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Abstract: Background: The relationship between microRNA (miRNA) expression patterns and tumor mutation burden
(TMB) in uterine corpus endometrial carcinoma (UCEC) was investigated in this study. Methods: The UCEC dataset
from The Cancer Genome Atlas (TCGA) database was used to identify the miRNAs that differ in expression between
high TMB and low TMB sample sets. The total sample sets were divided into a training set and a test set. TMB levels
were predicted using miRNA-based signature classifiers developed by Lasso Cox regression. Test sets were used to
validate the classifier. This study investigated the relationship between a miRNA-based signature classifier and three
immune checkpoint molecules (programmed cell death protein 1 [PD-1], programmed cell death ligand 1 [PD-L1],
cytotoxic T lymphocyte-associated antigen 4 [CTLA-4]). For the miRNA-based signature classifier, functional
enrichment analysis was performed on the miRNAs. An analysis of the relationship between PD-1, PD-L1, and
CTLA-4 immune checkpoint genes was carried out using the miRNA-based signature classifier. Results: We identified
27 differentially expressed miRNAs in miRNA-base signature. For predicting the TMB level, 27-miRNA-based
signature classifiers had accuracies of 0.8689 in the training cohort, 0.8276 in the test cohort, and 0.8524 in the total
cohort. The correlation between the miRNA-based signature classifier and PD-1 was negative, while the correlation
between PD-L1 and CTLA4 was positive. Based on the miRNA profiling described above, we validated the expression
levels of 9 miRNAs in clinical samples by quantitative reverse transcription PCR (qRT-PCR). Four of them were
highly expressed and many cancer-related and immune-associated biological processes were linked to these 27
miRNAs. Thus, the developed miRNA-based signature classifier was correlated with TMB levels that could also
predict TMB levels in UCEC samples. Conclusion: In this study, we investigated the relationship between a miRNA-
based signature classifier and TMB levels in Uterine Corpus Endometrial Carcinoma. Further, this is the first study to
confirm their relationship in clinical samples, which may provide more evidence support for immunotherapy of

endometrial cancer.

Abbreviation TCGA The Cancer Genome Atlas
miRNA microRNA PD-P1 Programmed cell death protein 1
TMB Tumor mutation burden PD-L1 Programmed cell death ligand 1
UCEC Uterine corpus endometrial carcinoma CTLA4 Cytotoxic T lymphocyte-associated antigen 4
qRT-PCR  Quantitative reverse transcription PCR
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SP Specificity

PPV Positive predictive value

NPV Negative predictive value

ROC Receiver operating characteristic
PCA Principal Component Analysis
KEGG Kyoto Encyclopedia of Genes and Genomes
GO Gene Ontology

AUC Area Under the Curve

NSCLC Non-small cell lung cancer
ORR Overall Response Rate
Introduction

Uterine Corpus Endometrial Carcinoma (UCEC) is the second
most common tumor in women (65950 new cases in 2022)
that threatens the health of women worldwide (Siegel et al,
2022). It is estimated that by 2030, there would be 42.13
cases of UCEC per 10,000 individuals in the United States
(Sheikh et al, 2014). Treatment approaches for UCEC
include surgery, radiotherapy, and chemotherapy-targeted
therapies. However, the incidence and mortality are still
increasing (Lortet-Tieulent ef al., 2018; Crosbie et al., 2022).
The most frequent age of occurrence is between 45 to 65
years (Rutgers, 2015). When the patient already has a
metastatic lesion or the disease recurs, the efficacy of
traditional treatments is limited. For these patients, the
prognosis is usually poor (Crosbie et al., 2022), with overall
survival (OS) time of fewer than 16 weeks (Chaudhry and
Asselin, 2009). For UCEC patients with metastasis or
recurrence, it is imperative to develop new treatments such
as immunotherapy. In 2013, Science magazine listed tumor
immunotherapy as an important scientific breakthrough,
suggesting that immunotherapy would play a milestone role
in cancer treatment (Couzin-Frankel, 2013). Immune
checkpoint inhibitors (anti-PD-l, anti-PD-L1, and anti-
CTLA4) have been used to treat a variety of solid tumors,
and the effect is significant (Horn et al., 2017). For example,
pembrolizumab treatment of DNA mismatch repair (MMR)
gene-deficient recurrent endometrial carcinoma (EC)
resulted in a total response rate of 55% and a disease
control rate of 89% (Konstantinopoulos et al, 2019).
Further, two patients with multiple relapses and refractory
EC were treated with PD-1 inhibitor Nivolumab, and the
treatment response was good (Santin et al., 2016). However,
the Clinical trial KEY-Note 028, which included 24 patients
with PD-L1 expression scores greater than 1 and MSI-H
type EC, reported that the total effective rate was only
12.5% after Pembrolizumab treatment (Ott et al, 2017).
These results suggest that while immunotherapy can benefit
some UCEC patients, further research remains to be done
on how to screen individuals who can benefit apart from
detecting the PD-L1 expression by immunohistochemistry.
Bioinformatics is an advanced discipline and approach
that takes advantage of developed computer science tools to
collect, analyze and store life science resources and data.
Integrated bioinformatics analyses allow us to utilize the
data derived from patient tissues and high-throughput
statistical analysis methods to screen for potential therapy
targets (such as TMB-related genes) for cancer treatment.
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TMB is a promising and effective predictor when using
immune checkpoint inhibitors (ICIs), though its use is still
controversial and needs to be confirmed in clinical trials
(Carbone et al, 2017; Hellmann et al, 2018b). Tumor
mutation burden represents the tumor cell-carrying
mutation and is a predictive biomarker that is studied to
evaluate tumor mutation and immunotherapy response
(Alexandrov et al, 2013; Yuan et al., 2016). Whole exome
sequencing has been used to assess tumor mutations
(Chalmers et al., 2017) and some cancer gene sequencing
panels could predict TMB efficiently (Campesato et al,
2015; Garofalo et al, 2016; Goodman et al, 2017).
Traditional TMB assessment needs large amounts of tumor
DNA which sometimes is difficult to get (Heeke and
Hofman, 2018). Mutated genes encoding the protein can
develop high TMB and the immune system can recognize
these modified proteins to activate anti-tumor responses
(Schumacher and Schreiber, 2015; Anagnostou et al., 2017).

MicroRNAs (miRNAs) are small endogenous noncoding
RNA molecules, which participate in post-transcriptional
regulation and play a vital role in the translation of mutated
genes into altered proteins. Differently expressed miRNAs
are often found in many cancers and can regulate various
cancer features (Hanahan, 2022; Neagoe et al., 2014; Calin
and Croce, 2006). Recently, there has been growing concern
about the role of miRNAs in anti-tumor immune responses,
and numerous studies have shown that miRNAs can predict
the prognosis of different types of cancers (Hayes et al,
2014; Dragomir et al, 2018). Many researchers have
assessed miRNAs and their involvement in the mediation
and control of multiple immune and cancer cell interactions
(Mehta and Baltimore, 2016). For example, it was found
that the effectiveness of immunotherapy is related to the
dynamic change of miRNAs in advanced non-small cell
lung cancer (Peng et al., 2020).

In this study, we explored miRNA expression profiles
and mutation annotation files data from TCGA and
screened the miRNA expression pattern that can predict the
TMB levels in UCEC. We investigated the relationship
between a miRNA-based signature classifier and TMB levels
in Uterine Corpus Endometrial Carcinoma. Further, this is
the first study confirmed their relationship in clinical
samples, which may provide more evidence support for
immunotherapy of endometrial cancer.

Materials and Methods
The flowchart of this study was described in Fig. 1.

Data processing

The mutation annotation files were downloaded from TCGA
(https://portal.gdc.cancer.gov/) using the GDC-client.exe tool.
TMB was defined as the total number of somatic gene coding
errors, base substitution, gene insertion, or missing errors
detected per million bases. =10 mutations per megabase
were defined as a high TMB level, and <10 mutations per
megabase were recognized as low TMB levels (Cibulskis et
al., 2013; Ready et al., 2019). The mature miRNA expression
profiles were also downloaded from TCGA. The Mature. fa
data were downloaded from http://www.mirbase.org/. A
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total of 508 patients constituted the dataset in this study. All
patients were randomly divided into the training set (60%)
and the test set (40%).

Identifying differentially expressed miRNAs

The “limma package” in R software was used to screen the
differentially expressed miRNAs between the high TMB
group and the low TMB group (Ritchie et al, 2015). p-
values (adjusted by false discovery rate) <0.01 and >log,1.5
were considered significant. The differentially expressed
miRNAs were shown by a heat map.

miRNA-based signature classifier construction and principal
component analysis

The least absolute shrinkage and selection operator (LASSO)
method was employed here (Wu et al., 2009). In R software,
we used the “glmnet” package (Friedman et al, 2010) to
analyze LASSO logistic regression models and select the
optimal miRNA-based signature classifier based on
regression coefficients. A classifier index was created with
the following formula: index = Exppmnar * Coefl +
ExXpmirnaz * Coef2 + ...... + Expmirnan ¥ Coefn (Friedman
et al., 2010). In this case, ‘Coef represents the correlation
coefficient of miRNA determined by LASSO Cox regression,
whereas ‘Exp’ indicates miRNA expression. The robustness
of the miRNAs-based signature classifier was validated by
the test set. The accuracy, sensitivity (SE), specificity (SP),
positive predictive value (PPV), negative predictive value
(NPV), and receiver operating characteristic (ROC) curves
were used to access the efficiency. The “pROC” package
(Robin et al, 2011) in R software was used to draw the

FIGURE 1. The flowchart of this study.

ROC curves. Principal Component Analysis (PCA) was
performed for all and optimal differently expressed
miRNAs. Two-dimensional plots were plotted for all samples.

Three immune checkpoint molecule expression and the
miRNA-based signature classifier

It has been reported that TMB is an independent predictor for
immunotherapy response (Hellmann et al, 2018a). The
correlation between miRNA-based signature classifier and
the expression of three immune checkpoint molecules
(SNCA (PD1), CD274 (PDL1), CD152 (CTLA4)) was
explored. The tool DIANA-miRPath (Vlachos et al., 2015)
(http://www.microrna.gr/miRPathv3) was used to analyze
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways and gene ontology enrichment for classifier
miRNAs. Significantly enriched KEGG pathways and Gene
Ontology (GO) terms were defined as p-values < 0.01.

Validating the expression of 27 miRNAs between normal and
tumor tissues by quantitative reverse transcription PCR

To validate the prognostic efficacy of the 27 miRNAs, we
performed differential expression analysis between paired
and unpaired samples in the TCGA database. We drew the
Area Under the Curve (AUC) curves for each miRNA. The
larger the AUC area for an miRNA, the higher was
the miRNA prediction performance. Then we verified these
miRNAs in our patient sample set by using real-time PCR.
The adjacent and tumor tissues were collected from patients
who proceeded to surgery without any previous treatment
from June 2021 to April 2022. All patients signed informed
consent. All qPCR primers were purchased from
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Guangzhou Ribobio Biotechnology Co., Ltd. (Guangzhou,
China).

Statistical analysis

The Chi-square test was performed in R software for
categorical data and Student’s t-test was performed by the
limma package for differentially expressed miRNAs in the
high TMB group and low TMB group. Differential
expression of miRNA levels was analyzed using Student’s ¢-
tests. Statistical significance was defined as p < 0.05.

Results

Identification of differentially expressed miRNAs

No obvious difference in clinical characteristics was found
between the training set and the test set (Table 1). In the
training set, 109 patients with high TMB and 196 patients
with low TMB were included. As shown in Fig. 2, 32
differentially expressed miRNAs were found between the
high TMB and low TMB groups, including 21 upregulated
miRNAs and 11 downregulated ones in the high TMB group.

The least absolute shrinkage and selection operator and
principal component analysis approaches to select the
miRNA-based signature classifier

A miRNA-based signature classifier was selected using the
LASSO method to divide the UCEC patient dataset into high
TMB and low TMB sets, and 32 differentially expressed
miRNAs were found. The grouping-wise classification in the
10-fold cross-validation was calculated and type.measure =
“AUC” was used for two-class of logistic regression to obtain
the AUC curve. The non-zero regression coefficients
identified 27 miRNAs (Fig. 3A). These are listed herewith:
hsa-let-7b-3p, hsa-miR-708-3p, hsa-miR-34b-3p, hsa-miR-
335-3p, hsa-miR-7-1-3p, hsa-miR-148a-3p, hsa-miR-196a-
5p, hsa-miR-30c-2-3p, hsa-miR-210-3p, hsa-miR-4746-5p,
hsa-miR-3934-3p, hsa-miR-142-5p, hsa-miR-616-3p,
hsa-miR-887-3p, hsa-miR-203b-3p, hsa-miR-1262, hsa-miR-
130a-3p, hsa-miR-629-3p, hsa-miR-146a-5p, hsa-miR-95-3p,
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hsa-miR-375-3p, hsa-miR-155-5p, hsa-miR-196b-5p, hsa-
miR-942-5p, hsa-miR-30a-5p, hsa-miR-1266-5p, and hsa-
miR-34c-3p. The formula of our classifier was shown as:
-3.807904892 + (hsa-let-7b-3p * 0.321180916) + (hsa-miR-
708-3p * —0.127001) + (hsa-miR-34b-3p * -0.080233193) +
(hsa-miR-335-3p * -0.711719483) + (hsa-miR-7-1-3p *
0.017778049) + (hsa-miR-148a-3p * 0.020531695) + (hsa-
miR-196a-5p * 0.079969477) + (hsa-miR-30c-2-3p *
0.025969962) + (hsa-miR-210-3p * 0.229842392) + (hsa-miR-
4746-5p * 0.592138173) + (hsa-miR-3934-3p * 0.433483099)
+ (hsa-miR-142-5p * 0.235476377) + (hsa-miR-616-3p *
0.199484605) + (hsa-miR-887-3p * -0.274788316) + (hsa-
miR-203b-3p * -0.111090891) + (hsa-miR-1262 *
0.322475306) + (hsa-miR-130a-3p * —0.065486065) + (hsa-
miR-629-3p * —-0.338063009) + (hsa-miR-146a-5p *
-0.074159462) + (hsa-miR-95-3p * —0.236032224) + (hsa-
miR-375-3p  * 0.080505295) + (hsa-miR-155-5p *
0.280331107) + (hsa-miR-196b-5p * 0.167623075) + (hsa-
miR-942-5p * -0.04548189) + (hsa-miR-30a-5p *
~0.150027121) + (hsa-miR-1266-5p * 0.146566505) + (hsa-
miR-34c-3p * -0.124107574). The 27-miRNA signature
classifier had an accuracy of 0.8689 on the training set,
0.8276 on the test set, and 0.8524 on the total set. The SE,
SP, PPV, NPV, and AUC values were shown in Table 2. The
results showed the high efficiency of our 27-miRNA-based
signature classifier. The AUC in the ROC curve was 0.9160
in the training set while it was 0.8702 in the test set (Fig. 3B),
which means our classifier has a high specificity (Fig. 3C).

The PCA results showed that patients could be easily
distinguished using the differential expression of all
miRNAs (n = 32) or using the 27 miRNAs derived by the
LASSO method (Figs. 3D and 3E).

Three immune checkpoint inhibitors (ICIs) and 27-miRNA-
based signature classifier

Three immune checkpoint inhibitors SNCA (PD-1), CD274
(PD-L1), and CTLA4 were the most studied genes. The
correlation between our miRNA classifier and TMB and the
correlation between the classifier and these immune
checkpoint inhibitors were explored. Our results indicated

TABLE 1

Patient characteristics

Characteristics Total Training Test p-value
Number % Number % Number %

Age <60 196 38.58 117 38.36 79 38.92 0.9737
>60 312 61.42 188 61.64 124 61.08

Grade Gl 96 18.9 54 17.7 42 20.69 0.6927
G2 117 23.03 72 23.61 45 22.17
G3 295 58.07 179 58.69 116 57.14

Stage I 320 62.99 196 64.26 124 61.08 0.8943
II 48 9.45 27 8.85 21 10.34
I 116 22.83 68 223 48 23.65
v 24 4.72 14 4.59 10 4.93
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FIGURE 2. Differentially expressed miRNAs between the high tumor mutation burden (TMB) and low TMB in uterine corpus endometrial

carcinoma (UCEC).
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TABLE 2

Performance of the miRNA classifier on the tumor mutation burden (TMB) in uterine corpus endometrial carcinoma (UCEC)

Cohort SE SP PPV NPV Accuracy AUC
Training 0.7706 0.9235 0.8485 0.8786 0.8689 0916
Test 0.6912 0.8963 0.7705 0.8521 0.8276 0.8702
Total 0.7401 0.9124 0.8188 0.8678 0.8524 0.8996
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that the 27-miRNA-based signature classifier has a high
correlation with TMB (R = 0.6, p < 2.2e-16, Fig. 4A).
However, the correlation with PD-1 (R = -0.29, p = 2.2e-11,
Fig. 4B), PD-LI (R = 0.18, p = 7.8e-05, Fig. 4C) and CTLA4
(R=0.27, p = 1.3e-09, Fig. 4D) was much lower.

Enrichment analysis

According to databases: miRDB  (http://mirdb.org/),
miRTarBase (https://mirtarbase.cuhk.edu.cn/), and
TargetScan (http://www.targetscan.org/vert_72/), PD-1 was
targeted by 9 miRNAs, PD-L1 was targeted by 12 miRNAs
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and CTLA4 was targeted by 6 miRNAs (Table 3). The
enrichment analysis indicated that the 27 miRNAs in our
study were involved in many cancer-related pathways
(Fig. 5A) and immune-related biological processes (Fig. 5B).
This suggests that the selected miRNAs participated in
cancer-related immune processes.

Validation analysis

To investigate the expression of the 27 miRNAs in our
signature, we first analyzed the miRNA expression levels in
UCEC tumor tissues compared to normal tissues or
corresponding adjacent endometrium tissues in the TCGA
dataset. Among them, 19 miRNA molecules had significant
differences in expression between tumor tissues and normal
tissues (Figs. 6A-6F). In addition, we performed ROC curve
analysis to evaluate the prognostic values of each miRNA in
the signature for UCEC in TCGA (Figs. 6G-6I). Combined
with the above results, we screened 9 miRNAs for
verification including hsa-miR-7-1-3p, hsa-miR-210-3p,
hsa-miR-4746-5p,  hsa-miR-3934-3p,  hsa-miR-629-3p,
hsa-miR-146a-5p, hsa-miR-155-5p, hsa-miR-942-5p, and
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hsa-miR-1266-5p. Further, we collected 20 pairs of fresh
tumors and adjacent normal tissues for qPCR analysis
(Fig. 7). We found hsa-miR-155-5p, hsa-miR-4746-5p, hsa-
miR-146a-5p, and hsa-miR-210-3p were collectively highly
expressed in both the TCGA dataset and in our samples.
This further confirmed that our miRNA-based classifier is
effective.

Discussion

Herein, we established a 27-miRNA-based signature classifier
to distinguish high TMB and low TMB levels in UCEC.
Moreover, we validated that this miRNA-based signature
classifier had a 0.8276 in the test cohort, which indicated
that it was highly reliable. Indeed, we were the first
indicated the correlation between miRNAs and the TMB in
UCEC and also determined that these miRNAs show
differential expression between high TMB and low TMB
level samples. Furthermore, we confirmed that hsa-miR-
155-5p, hsa-miR-4746-5p, hsa-miR-146a-5p, and hsa-miR-

TABLE 3

Analyses of the three immune checkpoint inhibitors and targeted miRNAs

miRNA Gene miRDB miRTarBase TargetScan Sum
hsa-miR-942-5p SNCA 0 0 1 1
hsa-miR-203b-3p SNCA 0 0 1 1
hsa-miR-34c-3p SNCA 0 0 1 1
hsa-miR-335-3p SNCA 1 0 1 2
hsa-miR-7-1-3p SNCA 1 0 0 1
hsa-let-7b-3p SNCA 1 0 1 2
hsa-miR-30c-2-3p SNCA 1 0 1 2
hsa-miR-142-5p SNCA 0 0 1 1
hsa-miR-34b-3p SNCA 0 1 1 2
hsa-miR-142-5p CD274 0 0 1 1
hsa-miR-7-1-3p CD274 1 0 0 1
hsa-miR-155-5p CD274 1 0 1 2
hsa-miR-375-3p CD274 0 0 1 1
hsa-miR-210-3p CD274 0 0 1 1
hsa-miR-629-3p CD274 0 0 1 1
hsa-miR-3934-3p CD274 0 0 1 1
hsa-miR-95-3p CD274 0 0 1 1
hsa-miR-616-3p CD274 0 0 1 1
hsa-miR-335-3p CD274 0 0 1 1
hsa-miR-942-5p CD274 0 0 1 1
hsa-miR-708-3p CD274 0 0 1 1
hsa-miR-629-3p CTLA4 0 0 1 1
hsa-miR-7-1-3p CTLA4 1 0 0 1
hsa-miR-155-5p CTLA4 0 1 1 2
hsa-let-7b-3p CTLA4 1 0 1 2
hsa-miR-942-5p CTLA4 0 0 1 1
hsa-miR-335-3p CTLA4 1 0 1 2
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210-3p were collectively highly expressed in our clinical overcome the negative predictive effect of low TMB. Liquid
samples. biopsies are an alternative method to measure TMB

TMB, as an independent biomarker, has been repeatedly  effectively and they are not as invasive as tissue biopsies
reported to be able to predict patient responses to ICIs (Gandara ef al., 2018; Fenizia ef al., 2018; Fabrizio et al., 2018).
(Hellmann et al., 2018b; Ready et al., 2019; Koeppel et al., A study showed that in advanced non-small cell lung
2017). Further, combined immunotherapy could not cancer (NSCLC), a prognostic circulating miRNA signature
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classifier could be combined with PD-L1 to identify worse
Overall Response Rate (ORR) and OS (Boeri et al, 2019).
However, the relationship between miRNA expression and
the TMB level is not yet clear in UCEC. In this study, we
identified the differential expression of miRNAs between the
high and low TMB groups and established a miRNA-based
signature classifier to distinguish high and low TMB. This
classifier was further validated by the test set. Our results
show that the change in transcriptomics can be led by the
change in genomics. For predicting the TMB level, the 27-
miRNA-based signature classifier had an accuracy of 0.8689
in training, an accuracy of 0.8276 in the test, and an
accuracy of 0.8524 in total. ROC curve analysis showed that
the AUC of the training group was 0.9160 and the AUC of
the test group was 0.8702, suggesting that the classifier was
highly reliable. The PPV and NPV were both high, which
means our classifier had a strong recognition ability for both
high TMB and low TMB.

The strongest treatment response with immune
checkpoint inhibitors can be seen in high TMB levels and
high PD-L1 expression. It is not clear whether TMB can be
effectively combined with the existing PD-L1 expression
analysis, or whether TMB levels can completely replace the
PD-L1 test. It is reported that tumors with higher
mutational burden can be easily lesioned by the immune
system (Schumacher and Schreiber, 2015). Our study
indicated that the miRNAs show a differential expression
between high TMB and low TMB levels. The GO analysis
showed that the 27 miRNAs were involved in immune-
related biological processes, such as the immune system
process, innate immune response, and the Fc-epsilon
receptor signaling pathway. The KEGG analysis also
indicated that the 27 miRNAs participate in many cancer-
related pathways, which suggested that the classifier can be a
good predictor of TMB levels. Research done on advanced
NSCLC reported that immunotherapy effectiveness
correlated with plasma miRNA levels (Peng et al., 2020).
However, as there was no study yet to discuss the
correlation between miRNAs and TMB in UCEC and our
study confirmed this for the first time. According to the
results of qPCR, we further confirmed that our classifier is
effective. Additionally, miR-155-5p, miR-4746-5p, miR-
146a-5p, and miR-210-3p have been reported as potential
biomarkers in many carcinomas including colon cancer,
hepatocellular cancer, prostate cancer, etc. (Lan et al., 2019;
Cho et al., 2020; Min et al., 2017; Ren et al., 2017). What’s
more, the classifier showed a low correlation with PD-1,
PD-L1, and CTLA4.

In summary, we found that there is a differential miRNA
expression in different TMB levels. We provide a miRNA-
based signature classifier to serve as a predictor of different
TMB levels. We also provide initial experimental evidence
that miR-155-5p, miR-4746-5p, miR-146a-5p, miR-210-3p
may play a vital role in UCEC.
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