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Abstract
Introduction: Triple-negative breast cancer (TNBC) is a highly speci�c disease. It has been reported that
TNBC has a higher gene mutation frequency than non-triple-negative breast cancer (nTNBC). Most TNBC
gene mutation studies focus on BRCA1, BRCA2, TP53 and other highly mutated genes. However, few
studies on extensive somatic mutations of TNBC have been conducted. Exploring the differences of
TNBC mutations among individuals and the regulatory factors of gene mutations will help to �nd
targeted treatment directions.

Method: Using bioinformatics methods, we analyzed the gene expression in patients with TNBC, clinical
pathologic features and mutation data. Mutation frequency analysis was performed on each TNBC
sample, and differentially expressed genes were obtained. Unsupervised cluster classi�ed TNBC patients
into high mutation subtypes and low mutation subtypes. Subsequently, the enrichment pathways among
different subtypes were evaluated by KEGG enrichment analysis. The TNBC data from TCGA were used
as the train group to construct the prognosis model through Univariate Cox survival analysis, Lasso
regression, multivariate Cox survival analysis and stepAIC. The GEO database TNBC dataset GSE58812
was used as the test group, and the ROC curve was used to verify its accuracy.

Results: The frequency of gene mutation in TNBC samples was signi�cantly higher than that in nTNBC
samples, and there were signi�cant differences in the frequency of mutations within TNBC. We compared
the immune function among the different subtypes, and the results showed that there were signi�cant
differences in the level of immune cell in�ltration and the expression of immune checkpoint markers (PD-
L1, CTLA4) between the mutant subtypes. Therefore, the low mutant subtypes were more suitable for
immunotherapy. Eventually, a prognostic risk model consisting of 6 mRNA (SEMA4B, IL22RA2, GPR25,
TCF7, BACH2 and CLND5) is constructed. The veri�cation is based on the calculated risk score by time-
dependent receiver operating characteristic (ROC) curve analysis. The area under the curve (AUC) of the
train group and test group was greater than 0.7. A survival analysis of SEMA4B using an online database
showed that high expression of SEMA4B was associated with a worse prognosis (P<0.01). We found that
the relationship between SEMA4B expression and prognosis was inconsistent in different tumors, but all
of them were positively correlated with mutation. Therefore, through extensive differences in somatic
mutations, we found the key genes involved in the regulation of mutations and proved the relationship
between mutations and immune cell in�ltration, providing a basis for TNBC immunotherapy.

Conclusion: In this study, we investigated the pattern and prognostic role of gene mutation frequency and
immune cell in�ltration in TNBC, which provided a new perspective for tumor microenvironment and
immunotherapy, and developed a new prognostic model for TNBC.

Introduction
TNBC, a speci�c subtype of breast cancer, accounts for about 10–20% of breast cancers [1,2] and is
characterized by lack of estrogen receptor (ER) expression, lack of progesterone receptor (PR) expression,
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and deletion of ERBB2 gene ampli�cation [1]. TNBC is a highly heterogeneous disease [3] with higher
recurrence and metastasis rates [4,5]. Standard treatment for TNBC is not targeted, so identifying
biomarkers for TNBC and targeting treatment is the top priority [6–8].

Gene mutations are the basis of malignant tumors [9–11], among which mutations in TP53, BRCA1 and
BRCA2 have been proven to be the leading cause of tumor progression and metastasis [12–15]. It has
been reported that BRCA1, BRCA2, and TP53 gene mutation rates are higher in tnbc than in other
subtypes, but the low mutation rate of the PIK3CA gene is lower than in nTNBC [16,17]. Most of the
studies on mutant genes focus on the above several highly mutated genes, while there are few reports on
the extensive somatic mutations of TNBC. To explore the regulatory factors and markers of somatic
mutations in TNBC may be the way to distinguish TNBC subtypes further and �nd their therapeutic
targets.

In this study, we attempted to combine the expression pro�le of TNBC in the TCGA database with the
mutation data to �nd the regulatory factors of gene mutations. By further cluster analysis, TNBC was
divided into different subtypes, and the differences of immune levels among different subtypes were
compared. Finally, a computational framework based on the hypothesis of mutant gene regulation was
developed to verify its prognostic e�cacy.

Methods
Data standardization and preprocessing

Clinical features, RNA-seq expression data and somatic mutation information of female patients with
breast tumors were collected from The Cancer Genome Atlas (TCGA) database
(https://portal.gdc.cancer.gov/). We screened 173 TNBC cases with complete clinical data. Another one
independent TNBC validation sets GSE58812 with 107 TNBC patients was obtained from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE58812).

Differential expression analysis

The whole project design and data analysis process is shown in Figure 1. Somatic mutation data
downloaded from TCGA database (VarScan2) [18]. We accumulated somatic mutation events in each
sample and ranked the samples according to gene mutation frequency. The Limma R package was used
to screen the differential genes of the 10% samples with the highest mutation frequency and the 10%
samples with the lowest mutation frequency, the screening criteria were |logFC| >1, FDR <0.05.

Gene Functional Enrichment Analysis

To explore the functions of 558 genes that were differentially expressed, we performed a Gene Ontology
(GO) function analysis using R software with the “org.Hs.eg.db,” “clusterPro�ler,” “enrichplot,” and
“ggplot2” packages.
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Gene mutation clusters of TNBC based on the prognostic genes

To explore the function of TNBC' prognostic related mutant regulatory gene, we classi�ed TNBC into
various clusters, use “ConsensusClusterPlus” [19] (R package, v1.54.0, 50 iterations, 80% resampling rate
Euclidean distance, http://www.bioconductor.org/).

Gene Set Enrichment Analysis (GSEA)

To further investigate the enrichment of gene set pathways between the two TNBC subtype, GSEA was
performed based on the JAVA8 platform. We selected the “c2.cp.kegg.v7.0.symbols.gmt” gene sets as
reference sets, which were obtained from the MSigDB database [20].

Immune In�ltration Analysis Between Low and High gene mutation subtype

The CIBERSORT algorithm [21] was used to estimate the immune in�ltration of each TNBC sample.
Quanti�cation of each immunocyte subtype among TNBC samples was based on the gene expression
signatures of 22 different subtypes of immunocytes. Samples with a CIBERSORT output of P < 0.05 were
considered to be eligible for analysis, use “barplot” R package to visualize.

Immune scores and stromal scores Between Low and High gene mutation subtype

To calculate immune scores and stromal scores, a novel ESTIMATE algorithm implemented as an
“ESTIMATE” package in R was used [22]. ESTIMATE is a tool used to predict stromal/immune cell
in�ltration. The ESTIMATE algorithm was constructed based on single-sample gene set enrichment
analysis(ssGSEA) and generated a stromal score and an immune score.

Construction and Veri�cation of Prognostic Models

Univariate cox survival analysis was performed for differentially expressed genes, use “Survival” (R
package, v3.1-12, p < 0.01). LASSO regression, multivariate Cox survival analysis, and stepAIC were
conducted to further screening genes to reduce the number in the risk model. The �nal selected genes
were those of the prognostic model. The computational formula of the prognostic risk model was as
follows:

Evaluation of the prognostic signature

The TNBC patients were classi�ed into high-risk or low-risk groups based on their prognostic risk score by
using the median risk score as a cut-off point. The receiver-operating characteristic (ROC) curves were
applied to evaluate the diagnostic e�cacy of each clinicopathological characteristic and the prognostic
signature. Univariate and multivariate Cox regression analyses were performed to evaluate whether the
risk score and gene mutation frequency were independent of other clinical variables such as age, AJCC
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stage, T stage and N stage in determining the prognosis of the TNBC patients. M stage was not analyzed
because the data was missing for several patients. P < 0.05 was considered statistically signi�cant. The
Kaplan Meier survival curve and two-sided log-rank test was used to compare the overall survival (OS) at
the different subtypes and groups. Strati�ed survival analysis was performed to examine the accuracy of
the prognostic signature in predicting patient survival outcomes. Furthermore, as validation of the
external dataset, we used Kaplan-Meier plotter (http://kmplot.com/analysis/), an online database
including gene expression data and clinical data, to evaluate the prognostic signi�cance of the gene
expression of prognostic model in TNBC.

Results

TNBC gene mutations are associated with patient
outcomes
The TCGA database obtained the prognosis data of 1103 breast cancer patients. Among 192 TNBC
patients, 16.67% had an OS outcome (n = 32), with an average OS duration of 1473.25 days, 22.92% had
a PFS outcome (n = 44) average PFS time was 993.36 days. Among 911 nTNBC patients, 13.39% had OS
outcome (n = 122), and the mean OS time was 1708.95 days, 17.89% had PFS outcome (n = 163), and the
mean time of PFS was 1430.38 days. We found that patients with TNBC have a worse prognosis than
those with nTNBC. Is this related to genetic mutations? We further analyzed the differences in gene
mutation frequency between TNBC and nTNBC patients. Breast cancer mutation data were downloaded
from the TCGA database, including 173 TNBC patients and 804 nTNBC patients. The mutation frequency
of the TNBC gene was signi�cantly higher than that of nTNBC, P < 0.001 (Fig. 2c). The TNBC patients
were ranked according to mutation frequency, and the top 10% (n = 17) and the last 10% (n = 17) of the
TNBC patients had the most signi�cant differences, with 888.82 and 20.88 mutations/sample,
respectively. Therefore, we believed that these two parts of patients could better represent all TNBC
patients with High and Low mutations. We used the High mutation group (HMG) and Low mutation group
(LMG) to annotate them, and survival analysis showed that LMG had a better prognosis (P = 0.028,
Fig. 1). We demonstrated that the mutation frequency of the TNBC gene was higher than that of the
nTNBC gene, which was associated with prognosis. Moreover, there are also signi�cant differences in
gene mutation frequency among TNBC patients, and high mutation frequency brings a worse prognosis.

The LM subtype of TNBC has a better prognosis and is associated with immune function

Subsequently, differential gene analysis was performed on these two groups of patients, and 558
regulatory genes thought to be involved in TNBC gene mutations were screened out for GO enrichment
analysis. The GO analysis results show that in biological processes (BP), differential genes are mainly
enriched in T cell activation, lymphocyte proliferation and mononuclear cell proliferation. In terms of
cellular composition (CC), the differential genes are primarily located in the “external side of plasma
membrane” and “plasma membrane signaling receptor complex.” As for the molecular function (MF),
“immune receptor activity” and “cytokine receptor activity” are the most important mode (Fig. 2a, b).
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Univariate Cox proportional risk regression was used to analyze the relationship between differential
genes and prognosis. Twenty mutant regulatory genes were found to be signi�cantly associated with
prognosis in patients with TNBC (P < 0.01, Fig. 5d). The unsupervised cluster was used to divide TNBC
samples into two subtypes: Cluster1 and Cluster2 (Fig. 2d, e, f). Comparison of gene mutation frequency
between the two subtypes showed that Cluster1 was signi�cantly lower than Cluster2 (P = 0.0023), as
shown in Fig. 3a. Therefore, we believed that patients with Cluster1 were low mutation (LM) subtype, and
the prognosis was better than Cluster2, as high mutation (HM) subtype (P = 0.026, Fig. 3b). The pathway
enrichment analysis of the two subtypes (Fig. 3c, d) showing that the main enrichment pathway of HM
subtype was aminoacyl tRNA biosynthesis, basal transcription factors, base excision, DNA replication,
glycosylphosphatidylinositol GPI anchor biosynthesis, homologous recombination, mismatch repair,
nucleotide excision repair, spliceosome and terpenoid backbone biosynthesis, these pathways are closely
related to gene mutation and repair. While the LM subtype is mainly in the B cell receptor signalling
pathway, Cell adhesion molecules CAMs, chemokine signalling pathway, cytokine-cytokine receptor
interaction, Fc epsilon RI signalling pathway, Fc gamma R-mediated phagocytosis, JAK-STAT signalling
pathway, Leukocyte transendothelial migration, Natural killer cell mediated cytotoxicity and T cell receptor
signaling pathway, which are related to immune function. The results of GO and KEGG enrichment
analysis veri�ed the accuracy of cluster analysis of mutant regulatory genes, and different mutant
subtypes were found to be related to immune function.

The LM subtype has higher immune response and immune checkpoints

We analyzed the immune cell in�ltration of normal samples (n = 111), HM subtypes (n = 52) and LM
subtypes (n = 121) (Fig. 4a). The results showed that the immune in�ltration level in normal samples was
higher than that in TNBC samples. By comparing the immune cell in�ltration of the HM and LM subtypes,
we found that CD4T cells, CD8T cells and macrophage M1 had a higher proportion in the LM subtype. In
contrast, macrophage M0, macrophage M2, and dendritic cell activated had a higher proportion in the HM
subtype (Fig. 4b). Immune and matrix scores were performed for both subtypes, and the results showed
that the LM subtype score was higher than that of the HM subtype (Fig. 4c, d). We further compared the
expression of the immune checkpoint gene PD-L1 in the two subtypes, and the results showed that the
expression of the LM subtype PD-L1 was signi�cantly higher than that of the HM subtype (Fig. 5a).
Interestingly, CTLA4, another major immune checkpoint gene, is one of the 20 prognostic genes and is
signi�cantly overexpressed in the LM subtype (Fig. 5b). Correlation analysis was conducted between 20
prognostic mutant regulatory genes and PD-L1 (Fig. 5c), and the results showed that PD-L1 was
positively correlated with most of its genes. Subsequently, we analyzed the relationship between gene
expression levels in different subtypes and clinicopathological data. And, the results showed that there
was no signi�cant statistical difference between AJCC stage, AGE, T stage, N stage and other clinical
indicators and mutation types (Fig. 5d).

The Prognostic Model Was Constructed By Mutant
Regulator Genes
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We performed Lasso regression on 20 mutagenesis regulatory genes to exclude multicollinearity among
genes (Fig. 6a, b). By Cox factor analysis found six more independent prognostic genes, CLDN5, GPR25,
BACH2, TCF7, IL22RA2 and SEMA4B. Each TNBC patient was given a risk score using the following
formula for the gene mutation prognostic model signature (GMSig):

Riskscore=(0.797645*CLDN5)-(0.89621*GPR25)-(1.17745*BACH2)-(0.4336*TCF7)-(0.68928*IL22RA2) +
(0.541952*SEMA4B), and patients were ranked according to risk score (Fig. 6c). As a training group, 173
TNBC patients were divided into high risk (n = 87) and low risk (n = 86) groups. As the risk score
increased, the number of deaths increased, and survival time gradually decreased (Fig. 6e). Survival
analysis showed that the low-risk group had a better prognosis (Fig. 6d). We used an external data set,
GEO database TNBC data set GSE58812, as the test group to verify the model. Survival analysis showed
a signi�cant difference in prognosis between the high-risk and low-risk groups (Fig. 6f). The ROC curve
was used to evaluate the accuracy of the model, and the results showed that the AUC values of the
samples from the train group and the test group in 1, 3, 4, 8, and 10 years were all higher than 0.7,
indicating good prediction e�ciency (Fig. 6g, h). We further compared the predictive performance of
GMSig with two TNBC risk signatures: an immune signature from the Wang study (hereinafter referred to
as WangSig) [23] and a 6-mRNA signature from the Lv study (hereinafter referred to as LvSig) [24], using
the same cohort of TCGA patients. The AUC of GMSig in 3 years was 0.745, higher than that of LvSig
(AUC = 0.707) and LvSig (AUC = 0.649)(Fig. 6i). These results suggest that GMSig has better prognostic
performance in predicting survival compared to the other two mRNA signatures.

The Risk Score Is An Independent Prognostic Factor
Next, we performed a univariate and multivariate Cox regression analysis to determine if the prognostic
signature was an independent prognostic factor for patients with TNBC. Univariate analyses showed that
AJCC stage (P = 0.002), N stage (P = 0.03) and prognostic risk score (P < 0.001) were signi�cantly
associated with OS (Fig. 7a). Multivariate analyses showed that the AJCC stage (P = 0.002) followed by
risk score (P < 0.001) were signi�cantly associated with OS (Fig. 7b). As shown in Fig. 7c, the ROC curve
analysis demonstrated that the AUC value for the prognostic risk score was 0.80, which was higher than
the AUC values for age (AUC = 0.516), AJCC stage (AUC = 0.637), T stage (AUC = 0.568) and N stage (AUC 
= 0.665). These data demonstrate that the mutation regulator prognostic signature is an independent
prognostic factor for TNBC patients. Risk grouping, gene expression, AJCC stage, T stage, N stage, age,
immune score and the distribution of mutant subtypes were demonstrated by heatmap (Fig. 7f). The
results showed that mutant subtypes and immune score were closely related to risk grouping. LM
subtypes and high immune scores were associated with lower risk scores (Fig. 7d, e). We also performed
a correlation analysis between the risk score and immune cell content to assess whether our prediction
model could indicate the status of the tumor’s immune microenvironment. Macrophages M0,
Macrophages M2, and mast cells resting were positively correlated with the risk score. CD4 + T cells, CD8 
+ T cells, NK cells resting and Macrophages M1 were negatively correlated with the risk score (Fig. 8a-i).
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Strati�ed Survival Analysis And Signature Gene Survival
Analysis
Prognostic signi�cance of risk scores based on six mutation regulator signatures in the TNBC patients
strati�ed by different clinicopathological parameters. We strati�ed TNBC patients according to age,
AJCCstage, T stage and N stage. Kaplan–Meier survival curve analysis showed that the OS was
signi�cantly shorter for the TNBC patients in the high-risk group than the low-risk group TNBC patients
(Fig. 9a-h). Subsequently, six mutant regulatory genes in the prognostic model signature were analyzed
through an online database. Sema4b was used as a risk factor in the model. Patients with high
expression (n = 207) had lower OS than those with low expression (n = 71) (Fig. 10a). IL22ra2, GPR25,
TCF7, and BACH2 were used as protective factors, and high expression led to a better prognosis(Fig. 10.b-
e). CLND5 was unable to assess prognosis without an independent probe. These results indicate that
these six genes' signature can predict TNBC patients' prognosis without considering clinical parameters.

Discussion
The occurrence, development, and treatment of breast cancer have been extensively studied in the past
20 years (25). The classi�cation based on traditional clinicopathological staging and biomarkers can
make breast cancer treatment more accurate and effective (26,27). However, as a special subtype of
TNBC, the standard treatment is still single, and there is no targeted treatment plan (28). Therefore,
�nding biomarkers with prognostic value for TNBC is an urgent requirement for precision treatment.

Gene mutations are the basis for the occurrence and development of tumors, and also play an essential
role in the process of metastasis and drug resistance of tumors [9–11]. At present, the research on the
mutant genes of TNBC mainly focuses on the highly mutated pathogenic genes such as TP53, BRCA1
and BRCA2 [16,17], while there are few studies on the genes with low mutation frequency. Studies have
shown that TNBC is a disease with high mutation heterogeneity. Tumors of some patients have a small
number of hidden pathways and a few mutations, while other patients' tumors contain extensive
mutation burden and multi-pathway involvement [29]. Therefore, we believe that single gene mutation
and its regulatory factors may not be enough to re�ect the impact on tumor prognosis. We hope to
determine the factors and markers that regulate mutations through the different probability of gene
mutation among TNBC samples.

The data of breast cancer mutations were downloaded from the TCGA database, and the frequency of
mutated genes was counted for each sample. Our results showed that the mutation frequency of TNBC
samples was signi�cantly higher than that of nTNBC samples (Fig. 2c), and there were also signi�cant
differences in the mutation frequency between TNBC samples (Fig. 3a). We identi�ed 558 differentially
expressed genes that are believed to be regulatory signatures closely related to gene mutations. We used
these differential genes for GO analysis, and the results showed that the enrichment in BP, CC and MF
was closely related to immunity. By combining with survival data, we screened 20 genes for an
unsupervised cluster. TNBC patients were divided into two subtypes, and there were signi�cant
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differences in mutation frequency between the two subtypes (P < 0.01). Therefore, we named them as HM
subtype and LM subtype, respectively, and demonstrated that the LM subtype prognosis is better than
that of the HM subtype (P < 0.05). Through KEGG enrichment analysis of these two subtypes, we found
that the HM subtype's enrichment pathway is related to gene mutation and gene repair. In contrast, the
enrichment pathway of the LM subtype is closely related to immunity. According to the enrichment results
of GO and KEGG pathways, we found that there was a close relationship between mutant differences and
immunity. Can we assume that immunity is an essential factor in regulating gene mutations?

We then compared the levels of immune cell in�ltration between the two subtypes. Our results showed
that the proportion of macrophage M1, Tregs, CD8 T cells and CD4 T cells memory activated were
relatively high in the LM subtype. The abundance of macrophage M0 and macrophage M2 was relatively
high in the HM subtype. The role of macrophages in tumors is complex and bidirectional. Macrophage
M1 initiates cytokines' production in the tumor microenvironment and promotes tumor cell destruction
[30]. At the same time, macrophage M2, especially tumor-associated macrophages, plays a vital role in
tumor growth and metastasis [31,32]. Tregs maintain immune homeostasis by suppressing the immune
response and antitumor effects in the tumor microenvironment [33]. Thus, anti-immunotherapy with
Tregs, such as Tregs' elimination, can improve immunotherapy e�cacy [34]. Activation of CD4 + T cell
memory can promote the proliferation of effector T cells and enhance the anti-tumor immune response
[35]. CD8 + T cells are an essential component of the tumour immune response and play a key role in
killing tumor cells [36. These results fully indicate that the LM subtype of TNBC has a more robust tumor
killing function, and more Tregs may increase the chance of immune escape. The HM subtype appears to
have greater immunode�ciency, leading to faster tumor progression and metastasis.

There are few studies on the correlation between somatic mutations of TNBC and immune cell
in�ltration. In other tumor studies, most results suggest that tumor mutation load is positively correlated
with immune cell in�ltration and serves as a predictor of immunotherapy [37–39]. However, our results
showed a signi�cant negative correlation between somatic mutations and immune cell in�ltration in
TNBC, which was similar to the effects of Anton Safonov et al [40].

According to the hypothesis of three stages between tumor and immunity [41], this theory can well
explain our results. Different subtypes of TNBC are in different immune stages. The LM subtype has
higher immune enrichment and immune checkpoint markers expression and has a better prognosis. In
this subtype, tumor and immunity are in close balance. Cancer with an HM subtype lacking immune
invasion, which has escaped immune surveillance and is no longer cleared by immune cell clones, has a
worse prognosis.

These results suggest that immune checkpoint inhibitors may be an effective means of immune-
monitoring in patients with immune-rich TNBC in equilibrium tumors. For TNBC patients with little or no
immune in�ltration, more sophisticated immunotherapy strategies may be required to reactivate the
immune response against a population with clono-diverse tumors.



Page 10/25

Through multivariate analysis, we identi�ed mRNA signatures of gene mutation regulator (GMsig)
containing six genes (Sema4b, IL22ra2, GPR25, TCF7, BACH2 and CLND5): Sema4b and CLND5 were the
risk factors for TNBC; the other four mRNAs were the protective factors for TNBC. Through a literature
search, no relevant studies of these six genes in TNBC were found. Sema4b, as a risk factor for TNBC,
has not been widely studied in tumors. It has been reported to inhibit tumor progression in non-small cell
lung cancer (NSCLC) [42]. It has also been shown that lack of Sema4b leads to reduced astrocyte
proliferation [43], similar to our results. Because SEMA4B is a gene we found that may have a mutation-
regulating effect, and its expression is signi�cantly associated with prognosis in patients with TNBC
(Fig. 10a). Further literature review showed that gene mutations were positively correlated with prognosis
in NSCLC [44], while high mutations in astrocytoma had poor prognosis [45, 46], similar to our results.
The above evidence proves that, regardless of the relationship between mutation and prognosis, SEMA4B
positively correlates with mutations. Therefore, we believe that SEMA4B is involved in regulating gene
mutations in various malignant tumors. The effect of SEMA4B on prognosis is consistent with the impact
of mutations on the prognosis of tumors.

We established a TNBC mutation regulation model using TCGA database, veri�ed its accuracy using the
ROC curve, and veri�ed it using external data sets. However, the current research still has some
limitations. In further studies, a large sample of the clinical cohort is still needed to validate the model. In
addition, basic experiments are required to verify the association between tumor mutations and immune
cell in�ltration in TNBC. There are few studies on SEMA4B, and we have listed some evidence to prove
that SEMA4B is involved in the regulation of mutation. The mechanism of regulating gene mutation is
still needed to be further studied.

Conclusion
Based on the somatic mutation frequency, we used a novel algorithm to divide TNBC into high mutation
subtype and low mutation subtype, and found that there were signi�cant differences in immune function
among different subtypes, which were closely related to the prognosis. Speci�cally, the low mutation
subtype has higher immune cell in�ltration and immune checkpoint expression, which not only has a
better prognosis, but also is more suitable for immunotherapy. By modeling the prognosis of gene
mutations, we found the signature composed of six mRNAs, among which Sema4b is a poorly studied
risk gene. Our study demonstrates that it may be involved in regulation and may be a potential target for
the treatment of highly mutated subtypes.
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Figure 1

Computational overview of mutations regulate differential genes detection. Patients were ranked
according to the frequency of genetic mutations. Samples were divided into two groups HM group
(patients' mutator phenotype ranked in the top 10%) and LM group (patients' mutator phenotype ranked
in the last 10%), according to their mutator phenotype. Gene mutation regulator mRNAs were detected by
comparing the gene expression pro�le between HM group and LM group.
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Figure 2

Functional enrichment analysis and unsupervised clustering of TNBC were performed by differential
genes. a, b Gene Ontology (GO) analysis results show the enriched at biological processes, cell
components and molecular functions associated with the gene mutation differential mRNA. c Difference
of gene mutation frequency between TNBC and nTNBC in TCGA. d Consensus matrix when k = 2. Both
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the rows and columns of the matrix represent samples. From white to dark blue, the value of the
consistency matrix is from 0 to 1. e Consensus CDF. f Delta area for validation of the clustering results.

Figure 3

Mutation frequency, enriched pathway and prognostic difference among different subtypes were
analyzed. a The variation of mutation frequency among different subtypes. b Prognostic differences
among different subtypes. c, d The HM subtype and LM subtype mainly enriched pathways.
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Figure 4

Difference of immune cell in�ltration and immune score among different subtypes. a Levels of immune
cell in�ltration in normal, TNBC and NTNBC samples were compared. b Comparison of the differences of
22 immune cells in different subtypes. c,d Differences in immune and matrix scores between different
subtypes.
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Figure 5

Correlation analysis of prognostic differential genes immune checkpoint genes. a ,b The expression of
immune checkpoint markers PD-L1 and CTLA4 differed among different subtypes. c Associations
between 20 prognostic genes including CTLA4 and with PD-L1. d The association of 20 prognostic genes
with age, AJCC stage, T stage, N stage and different subtypes.
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Figure 6

Construction of a gene mutation signature for prediction of prognosis in TNBC. a LASSO regression with
10-fold cross-veri�cation. b LASSO coe�cient pro�les of 20 gene mutation regulator mRNAs. c
distribution of risk scores of high and low-risk TNBC patients based on the gene mutation prognostic
signature. e These patients died more and more as the risk score increased. d, f Prognosis analysis of
patients in Train group and Text group at high and low risk. g, h The ROC curve depicts the AUC values of
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Train and Test groups at 1,3,5,8,10 years respectively. i The ROC analysis at 3 years of overall survival for
the GMSig, WangSig and LvSig.

Figure 7

Evaluation of the stability and reliability of the signature for prediction of prognosis in TNBC. a Univariant
and b multivariate cox regression analysis of age, AJCC stage, T stage, N stage, gene mutation frequency
and risk score in the training group. c ROC curve analysis shows the prognostic accuracy of
clinicopathological parameters such as age, AJCC stage, T stage, N stage and risk score. f Heatmap of
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association between risk group and mutation subtypes, immune score, Age, AJCC stage, T stage, N stage.
Among them, immunization score and different subtypes are closely related to risk score. Adjusted P
values were showed as: ns, not signi�cant; *, P< 0.05; **, P< 0.01; ***, P< 0.001. Among them, d
immunization score and e different subtypes are closely related to risk score.

Figure 8

Correlation analysis between risk score and immune cells. a-i Represents an association between risk
score and 9 different immune cells, P<0.05.
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Figure 9

Kaplan–Meier survival curves analysis strati�ed by different clinical parameters. a Age > 60; b Age <=60;
c Stage I-II; d Stage III-IV; e N stage 0; f N stage1-3. g T stage1-2; h T stage3-4.
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Figure 10

The effect of genes in the model on the prognosis of TNBC was validated in an online database. a
sema4b, b il22RA2, c tcf7, d bach2, e gpr25.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

Differentialgenes.xlsx

Prognosticrelatedgenes.xlsx

SixmRNAsprognosticmodel.xlsx

https://assets.researchsquare.com/files/rs-393949/v1/fbab623459c7f0ea361627cd.xlsx
https://assets.researchsquare.com/files/rs-393949/v1/5ab36888d0bed9f6415c88ad.xlsx
https://assets.researchsquare.com/files/rs-393949/v1/29ac3af2246e3c9d343274d9.xlsx

