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Background: Due to high tumor heterogeneity, breast cancer (BC) patients still suffer
poor survival outcomes. YTHDF3 plays a critical role in the prognosis of BC patients.
Hence, we aimed to construct a YTHDF3-based model for the prediction of the overall
survival (OS) and the sensitivity of therapeutic agents in BC patients.

Methods: Based on The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/)
database, we obtained BC patients’ data (n = 999) with YTHDF3 expression profiles. The
association between YTHDF3 expression and 5-year OS was determined via Cox
proportional hazards regression (CPHR) analysis. By integrating the variables, we
established a prognostic nomogram. The model was estimated via discrimination,
calibration ability, and decision curve analysis (DCA). The performance of the model
was compared with the TNM stage system through receiver operating characteristic (ROC)
curves and DCA. By means of the Genomics of Drug Sensitivity in Cancer (GDSC)
database (https://www.cancerrxgene.org/), the therapeutic agents’ response was
estimated. Gene set enrichment analysis (GSEA) demonstrated possible biological
mechanisms related to YTHDF3. TIMER and CIBERSORTx were employed to analyze
the association between YTHDF3 and tumor-infiltrating immune cells.

Results: The high YTHDF3 expression was significantly correlated with poor 5-year OS in
BC patients. Through multivariate CPHR, four independent prognostic variables (age, TNM
stage, YTHDF3 expression, and molecular subtype) were determined. On the basis of the
four factors, a YTHDF3-based nomogram was built. The area under the curve (AUC) of the
ROC curve for the model surpassed that of the TNM stage system (0.72 vs. 0.63, p =
0.00028). The model predictions showed close consistency with the actual observations
via the calibration plot. Therapeutic response prediction was conducted in high- and low-
risk groups and compared with each other. The BC patients with higher risk scores
showed more therapeutic resistance than those with a lower risk score.

Conclusion: YTHDF3 was verified as a prognostic biomarker of BC, and a novel YTHDF3-
based model was constructed to predict the 5-year OS of BC patients. Our model could
be applied to effectively predict the therapeutic response of commonly used agents for BC
patients.
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INTRODUCTION

Breast cancer (BC) has surpassed lung cancer and has become
the most commonly diagnosed tumor in 2020 (Sung et al,
2021). In light of the estimation from the International Agency
for Research on Cancer, the new cases of BC were about
2.3 million globally (Sung et al, 2021). BC is highly
heterogeneous and has distinct biological features among
molecular subtypes (Perou et al.,, 2000; Sorlie et al., 2001;
Russnes et al., 2011; Metzger-Filho et al.,, 2012; Prabhu

et al, 2017; Zhao and Rosen, 2021). Despite the great
progress of therapeutic strategies, including
immunotherapy, targeted therapy, chemotherapy, and

endocrine therapy, the survival outcomes of many BC
patients still remain poor (Harbeck et al., 2019; Barzaman
et al., 2020). The tumor-node-metastasis (TNM) staging is
widely adopted, but it is unable to precisely predict the
prognosis of BC patients due to biological heterogeneity
(Balachandran et al., 2015). Thus, it is vital to explore more
new molecular biomarkers to help design better clinical
treatment approaches and improve the predictive accuracy
of the TNM staging system.

Several studies have suggested that the complicated signal
pathways at genetic, transcriptomic, and epigenetic levels play
important roles in BC oncogenesis and progression (Lehmann
et al., 2011; Bianchini et al., 2016; Loibl and Gianni, 2017; Chen
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posttranscriptional modification of coding RNAs and
noncoding RNAs (ncRNAs) (Desrosiers et al., 1974; Wei et al,,
1975; Coker et al,, 2019; Huang et al., 2020). m6A can affect the
metabolism of messenger RNAs (mRNAs), including splicing,
export, translation, and decay (Pan et al., 2018), and plays broad
roles in the functions and metabolism of various ncRNAs, such as
long noncoding RNAs (IncRNAs), microRNAs, circular RNAs
(circRNAs), small nuclear RNAs (snRNAs), and ribosomal RNAs
(rRNAs) (Alarcon et al., 2015; Liu et al., 2015; Liu et al., 2017;
Yang et al., 2017). Accumulating studies have shown that m6A is
essential for BC cell proliferation, drug resistance, and antitumor
immune response (Klinge et al., 2019; Li et al., 2019; Chen et al,,
2020; He et al, 2021). m6A modification is a dynamically
reversible biochemical process, including methylation and
demethylation. Meanwhile, m6A-binding proteins (also called
“readers”) are necessary for recognizing the chemical signatures
(Wu etal, 2016). In light of the mechanism of m6A recognition,
the readers can be classified into three categories: direct readers,
indirect readers, and m6A switch readers. YIH domain-
containing (YTHDC) proteins belong to the direct readers.
There are five proteins forming the YTHDC protein family,
namely, YTHDCI, YTHDC2, and YTHDFI1-3. Recently,
Chang et al. showed that YTHDF3 upregulation was essential
for the process of metastasis, while stable ablation of YTHDF3
was capable to suppress brain metastasis (Chang et al., 2020).
They uncovered the crucial role of YTHDF3 in BC brain
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FIGURE 1 | YTHDFS3 differential expression between normal and cancer tissues in 27 kinds of cancer was analyzed by TCGA and GTEXx database. - no statistical
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FIGURE 2 | (A) K-M curves of patients in high- and low-expression groups based on the median value of YTHDF3 expression. (B) YTHDF3 expression distribution
and survival status.

Previous studies have demonstrated the effectiveness of
immunotherapy in BC patients. Thus, the immune checkpoint
inhibitors were applied in the clinic (Adams et al., 2019; Emens
et al, 2019; Zhu et al, 2021). Nevertheless, the therapeutic
resistance  of chemotherapy, targeted therapy, and
immunotherapy apparently decreased the survival time and
resulted in poor prognosis in BC patients (Xu et al,, 2017;
Lainetti et al., 2020; Hanna and Balko, 2021).

Herein, our study aimed to explore the YTHDEF3 expression
with the prognosis of BC patients, as well as the immune
infiltrates. Furthermore, we attempted to establish a YTHDF3-
based nomogram to assess the individual risk of 5-year OS in BC
patients. Based on the clinical tool, we sought to predict the
therapeutic responses of commonly used drugs in BC patients.

MATERIALS AND METHODS

Patients and Study Design

Level 3 RNA sequencing profiles of BC patients and accompanying
clinical characteristic data were obtained from TCGA database. We
excluded the samples which had absent or deficient information on

age, TNM stage, overall survival (OS) time, or survival status. The
inclusion criteria were as follows: 1) local invasive BC identified by
using the pathological method; 2) OS time was longer than 1
month; and 3) both survival data and RNA expression profiles were
completely available. Clinical features contained TNM stage, T
stage, N stage, age, estrogen receptor (ER), progesterone receptor
(PR), HER-2 status, tumor subtypes, OS, and OS time. Thus, 999
BC patients were divided into two groups (the high- and the low-
expression groups) depending on the median value of YTHDF3
expression. The correlation between YTHDF3 expression and the
clinicopathological factors was determined. Meanwhile, we
analyzed the YTHDF3 differential expression in 27 diverse
kinds of cancers.

Immune Infiltrate Analysis

The Tumor Immune Estimation Resource (TIMER) database
provided a comprehensive analysis of immune infiltrates of
various types of tumors (https://cistrome.shinyapps.io/timer).
We performed the YTHDF3 expression in BC with the
abundance of tumor-infiltrating immune cells (TIICs) through
gene modules in TIMER. Furthermore, by using CIBERSORTx
(http://cibersortx. Stanford. edu/), which is a deconvolution
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TABLE 1 | Patient demographics and clinical characteristics.

Characteristic No. of patients (%)

Total number 999 (100)
Age (years) 58 (48, 67)
T stage
1 271 (27.1)
2 567 (56.8)
3 124 (12.4)
Unknown 7 (3.7)
N stage
0 461 (46.2)
1 343 (34.3)
2 108 (10.8)
3 70 (7.0)
Unknown 17 (1.7)
TNM stage
| 167 (16.7)
1 575 (57.6)
1l 240 (24.0)
Unknown 17 (1.7)
Tumor type
HR+/HER-2- 559 (56.0)
HR+/HER-2+ 138 (13.8)
HR-/HER-2+ 6 (3.6)
TNBC 137 (13.7)
Unknown 129 (12.9)
ER status
Positive 208 (20.8)
Negative 751 (75.2)
Unknown 40 (4.0)
PR status
Positive 299 (29.9)
Negative 659 (66.0)
Unknown 41 (4.1)
HER2 status
Positive 697 (69.8)
Negative 174 (17.4)
Unknown 128 (12.8)

algorithm dependent on gene expression, we analyzed the
immune microenvironment to explore the correlation between
TIICs and YTHDEF3 expression in BC patients.

Gene Set Enrichment Analysis

In our report, 999 BC cases were divided into two groups (the
high- and low-expression groups) according to the median value
of YTHDEF3 expression. We performed GSEA to determine the
biological process that is enriched by YTHDF3 in BC patients. We
selected “c2.cp.kegg.v6.2.symbols.gmt” as the gene set. The
permutation number was set at 1,000 times, the minimum and
maximum number sizes for gene analysis at 15 and 1,000,
respectively. Gene sets with a nominal p-value < 0.05 or a
false discovery rate (FDR) q < 0.25 were the significant threshold.

Construction and Evaluation of the
YTHDF3-Based Nomogram

According to the analysis of univariate and multivariate CPHR, the
YTHDEF3-based model was conducted. The performance of the
nomogram was quantified in reference to the ability of
discrimination, calibration, and clinical utility. The score test was

Nomogram Predicting the Breast Cancer Prognosis

applied to estimate the goodness of fit of the model. The AUC of
ROC curves was utilized to figure out the discrimination ability. The
calibration ability was assessed via a calibration curve. In addition,
DCA was used to illustrate the clinical utility of the model.

Therapeutic Response Prediction

We employed “pRRophetic” R package to estimate the
chemotherapy and the targeted therapy response combined with
the Genomics of Drug Sensitivity in Cancer (GDSC, https://www.
cancerrxgene.org) (Geeleher et al., 2014). Five commonly used
chemotherapeutic agents vinorelbine (Adamo et al,, 2019; Falvo
etal, 2021; Wang et al,, 2021), cisplatin (Hu et al., 2015; Jovanovi¢
et al, 2017; Tung et al., 2020), methotrexate (Cameron et al., 2017;
Lu et al., 2020; Shakeran et al., 2021), doxorubicin (Mackey et al.,
2016; Ganz et al., 2017; Schneeweiss et al., 2022), paclitaxel(Diéras
et al,, 2020; Fernandez-Martinez et al., 2020; Tolaney et al., 2021),
and small-molecule inhibitor targeting EGFR lapatinib (Cortés
et al.,, 2015; Powles et al., 2018; Johnston et al., 2021) were selected
and kept the default values for all parameters. The response
prediction relied on IC50 (the half-maximal inhibitory
concentration) of each sample. The method for estimating the
value of IC50 is ridge regression analysis. Through 10x cross-
validation, the prediction accuracy was assessed.

Statistical Analysis

The Wilcoxon rank-sum test was applied to compare the
expression of YTHDEF3 in BC and normal groups. We used
the Kaplan-Meier (K-M) method and log-rank test to
analyze the OS of two groups (the high- and low-
YTHDF3 expression groups), respectively. CPHR analysis
was conducted to screen the independent factors of OS.
Ridge regression analysis was performed to estimate the
value of IC 50. The association between YTHDF3 and TILs
was determined via the TIMER and CIBERSORTx
algorithm. R software (version 4.0.3) was applied to
determine the correlation between the expression of the
RNA-seq gene and clinical parameters in BC. A p value
<0.05 meant a significant difference.

RESULTS

Baseline Characteristics of Patients

The clinical characteristics of 999 BC patients, including age,
TNM stage, molecular subtypes, ER, PR, HER-2, and vital status,
were extracted from TCGA database. In light of the inclusion and
exclusion criteria, 999 patients were involved in later analysis. In
our research, the patients’ age when diagnosed ranged from
26-89 years, and the medium of age was 57-91 years. The
median follow-up time was 42.4 months, with median ranged
from 1 to 286.8 months. The result was shown in Table 1.

High YTHDF3 Expression Serves as an

Indicator for Poor Prognosis in BC
In TCGA database, the YITHDEF3 differential expression was
analyzed between tumor and normal tissues in 27 diverse
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TABLE 2 | Univariate and multivariate Cox proportional hazards regression analyses in BC patients.

Nomogram Predicting the Breast Cancer Prognosis

Variable Univariate analysis Multivariate analysis
HR (95% ClI) p value HR (95% CI) p value

Age 1.032(1.018-1.047) <0.001 1.033(1.019-1.048) <0.001
TNM stage

| Referent - Referent -

1 1.547 (0.881-2.716) 0.129 1.609 (0.912-2.839) 0.101

Il 3.096 (1.733-5.533) <0.001 3.375 (1.875-6.073) <0.001

Unknown 7.337 (3.203-16.809) <0.001 6.718 (2.835-15.918) <0.001
Tumor subtypes

HR+/HER2- Referent — Referent -

HR+/HER2+ 1.472 (0.837-2.589) 0.179 1.53 (0.864-2.707) 0.145

HR-/HER2+ 2.225 (0.952-5.201) 0.065 1.49 (0.619-3.582) 0.374

TNBC 1.588 (0.954-2.645) 0.075 1.878 (1.123-3.142) 0.016

Unknown 1.671 (1.074-2.6) 0.023 1.341 (0.859-2.094) 0.197
ER status

Negative Referent — — —

Positive 0.767 (0.522-1.125) 0.175 - —

Unknown 1.781 (0.788-4.024) 0.165 - -
PR status

Negative Referent - -

Positive 0.813 (0.568-1.163) 0.258 - —

Unknown 1.842 (0.828-4.099) 0.134 — —
HER2 status

Negative Referent — -

Positive 1.447 (0.895-2.338) 0.131 — -

Unknown 1.502 (0.992-2.275) 0.055 — —

YTHDF3 1.028 (1.009-1.047) 0.003 1.02 (1-1.04) 0.047

cancer types (Figure 1). The YTHDEF3 expression was
significantly highly upregulated in 1,098 BC patients versus
292 normal group individuals (p < 0.001), as well as in 21 of
the 27 analyzed cancer types (Figure 1).

We conducted the CPHR analysis to figure out the
correlation between OS and the YTHDEF3 expression, as
well as other clinical characteristics in BC patients. As
Table 2 shows, univariate analysis suggested that several
factors, including YTHDF3 (HR = 1.02, p = 0.003), age (HR
= 1.032, p < 0.001), and TNM stage III are significantly
associated with OS. Multivariate CPHR uncovered that
YTHDEF3 expression was an independent prognostic factor
for OS. The expression distribution and profiles of YTHDF3
and survival status of BC patients are demonstrated in
Figure 2A.

In order to determine the prognostic role of YTHDEF3 in BC,
the expression data were separated into high- and low-risk
groups in light of the median value of YTHDEF3 expression.
The K-M method was conducted to describe the OS of two
groups. The log-rank test of OS curves showed that elevated
YTHDEF3 expression was combined with shorter OS time in BC
patients (p = 0.013).

YTHDF3 Expression Is Significantly Related

to Immune Infiltration

The tumor-infiltrating lymphocytes (TILs) can independently
predict the survival status (Azimi et al, 2012). Furthermore,
TILs play an essential role in facilitating a favorable fate in BC
patients (Stanton and Disis, 2016). Hence, we explored the

association between immune infiltration and YTHDEF3
expression in BC via TIMER. As shown in Figure 3A, YTHDF3
expression positively related to the levels of B cells (p = 5.02 x 107%),
CD4" T cells (p = 1.56 x 107%), CD8" T cells (p = 1.11 x 107>"),
macrophages (p = 8.96 x 107>*), neutrophils (p = 9.98 x 107*?), and
dendritic cells (p = 1.16 x 1077). These results revealed that
YTHDES3 was a crucial part in the tumor immune infiltration of BC.

Meanwhile, we attempted to determine if the immune
infiltrating microenvironment varied according to the high
and low YTHDEF3 expression levels. The CIBERSORTx
algorithm (https://cibersortx.stanford.edu/) was utilized to
identify different infiltrating levels of diverse immune cell
subtypes in the high- and low-YTHDEF3 expression groups
(Figure 3B). Among the 22 subpopulations of immune cells,
plasma cells, CD8" T cells, memory B cells, resting memory
CD4" T cells, regulatory T cells, activated memory CD4"
T cells, activated NK cells, resting mast cells, and M2
macrophages were considerably influenced by YTHDEF3
expression. Specifically, memory B cells (p = 0.019), plasma
cells (p = 0.017), activated NK cells (p < 0.001), regulatory
T cells (p < 0.001), and M2 macrophages (p = 0.004) apparently
increased in low-YTHDEF3 expression group. In contrast,
CD8" T cells (p < 0.001), resting memory CD4" T cells (p <
0.001), resting mast cells (p = 0.003), and activated memory
CD4" T cells (p = 0.008) were significantly elevated in the high-
YTHDEF3 expression group.

The possible link among 22 subtypes of immune cells was
also evaluated (Figure 3C). The heatmap demonstrated that
the ratios of diverse TILs ranged from weakly to moderately
correlated.
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FIGURE 3 | (A) Relations between YTHDF3 expression and the infiltration of immune cells. (B) Diverse fractions of immune cell subpopulations in high- and low-
YTHDF3 expression groups. (C) Heatmap of immune cells in BC.
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Gene Set Enrichment Analysis in High- and

Low-YTHDF3 Expression Groups

GSEA was performed to select the YTHDF3-related signaling
pathway in BC. In light of the median YTHDEF3 expression
value, TCGA data were divided into the high- and low-YTHDEF3
expression groups. A nominal p-value <0.05 and an FDR <0.25
were regarded as significant. The results of GSEA demonstrated
that five KEGG items (selected based on the NES) were
significantly differentially enriched in the high-YTHDF3
expression group, including ubiquitin-mediated proteolysis,
inositol phosphate metabolism, epithelial cell signaling in
Helicobacter pylori infection, and glycosylphosphatidylinositol
GPI anchor biosynthesis, whereas the gene set involved in the
low-YTHDF3 expression group was glycosaminoglycan
biosynthesis chondroitin sulfate and ribosome. All snapshots
of enrichment results are shown in Figure 4.

The Performance of YTHDF3-Based Model
Age, TNM stage, BC subtype, and the YTHDF3 expression
value were determined as independent variables through the
multivariate CPHR analysis (Table 2). The YTHDF3-based

nomogram is shown in Figure 5A. The result of the score test
was 77.43, and the p value was 5e-13, which indicated good
model fitness. The AUC of the model was 0.721 (95% CI:
0.654-0.789), which suggested good recognition ability of the
model and prediction superiority over the TNM staging system
(AUC: 0.72 vs. 0.3, p < 0.00028) (Figure 6B). The calibration
curve showed high consistency between the predicted 5-year
OS rate by model and the actual observed results (Figure 6A).
Furthermore, with respect to clinical utility, the YTHDF3-
based model was better than the TNM staging system on
account of the wider range of threshold probability via
DCA (Figure 6C).

The role of the YTHDF3-Based Nomogram
in Predicting Sensitivity to Therapeutic
Agents in BC Patients

Six commonly used BC therapeutic drugs (doxorubicin,
vinorelbine, paclitaxel, methotrexate, cisplatin, and lapatinib)
were selected as the candidates, which might show drug
resistance in the high-risk group via the estimation of the ICs,
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FIGURE 5 | Prognostic model for predicting 5-year OS in BC patients.

values. As displayed in Figure 7, the estimated IC50 values of
doxorubicin, vinorelbine, paclitaxel, and methotrexate
significantly increased in the high-risk group. There were no
estimated IC50 value differences of cisplatin and lapatinib
observed between the high- and low-risk groups.

DISCUSSION

Our study demonstrated that higher YTHDF3 expression meant
worse OS and was associated with lower TIL abundance. Based on
the results of multi-CPHR, we built a YTHDF3-based nomogram
combined with other clinical features. The model demonstrated

superior prognostic accuracy and better clinical values than the
TNM stage. Finally, we performed therapeutic response prediction
of BC patients in the high- and low-risk groups. The BC patients
with high-risk scores were predicted to be less sensitive to several
commonly used therapeutic agents, including doxorubicin,
paclitaxel, methotrexate, and vinorelbine.

Several studies had proposed nomograms to predict OS in BC
patients. Zhao et al. reported that the models incorporating age,
tumor stage, and molecular subtype could predict the OS in BC
patients, respectively. However, all those models omitted the
predictive value of genes associated with m6A modification. As
mentioned in prior research studies, YTHDEF3 efficiently improved
the translational process of its targets and depended on m6A
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FIGURE 6 | (A) Calibration curve of the model to predict 5-year OS. (B) Time-dependent ROC curves of the model and the TNM stage. (C) DCA of the nomogram
and TNM stage for predicting 5-year OS in BC patients.
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methylation (Coots et al., 2017; Li et al,, 2017; Shi et al., 2017).
YTHDEF3 overexpression contributed to BC progression (Anita et al.,,
2020) and facilitates the BC brain metastasis progress (Chang et al,,
2020). BC is a heterogeneous tumor with diverse prognoses and
different drug resistances, and even the patients have the identical
TNM stage. Here, we managed to establish and calibrate a YTHDF3-
based nomogram for effectively promoting the 5-year OS predictive
accuracy of the TNM stage in BC patients.

In order to predict the drug sensitivity, several commonly used
cytotoxic drugs and the small-molecule inhibitor lapatinib were
screened out. The estimated IC50 values of these drugs were
remarkably increased in the high-risk group. The higher IC50
values meant that the BC patients demonstrated less susceptibility
to the agents they have taken. Anthracyclines and paclitaxel play
fundamental roles in BC chemotherapy. Nevertheless, due to the
high rate of chemoresistance, the survival outcome of BC patients
is unsatisfactory. If oncologists were available to recognize the
worthless drugs before making a prescription using a tool, the
heavy medical burden on patients and society may be reduced.
Fortunately, this study proposed a novel nomogram based on
YTHDF3 expression, which was valuable in guiding the selection
of therapeutic agents. Furthermore, it had the capability of
picking out those who might be the potential ineffective
candidates.

Equally important, we employed the TIMER database to reveal
connections between immune infiltration levels and YTHDF3

expression in BC. The associations of YTHDF3 expression with
CD8+ T cells, dendritic cells, neutrophils, and macrophages were
the strongest. Meanwhile, NK cells, macrophages, and mast cells
showed a moderate to strong positive linkage with YTHDF3
expression. According to the CIBERSORTx result, the infiltration
levels of plasma cells, Treg cells, activated NK cells, and M2
macrophages were decreased in the high-YTHDEF3 expression
group compared with the low-expression one. NK cells are
cytotoxic and secrete cytokines and cytotoxic granules, which
could suppress the cancer cell proliferation and mediate the
antitumor process of NK cells (Miiller-Hermelink et al., 2008;
Vivier et al., 2011; Cerwenka and Lanier, 2016). Muntasell et al.
showed that NK cell infiltration is associated with anti-HER-2
treatment in HER-2-positive BC patients (Muntasell et al., 2019).
Overexpression of YTHDF3 might inhibit the function and
efficiency of NK cells in antitumor immune response, which
could be one of the routes that YTHDEF3 affects the tumor
immune. The closed correlation implies a likely mechanism by
which YTHDF3 regulates the biological functions of tumor-
infiltrating immune cells in BC patients.

Several limitations can be mentioned in our research. First, the
role YTHDF3 played in therapeutic agents’ resistance and the
potential molecular mechanism should be further investigated
using additional experiments. Second, a different population from
another center or dataset is needed to externally validate the
prediction nomogram. Finally, we could not assess the influence
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of postoperative information (chemoradiotherapy and endocrine
therapy) due to the unavailability of data from TCGA database.

CONCLUSION

In sum, we confirmed the significant association between YTHDF3
expression and the 5-year OS in BC patients. Then, a novel
nomogram was efficiently conducted to predict 5-year OS by
integrating YTHDF3 expression, age, molecular subtype, and
TNM stage. Our model can be utilized to predict the sensitivity of
therapeutic agents and guide oncologists to select the appropriate
therapeutic regimens.
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