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Novel biomarkers to predict treatment
response and prognosis in locally advanced
rectal cancer undergoing neoadjuvant
chemoradiotherapy
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Abstract

Purpose To identify genes associated with treatment response and prognosis for locally advanced rectal cancer
(LARC) patients receiving neoadjuvant chemoradiotherapy (NCRT).

Methods In our cohort, gene expression profiles of 64 tumor biopsy samples before NCRT were examined and
generated. Weighted gene co-expression network analysis was performed to identify gene modules. External
validation datasets included GSE3493, GSE119409, and GSE133057. The expression of candidate genes was evaluated
using immunohistochemistry (IHC). TIMER was used to assess immune infiltration.

Results We identified and validated the capability to predict the treatment response of CCT5 and ELF1 using our
data and external validation datasets. The trends of survival differences of candidate genes in the GSE133057 dataset
were similar to our cohort. High levels of CCT5 and ELF1 expression were associated with NCRT resistance and poor
prognosis. Furthermore, the expression of CCT5 and ELF1 were also assessed in 117 LARC patients’ samples by the
IHC method. Based on IHC results and Cox analysis, the risk score model with CCT5 and ELF1 was constructed and
performed well. The risk score was an independent prognostic factor for progression-free survival and overall survival
in LARC patients and was then used to build nomogram models. The underlying mechanisms of CCT5 and ELF1
were explored using gene set enrichment analysis. The underlying pathway including apoptosis, cell cycle, and other
processes. CCT5 and ELF1 expressions were significantly correlated with immune cell infiltration.
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Conclusion CCT5 and ELF1 were determined as biomarkers for treatment response and prognosis in LARC patients.
The risk score model and nomograms helped predict treatment response and survival outcomes for LARC patients

undergoing NCRT.

Keywords Locally advanced rectal cancer, Neoadjuvant chemoradiotherapy, Treatment response, Prognosis, Immune

infiltration

Introduction

Colorectal cancer remains a leading disease burden and
ranks second in cancer-related mortality worldwide
[1, 2]. Preoperative neoadjuvant chemoradiotherapy
(NCRT) presents advantageous features in tumor down-
staging, surgical resection rates, and anus conservation
rates [3—5]. Currently, NCRT followed by radical surgery
is a mainstay of therapeutic strategy for patients with
locally advanced rectal cancer (LARC). However, roughly
15-45% of patients exhibit therapy resistance and are
likely to suffer from potential complications and toxicity
of NCRT, which must not be neglected [6]. Thus, identi-
fying the regulator genes of NCRT is crucial to improving
the treatment efficacy.

Previous studies have reported differentially expressed
genes (DEGs) between NCRT-sensitive patients and
NCRT-resistant patients and potential markers to pre-
dict tumor regression grading (TRG) [7-10]. Whereas,
the prognostic value of the predictor was not explored
in several studies. The neoadjuvant rectal (NAR) score
has recently been proposed as a composite endpoint for
LARC patients to predict clinical outcomes [11, 12]. A
low NAR score indicates a positive treatment response
and a better prognosis. In view of that, joint analysis of
NAR score, TRG, and prognosis may contribute to a bet-
ter understanding of NCRT regulatory factors and clini-
cal outcomes.

In this study, we performed gene expression profiles on
tumor biopsy samples from patients with LARC undergo-
ing NCRT. Weighted gene co-expression network analy-
sis (WGCNA) was used to determine NAR score-related
modules and identify candidate genes with predictive and
prognostic significance. Patient tissue samples and exter-
nal datasets were used for validation.

Method

Patients and clinical data collection

A total of 64 patients with LARC undergoing NRCT
between 2015 and 2018 in Fujian Medical University
Union Hospital were enrolled. Specifically, as we previ-
ously reported [13], the radiotherapy consisted of a 45 Gy
dose in 25 fractions over five weeks and a boost dose of
5.4 Gy for the tumor. And concurrent chemotherapy was
as follows: oral capecitabine 825 mg/m? twice per day for
two weeks. Patients received radical surgery after 6 to
8 weeks from the last dose of radiotherapy. All patients
were recommended to receive adjuvant chemotherapy

after surgery. Tumor biopsy samples, used for gene
expression profiles analysis, were obtained from colonos-
copy before NCRT. In addition, LARC patients undergo-
ing NRCT and radical surgery between 2012 and 2014
were also included. Their colonoscopy samples before
neoadjuvant treatment were collected to validate and fur-
ther identify the protein expression of candidate genes.
This study was approved by the Institutional Review
Board of Fujian Medical University Union Hospital
(2019KY006).

TRG was used to assess pathological response to
NCRT. In detail, TRG 0, no residual tumor cells; TRG 1,
near-complete regression with tumor cells individually or
in small groups; TRG2, residual tumor cells with a des-
moplastic response; and TRG 3, minimal or no regres-
sion. Patients with TRG 0 and TRG 1 were classified
as NCRT-sensitive groups, while TRG 2 and TRG 3 as
NCRT-resistant groups. NAR score was calculated based
on the equation: [5ypN-3 (cT-ypT)+12]* /9.61 [12].
Hereinto, cT refers to clinical T stage (value: 1, 2, 3, 4),
ypT refers to pathological T stage (value: 0, 1, 2, 3, 4), and
ypN refers to pathological nodal status (value: 0, 1, 2).

Gene expression analysis

The total RNA was extracted from tumor biopsy samples
using Trizol reagent (Invitrogen) according to the manu-
facturer’s instructions. NanoDrop ND-1000 monitored
RNA quality control and quantification. Labeling, hybrid-
ization, and scanning were carried out according to
standard protocols. Then, data quality control and nor-
malization were performed.

DEGs identification and enrichment analysis

The DEGs were identified using the R “limma” pack-
age. Genes with |log fold change (logFC)|> 0.5 and
p-value<0.05 were determined as DEGs between the
NCRT-sensitive and the NCRT-resistant group. Visual-
ization and comparison of DEGs use volcano plots and
heatmaps. Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) were used to explore the
biological functions of DEGs by the R “clusterProfiler”
package.

WGCNA

WGCNA was carried out using the R “WGCNA” pack-
age [14]. That is, the soft threshold power was set, and
the topological overlap matrix (TOM) was calculated.
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Modules were determined by the Dynamic Tree Cut
method. Then, high similarity modules were merged by
clustering analysis. The correlation between modules and
clinicopathological features is calculated.

Immunohistochemical analysis

The protein expression of the candidate genes was
assessed by immunohistochemistry. Immunohisto-
chemical staining for candidate genes was conducted
as described earlier [15]. The following antibodies were
used: anti-FBXO7 (203,049-T40, Sino Biological, China),
anti-GSTT4 (bs-16345R, Bioss, China), anti-CCT5
(11603-1-AP, Proteintech, China), and anti-ELF1 (22565-
1-AP, Proteintech, China), and anti-SLC44A1 antibody
(14687-1-AP, Proteintech, China). Immunohistochemi-
cal results were scored using a semi-quantitative scoring
method. Specifically, data were collected from random
visual fields of five different areas. The intensity of stain-
ing was scored as 0 (negative), 1 (light yellow), 2 (brown),
and 3 (deep brown). The percentage of positive cells was
scored as 0 (<5%), 1 (5-25%), 2 (25-50%), 3 (50-75%),
and 4 (>75%). The two values were multiplied and calcu-
lated as immunohistochemical scores. Scores of 0—4 were
considered low expression, and those with scores above 4
were classified as high expression.

External validation datasets

External validation datasets were obtained from Gene
Expression Omnibus (GEO) database. The GSE3493,
including 46 LARC patients undergoing NRCT, was
identified to assess the gene expression of the candi-
date genes between NCRT-sensitive groups and NCRT-
resistant groups. After excluding samples with unknown
TRG information, a total of 56 LARC patients undergo-
ing NRCT in GSE119409 were also included in the exter-
nal validation. The GSE133057 (33 LARC patients) was
adopted for the validation of survival outcomes.

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was employed
to investigate the potential biological pathways of can-
didate genes. LARC patients were enrolled in high and
low-expression groups of candidate genes based on the
median expression. The false discovery rate (FDR)<0.25
and P<0.05 were accepted as statistically significant.

Immune infiltration analysis

The relationship between gene expression and immune
cells infiltration (including B cell, CD8+T cell, CD4+T
cell, macrophage, neutrophil, and dendritic cell) was
explored using Tumor IMmune Estimation Resource
(TIMER).
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Drug-sensitive analysis
The drug sensitivity dataset was obtained from the
CellMiner website [16]. Pearson’s correlation test deter-
mined the correlation between target genes and drug
sensitivity. These correlation results were visualized using
the R package ggplot2.

Statistical analysis

Statistical analysis was carried out with R software (ver-
sion 4.1.2), GraphPad Prism 8, and SPSS (version 22).
X-tile software was adopted to determine the cut-off
points for the gene expression of the candidate genes.
T-tests or non-parametric tests were done to test dif-
ferences between continuous variables. The categorical
data were analyzed by Fisher’s exact or Chi-square tests.
Kaplan—-Meier (KM) analysis was used to estimate sur-
vival outcomes using a log-rank test. Correlations were
evaluated using Pearson correlation test. Receiver oper-
ating characteristics (ROC) analysis was performed, and
the area under the curve (AUC) was calculated to assess
the TRG and predictive survival capacities of the candi-
date genes. Cox proportional hazards regression analysis
identified independent risk factors for progression-free
survival (PFS) and overall survival (OS). A nomogram
was created based on the above factors by the R “rms”
package. The calibration curve was used to evaluate the
performance of the model. P-value<0.05 was considered
statistically significant.

Result

DEGs and functional enrichment

The gene expression profile based on gene chips was
obtained from 64 LARC patients (Supplementary
Table 1) before NCRT in our cohort. A total of 333
DEGs were identified between NCRT-sensitive patients
and NCRT-resistant patients. Among these, compared
to the NCRT-sensitive group, 94 genes are upregulated,
and 239 genes are downregulated in the NCRT-resistant
group. Heatmap and volcano plot were shown in Fig. 1A
and B. We performed GO and KEGG analyses to explore
the potential biological significance of DEGs. GO analy-
ses revealed that the DEGs were significantly enriched
in serine phosphorylation of STAT protein, natural killer
cell activation involved in immune response, response to
exogenous dsRNA, and so forth (Fig. 1C). Furthermore,
the top 10 enriched KEGG pathways are presented in
Fig. 1D, including cytokine-cytokine receptor interaction,
the Toll-like receptor signaling pathway, and cytosolic
DNA -sensing pathway, respectively.

Identification of candidate genes

A weighted gene co-expression network was constructed
to identify NCRT-regulated genes (Fig. 2A). A total of 3
modules were identified by merging the high similarity
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Fig. 1 DEGs between NCRT-sensitive patients and NCRT-resistant patients and functional enrichment
In 64 LARC patients, (A) Volcano plot of DEGs; (B) Heatmap of DEGs; (C) Top 10 pathways of GO enrichment analysis; (D) Top 10 pathways of KEGG func-

tional enrichment

LARC: locally advanced rectal cancer; DEGs: differentially expressed genes; NCRT: neoadjuvant chemoradiotherapy; GO: Gene Ontology; KEGG: Kyoto

Encyclopedia of Genes and Genomes

modules. Here, as seen in Fig. 2B, a negative correlation
of the brown module with TRG was present (r=-0.24,
P=0.06), and the blue module positively correlated with
carcinoembryonic antigen (CEA, r=0.25, P=0.05). The
turquoise module (r=0.28, P=0.02) had the highest posi-
tive correlation with the NAR score, while the brown
module (r=-0.47, P<0.01) with the highest negative cor-
relation. Next, we also identified 1147 TRG-associated
genes and 692 cancer progression genes(PFS-associated
genes), respectively (all P<0.05). The intersection among
the three sets was estimated to determine the candidate
genes with the predictive capabilities of both pathologi-
cal response and prognosis. Finally, there were five genes
overlapped among three sets, including FBXO7, CCT5,
ELF1, GSTT4, and SLC44A1, which were identified as
the candidate genes (Fig. 2C). In addition, GO and KEGG
pathway analyses were performed for the turquoise mod-
ule (Fig. 2D and E) and the brown module (Fig. 2F and
G) genes to gain a more comprehensive understanding of
biological effects.

Internal validation of predictive capabilities of candidate
genes

Next, to test the discriminant power of candidate genes
in NCRT sensitivity, the correlations between candi-
date genes’ expression and TRG grade were calculated.
The R-values of the correlation for FBXO7, CCT5,
ELF1, GSTT4, and SLC44A1 were 0.27 (P=0.032), 0.27
(P=0.028), 0.26 (P=0.041), -0.25 (P=0.047), and 0.21
(P=0.092), respectively (Fig. 3A and E). We also evaluated
the association between candidate genes and NAR score,
and the results revealed a significant correlation between
these (Fig. 3F J). Next, we employed the gene expression
of five candidate genes to predict the pathologic response
of NCRT. As shown in Fig. 3K and O, the AUC values of
FBXO7, CCT5, ELF1, GSTT4, and SLC44A1 to predict
NCRT response were 0.637 (P=0.059), 0.654 (P=0.034),
0.638 (P=0.057), 0.632 (P=0.071), and 0.672 (P=0.018),
respectively. Furthermore, the ability to assess the prog-
nosis of five candidate genes was further explored. The
cut-oftf points of gene expression were determined by
X-tile software for survival analysis (Supplementary
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Fig. 2 WGCNA analysis

In 64 LARC patients, (A) Identification of WGCNA modules dynamic tree cut method; (B) The relationship between modules and clinical phenotypes; (C)
Venn diagram showed the intersection of NAR-associated, TRG- associated, and cancer progression(also PFS)-associated gene sets; (D) Top 10 pathways
of GO enrichment analysis of the turquoise module; (E) Top 10 pathways of KEGG functional enrichment of the turquoise module; (F) Top 10 pathways of
GO enrichment analysis of the brown module; (G) Top 10 pathways of KEGG functional enrichment of the brown module

LARC: locally advanced rectal cancer; WGCNA: weighted gene co-expression network analysis; NAR: neoadjuvant rectal; TRG: tumor regression grading;

PFS: progression-free survival; GO: Gene Ontology; KEGG: Kyoto Encyclopedia of Genes and Genomes

Fig. 1). KM analysis revealed the candidate genes expres-
sion at diagnosis could predict the survival of LARC
patients undergoing NRCT. Specifically, high expres-
sion of FBXO7, CCT5, ELF1, and SLC44A1 were corre-
lated with poor survival, while high expression of GSTT4
was associated with a better prognosis (Fig. 3P and Y).

Notably, no significant overall survival differences were
observed in high ELF1 expression (P=0.242).

External validation analysis
The GSE3493 and GSE119409 datasets were col-
lected from the GEO database for external validation.
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Fig. 3 Internal validation of candidate genes

In 64 LARC patients, the correlations between FBXO7 (A), CCT5 (B), ELF1 (C), GSTT4 (D), and SLC44A1 (E) expressions and TRG grade; The association
between FBXO7 (F), CCT5 (G), ELF1 (H), GSTT4 (1), and SLC44A1 (J) expressions and NAR score; ROC analysis for the expression of FBXO7 (K), CCT5 (L), ELF1
(M), GSTT4 (N), and SLC44A1 (0) to predict NCRT response; KM survival curves for PFS (P-Q) and OS (U-Y) of FBXO7, CCT5, ELF1, GSTT4, and SLC44A1.
LARC: locally advanced rectal cancer; TRG: tumor regression grading; NAR: neoadjuvant rectal; NCRT: neoadjuvant chemoradiotherapy; KM: Kaplan — Meier;
ROC: receiver operating characteristics; AUC: the area under the curve

Gene expression was applied to predict the treatment in GSE119409 dataset, CCT5 showed the highest power
response (NCRT-sensitive). As depicted in Supple- (AUC=0.689, P=0.03), followed by FBXO7 (AUC=0.593,
mentary Fig. 2A-2D, in GSE3943 dataset, the AUC of P=0.29), SLC44A1 (AUC=0.586, P=0.33) GSTT4
FBXO7, CCT5, ELF1 and GSTT4 were 0.636 (P=0.18), (AUC=0.527, P=0.76) and ELF1 (AUC=0.515, P=0.86).
0.512 (P=0.91), 0.697(P=0.05), and 0.575 (P=0.46), Furthermore, we also evaluated the effects of candidate
respectively. As displayed in Supplementary Fig. 2E-2I,  genes on clinical outcomes. Based on X-tile, candidate



Guan et al. BMC Cancer (2023) 23:1099

genes were separated as the high and low expression
groups in GSE133057. We observed that patients of the
CCT5 high expression groups had significantly worse
prognoses (P=0.012) and that a trend toward poor sur-
vival in the high expression of FBXO7, ELF1, GSTT4,
SLC44A1 (all P>0.05,Supplementary Fig. 2J-2 N). How-
ever, due to SLC44A1 of GSE3493 being missing, we were
unable to verify its performance.

Immunohistochemistry validation of candidate genes

To further validate the gene expression of five candi-
date genes in LARC patients undergoing NCRT, a total
of 117 patients were enrolled in the validation cohort.
Clinicopathological features of the validation cohort were
shown in Supplementary Table 2. We assessed the pro-
tein expression of five candidate genes by immunohis-
tochemical staining in tumor biopsy samples from these
patients before NCRT. Supplementary Fig. 3 illustrated
the different expression levels of five genes. The result
demonstrated a higher immunohistochemistry score
of CCT5 and ELF1 in NCRT-resistant patients com-
pared with NCRT-sensitive patients (all P<0.05,Fig. 4B
C), while no difference was observed in the expression
of FBXO7, SLC44A1, and GSTT4 (Fig. 4A, D and E).
The ROC curve indicated the AUC of CCT5 and ELF1
to predict the treatment response to NCRT were 0.727
and 0.717 (Fig. 4G H, all P<0.05), and FBXO7, GSTT4,
and SLC44A1 cannot differentiate between two groups
(Fig. 4F ], all P>0.05). Moreover, CCT5 and ELF1 expres-
sion were significantly related to the NAR score (Fig. 4L
M), while the trend was not observed in FBXO7, GSTT4,
and SLC44A1 (Fig. 4K N-40). Survival analysis demon-
strated that high expression of FBXO7, CCT5, and ELF1
had worse PES (P=0.010, P=0.058, P=0.018, respectively,
Fig. 4P and R) and OS (P=0.043, P=0.069, P=0.003,
respectively,Fig. 4U W). At the same time, there was no
difference in survival between high and low GSTT4 and
SLC44A1 expression, (Fig. 4S, T, X and Y).

Construction of a risk score model

We further performed Cox analysis to determine the
prognostic value of genes. On univariate analysis, a high
CCTS5 and ELF1 expression were associated with shorter
OS (all P<0.05). Multivariate analysis revealed that
CCT5 (hazard ratio [HR], 1.141, 95% confidence interval
[CI]: 1.007-1.294, P=0.039) and ELF1 (HR,1.179, 95%CI,
1.067-1.304, P=0.001) were independently associated
with prognosis (Table 1). Hence, based on coefficients
obtained from Cox analysis, the risk score was com-
puted as: 0.132xCCT5 expression+0.165XELF1 expres-
sion. We divided the validation cohort into two groups
based on the median risk score, and the clinicopatho-
logic characteristics of the two groups were presented in
Supplementary Table 3. The risk score of the pathological
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complete response (pCR) group was significantly lower
than the non-pCR group (Fig. 5A), with excellent predic-
tive capacity (AUC=0.780, P<0.01, Fig. 5B). A signifi-
cant correlation was observed between the risk score and
NAR score (R=0.43, P<0.01, Fig. 5C). Survival analysis
showed the risk score has an excellent ability to discrimi-
nate clinical outcomes (Fig. 5D H).

Prognosis analyses and development nomogram

We after that evaluated the prognostic value of the risk
score. Univariate analysis revealed that the ypTMN stage
(P<0.001), TRG (P<0.001), pathological type (P=0.036),
risk score (P<0.001), and NAR score (P=0.006) were sig-
nificantly associated with PFS. Multivariate analysis man-
ifested that the ypTMN stage ( P=0.040) and risk score (
P=0.025) were independent risk factors of PFS (Table 2).
Furthermore, as shown in Table 3, the ypTMN stage (
P=0.031) and risk score ( P=0.008) were significantly
correlated with OS by multivariate analysis. Results of
the analysis based on Cox analysis, nomograms were
constructed to predict 1-year, 3-year-, and 5-year PFS
(Fig. 6A) and OS (Fig. 6C), and good calibration was also
confirmed (Fig. 6B and D).

External validation for risk score

The risk score of the NCRT-resistant group was con-
siderably higher in the GSE3493 cohort than the
NCRT-sensitive group ( Supplementary Fig. 4A) with
an adequate capacity to discriminate NCRT-sensitive
patients (AUC=0.701, P=0.046, Supplementary Fig. 4C).
However, we found no statistical difference between the
gene expression of the GSE119409 cohort ( Supplemen-
tary Fig. 4B, 4D) and the prognosis of the GSE133057
cohort (all P>0.05, Supplementary Fig. 4E).

GSEA analysis

Following that, we look into the potential mechanisms
by which CCT5 and ELF1 might impact NCRT sensitiv-
ity. The median expression level defined the groups with
high and low CCT5 and ELF1 expression. Colorectal can-
cer, apoptosis, and DNA replication were enriched in the
high CCTS5 expression group, according to GSEA analysis
(Fig. 7A). Furthermore, the high ELF1 expression group
was significantly enriched with apoptosis, cell cycle,
mTOR signaling pathway, and cancer pathway (Fig. 7B).
These pathways contribute to a better understanding of
the mechanism of NCRT resistance.

Drug sensitivity analysis

We then examined the association of CCT5 and ELF1
with drug sensitivity using the CellMiner database. Fig-
ure 8 demonstrated the results of the drug sensitivity
analysis. For instance, the ELF1 expression was positively
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Fig. 4 Immunohistochemistry validation analysis

In the validation cohort of 117 LARC patients, immunohistochemistry score of FBOX7 (A), CCT5 (B), ELF1 (C), GSTT4 (D), and SLC44A1 (E) between NCRT-
sensitive and NCRT-resistant patients, ROC analysis for candidate genes to predict NCRT response (F-J), the correlation between FBOX7 (K), CCT5 (L), ELF1
(M), GSTT4 (N), and SLC44A1 (O) and NAR score, KM survival curves for PFS (P-Q) and OS (U-Y) of FBXO7, CCT5, ELF1, GSTT4, and SLC44A1.

NCRT: neoadjuvant chemoradiotherapy; ROC: receiver operating characteristics; AUC: the area under the curve; KM: Kaplan —Meier

Table 1 Cox analysis of OS for candidate gene in the validation cohort of 117 LARC patietns

Characteristics Univariate Multivariate

HR 95% Cl P value B HR 95% Cl Pvalue
FBXO7 expression 1.089 0.979-1.211 0.115
CCT5 expression 1.200 1.062-1.355 0.003 0.132 1.141 1.007-1.294 0.039
ELF1 expression 1.215 1.101-1.341 <0.001 0.165 1.179 1.067-1.304 0.001
GSTT4 expression 1.090 0.967-1.229 0.157
SLC44A1 expression 1.017 0.918-1.127 0.749

OS: overall survival; LARC: locally advanced rectal cancer; NCRT: neoadjuvant chemoradiotherapy
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Fig. 5 Development of a risk score model

1 - Specificity% 1 - Specificity%

In the validation cohort of 117 LARC patients, the risk score between non-pCR and pCR patients (A) and the capacities of the risk score to predictive pCR
(B), the relationship between risk score and NAR (C) and survival (D), KM analysis between high-risk and low-risk groups in PFS (E) and OS (F), ROC analysis

for the risk score to predict PFS (G) and OS (H).

LARC: locally advanced rectal cancer; pCR: pathological complete response; NAR: neoadjuvant rectal; KM: Kaplan —Meier; ROC: receiver operating char-
acteristics; AUC: the area under the curve; PFS: progression-free survival; OS: overall survival

Table 2 Univariate and multivariable Cox analyses of PFS in the validation cohort of 117 LARC patients

Characteristics Univariate Multivariate
HR 95% ClI Pvalue HR 95% ClI P

value

Age, years 1.007 0.977-1.038 0.645

Sex: female versus male 1.214 0.621-2.373 0.570

ASA 1.102 0.603-2.015 0.752

Distance from the anal verge 1.012 0.898-1.141 0.845

Pre-NCRT CEA: >5 ng/ml versus <5 ng/ml 1.467 0.762-2.823 0.252

Pre-NCRT CA19-9: >37 U/ml versus <37 U/ml 1.788 0.744-4.298 0.194

Interval time between NCRT and surgery 1.057 0.893-1.250 0.520

ypTMN stage 2.044 1.425-2.931 <0.001 1.943 1.031-3.661  0.040

TRG 2133 1.408-3.232 <0.001 1.367 0.774-2413  0.281

Pathological type: MAC or SRCC versus adenocarcinoma 2428 1.062-5.549 0.036 1.261 0495-3.207 0.627

Risk score 2305 1.548-3433 <0.001 1.705 1.070-2719  0.025

NAR score 1.030 1.009-1.052 0.006 0.971 0931-1.013 0172

PFS: progression-free survival; LARC: locally advanced rectal cancer; NCRT: neoadjuvant chemoradiotherapy; ASA: American society of anesthesiologists; CEA:
carcinoembryonic antigen; CA19-9: carbohydrate antigen 19—9; TNM: tumor-node-metastasis; TRG: tumor regression grading; MAC: mucinous adenocarcinoma;

SRCC: signet ring cell carcinoma; NAR score: neoadjuvant rectal-score

associated with the drug sensitivity of vorinostat, artesu-
nate, nilotinib, and selumetinib (All P<0.05).

Analysis of immune infiltration

Next, we also investigated immune cell infiltration. As
shown in Fig. 9A, positive correlations were observed
between CCTS5 expression and the infiltration of CD8+T
cell (P<0.01) and neutrophil (P<0.05). B cell, CD8+T

cell, macrophage, and neutrophil infiltration were sig-
nificantly associated with ELF1 expression (All P<0.05,
Fig. 9B).

Discussion

Previous studies have demonstrated the superior-
ity of NCRT in LARC treatment. At the moment, the
mechanism of NCRT resistance remains unclear. Given
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Characteristics Univariate Multivariate
HR 95% Cl Pvalue HR 95% Cl P

value

Age, years 1.008 0.975-1.041 0.647

Sex: female versus male 1.308 0.630-2.719 0471

ASA 0.983 0.493-1.959 0.960

Distance from the anal verge 1.007 0.882-1.149 0919

Pre-NCRT CEA: >5 ng/ml versus <5 ng/ml 1.220 0.592-2.513 0.590

Pre-NCRT CA19-9: >37 U/ml versus <37 U/ml 1.390 0.485-3.985 0.540

Interval time between NCRT and surgery 1.013 0.839-1.223 0.891

ypTMN stage 2.181 1.453-3.272 <0.001 2174 1.073-3.814 0.031

TRG 2193 1.392-3455 0.001 1.247 0.661-2.351 0.495

Pathological type: MAC or SRCC versus adenocarcinoma 2.955 1.266-6.896 0.012 1.487 0.579-3.814 0.409

Risk score 2.719 1.737-4.257 <0.001 2.036 1.201-3452 0.008

NAR score 1.031 1.008-1.056 0.009 0.962 0.918-1.009 0.108

OS:overall survival; LARC:locally advanced rectal cancer; NCRT: neoadjuvant chemoradiotherapy; ASA: American society of anesthesiologists; CEA: carcinoembryonic
antigen; CA19-9: carbohydrate antigen 19—-9; TNM: tumor-node-metastasis; TRG: tumor regression grading; MAC: mucinous adenocarcinoma; SRCC: signet ring cell
carcinoma; NAR score: neoadjuvant rectal-score
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Fig. 8 Drug sensitivity analysis

The relationship between CCT5 and ELF1 and drug sensitivity using the CellMiner database. The x-axis represents the gene expression, and the y-axis is

drug sensitivity

treatment resistance in certain patients and potential
complications and toxicity, further research is warranted.
The expression profile of the pre-treatment tumor sample
from our cohort was used for the analyses in this study.
WGCNA was utilized to determine NAR score-related

modules and genes. To determine the potential genes
with a high ability to predict sensitivity to NCRT and
prognosis, TRG-related and cancer progression (also
PES)-related genes were also identified. The intersec-
tion of three gene sets was regarded as candidate genes
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The correlations between CCT5 (A), ELF1 (B) expression, and immune cell infiltration using Tumor Immune Estimation Resource database

for additional validation at the protein level. The protein
expression of CCT5 and ELF1 were significantly differ-
ent in the NCRT-sensitive and NCRT-resistant groups
according to the results of immunohistochemistry stain-
ing of candidate genes. Furthermore, high-level expres-
sion of CCT5 and ELF1 were linked to a poor prognosis.

The NAR score has recently been considered a poten-
tial surrogate endpoint for the prognosis of LARC
patients undergoing NCRT [11]. This score formula was
established on the basis of Valentini et al. nomogram for
predicting the overall survival in LARC patients, and it
considered both pretreatment tumor burden and post-
treatment tumor regression [17]. Previous researches
have demonstrated that the NAR score can accurately
predict clinical outcomes and assist in assessing the
necessity of adjunctive therapy [18—20]. Thus, we found
NAR score-related genes using WCGNA, a more biologi-
cal approach to correlating modules with phenotypic fea-
tures. However, there is some debate as to the prognostic
value of the NAR score. A study from the Netherlands
demonstrated that a combination model based on clini-
cal data and pathological data exceeded the NAR score
in assessing survival outcomes [21]. As a result, cancer
progression (also PFS)-associated genes were also dis-
covered. Therefore, discerning therapy response before
the surgical procedure aided clinical decision-making.
After adequate evaluation, Watch & Wait and local exci-
sion might become a suitable therapy for NCRT-sensitive
patients, maximizing the patient and enhancingn appro-
priat the quality of life [22]. Hence, we identify TRG-
associated genes, and the intersection of three gene sets
contributes to determining the genes with the value of
predicting prognosis and treatment response.

FBXO7, CCT5, ELF1, GSTT4, and SLC44Al1 were
discovered as biomarkers for treatment response and
prognosis in our cohort. The value of CCT5 and ELF1

in predicting response to therapy was validated in the
GSE3493 and GSE119409 cohorts. The survival analysis
of the GSE133057 cohort showed that increased expres-
sion of FBXO7, CCT5, ELF1, and SLC44A1 implies poor
survival, whereas high expression of GSTT4 predicts the
opposite outcomes. These survival trends match those
obtained in our cohort. CCT5 and ELF1 were eventually
determined after the IHC validation of protein levels.

CCT5 is a protein folding subunit of the chaperonin
containing TCP1 complex (also known as TCP1-ring
complex). Recently, accumulating evidence reveals that
CCT5 was implicated in tumor progression, and high
expression of CCT5 has been discovered in a range of
malignancies and associated with worse survival [23-25].
Notably, CCT5 is involved in chemotherapy resistance. In
breast cancer, the knockdown of CCT5 leads to increased
apoptosis after docetaxel treatment [26]. CCT5 expres-
sion was elevated in multidrug-resistant gastric carci-
noma cells [27]. Nevertheless, the functions of CCT5
in NCRT of LARC patients remain elusive. Our studies
demonstrate that high CCT5 expression correlated with
NAR score, NCRT resistance, and poor prognosis in
LARC patients.

ELF1 is a transcription factor that belongs to the ETS
family and plays contrasting roles in different tumors.
Some reports pointed out the part of ELF1 has tumor-
promoting effects in glioma [28, 29], oral squamous cell
carcinoma [30], choroidal melanoma [31], endometrial
carcinoma [32], acute myeloid leukemia [33], nasopha-
ryngeal carcinoma [34], and osteosarcoma [35], while
others have reported a tumor-suppressive function
in Hodgkin lymphoma [36] and prostate cancer [37].
Starr et al. found that ELF1 regulates the expression of
TMOSF2, an oncogene in colorectal cancer [38]. Herein,
our findings indicated that ELF1 expression was more
strongly raised in NCRT-resistant patients, and ELF1
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was an independent predictor of survival. Going further,
GSEA analysis revealed apoptosis, cell cycle, and mTOR
signaling pathway are significantly enriched in high ELF1
expression, and those pathways were implicated in treat-
ment resistance [39-41].

Compared to a single prognostic factor, the advan-
tages of the risk model and nomogram have previously
been reported [42, 43]. In our study, we build a risk score
model based on CCT5 and ELF1 IHC expression that
effectively discriminated between non-pCR and pCR
patients and survival. Nomograms were created by tak-
ing together the result of Cox regression analysis. These
models are helpful in predicting the prognosis of LARC
patients undergoing NCRT.

Furthermore, a growing body of studies has revealed
the impact of tumor microenvironment on chemoradio-
therapy sensitivity. One study reported that increased
CD163+tumor-associated macrophages (TAM) were
observed in non-pCR group in LARC patients [44].
Meanwhile, TAM infiltration was confirmed with
chemoradiotherapy resistance in oral squamous cell car-
cinoma and cervical cancer [45, 46]. In addition, several
previous studies have revealed that increased neutrophils
were associated with poor chemoradiotherapy response
and worse clinical outcomes [47-50]. Here, our study
also explored the potential role of CCT5 and ELF1 in
the tumor microenvironment and found the infiltration
level of CD8+T cell and neutrophil were positively asso-
ciated with CCT5 and ELF1 expression, and the same
trend was observed in the correlation between B cell and
macrophage and ELF1 expression. However, there are
limited studies about CCT5 or ELF1 leading to immune
infiltration, and the specific mechanism remains to be
elucidated. Nonetheless, these findings provided valuable
information and potential directions for future research.

There are limitations to this study. More external data-
sets are required to confirm and validate our findings.
Meanwhile, bioinformatics has deconstructed the prob-
able processes of CCT5 and ELFI1, but further inves-
tigation will be needed to clarify their biological role
and impact on the cancer microenvironment in future
studies.

Conclusion

In summary, CCT5 and ELF1 were determined as bio-
markers for NCRT treatment response and prognosis by
internal and external validation. The risk score model and
nomogram were constructed to predict survival. These
findings contributed to personalized clinical decision-
making for LARC patients undergoing NCRT.
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