | Functional analysis of differentially expressed genes and the immune landscape of fatty acid metabolism-related signatures. (A, B) The enriched GO and KEGG terms based on DEGs between low-risk and high-risk groups. (C–E) Correlation between estimate scores, immune scores, stromal scores, and risk scores. (F) The expression of immune checkpoints in low-risk and high-risk groups. (G) The ssGSEA score of immune cells and immune-related functions with low-risk and high-risk groups. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; DEGs, differentially expressed genes. ns: not significant; *: P< 0.05; **: P< 0.01; ***: P< 0.001.





The landscape and evaluation of immune checkpoints based on fatty acid metabolism-related risk score

To further reveal the relationship between FAM-related signatures and tumor features, we first evaluated the tumor microenvironment (TME) score, including the estimated score, immune score, and stromal score, of patients with rectal cancer who underwent nCRT (Figures 6C–E). Patients with high FAM scores were closely associated with higher estimated and immune scores (both p< 0.05). Interestingly, we found that the number of immune-related cells, including interdigitating dendritic cells (iDCs), macrophages, and NK cells, was much higher in patients with a high FAM score (Figure 6F). We next analyzed the immune checkpoints to determine why patients with high-risk scores had higher immune cell infiltration but showed a worse treatment response. We observed that patients with high-risk scores were associated with high-level expression of genes associated with immune checkpoints, including BTLA, CD160, CD200, CD274 (PD-L1), HHLA2, IDO2, LAG3, and LGALS9 (p< 0.05, Figure 6G). These results also showed that patients with high-risk scores might respond better to therapies targeting the above checkpoints, especially PD-L1.



Validation of the fatty acid metabolism-related signature in the Fujian Cancer Hospital cohort

To confirm the ability of the FAM-related signature to predict DFS and OS, qPCR was used to examine the expression of five genes (CYP1B1, DDC, ANO1, DAPL1, and RIOK3) in 78 tumor tissues. The patients in our independent cohort were divided into high- and low-risk groups based on their FAM-related risk scores. Consistent with the training dataset, patients in the low-risk group had better DFS and OS rates (Figure 7A; Supplementary Figure 6A). The FAM-related signature also had the potential to predict DFS and OS based on ROC analysis (AUC values of 1-, 2-, and 3-year DFS rates were 0.813, 0.767, and 0.808, respectively; AUC values of 1-, 2-, and 3-year OS rates were 0.813, 0.735, and 0.762, respectively) (Figure 7B; Supplementary Figure 6B). Univariate and multivariate Cox regression analyses showed that the FAM score was an independent risk factor for DFS and OS (both p< 0.05, Figure 7C; Supplementary Figure 6C). In addition, patients with lower risk scores tend to achieve pCR in the FJCH cohort (p = 0.021, Figure 7D). The FAM-score model also showed a satisfactory ability to predict the response to nCRT (AUC = 0.718, Figure 7E).




Figure 7 | Evaluation of the ability of FAM-related signatures to predict prognosis and nCRT response in the FJCH set. (A) Kaplan–Meier survival analyses of DFS between patients with high-risk and low-risk scores in the independent cohort. (B) Time-dependent ROC curves used to evaluate the prognostic value of risk score. (C) Univariate Cox analysis and multivariate Cox analysis of clinicopathological features and FAM-related signature in DFS. (D) FAM-related risk score associated with nCRT response. (E) Evaluation of FAM-related signature to predict nCRT response. FAM, fatty acid metabolism; DFS, disease-free survival; OS, overall survival; ROC, receiver operating characteristic.






Discussion

Metabolism is considered a hallmark of cancer and is closely associated with tumor occurrence and development (28, 29). FAM has also been linked to cancer development and treatment response (30, 31). To the best of our knowledge, this is the first report revealing the important role of FAM in locally advanced rectal cancer that applies gut microbiome, metabolome, and human transcriptome sequencing based on the GEO database in patients with rectal cancer treated with nCRT. In addition, the FAM-related signature composed of five genes showed excellent ability not only in predicting DFS and OS but also in predicting nCRT response in patients with rectal cancer treated with nCRT.

At the baseline of patients with rectal cancer who underwent nCRT, we observed that the gut microbiome from the phylum Proteobacteria, including the class Betaproteobacteriales and the families Burkholderiaceae and Xanthobacteraceae, was strongly associated with favorable nCRT response. Proteobacteria are a major constituent of the human gut microbiome and are associated with the synthesis of medium-chain fatty acids and long-chain fatty acids (32–34). Anaerotruncuscolihominis_DSM_17241, which is also enriched in the pCR group of Ruminococcaceae, produces butyric and acetic acids (35, 36). Functional enrichment analysis based on the significantly different gut microbiomes also confirmed that linoleic acid metabolism, a part of FAM, was significantly different between patients in the pCR and non-pCR groups. Linolenic acid is inversely associated with the development of CRC (37). In addition, functional enrichment based on metabolism analysis showed a vital role of FAM in our study. FA intake has been associated with the occurrence of CRC (37, 38). Furthermore, peroxidase damage to polyunsaturated fatty acids drives ferroptosis, which is strongly related to radiotherapy-induced cell death (39, 40). Recently, targeting FAM has become a potential method for radiation sensitization of cancers (23, 41).

A previous study reported an association between FAM-related genes and CRC (41). Nevertheless, no similar multi-gene signature that can predict prognosis and treatment response has been developed based on FAM-related genes in patients with rectal cancer treated with nCRT. According to our results, previous models for predicting the prognosis of rectal cancer did not perform the same ability in such patients. In the current study, a FAM-related signature was constructed using CYP1B1, ANO1, RIOK3, DDC, and DAPL1, with favorable AUC at 1-, 2-, and 3-year DFS and 1-, 2-, and 3-year OS. In addition, it showed a high AUC for predicting nCRT response in patients with rectal cancer treated with nCRT. Cytochrome P450 1B1 (CYP1B1), a member of the cytochrome P450 (CYP) family, is highly expressed in tumor tissues, including in CRC, but its expression is lower than in normal tissues (42). A previous study confirmed a significant relationship between CYP1B1 expression and poor prognosis in patients with CRC, which is similar to our result (43). CYP1B1 is considered to be an important modulator of FAM and a potential therapeutic target in cancer therapy because of its ability to activate procarcinogens (44, 45). Anoctamin 1 (ANO1) is upregulated in CRC and is associated with cancer development by activating the mitogen-activated protein kinase signaling pathway (46, 47). Furthermore, Fusobacterium nucleatum has been found to promote the expression of ANO1 in CRC cells, which prevents CRC cell apoptosis caused by chemotherapy (48). Right open reading frame kinase 3 (RIOK3) has been reported to be involved in cancer invasion and metastasis (49, 50). In addition, the expression level of RIOK3 increases with hypoxia, which is an important factor in preventing effective radiotherapy and immunotherapy of cancer (51, 52). l-DOPA decarboxylase (DDC) has been proposed in recent research to serve apoptotic and antiproliferative functions with phosphatidylinositol 3-kinase (PI3K) (53, 54). Moreover, high expression of DDC is closely associated with better prognosis in CRC (55). Death-associated protein like-1 (DAPL1) has also been confirmed to be associated with cell death in previous studies (56, 57). In our study, CYP1B1, ANO1, and RIOK3 were negatively associated with prognosis and nCRT response in rectal cancer. Nevertheless, DDC and DAPL1 were positively associated with prognosis and treatment response in rectal cancer. This five-gene FAM-related model thus assists in predicting prognosis and guiding therapeutics in patients with rectal cancer treated with nCRT.

nCRT is undoubtedly an important treatment for LARC that can improve sphincter preservation and down-staging and decrease local recurrence. An increasing number of researches have shown that radioresistance is closely related to altered tumor metabolism (58, 59). Current evidence has confirmed the value of glycolytic metabolism in improving the sensitivity to radiation therapy for tumors (60), although the mechanism of fatty acid metabolism in improving the radiosensitivity of tumors is not clear. The extensive network of tumor metabolism is interconnected and plays an important role in affecting tumor radiosensitivity. Irradiation induces tumor cell death and can activate the immune response in the TME (61, 62). Interestingly, in this study, we observed that patients with high-risk scores had a higher abundance of immune cells and higher immune scores, which contradicted their higher immune cell infiltration and poor prognoses. However, further exploration of immune checkpoints yielded an explanation. We found that immune checkpoints showed higher expression levels of CD274 (PD-L1) in patients with high-risk scores. Overexpressed PD-L1 in cancer cells binds to PD-1 on tumor-infiltrating lymphocytes with impaired T-cell activation (62, 63). In addition, some types of cells in the TME, including dendritic cells, also express PD-L1, which orchestrates the immunosuppressive microenvironment that supports tumor growth (64). Therefore, immune-related cells cannot act efficiently because of PD-L1 overexpression, although there is a higher abundance of immune cells. In addition, high expression levels of PD-L1 are associated with a poor prognosis of rectal cancer (65, 66). Currently, the PD-1/PD-L1 axis is considered an immunotherapeutic target for cancers (67). With intense research on immunotherapy, a combination of conventional cancer treatment methods with PD-L1 may benefit patients with rectal cancer (68). Thus, the overexpression of PD-L1 may provide a new therapeutic strategy for rectal cancer patients treated with nCRT.

Despite these promising results, some limitations remain. First, the FAM-related signature was constructed based on the GEO database and examined in an independent cohort; however, multicenter, large-scale prospective research is still needed to confirm the ability of FAM-related signatures to predict prognosis and nCRT response in patients treated with nCRT. Furthermore, this was a retrospective study, and clinical data were in some cases incomplete or unavailable, which caused a selection bias and incomplete analysis. The potential mechanism by which FAM impacts prognosis and treatment response in patients with rectal cancer needs to be explored. In the future, the results of the present study, including the microbiome, metabolism, and high-throughput sequencing, must be validated both in vitro and in vivo.



Conclusion

In conclusion, FAM is an important link between the gut microbiome and treatment response. A novel FAM-related signature was constructed that has an excellent ability to predict prognosis in patients with rectal cancer treated with nCRT. In addition, the FAM-related risk score can also be recognized as a potential biomarker of nCRT response in such patients. Finally, the findings of this study provide innovative insights into the individualized management of patients with rectal cancer treated with nCRT.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: NCBI under accession number PRJNA818503.



Ethics statement

The studies involving human participants were reviewed and approved by The Ethics Committee of Fujian Cancer Hospital. The patients/participants provided their written informed consent to participate in this study.



Author contributions

JL, JW, and HZ conceived and designed the study. YL, HL, and QW collected the samples. YX and YC recorded patient information. LK and GS performed bioinformatics analyses of the sequencing data. This manuscript was prepared by JL, JW, and HZ. All authors have contributed to the manuscript and approved the submitted version.



Funding

This work was supported by a grant (no. 2021J01433) from the Natural Foundation of Fujian Province, Fujian Research and Training Grants for Young and Middle-aged Leaders in Healthcare, National Clinical Key Specialty Construction Program, 2021, and Startup Fund for scientific research, Fujian Medical University (grant number 2020QH2043).



Acknowledgments

We thank the researchers and study participants for their contributions. We thank the TCGA and GEO databases for providing valuable and public datasets.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.1050721/full#supplementary-material



Abbreviations

ASV, amplicon sequence variants; AUC, area under the curve; DFS, disease-free survival; FAs, fatty acids; FAM, fatty acid metabolism; GEO, Gene Expression Omnibus; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; LARC, locally advanced rectal cancer; LASSO, least absolute shrinkage and selection operator; LDA, linear discriminant analysis; MSEA, metabolite set enrichment analysis; OS, overall survival; ROC, receiver operating characteristic; TRG, tumor regression grade; VIP, variable importance in projection.



References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: Cancer J For Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Siegel, RL, Miller, KD, Goding Sauer, A, Fedewa, SA, Butterly, LF, Anderson, JC, et al. Colorectal cancer statistics, 2020. CA: Cancer J For Clin (2020) 70(3):145–64. doi: 10.3322/caac.21601

3. Benson, AB, Venook, AP, Al-Hawary, MM, Arain, MA, Chen, Y-J, Ciombor, KK, et al. NCCN guidelines insights: Rectal cancer, version 6.2020. J Natl Compr Cancer Network: JNCCN (2020) 18(7):806–15. doi: 10.6004/jnccn.2020.0032

4. Ding, M, Zhang, J, Hu, H, Cai, Y, Ling, J, Wu, Z, et al. mFOLFOXIRI versus mFOLFOX6 as neoadjuvant chemotherapy in locally advanced rectal cancer: A propensity score matching analysis. Clin Colorectal Cancer (2022) 21(1):e12–20. doi: 10.1016/j.clcc.2021.11.009

5. Des Guetz, G, Landre, T, Bollet, MA, Mathonnet, M, and Quéro, L. Is there a benefit of oxaliplatin in combination with neoadjuvant chemoradiotherapy for locally advanced rectal cancer? An updated meta-analysis. Cancers (2021) 13(23):6035–45. doi: 10.3390/cancers13236035

6. Zhu, J, Liu, A, Sun, X, Liu, L, Zhu, Y, Zhang, T, et al. Multicenter, randomized, phase III trial of neoadjuvant chemoradiation with capecitabine and irinotecan guided by status in patients with locally advanced rectal cancer. J Clin Oncol (2020) 38(36):4231–9. doi: 10.1200/JCO.20.01932

7. Fokas, E, Allgäuer, M, Polat, B, Klautke, G, Grabenbauer, GG, Fietkau, R, et al. Randomized phase II trial of chemoradiotherapy plus induction or consolidation chemotherapy as total neoadjuvant therapy for locally advanced rectal cancer: CAO/ARO/AIO-12. J Clin Oncol (2019) 37(34):3212–22. doi: 10.1200/JCO.19.00308

8. Warburg, O, Wind, F, and Negelein, E. THE METABOLISM OF TUMORS IN THE BODY. J Gen Physiol (1927) 8(6):519–30. doi: 10.1085/jgp.8.6.519

9. Hanahan, D. Hallmarks of cancer: New dimensions. Cancer Discov (2022) 12(1):31–46. doi: 10.1158/2159-8290.CD-21-1059

10. Peek, RM, and Blaser, MJ. Helicobacter pylori and gastrointestinal tract adenocarcinomas. Nat Rev Cancer (2002) 2(1):28–37. doi: 10.1038/nrc703

11. Mima, K, Sukawa, Y, Nishihara, R, Qian, ZR, Yamauchi, M, Inamura, K, et al. Fusobacterium nucleatum and T cells in colorectal carcinoma. JAMA Oncol (2015) 1(5):653–61. doi: 10.1001/jamaoncol.2015.1377

12. Park, JH, Pyun, WY, and Park, HW. Cancer metabolism: Phenotype, signaling and therapeutic targets. Cells (2020) 9(10):2308–38. doi: 10.3390/cells9102308

13. Hanahan, D, and Weinberg, RA. Hallmarks of cancer: the next generation. Cell (2011) 144(5):646–74. doi: 10.1016/j.cell.2011.02.013

14. Pavlova, NN, and Thompson, CB. The emerging hallmarks of cancer metabolism. Cell Metab (2016) 23(1):27–47. doi: 10.1016/j.cmet.2015.12.006

15. Chen, F, Dai, X, Zhou, C-C, Li, K-X, Zhang, Y-J, Lou, X-Y, et al. Integrated analysis of the faecal metagenome and serum metabolome reveals the role of gut microbiome-associated metabolites in the detection of colorectal cancer and adenoma. Gut (2022) 71(7):1315–25. doi: 10.1136/gutjnl-2020-323476

16. Chan, SL. Microbiome and cancer treatment: Are we ready to apply in clinics? Prog Mol Biol Transl Sci (2020) 171:301–8. doi: 10.1016/bs.pmbts.2020.04.004

17. Helmink, BA, Khan, MAW, Hermann, A, Gopalakrishnan, V, and Wargo, JA. The microbiome, cancer, and cancer therapy. Nat Med (2019) 25(3):377–88. doi: 10.1038/s41591-019-0377-7

18. Yi, Y, Shen, L, Shi, W, Xia, F, Zhang, H, Wang, Y, et al. Gut microbiome components predict response to neoadjuvant chemoradiotherapy in patients with locally advanced rectal cancer: A prospective, longitudinal study. Clin Cancer Res (2021) 27(5):1329–40. doi: 10.1158/1078-0432.CCR-20-3445

19. Jang, B-S, Chang, JH, Chie, EK, Kim, K, Park, JW, Kim, MJ, et al. Gut microbiome composition is associated with a pathologic response after preoperative chemoradiation in patients with rectal cancer. Int J Radiat Oncol Biol Phys (2020) 107(4):736–46. doi: 10.1016/j.ijrobp.2020.04.015

20. Roy, S, and Trinchieri, G. Microbiota: a key orchestrator of cancer therapy. Nat Rev Cancer (2017) 17(5):271–85. doi: 10.1038/nrc.2017.13

21. Beloribi-Djefaflia, S, Vasseur, S, and Guillaumond, F. Lipid metabolic reprogramming in cancer cells. Oncogenesis (2016) 5:e189. doi: 10.1038/oncsis.2015.49

22. Koundouros, N, and Poulogiannis, G. Reprogramming of fatty acid metabolism in cancer. Br J Cancer (2020) 122(1):4–22. doi: 10.1038/s41416-019-0650-z

23. Tan, Z, Xiao, L, Tang, M, Bai, F, Li, J, Li, L, et al. Targeting CPT1A-mediated fatty acid oxidation sensitizes nasopharyngeal carcinoma to radiation therapy. Theranostics (2018) 8(9):2329–47. doi: 10.7150/thno.21451

24. Ding, C, Shan, Z, Li, M, Chen, H, Li, X, and Jin, Z. Characterization of the fatty acid metabolism in colorectal cancer to guide clinical therapy. Mol Ther Oncolytics (2021) 20:532–44. doi: 10.1016/j.omto.2021.02.010

25. Peng, Y, Xu, C, Wen, J, Zhang, Y, Wang, M, Liu, X, et al. Fatty acid metabolism-related lncRNAs are potential biomarkers for predicting the overall survival of patients with colorectal cancer. Front In Oncol (2021) 11:704038. doi: 10.3389/fonc.2021.704038

26. Trakarnsanga, A, Gönen, M, Shia, J, Nash, GM, Temple, LK, Guillem, JG, et al. Comparison of tumor regression grade systems for locally advanced rectal cancer after multimodality treatment. J Natl Cancer Inst (2014) 106(10):248–53. doi: 10.1093/jnci/dju248

27. Guo, M, Wu, F, Hao, G, Qi, Q, Li, R, Li, N, et al. Improves immunity and disease resistance in rabbits. Front In Immunol (2017) 8:354. doi: 10.3389/fimmu.2017.00354

28. Vander Heiden, MG, and DeBerardinis, RJ. Understanding the intersections between metabolism and cancer biology. Cell (2017) 168(4):657–69. doi: 10.1016/j.cell.2016.12.039

29. Kroemer, G, and Pouyssegur, J. Tumor cell metabolism: cancer’s achilles’ heel. Cancer Cell (2008) 13(6):472–82. doi: 10.1016/j.ccr.2008.05.005

30. Bian, X, Liu, R, Meng, Y, Xing, D, Xu, D, and Lu, Z. Lipid metabolism and cancer. J Exp Med (2021) 218(1):1606–22. doi: 10.1084/jem.20201606

31. Currie, E, Schulze, A, Zechner, R, Walther, TC, and Farese, RV. Cellular fatty acid metabolism and cancer. Cell Metab (2013) 18(2):153–61. doi: 10.1016/j.cmet.2013.05.017

32. Zhou, S, Wang, Y, Jacoby, JJ, Jiang, Y, Zhang, Y, and Yu, LL. Effects of medium- and long-chain triacylglycerols on lipid metabolism and gut microbiota composition in C57BL/6J mice. J Agric Food Chem (2017) 65(31):6599–607. doi: 10.1021/acs.jafc.7b01803

33. Patrone, V, Minuti, A, Lizier, M, Miragoli, F, Lucchini, F, Trevisi, E, et al. Differential effects of coconut versus soy oil on gut microbiota composition and predicted metabolic function in adult mice. BMC Genomics (2018) 19(1):808. doi: 10.1186/s12864-018-5202-z

34. Huang, EY, Leone, VA, Devkota, S, Wang, Y, Brady, MJ, and Chang, EB. Composition of dietary fat source shapes gut microbiota architecture and alters host inflammatory mediators in mouse adipose tissue. JPEN J Parenter Enteral Nutr (2013) 37(6):746–54. doi: 10.1177/0148607113486931

35. Peng, Z, Cheng, S, Kou, Y, Wang, Z, Jin, R, Hu, H, et al. The gut microbiome is associated with clinical response to anti-PD-1/PD-L1 immunotherapy in gastrointestinal cancer. Cancer Immunol Res (2020) 8(10):1251–61. doi: 10.1158/2326-6066.CIR-19-1014

36. Lawson, PA, Song, Y, Liu, C, Molitoris, DR, Vaisanen, M-L, Collins, MD, et al. Anaerotruncus colihominis gen. nov., sp. nov., from human faeces. Int J Syst Evol Microbiol (2004) 54(Pt 2):413–7. doi: 10.1099/ijs.0.02653-0

37. Butler, LM, Yuan, J-M, Huang, JY, Su, J, Wang, R, Koh, W-P, et al. Plasma fatty acids and risk of colon and rectal cancers in the Singapore Chinese health study. NPJ Precis Oncol (2017) 1(1):38. doi: 10.1038/s41698-017-0040-z

38. Shin, A, Cho, S, Sandin, S, Lof, M, Oh, MY, and Weiderpass, E. Omega-3 and -6 fatty acid intake and colorectal cancer risk in Swedish women’s lifestyle and health cohort. Cancer Res Treat (2020) 52(3):848–54. doi: 10.4143/crt.2019.550

39. Lang, X, Green, MD, Wang, W, Yu, J, Choi, JE, Jiang, L, et al. Radiotherapy and immunotherapy promote tumoral lipid oxidation and ferroptosis via synergistic repression of SLC7A11. Cancer Discov (2019) 9(12):1673–85. doi: 10.1158/2159-8290.CD-19-0338

40. Lei, G, Zhang, Y, Koppula, P, Liu, X, Zhang, J, Lin, SH, et al. The role of ferroptosis in ionizing radiation-induced cell death and tumor suppression. Cell Res (2020) 30(2):146–62. doi: 10.1038/s41422-019-0263-3

41. Han, S, Wei, R, Zhang, X, Jiang, N, Fan, M, Huang, JH, et al. CPT1A/2-mediated FAO enhancement-a metabolic target in radioresistant breast cancer. Front In Oncol (2019) 9:1201. doi: 10.3389/fonc.2019.01201

42. Murray, GI, Taylor, MC, McFadyen, MC, McKay, JA, Greenlee, WF, Burke, MD, et al. Tumor-specific expression of cytochrome P450 CYP1B1. Cancer Res (1997) 57(14):3026–31.

43. Liu, X, Wang, F, Wu, J, Zhang, T, Liu, F, Mao, Y, et al. Expression of CYP1B1 and B7-H3 significantly correlates with poor prognosis in colorectal cancer patients. Int J Clin Exp Pathol (2018) 11(5):2654–64.

44. Li, F, Zhu, W, and Gonzalez, FJ. Potential role of CYP1B1 in the development and treatment of metabolic diseases. Pharmacol Ther (2017) 178:18–30. doi: 10.1016/j.pharmthera.2017.03.007

45. Shimada, T, Hayes, CL, Yamazaki, H, Amin, S, Hecht, SS, Guengerich, FP, et al. Activation of chemically diverse procarcinogens by human cytochrome p-450 1B1. Cancer Res (1996) 56(13):2979–84.

46. Mokutani, Y, Uemura, M, Munakata, K, Okuzaki, D, Haraguchi, N, Takahashi, H, et al. Down-regulation of microRNA-132 is associated with poor prognosis of colorectal cancer. Ann Surg Oncol (2016) 23(Suppl 5):599–608. doi: 10.1245/s10434-016-5133-3

47. Duvvuri, U, Shiwarski, DJ, Xiao, D, Bertrand, C, Huang, X, Edinger, RS, et al. TMEM16A induces MAPK and contributes directly to tumorigenesis and cancer progression. Cancer Res (2012) 72(13):3270–81. doi: 10.1158/0008-5472.CAN-12-0475-T

48. Lu, P, Xu, M, Xiong, Z, Zhou, F, and Wang, L. Prevents apoptosis in colorectal cancer cells via the ANO1 pathway. Cancer Manage Res (2019) 11:9057–66. doi: 10.2147/CMAR.S185766

49. Rzymski, T, Milani, M, Pike, L, Buffa, F, Mellor, HR, Winchester, L, et al. Regulation of autophagy by ATF4 in response to severe hypoxia. Oncogene (2010) 29(31):4424–35. doi: 10.1038/onc.2010.191

50. Kimmelman, AC, Hezel, AF, Aguirre, AJ, Zheng, H, Paik, J-H, Ying, H, et al. Genomic alterations link rho family of GTPases to the highly invasive phenotype of pancreas cancer. Proc Natl Acad Sci United States America (2008) 105(49):19372–7. doi: 10.1073/pnas.0809966105

51. Singleton, DC, Rouhi, P, Zois, CE, Haider, S, Li, JL, Kessler, BM, et al. Hypoxic regulation of RIOK3 is a major mechanism for cancer cell invasion and metastasis. Oncogene (2015) 34(36):4713–22. doi: 10.1038/onc.2014.396

52. Graham, K, and Unger, E. Overcoming tumor hypoxia as a barrier to radiotherapy, chemotherapy and immunotherapy in cancer treatment. Int J Nanomed (2018) 13:6049–58. doi: 10.2147/IJN.S140462

53. Vassiliou, AG, Siaterli, M-Z, Frakolaki, E, Gkogkosi, P, Paspaltsis, I, Sklaviadis, T, et al. L-dopa decarboxylase interaction with the major signaling regulator PI3K in tissues and cells of neural and peripheral origin. Biochimie (2019) 160:76–87. doi: 10.1016/j.biochi.2019.02.009

54. Artemaki, PI, Papatsirou, M, Boti, MA, Adamopoulos, PG, Christodoulou, S, Vassilacopoulou, D, et al. Revised exon structure of l-DOPA decarboxylase () reveals novel splice variants associated with colorectal cancer progression. Int J Mol Sci (2020) 21(22):8568–96. doi: 10.3390/ijms21228568

55. Kontos, CK, Papadopoulos, IN, Fragoulis, EG, and Scorilas, A. Quantitative expression analysis and prognostic significance of l-DOPA decarboxylase in colorectal adenocarcinoma. Br J Cancer (2010) 102(9):1384–90. doi: 10.1038/sj.bjc.6605654

56. Chakrabarti, S, Multani, S, Dabholkar, J, and Saranath, D. Whole genome expression profiling in chewing-tobacco-associated oral cancers: A pilot study. Med Oncol (2015) 32(3):60. doi: 10.1007/s12032-015-0483-4

57. Feng, YY, Yang, Y, Wang, YY, Bai, XX, Hai, P, and Zhao, R. [Hypomethylation of DAPL1 associated with prognosis of lung cancer patients with EGFR Del19 mutation]. Zhonghua Zhong Liu Za Zhi (2021) 43(12):1264–8. doi: 10.3760/cma.j.cn112152-20190923-00618

58. Pitroda, SP, Wakim, BT, Sood, RF, Beveridge, MG, Beckett, MA, MacDermed, DM, et al. STAT1-dependent expression of energy metabolic pathways links tumour growth and radioresistance to the warburg effect. BMC Med (2009) 7:68. doi: 10.1186/1741-7015-7-68

59. Shimura, T, Noma, N, Sano, Y, Ochiai, Y, Oikawa, T, Fukumoto, M, et al. AKT-mediated enhanced aerobic glycolysis causes acquired radioresistance by human tumor cells. Radiother Oncol (2014) 112(2):302–7. doi: 10.1016/j.radonc.2014.07.015

60. Sattler, UGA, Meyer, SS, Quennet, V, Hoerner, C, Knoerzer, H, Fabian, C, et al. Glycolytic metabolism and tumour response to fractionated irradiation. Radiother Oncol (2010) 94(1):102–9. doi: 10.1016/j.radonc.2009.11.007

61. Lauber, K, Ernst, A, Orth, M, Herrmann, M, and Belka, C. Dying cell clearance and its impact on the outcome of tumor radiotherapy. Front In Oncol (2012) 2:116. doi: 10.3389/fonc.2012.00116

62. Barker, HE, Paget, JTE, Khan, AA, and Harrington, KJ. The tumour microenvironment after radiotherapy: mechanisms of resistance and recurrence. Nat Rev Cancer (2015) 15(7):409–25. doi: 10.1038/nrc3958

63. Yi, M, Yu, S, Qin, S, Liu, Q, Xu, H, Zhao, W, et al. Gut microbiome modulates efficacy of immune checkpoint inhibitors. J Hematol Oncol (2018) 11(1):47. doi: 10.1186/s13045-018-0592-6

64. Jiang, X, Wang, J, Deng, X, Xiong, F, Ge, J, Xiang, B, et al. Role of the tumor microenvironment in PD-L1/PD-1-mediated tumor immune escape. Mol Cancer (2019) 18(1):10. doi: 10.1186/s12943-018-0928-4

65. Ji, D, Yi, H, Zhang, D, Zhan, T, Li, Z, Li, M, et al. Somatic mutations and immune alternation in rectal cancer following neoadjuvant chemoradiotherapy. Cancer Immunol Res (2018) 6(11):1401–16. doi: 10.1158/2326-6066.CIR-17-0630

66. Saigusa, S, Toiyama, Y, Tanaka, K, Inoue, Y, Mori, K, Ide, S, et al. Implication of programmed cell death ligand 1 expression in tumor recurrence and prognosis in rectal cancer with neoadjuvant chemoradiotherapy. Int J Clin Oncol (2016) 21(5):946–52. doi: 10.1007/s10147-016-0962-4

67. Brahmer, JR, Tykodi, SS, Chow, LQM, Hwu, W-J, Topalian, SL, Hwu, P, et al. Safety and activity of anti-PD-L1 antibody in patients with advanced cancer. N Engl J Med (2012) 366(26):2455–65. doi: 10.1056/NEJMoa1200694

68. Galluzzi, L, Buqué, A, Kepp, O, Zitvogel, L, and Kroemer, G. Immunological effects of conventional chemotherapy and targeted anticancer agents. Cancer Cell (2015) 28(6):690–714. doi: 10.1016/j.ccell.2015.10.012



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Zhou, Chen, Xiao, Wu, Li, Li, Su, Ke, Wu and Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-13-1050721-g006.jpg
A

fibonucieoprolein complex biogenesis
protein targeting

response 10 metal ion

ibosome biogeness-

neurolransmiter transport

(RNA melabolec process.

reguiation of neurotransmitter levels
TRNA processing

Vesicle-mediated transport in synapse-
ibosomal large subunit biogenesis{ @

[——
oo

st compe, S STEFR
hosshor-FEo0) R
coyicvsce

aport vl marirare
peiiosipirid
i

ofosc e oesal e

cadherin binding
secondary active transmembrane wransporter actily
structural constuent of ibosome

G protein-coupled pepiide receptor actiy-
protease binding

steroid binding.

phosphoric dester hydrolase actity

53 RNA polymerase aciiviy-

RNA polymerase actuity

'DNA-dected 5-3' RNA polymerase actiy { &

001

(3 003

GeneRatio

R=016.p=0015
4000 .
8
& 2000
g
z
H
a
@
o
% EJ g E]
Risk score
100{ns * ns * nsnsnsnsnsns tons ot

v

N -
075 - 5

%g},y 8] %';

Risk E3 low £ high

** ns ns ns ns ns ns ns ns ns **ns

iy -

ImmuneScore

3000,

2000

CAMP signaling pathway |
Neuroacive lgandt-receplor nieraction |

‘Gheical carcinogenesis

Dilated cardiomyopathy (OCM)

Arthythmogenic right ventrcular cardiomyopathy (ARVC) -
Retinol metabolism |

Metaboic pathways -

Nirogen metabolsm |

Metabolism of xenobiotics by cytochrome P450 1

Stcroid hormonc biosynthesis -

Mucin type O-glyvan biosyrthesis |

Ether lpid metabolism -

Pentose and glucuronate inerconversions |

‘Ascorbate and aldarate metabolism |

Porphytin and chiorophyll metabolism -

Tyrosine metabolism |

Butanoate melabolism |

Linoleic ac:d metabolism -

‘Sphingolpid metaboiism -

Purine metabolsm |

Phenylalannine metabolism -

Glycosphingolpd biosynthes's - acto and neolacto series 1
Renin secretion

Mineral absorption

Gastric acd secretion

Bic secretion

Serotonergic synaps

Aldosterone-eguiated sodium reabsorption

Pancreaic secretion 1

——
—
N 2 -
-
Y I
Drug metabolism - cytochrome PS04 ®
E— —
I —
b
—
e
.
e
e

-10g10(FOR)

m

R=0.18,p=0.0061

1000

StromalScore

-1000-

% % 7 7
Risk score

Gene expression

Group
@ Environmental Information Processing
® Human Disease

@ Organismal Systems

R=01,p=0.11

%

Risk B8 low B3 ngh

Risk score






OEBPS/Images/M2.jpg
FAM ris  wom =Bsprewion of CITIE] X0.2366+ Bepremion  of
DDC x (- 15227) + Esresion of ANOI x 12239 + Expression of
DAPLL X (- 0.0843) + Expression of RIOK3 x 7.5436





OEBPS/Images/fimmu.2022.1050721_cover.jpg
’ frontiers | Frontiersin Immunology

Evaluation of the ability of fatty
acid metabolism signature to
predict response to neoadjuvant
chemoradiotherapy and
prognosis of patients with
locally advanced rectal cancer





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Evaluation of the ability of fatty acid metabolism signature to predict response to neoadjuvant chemoradiotherapy and prognosis of patients with locally advanced rectal cancer

      

        		

          Introduction

        



        		

          Materials and methods

        

          		

            Study participants

          



          		

            16S rRNA gene sequencing and bioinformatics analysis

          



          		

            Ultra-high-performance liquid chromatography–tandem mass spectrometry analysis and statistical metabolism analyses

          



          		

            Date source

          



          		

            Single-sample gene set enrichment analysis

          



          		

            Identification of differentially expressed genes

          



          		

            Development of the fatty acid metabolism-related signature

          



          		

            Assessment of fatty acid metabolism-related signature

          



          		

            Evaluation of fatty acid metabolism-related signature and clinicopathological features

          



          		

            Function enrichment analysis of fatty acid metabolism-related signature

          



          		

            Relationship between fatty acid metabolism-related signature with tumor microenvironment and immune-related analysis

          



          		

            Tissue samples and quantitative real-time polymerase chain reaction

          



          		

            Statistical analyses

          



        



        



        		

          Results

        

          		

            Relationship between baseline gut microbiome and neoadjuvant chemoradiotherapy response in patients with rectal cancer

          



          		

            Characteristic of baseline metabolites of patients with rectal cancer with different neoadjuvant chemoradiotherapy responses

          



          		

            Identification of different expression genes and construction of fatty acid metabolism-related signatures

          



          		

            Prognostic analysis based on fatty acid metabolism-related signature

          



          		

            Association between clinicopathological features and fatty acid metabolism-related signature

          



          		

            Comparison of fatty acid metabolism-related signature and previously published multi-gene signatures

          



          		

            Function enrichment of differentially expressed genes between high- and low-risk groups

          



          		

            The landscape and evaluation of immune checkpoints based on fatty acid metabolism-related risk score

          



          		

            Validation of the fatty acid metabolism-related signature in the Fujian Cancer Hospital cohort

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-13-1050721-g004.jpg
>

8

Risk score

Survival time

G

Characteristics

HR (95% CI)

Unicox
Age
Gender
KRAS state
risk
Multicox

risk

0.669 (0.326-1.373)
1.119 (0.554-2.263)
1.079 (0.550-2.116)

2.056 (1.048-4.036)

2.056 (1.048-4.036)

C Risk = High risk & Low risk E
o
1.00 -
° |
S
2075
3
s z @
€ z =
5050 3
3
E .
5
3025 ~
p=0002 S —— AUC at 1 years: 0.780
— AUC at2years: 0.910
0.00 o | — AUC at 3 years: 0.942
31
[ k] 2 3 4 5 6 T T T T T T
Time(years) 0.0 02 04 06 08 10
1-Specificity
D Risk B High sk [B Low sk F
o g
1.00 -
o
Risk group. @ -
. Low
« High
£ 37
E
a3
Status
o Aive o
* Dead p=0004 ° —— AUC at 1 years: 0.736
— AUC at 2 years: 0.710
000 _ < —— AUC at 3 years: 0.702
=
012345678 6101112 T T T T T T
Time(years) 0.0 02 04 06 08 1.0
1-Specificity
P value Characteristics HR(95% CI) P value
1 Unicox H
i '
e 0274 Age 0.531(0.193-1457) ke 0.219
—o— 0.753 Gender 1.335(0.552:3.230)  He—i 0.521
I I
i 0.825 KRAS state 1.187 (0.501-2.812)  e—A 0.697
i i
—e——— 003 risk 2406(1.0085.739)  —e————1 0048
I i
i '
[ Multicox H
i '
I i
F———— 003 risk 2.406 (1.008-5739)  |—e———— 0.048
< B 3 4 o 2 a4 &





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-1050721-g002.jpg
. Trchuris_richiara_human._y
By Ruminclostridum,
" Ruminococcus_bromi, L2 63
=i Vitvalis
| Saccharimonadaceae
i Saccharimonat
| Saccharimonadia
B Xanthobacteraceae
=~ Desufovibrio_piger
o Burkhoieriaceae.
mmp Betaproteobacieriales
B Akkemansia

- Akkermansiacea
s Vernucomicrobiaies
B¢ Verucomicrobiae

#pCR ®non-pCR

Linoleic acid metabolism

|
il
I .
i

=up
55 = dowr

Burkoceraceso I
Sotaprtecsacieraes N
Anaerotruncus_cofiominis_DSM_17241 NN
Pmmeu-mne,uxas:i,wwv=
Sanobacirscsse
I 5occhrimoradacsee
I 5occormorada
I vorcies
asciacona
e caetacee U6,
R . inococcus_bromi_L2_63
R <" vchiura_human_whipworm
I . obacillus_mucosae:
[ o
I s S
[ pieee
s
I . coricosaes
itemansiceae
v com 155
I . coricova

-4 -3 -2 -1 0 1 2 3 4
LDA SCORE (log 10) PCR vs non-pCR

D

Bota Oxidation of Very Long Ch

rayscer |
00s
95% confidence intervals Onidaton of Branched Chain Faty ccs |
nosto etaossr | NN .
| 0
P — |

= 003%20

pvalue

5,000
Mean abundance

10,000

PrTR—— |

8000 6000 4000 2000 0 nsiol Prosshats etaboio { N

Difference in mean abundance e B | L





OEBPS/Images/fimmu-13-1050721-g007.jpg
1.00

score

Risk == High risk & Low risk

Time(years)

Characteristics
Unicox
Age
Gender
Stage
nCRT response
riskScore

Multicox

riskScore

HR(95% Cl)

0.262 (0.034-1.992)
0.512 (0.186-1.413)
1.697 (0.378-7.629)
1.213 (0.273-5.389)

1.006 (1.002-1.010)

1.006 (1.002-1.010)

Sensitivity

1.0

0.2 04 0.6 0.8

0.0

—— AUC at 1 years: 0.813
24 —— AUC at 2 years: 0.767
—— AUC at 3 years: 0.808

T T T T T T
0.0 0.2 04 0.6 0.8 1.0

1-Specificity

P value

———— 0.196
—e—1— 0.196

——e—> 049
—t——> 0.799

0.0

0.5

Sensitivity
0.4

1.0

0.8

0.6

0.2

0.0

0.007

0.007

AUC: 0.718

T T T T T T
1.0 0.8 06 0.4 02 0.0

Specificity





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/M1.jpg





OEBPS/Images/fimmu-13-1050721-g005.jpg
e e ] 2 —
KRS se P o
Rk
ha Gt nas s C
Ll el f Y =
o
© 3 A
RT response B3 non-pCR B3 pCR
0002 )
©
2 o 7 z 3 r
. £ >
28 . 2 2 1K
. 2 AUC: 0.706 2 =
o
. o ¥ [, r
3 ° s
gz sl .
€ - — — Retscore, AUC = 0708
o 7 g r p—
e ! — Agostn Risk score. AUC = 0657
— or Rk score, AUC = 0417
g o ya Wil Ris scae, AUC = 0518
c g lA
mompCR oCR J ! 1 ) ! r 00 02 04 06 08 10
RT nse 1.0 0.8 06 0.4 0.2 0.0 6o
respor 1 - Specificity
Specificity
o | o o
3 3 3
Z o F © £ o
3 3 o z S
Z =
2 2 2
5 © o
h < | J LU ¢ 2 5
" L Rikscore,Auc = 0738 - — Rskscore, AUC = 0710 o — Riskscore, AUC = 0702
S T Znu Ris score, AUC = 0735 S — Zhu Riskscore, AUC = 0571 S "~ 2 Rk score, AUC = 0600
L Risk sooe, AUC = 0535 —— L Risk soore, AUC = 0508 — Liu Risk scare, AUG = 0472
" Hur Risk score, AU = 0527 —— HurRisk score, AU = 0540 " Hur Ris scar, AUC = 0565
—— Wilino Risk scare, AUC = 0700 U —— Mo Risk score, AUG = 0662 "~ Wiino Riskscoe, AUC = 0627
o ~— Guan Risk score, AUC = 0.330 o g Qi ik acord, ALIC = 01478 o —— Guan Risk score, AUC = 0.504
= — Agostini Risk score, AUC = 0 537 s {4 — Agostini Risk score, AUC = 0625 s —— Agostini Risk score, AUC = 0665
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
1 - Specificity 1 - Specificity 1 - Specificity
0.10] 0.10' 02
— Risk score — Risk score — Risk score
— ZhuRisk score = Zhu Risk score ~ ZhuRisk score
— Liu Risk score — Liu Risk score — Liu Risk score
0.05] — Hur Risk score 005 — Hur Risk score 0.1 — Hur Risk score
4 — Millino Risk score & — Millno Risk score o — Wilino Risk score
‘E — Guan Risk score D — Guan Risk score ﬁ — Guan Risk score
2 Afosini Rk score 2 = Agosini Rk scor0 2 ~ AgostniRiskscore
5 5 Al 5 — A
(] — None o ~ None [+ ~ None
3 T 3
z z z
0.00] 0.00 00
000 025 050 075 000 025 050 075 100 0.00 025 050 075 100
Risk Threshold Risk Threshold

Risk Threshold





OEBPS/Images/fimmu-13-1050721-g003.jpg
>

NnCRT response E83 non-pCR B3 pCR

0.047

o
S
.

i
=
&

o
N
a

HALLMARK_FATTY_ACID_METABOLISM
o
g

o
o
S

non-pCR CR

NnCRT response

[l ﬁll






OEBPS/Images/fimmu-13-1050721-g001.jpg
i-1

pCR non-pCR

g ]‘

) !':\!',
—
=m

16s rRNA UHPLC-MS/MS

Fatty Acid Metabolism

Prognostic FAM-related -
RS DEGs ggnes : DEGs 5-gene signature model

sk B8 gn . B Low sk o

°
S
3

AUC: 0.706

rvival probability
°
8
Sensitivity

S
o
»
3

i 84
Pp=4.766e-03 o

0.00 24
0123 45678 910112 ! ! § !
Time(years) 1.0 08 06 04 02 00

Survival analysis RT response predicting Immune-related analysis






