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ARTICLE INFO ABSTRACT

Keywords: Colon adenocarcinoma (COAD) is a highly lethal gastrointestinal malignancy. The five-year
Colon survival rate of metastatic colorectal cancer remains low, at 14 percent. Numerous publications
Oncology have suggested a role for peroxisome proliferator-activated receptors (PPARs) in malignancy.

Proliferator-activated receptors

Bi X Recent studies have shown that PPARs, as nuclear transcription factors, may serve as potential
lomarker

targets for the treatment of metabolic syndrome tumors and their associated complications.
However, the molecular mechanism has not been thoroughly investigated. Hence, in order to
enhance the prediction of personalized medicine for PPAR-associated modulators in malignancy
treatment, a timely review becomes essential. Utilizing TCGA-COAD expression profile data and
patient overall survival (OS) information, this study systematically conducted investigations to
identify and develop Hub stem cell-related diagnostic and prognostic identification models,
aiming to enhance the multi-gene markers for COAD. Utilizing the differential expression profiles
of stem cell-related genes, an 11-gene (SLC27A4, CPT1C, CPT1B, CPT2, CYP4All, FABP3,
FABP7, AQP7, MMP1, ACOX1, ANGPTL4) diagnostic and prognostic model was developed. This
model demonstrated precise diagnostic and prognostic capabilities and holds the potential to
characterize the clinicopathologic features of COAD. Univariate and multivariate Cox propor-
tional hazards regression analyses were conducted to ascertain the independent factors influ-
encing OS outcomes in COAD. The results revealed that CPT1B, SLC27A4, and FABP3 were
identified as independent risk prognostic factors for OS in COAD, whereas ACOX1 and CPT2
served as independent protective prognostic factors. The hub genes associated with PPARs were
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identified through the differential expression of contrast agent COAD and normal tissues. Finally,
the investigation of variations in immune infiltration and the analysis of relevant biological
pathways validate the prognostic significance of the independent post-factors within this mo-
lecular model. This research aims to provide references for comprehending the mechanism of
post-transcriptional regulation of COAD and molecular therapy.

1. Introduction

Colon adenocarcinoma (COAD) is a prevalent cancer and continues to be the third leading contributor to cancer-related mortality
on a global scale [1,2]. The occurrence of colorectal cancer in China has risen over the last twenty years; however, the prognosis has
not improved significantly [3,4]. Therefore, new biomarkers for prognostic evaluation should be further explored to investigate the
molecular mechanism of COAD development [5]. Furthermore, there is growing evidence that, in addition to genetic mutations, the
tumor microenvironment (TME) [6] and immune cells are critically involved in the progression of COAD. Anti-tumor immune patterns
through cytokine interactions are closely associated with the maintenance of intestinal homeostasis and the intrinsic mechanisms of
intestinal cancer progression [7].

Peroxisome proliferators-activated receptors (PPARs) were first peroxisome in 1990. PPARs belong to the steroid hormone receptor
family, a group of ligands that activate transcription factors that help regulate the expression of Hub genes involved in lipid meta-
bolism, lipogenesis, and glucose control [8]. PPARs are also transcription factors activated by ligands [9]. Upon binding to their fatty
acid ligand, PPAR forms a heterodimer complex with retinoic acid X receptor (RXR) to regulate transcription [10,11]. Recent evidence
suggests that PPARs are implicated in inflammation and belong to the processes related to the regulation of gene expression, They
function as connectors between lipid metabolic disorders and innate immunity, and their activation by fatty acids and their derivatives
facilitates signal transduction between the cell nucleus and the cell surface [9]. PPARs have become an exciting therapeutic target for
several diseases. Peroxisome proliferator-activated receptor o (PPAR«) is a nuclear receptor that acts as an exogenous and lipid sensor
to regulate energy burning, lipid homeostasis, and inflammation [12]. A study by Yuhong Luo et al. reported that deletion of PPARx in
the intestine promotes colon carcinogenesis by increasing DNMT1-mediated P21 methylation and PRMT6-mediated p27 methylation
in mice [13]. Peroxisome proliferator-activated receptor & (PPAR §) is a member of the ligand-activated PPAR nuclear receptor family
[14]. A study by Yuhong Luo et al. reported that downregulation of PPAR & promoted colon cancer growth by inducing less differ-
entiation, accelerated proliferation of tumor cells and VEGF expression in vivo, and reduced tumor sensitivity to bevacizumab [15].
PPARs are expressed in various types of tumors, including tumor cells, and their role is intimately linked to the onset and progression of
COAD [16]. Therefore, further research is being carried out in this field to discover new PPARs-related therapeutic targets, offering
potential avenues for safe and effective treatment of COAD.

This study analyzed genomic information from 461 CRC samples to comprehensively assess and construct the PPARS prognostic
risk score model. Univariate and multivariate Cox proportional hazards regression analyses were further employed to ascertain the
independent variables influencing overall survival (OS) outcomes in COAD. CPT1B, SLC27A4, and FABP3 were found to be inde-
pendent risk prognostic factors for OS outcomes in COAD, whereas aCOX1 and CPT2 served as independent protective prognostic
factors. Furthermore, an assessment was executed to examine the link between the prognostic risk score model and the features of TME
cell infiltration. These outcomes introduce a fresh angle for investigating the metabolic mechanism and therapeutic approaches for
COAD.

2. Material and methods
2.1. Data collection

Tertiary data for mRNA sequencing in individuals with COAD were obtained from TCGA (https://TCGA-data.nci.nih.gov/TCGA/).
The RNAseq data comprised 521 cases, consisting of 41 paracancerous tissues and 480 colon cancer tissues. A total of 461 patients with
available clinical information were selected for additional analysis The obtained gene expression data were initially recorded as “One

million fragments per kilobase” (FPKM), and the raw data were subsequently transformed into “Transcription number in millionths”
(TPM).

2.2. Identification of differentially expressed genes
For the identification of differentially expressed genes (DEGs) between COAD and normal tissues, the “limma” R-package was used

[17]. The criteria for DEG screening were set at p-values <0.05 and (logFC| > 1.5. Additionally, 67 PPAR pathway genes were
downloaded from the “WP” section of the MsigDB online database (https://www.gsea-MsigDB.org/gsea/MsigDB/index.jsp) [18].

2.3. Enrichment analysis

Gene Ontology (GO) [19] and Kyoto Encyclopedia of genes and genomes (KEGG) analyses were executed utilizing pertinent
software packages with the ‘clusterProfiler’ R package [20,21]. Gene set enrichment analysis (GSEA) was conducted to ascertain
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differential functions or gene sets that could be preferentially defined between two biological states. Meaningful potential functional
enrichment pathways within the “c2.cp.v7.2" category were scrutinized in the risk groups determined by the prognostic model.
Furthermore, the analysis produced the Normalized Enrichment Score (NES, nom P-value, and FDR g-value using GSEA to divide the
enrichment pathway into two phenotypes. [NES| > 1, nom P-value < 0.05 and FDR g-value < 0.25 were used as thresholds.

2.4. Machine learning selection of biomarkers

Machine learning models were utilized to screen genes significantly associated with prognosis and construct a model with excellent
predictive performance. The gene expression values underwent normalization utilizing “Log28x + 18i" and “Minmax” normalization
methods. The least absolute shrinkage and selection operator (LASSO) regression algorithm was applied to screen genes closely
associated with OS in one step, and 10-fold cross-validation was used to screen candidate signature genes and determine the penalty
parameter (A), which corresponds to the minimum value of the biased likelihood deviation. The coefficients obtained by LASSO
regression were applied to each normalized gene expression value, leading to the formulation of the risk scoring formula [22,23].

riskScore = ZC{)eﬁ‘icient (hub gene;) * mRNA Expression (hub gene;)

2.5. Development and validation of the risk model

The important values of genes in the two models were quantified, and the 11 genes with the most important values were chosen as
pivotal genes for further study. Prognostic analysis of clinical data was acquired from TCGA. Survival analysis showed differences in
OS. Furthermore, univariate and multivariate Cox regression analyses were conducted to determine independent predictive variables.
Receiver Operating Characteristic (ROC) curves and calibration curves were employed for discrimination and correction [24].

2.6. Evaluation of tumor microenvironment (TME)

The CIBERSORT algorithm in R was utilized to determine the TME status for each COAD sample [25]. CIBERSORT was employed to
predict the relative levels of 22 tumor-infiltrating lymphocytes (TILs) in COAD samples. A selection criterion of a P < 0.05 was applied
to ensure the reliability of the prediction results [26].

2.7. qRT-PCR

The total RNA was extracted from GES1, MKN-45, and SUN-16 cell lines using the TRIzol reagent (Thermo Fisher, USA). From 500
ng of RNA, cDNA was generated utilizing HiScript II SuperMix (Vazyme, China). qRT-PCR was conducted in the ABI 7500 System
(Thermo Fisher, USA) employing SYBR Green Master Mix. PCR amplification conditions involved 46 cycles of 94 °C for 10 min, 94 °C
for 10 s, and 60 °C for 45 s. GAPDH was utilized as the internal reference. Below is a list of primer pair sequences for the targeted genes.

Gene Forward primer sequence (5-3") Reverse primer sequence (5-3)
CPT1B TGTATCGCCGTAAACTGGACCG TGTCTGAGAGGTGCTGTAGCAC
CYP4A11 CATGGCAGACTCTGTACGAGTG CTGATGGCTGAAGGCACACTTC
CPT2 GCAGATGATGGTTGAGTGCTCC AGATGCCGCAGAGCAAACAAGTG
CPT1C TGCCATGTCGTTCCATTCTCCC GCCGACTCATAAGTCAGGCAGA
SLC27A4 GGACCAACTTTTCCAGCCGCTT TGCGGCTATTGAAACCACAGGC
FABP3 GTGGAGTTCGATGAGACAACAGC TGGTCTCTTGCCCGTCCCATTT
FABP7 CTGTTGTTAGCCTGGATGGAGAC CTCATAGTGGCGAACAGCAACC
AQP7 GAGGAAGATGGTGCGAGAGTTC CAAGTTGACACCAAGGTAGCTCC
MMP1 ATGAAGCAGCCCAGATGTGGAG TGGTCCACATCTGCTCTTGGCA
ACOX1 GGCGCATACATGAAGGAGACCT AGGTGAAAGCCTTCAGTCCAGC
ANGPTL4 GATGGCTCAGTGGACTTCAACC TGCTATGCACCTTCTCCAGACC
GAPDH CTGGGCTACACTGAGCACC AAGTGGTCGTTGAGGGCAATG

2.8. Statistical analyses

Data are expressed as means + standard error (SD). Differences between groups were assessed through a Student’s t-test. Statistical
analyses were conducted utilizing R 4.0.2. P < 0.05 (two-tailed) was deemed as a statistically significant value.

3. Results

3.1. Construction of lasso model based on PPRAs of OS in COAD

Owing to the biological importance of PPARs in tumor processes, a diagnostic and OS prognostic model for COAD was constructed.
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Fig. 1. Establishment of prognostic risk scoring model. (A) LASSO coefficients of 67 PPARs-associated genes; (B) Genetic identification of prognostic
risk score model development; (C) Expression difference box plots of prognostic model genes in TCGA-COAD database; (D) Heatmap showing
remarkable variations in the expression of hub PPRAs prognostic genes between high and low-risk groups, with red indicating high risk and blue
i‘ndicating low risk; (E-F) Differential volcano and differential expression sequencing maps of prognostic PPARs-related genes in COAD.

This model was based on 67 genes associated with the PPARs pathway from the WP database. It can be utilized in regression analysis
for diagnostic and prognostic purposes. Initially, lasso regression analysis was conducted for regression screening, aiming to ascertain
the optimal lambda values for the identification of 11 statistically significant genes. A 11-gene diagnostic model consisting of
SLC27A4, CPT1C, CPT1B, CPT2, CYP4A11, FABP3, FABP7, AQP7, MMP1, ACOX1 and ANGPTL4 was obtained. The Lambda and Min
values are visualized through the LASSO Logit model algorithm, and their stability is ensured by specifying the loss function of LASSO
(Fig. 1A and B). The expression differences among these prognostic genes were examined within the TCGA-COAD database. Notably,
CPT2, SLC27A4, FABP3, AQP7, and ACOX1 exhibited significantly lower expression levels in tumor tissues. Conversely, CPT1B and
MMP1 exhibited elevated expression in tumor tissues (Fig. 1C). The LASSO model of PPRAS outcomes based on OS classifies in-
dividuals with COAD into high- and low-risk groups. The heatmap demonstrated remarkable variations in the expression of hub PPRA
prognostic genes between both risk groups. For the risk group, red denotes high risk, and blue denotes low risk (Fig. 1D). Subsequently,
the differential expression of these prognostic PPARs-related genes in COAD tissues was demonstrated by volcano plots and differential
expression sequencing maps (Fig. 1E and F).

Risk Factor Association maps show differences in population proportion, OS time and survival status, and gene expression between
high-risk and low-risk COAD patients as distinguished by the construction of the LASSO model (Fig. 2A). To depict the correlation
between the prognostic genes, a correlation heatmap was utilized. The findings indicated considerable variations between the two
molecules with positive correlation. However, most of the negative correlations were not significant (Fig. 2B). Subsequently, an
analysis was conducted to ascertain if the prognostic risk model held independent prognostic significance. This was achieved through
Cox regression, considering both the survival status and OS time of COAD patients. Univariate and multivariate Cox regression analysis
showed that only CPT1B, SLC27A4, ACOX1, FABP3, and CPT2 were independent prognostic factors for OS in individuals with COAD
(Fig. 2C and D).

3.2. Verification of prognostic molecular efficacy

To confirm the predictive capability of the diagnostic model, the R software package pROC was employed to generate individual
gene ROC curves and compute the corresponding areas under the curve (AUC). Next, to reveal the relationship between the 11 PPARs-
related markers in COAD and the diagnostic value of the disease and the OS prognosis, R package RMS was employed. This facilitated
the construction of time-dependent ROC curves for the 11 hub genes that held significant weights in a prior lasso model. Only FABP3
[1—year (AUC = 0.530); 3—year (AUC = 0.545); 5—year (AUC = 0.577)], ANGPTL4[1—year (AUC = 0.530); 3—year (AUC = 0.545);
5—year (AUC = 0.577)], CPT1B[1—year (AUC = 0.592); 3—year (AUC = 0.600); 5—year (AUC = 0.598], and CPT1C[1—year (AUC =
0.581); 3—year (AUC = 0.556); 5—year (AUC = 0.558)] were found to have predictive value for OS at 1,3, and 5 years in individuals
with COAD (Fig. 3A-D). Meanwhile, the survival curve on OS time found that only patients with elevated expression levels of CPT1B
(P = 0.046) and SLC27A4 (P = 0.046) among hub PPARs-related genes in the model had significantly worse prognostic significance
(Fig. 3E and F).

3.3. Gene enrichment analysis

To delve deeper into the biological implications of the six stem cell-related marker models in COAD, comprehensive functional
enrichment investigations were conducted. These investigations involved genes with varying dimensions and levels and were executed
through GO enrichment analysis from three levels: biological process (BP), molecular function (MF), and cellular component (CC).
Kyoto Encyclopedia of Genes and Genomes (KEGG) is an extensively utilized database that houses data concerning genomes, diseases,
biological pathways, and medicines. All significantly differentially expressed genes underwent annotation with GO functions through
the utilization of the R-package clustering analyzers. This approach aimed to determine remarkable enrichment in BP. The outcomes of
the enrichment analysis were visualized utilizing the R package GO plot. The threshold for significance in the enrichment analysis was
established at p-values <0.05. The outcomes of the functional enrichment analysis conducted on the PPARs prognostic genes indicated
a predominant enrichment of CC in the outer mitochondrial membrane and the outer membrane of organelles. Furthermore, signif-
icant functions related to palmitoyltransferase activity, fatty acid binding, o-acyltransferase activity, and carboxylic acid-binding were
enriched. Bioengineering is centered on the study of fatty acid transport and catabolism, as well as the catabolism of monocarboxylic
acids, carboxylic acids, and organic acids (Fig. 4A, C, E). The prognostic model was concentrated on fatty acid degradation, fatty acid
metabolism, alcoholic liver disease, and thermogenesis (Fig. 4B, D, F).

3.4. Gene set enrichment analysis of prognostic risk model

The prognostic model associated with high-risk groups exhibited enrichment in various pathways, including fatty acid metabolism,
folate biosynthesis, nitrogen metabolism, oxidative phosphorylation, terpenoid backbone biosynthesis, and valine leucine and
isoleucine degradation, as identified in the KEGG database (Fig. 5A). The prognostic low-risk group exhibited enriched entries
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including acute myeloid leukemia, arrhythmogenic right ventricular cardiomyopathy (ARVC), hypertrophic cardiomyopathy (HCM),
and small cell lung cancer (SCLC) (Fig. 5B). Within the REACTOME database, high-risk samples exhibited enrichment in pathways
related to cholesterol biosynthesis, L-Cysteine and homocysteine degradation, chemiosmosis ATP formation, mitochondrial fatty acid p
oxidation, and other molecular functional pathways (Fig. 5C). The low-risk group exhibited remarkable enrichment in the REACTOME
database, specifically in pathways involving receptor-dependent activation of caspase, PTEN translation-related processes, DCC-
mediated signaling, apoptotic soma formation, and the binding of GLI protein to the HH response gene promoter, facilitating tran-
scription, among other factors (Fig. 5D). The high-risk group exhibited significant enrichment in various entries, including pathways
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Fig. 4. Enrichment analysis of PPARs-related prognostic genes. (A) GO enrichment analysis bar plot with column length representing the number of
gene enrichment; (B) GO enrichment analysis bubble plot with bubble size representing the number of gene enrichment and color representing
significance, with significance increasing gradually from yellow to blue; (C) KEGG enrichment analysis bar plot with column length representing the
number of gene enrichment; (D) KEGG enrichment analysis bubble plot showing bubble size representing the number of gene enrichment and color
Eepresenting significance, with gradual increase from yellow to blue. (E-F) GO and KEGG Enrichment Analysis Enrichment Network diagram.

such as benzoapyrene metabolism, electron transport chain oxphos system in mitochondria, iron metabolism in placenta, as well as
mitochondrial CII and CIII assembly within the WP database (Fig. 5E). IL17, IL3 and mapk/nfkb signalling pathways inhibited by
yersinia yopj, mir5093p alteration of yaplecm axis, mirna biogenesis and targets in ecm and membrane receptors were enriched
entries for low-risk groups in WP database (Fig. 5F).

3.5. Immune infiltration analysis of predictive risk model

To investigate how the prognostic marker model affects the immune cell infiltration within the COAD microenvironment, the
transcriptome expression matrix was deconvolved using the CIBERSORT algorithm as per the linear support vector regression prin-
ciple. Subsequently, the composition of immune cells within the mix was assessed. Samples with a significance level of P < 0.05 were
selected and the matrix infiltrated by the immune cells was obtained (Fig. 6A). Subsequent analysis of immune cell infiltration levels
indicated variations in the impact of the prognostic model on multiple immune cells. Notably, resting memory CD4 T cells, activated
memory CD4T cells, resting dendritic cells, activated dendritic cells, and eosinophils exhibited remarkably reduced infiltration levels
in the high-risk group. Macrophages MO and regulatory T cells (Tregs) exhibited remarkably elevated infiltration levels in the high-risk
group (Fig. 6B). Additionally, the degree of infiltration between immune cells was significantly correlated (Fig. 6C). Subsequent
correlation analysis indicated a negative correlation between PPAR-related markers and the level of immune cell infiltration, implying
that inadequate immune cell infiltration might play a role in accelerated tumor advancement and unfavorable prognosis (Fig. 6D). The
prognostic risk score exhibited negative correlation with resting dendritic cells (r = —0.28, P = 6.7e —05) and resting memory CD4 T
cells (R = —0.32, P = 5.5E —06), while it exhibited a positive correlation with Tregs (R = 0.28, P = 6.9e —05). These results are
consistent with the fact that dendritic cells and memory CD4 T cells play a beneficial role in enhancing immune cell-mediated tumor
killing (Fig. 6E-G).

3.6. qRT-PCR for detecting the reliability of bioinformatics models

To test the reliability of bioinformatics models, the expression of CPT1B, CYP4A11, CPT2, CPT1C, SLC27A4, FABP3, FABP7, AQP7,
MMP1, ACOX1, and ANGPTL4 were examined in normal colonic epithelial cells (NCM-460), as well as in colonic adenocarcinoma cell
lines (RKO and SW48) using qRT-PCR. It was observed that CPT1B and MMP1 exhibited higher expression levels in colonic adeno-
carcinoma cell lines, whereas the expression levels of CPT2, SLC27A4, FABP3, AQP7, and ACOX1 were reduced in colonic adeno-
carcinoma cell lines. This alignment between the observed results and the predictions made by the bioinformatics model lends support
to the validity of the model (see Fig. 7).

4. Discussion

COAD ranks as the second primary cause of cancer-related mortality worldwide [3], with metastasis standing out as the leading
contributor to cancer-related fatalities [27-29]. The 5-year OS rate of individuals with metastatic colorectal cancer (advanced stage
(IV)) is only 4-12% [30,31].

Lasso regression analysis was conducted to identify molecular models linked to OS outcomes in individuals with COAD, encom-
passing 67 PPARs pathway-related genes. The 11-gene prognostic model, comprised of SLC27A4, CPT1C, CPT1B, CPT2, CYP4All,
FABP3, FABP7, AQP7, MMP1, ACOX1 and ANGPTL4, was consequently established. The diagnosis of COAD and its association with OS
were analyzed as per the transcriptome expression data of the prognostic genes. Univariate and multivariate Cox regression analyses
confirmed that CPT1B, SLC27A4, and FABP3 were independent risk prognostic factors, while ACOX1 and CPT2 were independent
protective prognostic factors (Table 1). Subsequent enrichment analysis also suggested a close association with metabolic pathways,
metabolic functions, and associated metabolic syndrome, such as fatty acids.

To assess the impact of prognostic risk models on immune cell infiltration in the COAD microenvironment, the transcriptome
expression matrix was deconvoluted using the CIBERSORT algorithm. Notably, differences in immune cell infiltration between the
prognostic molecular models were evident. CD4 T cells, Tregs, dendritic cells, and eosinophil granulocytes exhibited reduced infil-
tration in the high-risk group. Conversely, the high-risk group manifested notably heightened infiltration of MO macrophages and
Tregs. Concurrently, PPAR-related markers predominantly demonstrated inverse associations with the level of immune cell infiltra-
tion. This coherence suggests the potential implication that insufficient immune cell infiltration could potentially contribute to
accelerated tumor progression and unfavorable prognosis outcomes. Additionally, there was also a remarkable correlation between the
degree of infiltration among immune cells. Further correlation analysis found that PPARs-related prognostic markers were inversely
correlated with the extent of immune cell infiltration, suggesting that insufficient immune cell infiltration may contribute to rapid
tumor progression and poor prognosis. The prognostic risk score displayed a noteworthy correlation with the infiltration of immune
cells, including dendritic cells, CD4 T cells, and Tregs. This alignment is congruent with the understanding that dendritic cells and
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Fig. 6. Evaluation of immune infiltration. (A) Stacked bar graphs showing the proportion of infiltrating immune cells between the high -and low-risk
groups; (B) Boxplot of differences in immune cell infiltration between high-and low-risk groups (Wilcoxon’s test *< 0.05; * < 0.001). The
horizontal axis indicates the type of infiltrating immune cells; the vertical axis indicates the proportion of infiltrating immune cells; (C) Correlation
heatmap of infiltrating immune cell distribution, (D) Correlation heatmap of PPARs-related markers with the degree of infiltration of immune cells,
(E) Positive correlation scatter plot of PPARS prognostic model risk score with the degree of infiltration of T-cell regulatory (Tregs); (F-G) Negative
correlation scatter plot of PPARS prognostic model risk score with resting dendritic cell (r = —0.28, P = 6.7e-05) and resting memory CD4 T-cell (R
= —0.32, P = 5.5e-06).

memory CD4 T cells are advantageous for immune cell killing of tumors [32].

Of course, there are some shortcomings in our study. First, we only used TCGA data for the analysis. Secondly, the ROC of the
pivotal gene was only slightly higher than 0.05, which may be due to the small sample size. In addition, the clinicopathologic
characteristics of the COAD patients included in the study were limited, so we need more practical and valuable factors to predict the
survival outcome of COAD patients. Finally, we only performed qRT-PCR analysis to verify the expression of the genes used to
construct the model. Therefore, we still need to verify the clinical value of the model and the disease molecules through more pro-
spective studies in the future.

5. Conclusion

In summary, this study constructed a COAD-related clinical diagnostic model that demonstrates accurate diagnostic and prognostic
capabilities and has the potential to characterize the clinicopathological features of COAD. The model can accurately stratify COAD
and thus improve individualized patient treatment. More, CPT1B, SLC27A4 and FABP3 were identified as independent risk prognostic
factors for OS in COAD, while ACOX1 and CPT2 were independent protective prognostic factors. We hope that this study will inform
the understanding of post-transcriptional regulatory mechanisms and molecular therapy in COAD.
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Table 1
Univariate and multivariate Cox regression analysis of risk model genes based on OS of COAD.
Characteristics Total(N) Univariate analysis Multivariate analysis
HR(95% CI) P value HR(95% CI) P value
CPT1C 477 0.145
Low 238 Reference
High 239 1.336 (0.904-1.973) 0.146
SLC27A4 477 0.046
Low 238 Reference Reference
High 239 1.486 (1.004-2.200) 0.048 1.675 (1.105-2.538) 0.015
CPT1B 477 0.013
Low 238 Reference Reference
High 239 1.643 (1.107-2.439) 0.014 1.693 (1.139-2.517) 0.009
ANGPTL4 477 0.241
Low 238 Reference
High 239 1.261 (0.856-1.858) 0.241
ACOX1 477 0.055
Low 239 Reference Reference
High 238 0.682 (0.459-1.012) 0.058 0.718 (0.482-1.069) 0.102
MMP1 477 0.135
Low 239 Reference
High 238 0.744 (0.503-1.099) 0.137
AQP7 477 0.287
Low 238 Reference
High 239 1.237 (0.835-1.831) 0.289
FABP3 477 0.066
Low 238 Reference Reference
High 239 1.441 (0.974-2.133) 0.067 1.341 (0.900-2.000) 0.149
CPT2 477 0.009
Low 238 Reference Reference
High 239 0.591 (0.396-0.882) 0.010 0.528 (0.347-0.804) 0.003
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