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Abstract

Colorectal cancer (CRC) is the second leading cause of cancer-related deaths worldwide. Early diagnosis
of the disease can greatly improve the clinical prognosis for patients with CRC. Unfortunately, there are
no current simple and effective early diagnostic markers available. The transfer RNA (tRNA)-derived
RNA fragments (tRFs) are a class of small non-coding RNAs (sncRNAs), which have been shown to play
an important role in the development and prognosis of CRC. However, only a few studies on tRFs as
early diagnostic markers in CRC have been conducted. In this study, previously ignored tRFs expression
data were extracted from six paired small RNA sequencing data in the Sequence Read Archive (SRA)
database using MINTmap. Three i-tRFs, derived from the tRNA that transports glutamate (i-tRF-Glu),
were identified and used to construct a random forest diagnostic model. The model performance was
evaluated using the receiver operating characteristic (ROC) curve and precision-recall (PR) curve. The
area under the curves (AUC) for the ROC and PR was 0.941 and 0.944, respectively. We further verified
the differences in expression of the these i-tRF-Glu in the tissue and plasma of both CRC patients and
healthy subjects using quantitative real-time PCR (qQRT-PCR). We found that the ROC-AUC of the three
was greater than traditional plasma tumor markers such as CEA and CA199. Our bioinformatics analysis
suggested that the these i-tRF-Glu are associated with cancer development and glutamate
(Glu)-glutamine (Gln) metabolism. Overall, our study uncovered these i-tRF-Glu that have early
diagnostic significance and therapeutic potential for CRC, this warrants further investigation into the
diagnostic and therapeutic potential of these i-tRF-Glu in CRC.
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Introduction

Colorectal cancer (CRC) is the second leading
cause of cancer-related deaths worldwide, with an
expected increase to between 2 and 5 million cases by
2035 [1]. According to statistics, more than 945,000
people are diagnosed with CRC annually, and about
492,000 people die from CRC [2]. With advancements
in health awareness and therapeutics, the prognosis of
CRC has been improved. It has been shown that the
5-year survival rate of patients with early-stage
localized CRC can reach 90%, while that of advanced
CRC patients with distant metastases is still less than

15% [3]. Thus, increasing the early diagnosis rate is a
more effective and socially beneficial option to
improve the prognosis of CRC patients.

Current early screening modalities for CRC
include colonoscopy, fecal occult blood test (OB), and
capsule endoscopy. Colonoscopy is currently the most
commonly used tool for CRC screening, its low
detection rate, invasiveness, and high cost for
screening high-risk CRC groups make it less suitable
for meeting patient needs [4]. In contrast, simple
noninvasive tests like liquid biopsy better meet
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patients” needs. The carcinoembryonic antigen (CEA)
is the only blood biomarker recommended by current
guidelines for postoperative surveillance of CRC.
However, CEA is not sensitive enough to detect
tumor recurrence, and many common factors, such as
smoking, infection, inflammatory bowel disease, and
liver disease, reduce its diagnostic specificity. Hence,
there is an urgent need to discover new noninvasive,
inexpensive, and sensitive markers for the early
screening and diagnosis of CRC.

The transfer RNA (tRNA)-derived RNA
fragments (tRFs) are a class of small non-coding
RNAs (sncRNAs) that were previously considered to
be non-functional random degradation products of
tRNAs. Some tRFs were even previously mistaken as
novel microRNAs, such as miR-3676 (ts-3676) [5] and
miR-4521 (ts-4521) [6]. Nowadays, tRFs are closely
associated with numerous pathophysiological
processes, and tRFs can be classified based on the site
of origin into the following five categories: 5'-half,
3'-half, i-tRF, 5'-tRF, and 3'-tRF. In these classifi-
cations, i-tRFs are derived from the internal body of
mature tRNAs, including anticodon loops as well as
fragments of the D- and T-loops, rather than the 5
and 3’ ends [7], and the details of the ribonuclease
processing required for their production remain
unknown. Moreover, i-tRFs are highly abundant and
may vary depending on gender, population, race,
amino acid characteristics, anticodons, tissues,
diseases, and disease subtypes. Recent studies have
shown that tRFs are associated with the development
of various cancer types. A study by Mo et al. found
that 5-tiRNA-Val could regulate the proliferation,
migration, and invasion of breast cancer cells through
the Wnt/p-Catenin signaling pathway [8]. Mean-
while, tRF3008A has been shown to inhibit the
metastasis and progression of CRC by destabilizing
FOXK1 in an AGO-dependent manner [9]. Further-
more, 5-tRF-Gly in the plasma of CRC patients was
identified as an early diagnostic marker for CRC [10].
Although tRFs are currently being studied in the
context of various tumors, few studies have been done
in relation to CRC, especially on their potential role as
an early diagnostic biomarker.

During tumor development, the metabolic
reprogramming of amino acids, as one of the three
major nutrients in the body, plays a significant role.
For example, tumor cells can promote their growth
and suppress T-cell activity through metabolic
reprogramming and the competitive uptake of
glutamine, leading to immunosuppression [11,12].
Moreover, amino acid metabolism was found to be
strongly associated with CRC. Peng et al. found that
amino acid metabolism-related genes were associated
with the immune microenvironment in CRC patients,

and could be used as biomarkers to predict patient
prognosis and immunotherapeutic response [13]. In
addition, key enzymes of amino acid metabolism in
tumor-associated macrophages (TAMs) have been
suggested to be involved in the CRC immune escape
process by affecting programmed cell death (PCD)
and polarization of TAMs [14]. Thus, tRFs involved in
amino acid metabolism might be affected by
metabolic reprogramming, leading to changes in their
intracellular content, and could further influence the
course of CRC.

Interestingly, we found several studies which
performed small RNA sequencing (RNA-seq) analysis
by deleting tRFs as confounding signals, resulting in
the loss of many valuable tRFs sequencing data [15].
In line with this, we obtained six small RNA-seq data
from the SRA database to explore and identify tRFs
with significant value. After data collation, random
forest algorithm screening and real-time quantitative
PCR (qRT-PCR) validation, we finally identified three
tRFs associated with Glu (tRF-22-RNLNK88KL
(tRF-22), tRF-27-Z3M8ZLSSXUL (tRF-27) and tRF-32-
0668K87SERM4P (tRF-32)), which were significantly
highly expressed in tissues and plasma of CRC
patients and had the ability to perform early diagnosis
of CRC. In addition, bioinformatics analysis sugges-
ted a correlation between tRF-22/27/32 and cancer
development and glutamate-glutamine (Glu-Gln)
metabolism, among others. It is noteworthy that in
tumor cells the metabolism of Gln, which is the most
abundant amino acid and a major cellular energy
substrate besides glucose, is significantly increased
[16]. Overall, our results indicate that tRF-22/27/32
are potential early diagnostic markers and therapeutic
targets for CRC and deserve further study and
exploration.

Method and materials
Datasets
The small RNA-seq datasets (SRP107326,

SRP166942, SRP183064, SRP193100, SRP344867, and
SRP289772) used in the training and independent
validation sets were obtained from the SRA public
repository. Meanwhile, six datasets of clinical
information and correlation heat maps of the required
mRNA expression matrix (GSE121842) [17] were
obtained from the Gene Expression Omnibus (GEO)
database. Moreover, the RNA-seq data required for
Gene Set Enrichment Analysis (GSEA) were obtained
from The Cancer Genome Atlas (TCGA) database. All
sequencing files were processed through format
conversion, removal of adapters, low quality filtering,
and final matching using MINTmap [18] to obtain the
tRFs expression levels (Counts and RPM, from
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MINTmap output files), which were processed to
obtain the tRFs expression matrix. The missing values
in the expression matrix were filled with Metlmp 1.2
[19].

Statistical analysis

Differential analysis was performed using the
limma package (RPM matrix, version 3.52.4) [20] and
the DEseq2 package (Counts matrix, version 1.36.0)
[21], and the results of the differential analysis were
taken as the intersection. We identified 317 tRFs from
the intersection of the difference analysis results, and
then we used the randomForest package (version
4.7.1.1) [22] to construct a diagnostic model of CRC for
the top 100 tRFs. We then selected three i-tRF-Glu
(tRF-22-RNLNKS88KL, tRF-27-Z3M8ZLSSXUL, tRF-
32-0668K87SERM4P) from the top 30 of the Gini
index, which were again used to construct the
diagnostic model. The model performance was
evaluated using ROC and PR curves and was tested
using an independent validation set (SRP289772). All
the above analyses were performed in the R
programming language (version 4.2.1). Meanwhile,
the logistic regression analysis was performed using
IBM SPSS Statistics (version 18), and ROC curves were
plotted. The results of the tissue and plasma gene
expression analyses were analyzed using GraphPad
Prism (version 8.0.2) for paired and unpaired t-tests.
The clinical data were processed using IBM SPSS
Statistics (version 18). The correlation of all available
clinically dichotomous data with the high/low
expression levels of tRF-22/27/32 was tested using
Pearson’s chi-squared test or Fisher's exact test.
*P<0.05, **P<0.01, **P<0.001, ***P<0.0001, ns
indicates not significant. A P-value of <0.05 was
considered statistically significant.

Target prediction and enrichment analysis

We used miRDB [23], TargetScan [24],
TargetRank [25], and RNAhybrid[26] to predict the
target genes of tRF-22/27/32. The intersection of the
four databases was used to select out the target genes
that were predicted with high scores. The target genes
were then analyzed by the Kyoto Encyclopedia of
Genes and Genomes (KEGG) and Gene Ontology
(GO) using the Database for Annotation, Visuali-
zation, and Integrated Discovery (DAVID) [27,28],
and the analysis results were downloaded and
visualized using the R package ggplot2 (version 3.4.0).
GSEA was performed using the R package
ClusterProfiler (version 4.4.4) [29]. The network
diagram was visualized using Cytoscape software
(version 3.9.1).

Patient tissue samples

Human specimens were collected and used in

this study with the approval of the ethics committee
of Shunde Hospital, Southern Medical University
(The First People's Hospital of Shunde Foshan),
Shunde, Foshan, Guangdong Provinc, China. The
malignant tissues were collected from patients
diagnosed with CRC by tumor histopathological
analysis and underwent colorectal resection in
Shunde Hospital, Southern Medical University (The
First People's Hospital of Shunde Foshan) from 2021
to 2023. All specimens were collected with the
informed consent of the patients, and all patients had
not received radiotherapy or chemotherapy before
surgery. A total of 24 pairs of CRC and normal
paracancerous tissues were used to verify the
expression of tRF-22/27/32. Subsequently, we
collected blood samples from 40 CRC patients and 40
normal volunteers to test the expression levels of tRFs
in plasma. The study was conducted in accordance
with the Declaration of Helsinki. Detailed inclusion
and exclusion criteria for patients enrolled in this
study were as follows.Inclusion criteria included. (1)
histologically confirmed colon or rectal cancer, (2) no
other malignancies in combination, (3) Chinese male
or female subjects aged 218 years, and (4) voluntary
signing of informed consent. Exclusion criteria: (1)
Previous receipt of first-line systemic anti-tumour
therapy for metastatic CRC (including systemic
chemotherapy, molecular targeted drug therapy,
biotherapy and other investigational therapeutic
agents); (2) Treatment with other concurrent anti-
tumour therapy, long-term systemic immunotherapy;
(3) History of malignancy other than colorectal cancer
within the last 5 years; (4) Participation in a clinical
trial of another drug within 30 days prior to screening;
(5) History of autoimmune disease or other medical
conditions; (6) Other conditions that, in the opinion of
the investigator, preclude enrolment of subjects.

Gene expression analysis by qRT-PCR

Total RNA was extracted from CRC tissue and
plasma using RNAiso Plus (Takara, Japan). Reverse
transcription was performed with specific tRFs
stem-loop RT primers, and cDNA amplification was
performed by qRT-PCR using the Cham(Q Universal
SYBR qPCR Master Mix reagent (Vazyme, China) and
the QuantStudio™ 5 Real-Time Fluorescence PCR
System (Thermo Fisher, USA). U6 was used as an
internal control for tRFs, and we used the -ACt
method to detect the expression of genes related to the
internal control. Each assay was repeated three times.
The agarose gel electrophoresis was used to check the
uniqueness of the qRT-PCR products. To further
confirm the sequence of the qRT-PCR products, we
performed Sanger sequencing experiments. The
primer sequences are summarized in Table S1.
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Table 1. Demographic and clinical characteristic of patients with Colorectal cancer in 6 sequenced data sets

Cohort SRP107326 SRP166942 SRP183064 SRP193100 SRP344867 SRP289772
Tissues

Primary Tumor 104 3 6 2 5 20
Adjacent Normal 104 3 6 2 5 32 (Normal volunteers)
Age

Median 61.86 57.67 63

Range 39-85 49-70 30-83

Sex

Male 59 22

Female 45 30

Race

Asian 104 3 6 2 5

Black

White

American Indian

Location

Colon 66 1 0 - 47

Rectum 38 2 2 - 5

Stage -

0 2 0 0 8

1 18 0 0 1

1T 29 0 0 4

I 42 3 2 4

1\% 13 0 0 3
Results Selecting out three i-tRF-Glu to construct

Identification of differentially expressed tRFs
in CRC

The whole data processing workflow performed
in this study is illustrated in Figure 1. Moreover, the
clinical information from the 6 datasets we used is
summarized in Table 1. Following the extraction of
the tRFs expression matrices from the SRA files for
240 pairs of cancer and paracancerous CRC tissues,
we performed paired differential analysis using the
limma (Figure 2A) and DEseq2 packages (Figure 2B),
respectively (The top 50tRFs in the intersection of
differential analysis results are displayed in Table
S2). The intersection of the two analyses was used to
obtain 317 differentially expressed tRFs (P<0.05,
|logFC|>1; Figure S1). Upon collating the
information on the intersecting differential tRFs
(Table S2), we observed that there seems to be a close
correlation between i-tRFs and Glu-tRNA-derived
tRFs (tRF-Glu; Figure 2C). The tRF-Glu ranked first
with 21.77% of the intersecting differential tRFs, and
tRF-Glu also ranked first with 46.43% of the i-tRFs.
Meanwhile, i-tRFs ranked second with 35.33% of the
intersecting differential tRFs, while i-tRFs ranked first
with 75.36% of the tRF-Glu. Furthermore, we ranked
the expression of the top 100 intersection tRFs in
descending order of the absolute value of logFC from
the heat map (Figure 3). In the row clustering, we also
observed that there is a large correspondence between
i-tRFs and tRF-Glu. The chi-square test for i-tRFs and
tRF-Glu showed a x?pearson=61.858, and a
P-value<0.001, indicating a significant correlation
between the two.

CRC diagnostic models

The intersection of the differential analysis
results was explored to identify 317 tRFs (P<0.05,
|log2 FC|>1), which were then subsequently used to
construct a random forest model using the
RandomForest package. Combined with the analysis
of the composition of the differential tRFs as a result
of the differential analysis, we concluded that
i-tRF-Glu may play an important role in the
development of CRC, and therefore we screened for
i-tRF-Glu in the top 30 tRFs. Finally, three i-tRF-Glu
with high expression in colorectal tissues were
selected:  tRF-22-RNLNKS8S8KL  (tRF-22), tRF-27-
Z3M8ZLSSXUL  (tRF-27), and tRF-32-0668K87SE
RM4P (tRF-32), among the top 30 tRFs ranked by Gini
index (Figure 4A). These tRFs were then used to
reconstruct the random forest diagnostic model again.
Model performance was evaluated by testing
out-of-bag (OOB) samples. The diagnostic efficacy of
the established diagnostic model was evaluated using
ROC and PR curves, and the test results showed
values of ROC -AUC=0.941 (Figure 4B) and PR
-AUC=0944 (Figure 4C). To further test the
diagnostic efficacy of the model in the real world, we
selected SRP289772 as an independent validation set,
which contains sequencing data from 32 normal
volunteers and 20 CRC patients. We calculated a
diagnostic RF-score for the independent validation
dataset (SRP289772) based on the OOB predicted
probabilities, the PR-AUC and ROC-AUC of the
established model were found to be 0.761 and 0.823 in
the independent validation set (Figure 4B-C). We also
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modeled the tRF-22/27/32 separately using logistic
regression and plotted the ROC curves separately
with ROC-AUCs of 0.798, 0.902, and 0.844 for each of
these tRFs (Figures 4D-F). And then We analyzed
their expression differences in cancer and normal
using paired t-test and unpaired t-test in the training
set and independent validation set, respectively. The
results revealed that the three were significantly
highly expressed in CRC both in the training and
independent validation sets and statistically different
(P<0.05), except for tRF-22 which maybe not
statistically different in the independent validation set

SRAtoolkit: SRA file
download and Fastq
format conversion

;

Trim_galore: reads
processing

Removal of joints
and low quality

Matching tRFs in
the MINTbase
database

Obtain the expression
matrix of tRFs from
the result file

;

Metimp 1.2: missing
value impute(seed:
1234/method:RF)

sequences
MINTmap: tRFs i
A Correlation
expression [ between i-tRFs
information and Glu

due to insufficient sample size. (Figure S2).

Potential biological function of tRF-22/27/32 in
the development of CRC

The target genes of tRF-22/27/32 were predicted
using four databases: TargetRank, TargetScan,
RNAhybrid, and miRDB. The tRF-mRNA interaction
network was then established using some of the
predicted target genes (Figure 5A-C). Subsequently,
all target genes that were predicted in two or more
databases were extracted yielding a total of 1,583
genes (Figure 5D-F).

Paired variance analysis
using limma and DEseq2
package

l

Analysis of variance
results were taken as
intersection (logFC>1,

P.Value<0.05)

Random forest model
selection tRFs (tRF-
22/27132)

Validation of random
forest models with
independent data sets

.

Bioinformatics analysis to explore the potential
biological function of tRF-22/27/32 in CRC

.

Differential expression of tRF-
22/27132 was verified using qRT-
PCR at tissue and plasma levels.

Figure 1. Workflow of data process. Expression levels of tRFs were extracted using small RNA sequencing data from the SRA database of paired colon cancer and
paracancerous tissues (Upper left panel). Random forest analysis was used to screen tRFs, and 3 tRFs were finally identified (upper right panel). Bioinformatics analysis: target gene
prediction, function and pathway enrichment analysis (lower left panel). Expression of the 3 tRFs was verified at tissue and plasma levels using QRT-PCR (lower right panel).

https://lwww.jcancer.org



Journal of Cancer 2024, Vol. 15 1304
A B
Limma DEseq2
I I
| | (RESoKeNssamL, l [
° SH{IRRZIFSXNSLTS0N | - “ | | .
[ lRF~21.FSXMSLTJEH KRF.Z‘.FSXMSLKSQ : tRF.27.Z3M8ZLSSXUI tRF.23.FSXMSL730H | | tRF.27.Z3MBZLSSXUL
“ . ; | | |
| I . I |
o . H | | (tRF.18.8R1546D2)[{RF.22. WKM27362Q
tRF.33.0R18309EDJHPD3) ImF‘zs"aw‘W'RmthRF'zg'JYiv:RWMWM ™ : ! RF.33.P4R8YPILONAVDP)
R [tRF,:lo.JYSWRVIVMMVS _ | {RF.30.23MBZLSSXUOLRF.29.JYSWRYVMMVH:
7 ] oo ! [ 2 ? | I
;:20 1 o ‘.:' : @]\‘ sxupg| ® Down g ! tRF.35. pmsv:swmvu *Down
1 o® +"*| tRF.28.Z3M8ZLSSXUD6| ; . | EL8 Stable
= * 3t IRF16.854M10D} w2 PR : v
g - 28 | 44 (e pensankasoog  © P & £ [
8 - %1 OO L] i
.8 Isg(tRF.32.101982B20s4Y1 'm A FBEH
© L) |-!:..}. ‘l.- ‘| _tRF.ZH.sZZGEXEVOVWUD'
o .1| 25 T | Fat
1 |’ g
I | s
I I
_________ L % & _________ | }
0 ] I O = == e — — e E Ll
2 ! 0 I 2 -2 I 0 L 4
log2(fold change) log2(fold change)
tRF-Glu tRF-Glu
(a) 21.77%  (b) 46.43%
B tRFGlu [ tRF-Val
O tRFLys [ tRF-His
O tRF-Pro [J] tRF-Ser
@ tRF-Arg O tRFGIn
B tRF-Leu B tRF-Tyr
B tRFGly [ tRF-Phe
O tRF-Met [ tRF-Asp
@ tRF-Ala [ tRF-Thr
O tRF-Trp [ tRF-Asn
E tRF-Le
Overal tRF distribution tRF-Amino acid distribution in i-tRF
i-tRF i-tRF
(c) 35.33%
M +RF [ 3'4RF
M 54RF [ 3-half
W 5-half [ tRF-1

Overal tRF distribution

((@ 75.36%

tRF distribution in tRF-Glu

Figure 2. Differential analysis and the composition analysis of the intersection tRFs. (A) Volcano plot of Limma package differential analysis. (B) Volcano plot of
Deseq?2 package differential analysis. (C) Composition analysis of the intersection tRFs: (a) tRF-Glu accounted for 21.77% of the intersection tRFs. (b) tRF-Glu accounted for
46.43% of the i-tRFs. (c) i-tRF accounted for 35.33% of the intersection tRFs. (d) i-tRF was 75.36% in tRF-Glu.

The extracted gene list was then subjected to
KEGG and GO enrichment analysis in the DAVID
database. The enrichment analysis results were
visualized using the R programming language
(Figure 5G-H). In the KEGG enrichment analysis,
most genes were enriched in the RAS signaling
pathway. The other genes were found to be involved
in numerous signaling pathways which are closely

related to tumor development, such as TNF/NF-
kappa/Notch/Hippo (Figure 5G). Meanwhile, in the
GO enrichment analysis, the terms biological process
(BP), fractional cell composition (CC), and molecular
function (MF) each displayed 10 pieces of information
with P-values less than 0.05 (Figure 5H). Among
them, the important biological functions are
transcriptional regulation of the RNA pol II promoter,

https://lwww.jcancer.org



Journal of Cancer 2024, Vol. 15

1305

cell differentiation, and protein phosphorylation,
while most of the target genes were mainly localized
in the cytoplasm, nucleus, and cell membrane. The
most important molecular function is protein binding.

For further analysis, we obtained the CRC
RNA-seq data from TCGA, extracted the gene expres-
sion matrix, and performed differential analysis. The
results of the differential analysis were intersected
with the target genes to obtain the differential
expression information of target genes in CRC. Using
GSEA, six enriched pathways emerged with
P.adj<0.05, including the Wnt signaling pathway, G2
M checkpoint, and RNA metabolism, L1CAM
interactions, potential therapeutics for Sars, malignant
pleural mesothelioma (Figure S3).

tRF-22/27/32 are involved in the regulation of
Glu metabolism

A correlation analysis was performed to explore
the association between tRF-22/27/32 and Glu meta-
bolism. The RNA-seq data GSE121842 (SRP166942)
from the GEO database was used to obtain the mRNA
expression matrix (Figure 6). According to Mantel's
P<0.01, tRF-22 is associated with the expression of
GTP, alanine-glyoxylate aminotransferase (AGXT),
and ribosomal modification protein RimK-like family

member A (RIMKLA). RIMKLA has also been
suggested to be involved in the Gln family amino acid
metabolism [30]. Meanwhile, tRF-27 was significantly
correlated with the expression of glutamine ligase
(GLUL), GLS, G protein pathway inhibitor 1 (GPS1),
and folate hydrolase 1 (FOLH1) genes. Among these,
GLUL is mainly involved in catalyzing the synthesis
of GIn from Glu and ammonia in an ATP-dependent
reaction. This protein plays a role in ammonia and
Glu detoxification, acid-base homeostasis, cell signal-
ing, and cell proliferation [31], while GLS catalyzes
the hydrolysis of GIn to Glu and ammonia [32].
Furthermore, tRF-32 was shown to correlate with the
expression of argininosuccinate lyase (ASL), which
primarily catalyzes the reversible hydrolysis of
argininosuccinate to arginine and fumarate - an
important step in the detoxification of ammonia by
the liver through the urea cycle [33]. In addition,
pathway analysis of these genes was performed using
the online database DAVID. The results showed that
these genes are associated with the anabolism of
amino acids such as Glu, alanine, and aspartate and
that there is a close relationship between these genes
and the development of CRC (Figure S4).
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Figure 3. Heat map of the expression of the top 100 difference tRFs. Differential analysis of the tRFs using Limma package and DEseq2 package, the expression heat map

displays the top 100 intersecting tRFs of LogFC absolute values.
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The tRF-22/27/32 can serve as plasma markers
for CRC screening

We collected cancer and paracancerous tissues
from 24 CRC patients for gene expression analysis to
further validate the differential expression of

tRF-22/27/32. The results showed that both
tRF-27/32 had significantly higher expression in
cancer tissues (P-values=0.012 and 0.006, respectively;
Figure 7A-C), which is consistent with the results
obtained from the small RNA-seq data. Subsequently,
we evaluated the CRC diagnostic efficacy of tissue
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qRT-PCR results for tRF-22/27/32 in the same model
as the miRNA sequencing dataset (The results are
shown in Figure S5). To further demonstrate the
correctness of the amplification products of the
qRT-PCR of the three tRFs, we performed agarose gel

CHSY o
‘GADDASB (0] -

( ]
CREB3L1

(4

chxmM2 @
apHiA @ [ © EFNBI
CLDN2 ®
@_ SumMQd P
USP3E o\
ccocize \‘\‘\‘
BAHD1 oA\

AV
D, eLA ®
U /@ KLF12

&EZV1

MAPKAPK2

Y | g 088P2
’/ AFE
3 A= auli— ®
S ARF2_SCTRAP1S! Tamy
oo 0 [ \\othg e
SEMA4G pceod Fpara \ D s PAXE

6BAL1 e}
LARP1

SP6

S

Q 8

crsts K@
@ Wwsco
SFXN5@

LMNB2@ L RBMS2
UBOXS FOX04

RAB15
DR5B

MiRDB

Targetscan

TargetRank RNAhybrid

tRF-22

G

KEGG Pathways Enrichment

electrophoresis (Result is shown in Figure S6) and
Sanger sequencing experiments (Figure S7) using the
products of the three qPCRs, and the results showed
that the products of the three qRT-PCRs were specific
and sequenced correctly.

Pathways

E
Tar

tRF-27

getRank o RNAhybrid TargetRank

tRF-32

s hing Yo e
G
Endocrine reslstance 1 - |
y ipase D signaling patiney |
ly is - keratan sulfate | I
Notch signaling pathway | |
Chronic myeloid loukemia - |
Cholinergic synapse | G
Ras signaling pathway - |
Hippo signaling pathway |
Morphine addiction | G
Thyroid hormone signaling pathway - [EEEEEEEEE—
TNF signaling pathway |
NF-kappa B signaling pathway | R
] PValue
Glycosphingolipid biosynthesis - lacto and | ]
neolacto series Platelet activation - I 0.04
Proteoglycans in cancer | [ IEEEEE——
Longevity regulating pathway | [N 003
Estrogen signaling pathway | [ 0.02
Relaxin signaling pathway 1  [IEEEE— 0.01
Gastric cancer | [N
Adrenergic signaling in cardiomyocytes | IR
Glycosphingolipid biosynthesis - ganglio series 7 I
Melanogenesis -  EEnE———
Cortisol synthesis and secretion 7 e—
gulating plur of 1
stem cells Insulin secretion | NN
of lipolysis in adipocytes ¢ 1 I
carcinoma 7 I
e synthesis and ! y1
i of TRP insutin 7 —
1 I
resistance
Prolactin signaling pathway
Chemokine signaling pathway
1 I
H Axon - - 1
] 10 20 30
Gene numbers
regulation of transcription from RNA polymerase l R
promoter regulation of transcription DNA-templated I 0 = Biological process
cell differentiation . o w Cellular
protein phosphorylation . - 3
Wnt signaling pathway — = Molecular function
regulation of cell cycle [
angiogenesis M
positive regulation of MAPK cascade | — ™
negative regulation of cell migration [ ™
Notch signaling pathway o
cytosol 1 Y 0
cytoplasm o I
nucleus b U
ntegral component of membrane [ <
membr I N
nucleoplasm D B
integral component of plasma membrane [ 1m
Golgi apparatus . 2
chromatin [ 1
protein binding s 10
metal ion binding I
identical protein binding I s
ATP binding 4
sequence-specific double-stranded DNA binding | O
protein kinase binding I
GTPase activator activity K
ubiquitin-protein transferase activity B
ion channel binding I
ine binding I 1
12 10 8 6 4 2 0 200 400 60D 800 1000 1200
-log10(pvalue) Gene count
MiRDB Targetscan F MiRDB Targetscan

o RNAhybrid

Figure 5. Enrichment analysis of database predicted target genes (intersection). (A~C) Network analysis of tRF-22/27/32 with predicted target genes. (D~F) Venn
diagram of four database predicted target genes of tRF-22/27/32. (G) KEGG enrichment analysis of tRF-22/27/32 target genes. (H) GO enrichment analysis of tRF-22/27/32 target

genes.

https://lwww.jcancer.org



Journal of Cancer 2024, Vol. 15 1308
- o <. <
3 g9 SN
[72] —1 -
< [ <00«
o | L EEEn
| |
L
[ |
-
[ 2
H B M GPT2 Mantel's p
| =} —
mav aV.AVEI .=Eg')|'(_r 0.01-0.05
1AV A VAV — >=0.05
tRF.22 H = AGXT2
BN Ass1
HE = ASL Mantel's r
MWW ADSL — <02
B NATSL — 0.2-0.4
B RIMKLB o .- 04
HE = RIMKLA
Pearson'sr
1.0
tRF.27 M= mmN=N-HNGAD2 05
EE= - BNE=NABAT o'
H N W ALDH5A1 ’
0.5
= m = [l ALDH4A1
tRF.32

Figure 6. Correlation analysis of tRF22/27/32 with glutamate metabolism-related genes. The bottom left corner is the connection is the expression analysis of
tRF-22/27/32 with glutamate-related genes, and the top right corner is the expression correlation analysis between glutamate-related genes. Glutamate-related gene expression
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To verify the expression of the three tRFs in
plasma and determine the possibility of using them as
diagnostic markers for CRC, blood samples were
collected from 40 CRC patients and 40 normal
volunteers. The clinical characteristics of the patients
are summarized in Table 2. Gene expression analyses
showed that all these tRFs were highly expressed in
the blood of CRC patients compared with that of
normal volunteers (P-value=0.025, 0.002, and 0.005,
respectively; Figure 7D-F). To further determine the
potential of these tRFs as diagnostic markers, the ROC
curve for each tRFs was plotted after collecting clinical
data from patients. The results showed that tRF-32
had the highest ROC-AUC of 0.786, while tRF-22/27
had 0.736 and 0.699, respectively (Figure 7G).
Moreover, all three ROC-AUCs were better than that
of traditional tumor markers CEA (0.600) and CA199
(0.562). Subsequently, we analyzed the relationship of
the tRFs with clinical data, and found that these tRFs
may be associated with CEA levels, the number of
lymphatic metastases, and tumor size and location in
CRC patients (Figure 8A). Furthermore, the
expression level of tRF-32 in CRC tissues differed with
age (P=0.013), while both lymph node metastasis
(P=0.011) and vascular invasion (P=0.005) of the

tumor correlated with the expression of tRF-32.
Meanwhile, tRF-27 levels in CRC were significantly
higher in stage III than in stage I cancer. However, the
indicators of mismatch repair (MMR), which
symbolize the tumor mutation load and tumor
differentiation [34], showed no correlation with these
tRFs (Table 2). Finally, we explored the correlation
between tRF-22/27/32 and traditional tumor markers
and found a negative correlation between tRF-22 and
tRF-27 with CA199 in plasma (Figure 8B-C), and a
positive correlation between tRF-27 and CEA (Figure
8D). These results suggest that tRF-22/27/32 can be
used as biomarkers for early diagnosis of CRC and
may mediate CRC development by affecting tumor
invasion.

Conclusions and Perspectives

CRC has become the third most common cancer
in men and the second most common in women. By
2035, the number of CRC cases worldwide is expected
to increase to 2-5 million, which will cause a
significant socioeconomic burden. Currently, surgical
resection, supplemented with chemotherapy and
radiotherapy, is the main treatment for CRC [35].
Although targeted and immunotherapy have
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achieved some success in CRC in recent years,
increasing the early diagnosis rate seems to be a more
effective and socioeconomic option to improve the
clinical prognosis of CRC. It has been shown that the
5-year survival rate for advanced CRC patients with
distant metastases is less than 15%, whereas the 5-year
survival rate for patients with early-stage localized
CRC can reach 90% [3]. Current screening modalities
for CRC include colonoscopy, OB, and tumor marker
(e.g., CEA and CA199) tests. However, these methods
can also present some challenges and inconveniences,
such as the invasive and expensive nature of
colonoscopy [36], the poor sensitivity and specificity
of the OB [37], and the susceptibility to interference
and the long half-life of CEA, which cannot indicate
the presence of early-stage tumors [38]. In contrast,
tRFs, which are highly base-modified, highly enriched
in various biological fluids, and have higher levels
and stability, are promising sncRNAs that have
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garnered significant attention in recent years and
have the potential to be used as plasma markers for
tumor screening. Related studies have shown that
tRFs have great potential value in the diagnosis of
CRC, for example, chen et al. found that
TRF-phe-gAA-031 (AUC=0.755) and tRF-VAL-tca-002
(AUC=0.731) had high diagnostic efficacy in the
diagnosis of CRC [39]. In addition, Wu et al. found
that 5'-tRF-GlyGCC (AUC=0.882) had higher diag-
nostic efficacy compared to traditional tumour
markers (CEA (AUC=0.762), CA199 (AUC=0.557)
[10]. Therefore exploring tRFs as a diagnostic marker
for CRC is a very promising field. However, it is
worth noting that most current studies have ignored
some of the tRFs as confounding signals when
performing small RNA-seq analyses, which has led to
the loss of much valuable tRFs data. Therefore, it is
very valuable to explore the tRFs data from small
RNA-seq studies for CRC.
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Figure 7. qRT-PCR to validate the differential expression of tRF-22/27/32. (A~C) qRT-PCR validation of tRF-22/27/32 expression differences in tissues. (D~F)
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Table 2. Correlation analysis of tRF-22/27/32 with clinical data of patients of plasma origin

Clinical pathological indexes No. of patients

p-value of tRF-22 (High-Low?)

p-value of tRF-27 (High-Low) p-value of tRF-32 (High-Low)

Age >75 8 (20.51%) 0.695
<75 31 (79.49%)

Sex Male 23 (57.50%) 0.749
Female 17 (42.50%)

Size >5cm 18 (46.15%) 0.111
<5cm 21 (53.85%)

Tumor location Colon 33 (82.50%) 1.000
Rectum 7 (17.50%)

Hemicolon Left 25 (64.10%) 1.000
Right 14 (35.90%)

Tumor differention Well 27 (71.05%) 1.000
Poor 11 (28.95%)

T stage T1-T2 7 (19.44%) 1.000
T3-T4 29 (80.56%)

Lymph node Positive 16 (41.03%) 0.333
Negative 23 (58.97%)

Metastasis Positive 4 (10.26%) 0.605
Negative 35 (89.74%)

TNM stage I-1I 20 (54.05%) 0.746
M-V 17 (45.95%)

CEA High 13 (33.33%) 0.096
Low 26 (66.67%)

CA199 High 12 (30.77%) 0.176
Low 27 (69.23%)

Nerve/vascular invasion Positive 18 (51.43%) 0.315
Negative 17 (48.57%)

MMR2 dMMR 3 (7.50%) 1.000
pMMR 37 (92.50%)

0.235 0.013*
0.749 0.616
0.341 1.000
1.000 0.432
0.191 0.740
1.000 0.147
0.408 0.200
0.333 0.011*
1.000 1.000
0.746 0.104
0.320 0.736
0.501 0.174
0.092 0.005**
0.231 0.565

1 According to Kolmogorov-Smirnov normality test, tRF-32 obeys the Gaussian distribution, use the arithmetic mean to distinguish its high/low expression. Both tRF-22 and
tRF-27 do not obey the Gaussian distribution, use the median to distinguish their high/low expression.
2 MLH1, MSH2, MSH6, and PMS2 were all positive for pMMR (normal expression), and 1 or more negative for dMMR (deletion)

By integrating multiple small RNA-seq data and
mining the neglected tRFs through MINTmap, we
found that the differentially expressed tRFs in CRC
were mainly composed of i-tRF and tRF-Glu. Previous
studies have reported that the expression of tRFs was
abnormal in tumors. For example, Huang et al. found
that tRF-31-U5YKFN8DYDZDD was highly expressed
in gastric cancer [40]. Other studies demonstrated
high expression of tRF-Leu-CAG in non-small cell
lung cancer [41]. In contrast, Wu et al. found by
sequencing small RNAs in the plasma of CRC patients
and normal subjects that the percentage of plasma
i-tRF in normal subjects was only 17.57%, while in
CRC patients, it reached 25.31%, second only to 5'-tRF
(57.22%), indicating the overexpression of i-tRFs
during CRC development. These findings are
consistent with our study. However, our screening of
differential tRFs by integrating multiple small
RNA-seq data may lead to more convincing conclu-
sions compared to individual sequencing data.
Furthermore, we found that there was a significant
correlation between i-tRFs and tRFs-Glu among the
differentially expressed tRFs in CRC (P<0.001).
Similarly, Wu et al. also found that among the 5 '-tRFs
with the highest content, tRFs-Glu accounted for
11.46% in CRC patients, which was significantly
higher than 6.30% in normal subjects [10], further
supporting our hypothesis that i-tRFs participate in
the occurrence and development of CRC and may be
related to Glu metabolism. tRNAs are are involved in

the transport of amino acids during protein synthesis.
Interestingly, CRC is usually accompanied by a
significantly abnormal amino acid metabolism [42]. In
a study by Xie et al., they characterized the amino acid
metabolism of CRC based on the expression status of
358 amino acid metabolism-related genes and divided
CRC into AA1 and AA2 types. The AA1 subtype is
characterized by a weak amino acid metabolism
activity, a high tumor mutation load, significant
immune cell infiltration, and poor prognosis,
although it may benefit from irinotecan, anti-PD-1,
and CTLA-4 immunotherapy. Meanwhile, the AA2
subtype exhibits strong amino acid metabolic activity,
increased sensitivity to 5-fluorouracil and oxaliplatin,
and generally has a good prognosis [43]. That means
the metabolism of abnormal amino acids in CRC not
only regulates tumor progression but also affects
treatment response and patient prognosis. tRFs are
likely to serve as a bridge between the occurrence and
development of CRC and amino acid metabolism.
Therefore, we selected three i-tRF-Glu (tRF-22/27/32)
that were significantly highly expressed in CRC and
were later verified in tissue samples. The ROC curves
showed that these tRFs could distinguish tumor from
non-tumor tissues. At the same time, tRF-32 was
associated with lymph node metastasis and
nerve/vascular invasion of the tumor. Hence, we
hypothesize that tRF-22/27/32 are involved in the
occurrence and progression of CRC, as well as in the
metabolism of Glu-Gln. These intriguing results urge

https://lwww.jcancer.org



Journal of Cancer 2024, Vol. 15

1311

&
<«
~o°v
&
S

o
&°
v
o
vV

o
N2

o o5
d

v

\e]
v
Q N

3 s

& &

& &

@@
0@
P

AF

CEA

CA125
CA153
CA199

Location . .

Number.node
Size

tRF.22

tRF.27

tRF.32

0.8

0.6

- 04

30

60 90

02

+ 04

30 60

CA199
R=-0.53,P=0.0016

90

30 30

CEA
R=0.38,P=0.027

60 90 120

R=0.29,P=0.1

90

60 120

CEA

0 5 10 15
Number of lymph node metastases

R=-0.400,P=0.027

Figure 8. Correlation analysis of clinical information. (A) Heat map of correlation between patient clinical information and tRF-22/27/32. (B~C) Correlation analysis of
CA199 and tRF-22/27. (D~E) Correlation analysis of CEA and tRF-27/32. (G) Correlation between the number of lymph node metastases and tRF-32 was demonstrated.

us to continue to explore the molecular contribution
of tRF-22/27/32 in the occurrence and development
of CRC.

We further performed enrichment analyses of
the target genes of tRF-22/27/32 and found that these
genes were mainly enriched in signaling pathways,
such as WNT, MAPK, and Notch, and were also
involved in biological processes, such as G2M cell
cycle checkpoint and L1CAM adhesion molecule
interactions. The role of these pathways in CRC is
relatively clear. For example, the Wnt signaling
pathway is closely related to CRC. It can participate in
the initiation and development of CRC by integrating
the stem cell characteristics of tumor cells and

modulating apoptosis, autophagy, inflammation,
immunity, and chemoresistance [44]. On the other
hand, amino acid metabolism has been shown to also
interfere with the MAPK signal pathway. Xue et al.
found that branched chain amino acids a Ketate
dehydrogenase kinase (BCKDK) directly mediates the
phosphorylation of Ser221 of ERK1 and promotes
CRC progression by activating the MAPK signaling
pathway [45]. In addition, a variety of sncRNAs are
involved in the regulation of the Notch signaling
pathway in CRC. It has been shown that miR-34a [46],
miR-195-5p [47] can regulate the levels of Notchl,
Notch2 in CRC, respectively, and participate in the
induction of CRC cell apoptosis and inhibition of CRC
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proliferation, migration, and chemoresistance.
Furthermore, LICAM in CRC not only promotes cell
growth and survival, but the L1CAM secreted by
tumor cells also makes itself more aggressive [48],
thus, promoting the infiltration and metastasis of
CRC. Our study suggests that tRF-22/27/32 are
highly likely to be involved in the development of
CRC by regulating cell proliferation, regulating the
cell cycle, and interfering with biological processes
such as cell adhesion. Finally, upon investigating the
expression pattern of tRF-22/27/32 in the plasma of
CRC patients, we found that compared with normal
subjects, tRF-22/27/32 were also significantly higher
in the plasma of CRC patients. As diagnostic markers
for CRC, the AUC values of tRF-22/27/32 were 0.736,
0.699, and 0.786, respectively. These values were
higher than those of the conventional markers CEA
(0.600) and CA199 (0.562), affirming the potential of
tRF-22/27/32 as plasma markers for CRC screening.
In addition, the study by Xue et al. shows that the
combination of tsRNA-MetCAT-37, tsRNA-
ValTAC-41, and CA199 in pancreatic cancer can
increase the AUC value of the latter in diagnosing
pancreatic cancer [49]. In recent years, studies on gene
expression regulation by tRFs at different levels have
been increasing, and the molecular mechanism of its
involvement in the occurrence and development of
cancer has been gradually revealed. The establish-
ment and improvement of tRFs databases will
provide new directions and capabilities for the future
diagnosis and treatment of CRC.

Overall, our research demonstrates that
tRF-22/27/32, which are closely related to Glu-Gln
metabolism and are highly expressed in CRC.
Moreover, these tRFs participate in the occurrence
and development of CRC by regulating cell
proliferation and cell cycle, and interfering cell
adhesion. We propose the use of tRF-22/27/32 as
potential tumor treatment targets and plasma markers
for CRC screening. However, this study still has some
limitations and challenges. Further exploration and
experimentation are needed to fully understand the
relationship between tRF-22/27/32 and the prognosis
of CRC patients.

Abbreviations

AGXT: Alanine-glyoxylate aminotransferase;
ASL: Argininosuccinate lyase; BCKDK: Branched
chain amino acids a Ketate dehydrogenase kinase;
CEA: Carcinoembryonic antigen; CRC: Colorectal
cancer; DAVID: Database for Annotation, Visuali-
zation, and Integrated Discovery; ESCC: Esophageal
squamous cell carcinoma; FOLH1: Folate hydrolase 1;
OB: Fecal occult blood test; GO: Gene Ontology; Glu:
Glutamate; GLS: Glutaminase; Gln: Glutamine;

GLUL: Glutamine ligase; GPS1: G protein pathway
inhibitor 1; KEGG: Kyoto Encyclopedia of Genes and
Genomes; MMR: Mismatch repair; PR: Precision-
recall;, PCD: Programmed cell death; gqRT-PCR:
Quantitative real-time PCR; ROC: Receiver operating
characteristicc RIMKLA: Ribosomal modification
protein RimK-like family member A; SRA: Sequence
Read Archive; sncRNAs: Small non-coding RNAs;
tRNA: Transfer RNA; tRFs: tRNA-derived RNA
fragments; TAMs: Tumor-associated macrophages.

Supplementary Material

Supplementary figures and tables.
https:/ /www jcancer.org/v15p1299sl.pdf

Acknowledgments

Funding

This study was funded by the Beijing Science
and Technology Medical Development Foundation
(No. KC2021-JX-0186-94), the 2021 Special Innovation
Project of Guangdong Provincial Department of
Education (No. 2021KTSCX015), the 2018 Foshan City
Outstanding Young Medical Talent Training Project
(No. 600009) and 2020 Shunde District Competition
Support Talent Project (no serial number). Natural
Science Foundation of Guangdong Province, China
(No. 2022A1515012315).

Author Contributions

MZOQY and YL is responsible for the concept and
design of this study. Material preparation was done
by KW/CDY/ LJH. The data analysis was done by FC
/LJH/QN]. The gqRT-PCR was performed together by
FC/LJH/LZ and the results were analyzed. FC and
LJH drafted the article and QNJ and YL revised it
critically for important intellectual content. FC
/CDY/ LJH retrieved the data and revised the article.
FC /CDY/ LJH participated in manuscript writing
and editing, who contributed equally to this work.
The final manuscript was read and approved by all
authors.

Institutional Review Board Statement

Human specimens were collected and used in
this study with the approval of the ethics committee
of Shunde Hospital, Southern Medical University
(The First People's Hospital of Shunde Foshan),
Shunde, Foshan, Guangdong Provinc, China.

Informed Consent Statement

All specimens were collected with the informed
consent of the patients, and all patients had not
received radiotherapy or chemotherapy before
surgery.

https://lwww.jcancer.org



Journal of Cancer 2024, Vol. 15

1313

Data Availability Statement

The datasets used and/or analyzed during the

current study are available from the corresponding
author on reasonable request.

Competing Interests

The authors have declared that no competing

interest exists.

References

1.

2.

10.

11

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer Statistics, 2021. CA Cancer ]
Clin. 2021; 71: 7-33.

Sung H, Ferlay J, Siegel RL, et al. Global Cancer Statistics 2020: GLOBOCAN
Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185
Countries. CA Cancer ] Clin. 2021; 71: 209-49.

Siegel RL, Miller KD, Goding Sauer A, et al. Colorectal cancer statistics, 2020.
CA Cancer J Clin. 2020; 70: 145-64.

Ribeiro MS, Wallace MB. Endoscopic Treatment of Early Cancer of the Colon.
Gastroenterol Hepatol. 2015; 11: 445-52.

Balatti V, Rizzotto L, Miller C, et al. TCL1 targeting miR-3676 is codeleted with
tumor protein p53 in chronic lymphocytic leukemia. Proc Natl Acad Sci U S A.
2015; 112: 2169-74.

Xing S, Tian Z, Zheng W, et al. Hypoxia downregulated miR-4521 suppresses
gastric carcinoma progression through regulation of IGF2 and FOXM1. Mol
Cancer. 2021; 20: 9.

Kumar P, Kuscu C, Dutta A. Biogenesis and Function of Transfer
RNA-Related Fragments (tRFs). Trends Biochem Sci. 2016; 41: 679-89.

Mo D, Jiang P, Yang Y, et al. A tRNA fragment, 5-tiRNAVal, suppresses the
Wnt/ 3-catenin signaling pathway by targeting FZD3 in breast cancer. Cancer
Lett. 2019; 457: 60-73.

Han Y, Peng Y, Liu S, et al. tRF3008A suppresses the progression and
metastasis of colorectal cancer by destabilizing FOXK1 in an AGO-dependent
manner. ] Exp Clin Cancer Res CR. 2022; 41: 32.

WuY, Yang X, Jiang G, etal. 5’ -tRF-GlyGCC: a tRNA-derived small RNA as
a novel biomarker for colorectal cancer diagnosis. Genome Med. 2021; 13: 20.
Johnson MO, Wolf MM, Madden MZ, et al. Distinct Regulation of Th17 and
Th1 Cell Differentiation by Glutaminase-Dependent Metabolism. Cell. 2018;
175: 1780-1795.€19.

Cohen AS, Geng L, Zhao P, et al. Combined blockade of EGFR and glutamine
metabolism in preclinical models of colorectal cancer. Transl Oncol. 2020; 13:
100828.

Peng X, Zheng T, Guo Y, Zhu Y. Amino acid metabolism genes associated with
immunotherapy responses and clinical prognosis of colorectal cancer. Front
Mol Biosci. 2022; 9: 955705.

Jiang M, Cui H, Liu Z, et al. The Role of Amino Acid Metabolism of Tumor
Associated Macrophages in the Development of Colorectal Cancer. Cells. 2022;
11: 4106.

Pekarsky Y, Balatti V, Palamarchuk A, et al. Dysregulation of a family of short
noncoding RNAs, tsRNAs, in human cancer. Proc Natl Acad Sci U S A. 2016;
113: 5071-6.

Gao P, Tchernyshyov I, Chang T-C, et al. c-Myc suppression of miR-23a/b
enhances mitochondrial glutaminase expression and glutamine metabolism.
Nature. 2009; 458: 762-5.

Ge ], Jin Y, Lv X, et al. Expression profiles of circular RNAs in human
colorectal cancer based on RNA deep sequencing. ] Clin Lab Anal. 2019; 33:
€22952.

Loher P, Telonis AG, Rigoutsos I. MINTmap: fast and exhaustive profiling of
nuclear and mitochondrial tRNA fragments from short RNA-seq data. Sci Rep.
2017; 7: 41184.

Wei R, Wang ], Su M, et al. Missing Value Imputation Approach for Mass
Spectrometry-based Metabolomics Data. Sci Rep. 2018; 8: 663.

Ritchie ME, Phipson B, Wu D, et al. limma powers differential expression
analyses for RNA-sequencing and microarray studies. Nucleic Acids Res.
2015; 43: e47.

Love MI, Huber W, Anders S. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biol. 2014; 15: 550.
Genuer R, Poggi J-M, Tuleau-Malot C. Variable selection using random
forests. Pattern Recognit Lett. 2010; 31: 2225-36.

Chen Y, Wang X. miRDB: an online database for prediction of functional
microRNA targets. Nucleic Acids Res. 2020; 48: D127-31.

Lewis BP, Burge CB, Bartel DP. Conserved seed pairing, often flanked by
adenosines, indicates that thousands of human genes are microRNA targets.
Cell. 2005; 120: 15-20.

Nielsen CB, Shomron N, Sandberg R, Hornstein E, Kitzman J, Burge CB.
Determinants of targeting by endogenous and exogenous microRNAs and
siRNAs. RNA N'Y N. 2007; 13: 1894-910.

Kriiger J, Rehmsmeier M. RNAhybrid: microRNA target prediction easy, fast
and flexible. Nucleic Acids Res. 2006; 34: W451-454.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

Huang DW, Sherman BT, Lempicki RA. Systematic and integrative analysis of
large gene lists using DAVID bioinformatics resources. Nat Protoc. 2009; 4: 44~
57.

Sherman BT, Hao M, Qiu J, et al. DAVID: a web server for functional
enrichment analysis and functional annotation of gene lists (2021 update).
Nucleic Acids Res. 2022; 50: W216-221.

Yu G, Wang L-G, Han Y, He Q-Y. clusterProfiler: an R package for comparing
biological themes among gene clusters. Omics J Integr Biol. 2012; 16: 284-7.
Collard F, Stroobant V, Lamosa P, et al. Molecular identification of
N-acetylaspartylglutamate synthase and beta-citrylglutamate synthase. J Biol
Chem. 2010; 285: 29826-33.

Xuan DTM, Wu C-C, Wang W-], et al. Glutamine synthetase regulates the
immune microenvironment and cancer development through the
inflammatory pathway. Int ] Med Sci. 2023; 20: 35-49.

Rumping L, Tessadori F, Pouwels PJW, et al. GLS hyperactivity causes
glutamate excess, infantile cataract and profound developmental delay. Hum
Mol Genet. 2019; 28: 96-104.

Nagamani SCS, Ali S, Izem R, et al. Biomarkers for liver disease in urea cycle
disorders. Mol Genet Metab. 2021; 133: 148-56.

Sahin TH, Akce M, Alese O, et al. Immune checkpoint inhibitors for the
treatment of MSI-H/MMR-D colorectal cancer and a perspective on resistance
mechanisms. Br ] Cancer. 2019; 121: 809-18.

Guan X, Jiang Z, Ma T, et al. Radiotherapy dose led to a substantial
prolongation of survival in patients with locally advanced rectosigmoid
junction cancer: a large population based study. Oncotarget. 2016; 7: 28408-19.
Waldmann E, et al. Differences between men and women with respect to
colorectal cancer mortality despite screening colonoscopy. Gastrointest
Endosc. 2024; S0016-5107(24)00002-6.

Das V, Kalita J, Pal M. Predictive and prognostic biomarkers in colorectal
cancer: A systematic review of recent advances and challenges. Biomed
Pharmacother Biomedecine Pharmacother. 2017; 87: 8-19.

Rubail Morell A. CEA serum levels in non-neoplastic disease. Int J Biol
Markers. 1992; 7: 160-6.

Chen H, Xu Z, Cai H, Peng Y, Yang L, Wang Z. Identifying Differentially
Expressed tRNA-Derived Small Fragments as a Biomarker for the Progression
and Metastasis of Colorectal Cancer. Dis Markers. 2022; 2022: 2646173.

Huang Y, Zhang H, Gu X, et al. Elucidating the Role of Serum
tRF-31-USYKFN8DYDZDD as a Novel Diagnostic Biomarker in Gastric
Cancer (GC). Front Oncol. 2021; 11: 723753.

Shao Y, Sun Q, Liu X, Wang P, Wu R, Ma Z. tRF-Leu-CAG promotes cell
proliferation and cell cycle in non-small cell lung cancer. Chem Biol Drug Des.
2017; 90: 730-8.

Najumudeen AK, Ceteci F, Fey SK, et al. The amino acid transporter SLC7A5 is
required for efficient growth of KRAS-mutant colorectal cancer. Nat Genet.
2021; 53: 16-26.

Xie Y, Chen H, Fang J-Y. Amino acid metabolism-based molecular
classification of colon adenocarcinomavia in silico analysis. Front Immunol.
2022; 13: 1018334.

Zhao H, Ming T, Tang S, et al. Wnt signaling in colorectal cancer: pathogenic
role and therapeutic target. Mol Cancer. 2022; 21: 144.

Xue P, Zeng F, Duan Q, et al. BCKDK of BCAA Catabolism Cross-talking With
the MAPK Pathway Promotes Tumorigenesis of Colorectal Cancer.
EBioMedicine. 2017; 20: 50-60.

Zhang Q, Wang J, Li N, et al. miR-34a increases the sensitivity of colorectal
cancer cells to 5-fluorouracil in vitro and in vivo. Am ] Cancer Res. 2018; 8:
280-90.

JinY, Wang M, Hu H, Huang Q, Chen Y, Wang G. Overcoming stemness and
chemoresistance in colorectal cancer through miR-195-5p-modulated
inhibition of notch signaling. Int ] Biol Macromol. 2018; 117: 445-53.

Ganesh K, Basnet H, Kaygusuz Y, et al. LICAM defines the regenerative origin
of metastasis-initiating cells in colorectal cancer. Nat Cancer. 2020; 1: 28-45.
Xue M, Shi M, Xie J, et al. Serum tRNA-derived small RNAs as potential novel
diagnostic biomarkers for Pancreatic Ductal Adenocarcinoma. Am ] Cancer
Res. 2021; 11: 837-848.

https://lwww.jcancer.org



