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Abstract 

Background:  This study aimed to observe the potential impact of known cuproptosis-
related genes (CRGs) on triple negative breast cancer (TNBC) development, as well as 
their associated molecular mechanisms, immune infiltration mechanisms and potential 
therapeutic agents.

Results:  Based on the Cox Proportional Hazard Model, 11 CRGs may be especially 
important in TNBC development and progression (considered as the Key-TNBC-CRGs). 
The expression of several Key-TNBC-CRGs (e.g., ATP7A, PIK3CA, LIAS, and LIPT) are associ-
ated with common mutations. The SCNA variation of 11 Key-TNBC-CRGs are related to 
differences immune infiltration profiles. In particular, depletion of ATP7A, ATP7B, CLS, 
LIAS, and SCL31A1 and while high amplification of NLRP3 and LIPT2 are correlated with 
decreased immune infiltration. In our Cox proportional hazards regression model, there 
is a significant difference in the overall survival between high-risk and low-risk groups. 
The HR in the high-risk group is 3.891 versus the low-risk group. And this model has a 
satisfactory performance in Prediction of 5–15-year survival, in particular in the 10-year 
survival (AUC = 0.836). Finally, we discovered some potential drugs for TNBC treatment 
based on the strategy of targeting 11 Key-TNBC-CRGs, such as Dasatinib combined 
with ABT-737, Erastin or Methotrexate, and Docetaxel/Ispinesib combination.

Conclusion:  In conclusion, CRGs may play important roles in TNBC development, 
and they can impact tumor immune microenvironment and patient survival. The Key-
TNBC-CRGs interact mutually and can be influenced by common BC-related mutations. 
Additionally, we established a 11-gene risk model with a robust performance in predic-
tion of 5–15-year survival. As well, some new drugs are proposed potentially effective 
in TNBC based on the CRG strategy.

Keywords:  Triple negative breast cancer, Cuproptosis, Bioinformatics, Immune 
infiltration, Survival, Drug sensitivity

Background
Triple negative breast cancer (TNBC, lacking the expression of ER, PR, and HER2) is 
an extremely aggressive form of breast cancer (BC). TNBC has a high risk of metas-
tasis, a poor prognosis and lacks the efficacy of conventional targeted therapies in 
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other BC subtypes [1]. Once metastasis has occurred, the median survival is short. 
Commonly, TNBC generally considered to be the most malignant subtype of BC [2, 
3], and it is therefore of particular importance to investigate the mechanisms of its 
development and progression. The vast majority of TNBCs are categorized as over-
lapping with the basal-like breast cancer (BLBC) subtype, which is characterized by 
the expression of basal/myoepithelial signatures and mesenchymal markers suggest-
ing the occurrence of EMT.

Copper homeostasis is essential for various enzymatic reactions and the organ-
function metabolic processes; also, copper excess and aggregation can cause oxida-
tive stress and cytotoxicity [4]. Cuproptosis is a newly discovered form of cell death 
that depends on mitochondrial respiration; it is distinct from other known cell-death 
mechanisms (e.g., apoptosis, ferroptosis, pyroptosis, and necroptosis) [5]. It is a kind 
of non-apoptotic programmed cell death induced by the accumulation of intracellu-
lar copper [6]. The best-known mechanism of cuprotosis is targeting lipoylated TCA 
cycle proteins, especially regulated by mitochondrial ferredoxin 1-mediated protein 
lipoylation [5]. Copper accumulates in the cells and directly binds to lipoylated com-
ponents of the tricarboxylic acid cycle. This leads to abnormal aggregation of the 
lipoylated protein and the subsequent loss of the iron-sulfur cluster protein, which 
together result in proteotoxic stress and ultimately cell death [7].

Recently, very few studies have reported the association between cuproptosis and 
BC progression (as well as the treatment outcomes, immunogenicity, and immuno-
therapy responses). In other oncology fields, there are also not many related stud-
ies. In bladder cancer, the cuproptosis scoring system has been developed to predict 
the clinical outcome and immune response [8]. The development and progression of 
bladder cancer are likely to be influenced by cuproptosis, which may involve a diverse 
and complex tumor microenvironment (TME) [8]. Similarly, the molecular subtypes 
of lung adenocarcinoma based on cuproptosis-related genes can be used as a promis-
ing biomarker, which is of great importance to distinguish the relationship between 
cuproptosis and the immune microenvironment [9]. So far, cuproptosis-related modi-
fication patterns have been reported to depict the tumor microenvironment/immu-
notherapy/prognosis in kidney renal clear cell carcinoma [10], clear cell renal cell 
carcinoma [11], hepatocellular carcinoma [12], and colorectal cancer [13]. Among the 
limited bioinformatics studies in BC, it is true that estimating cuproptosis patterns in 
tumors could help predict the prognosis and characteristics of TME cell infiltration 
and guide more effective chemotherapeutic and immunotherapeutic strategies [7]. 
However, current BC studies based on publicly available data only use the overall BC 
cases, and in particular, there are very limited research of cuproptosis involvement 
in the prognosis of TNBC by bioinformatic analysis [14, 15]. Given that TNBC is the 
most malignant subtype of BC, it is particularly significant to explore the potential 
mechanisms of progression and treatment strategies. Cuproptosis may be involved 
in the development and progression of TNBC in all possibility. This study aimed to 
observe the potential impact of known cuproptosis-related genes (CRGs) on the sur-
vival of TNBC patients through bioinformatics analysis, as well as to explore their 
associated molecular mechanisms, immune infiltration mechanisms and potential 
therapeutic agents.
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Results
TNBC associated CRGs

First, the expression of 19 CRGs were analyzed based on RNA-sequencing raw data 
of The Cancer Genome Atlas (TCGA) database. In comparison with the normal tis-
sue, only LIAS was significantly decreased and CDKN2A was significantly increased 
(Fig.  1A, B). Besides, not any CRG was associated with the major stage progres-
sion (P > 0.05 for each CRG). Next, using the Kaplan–Meier method, the relation-
ship between survival and CRGs was probed, but we discovered not any significant 
difference in the overall survival between the high and low groups for each CRG 
(Fig. 1C). Next, we applied the Cox Proportional Hazard Model, in combination with 
Purity, Major stage and Age. The features in the Cox Proportional Hazard Model 
were presented in Table  1. The overall performance of the Cox Proportional Haz-
ard Model was as following: Rsquare = 0.3; Likelihood ratio test p = 5.84e−03; Wald 
test p = 3.27e−305; and Log rank test p = 2.04e−03. Next, we screened all the CRGS 
with a p value less than 0.1. These genes may be especially important in TNBC devel-
opment and progression (Fig. 1D). Together, there were 11 CRGs: NFE2L2, NLRP3, 
ATP7B, ATP7A, SLC31A1, LIAS, LIPT1, DLAT, PDHB, GLS and DLST. These 11 CRGs 
were considered as the Key-TNBC-CRGs.

Fig. 1  The flowchart of this bioinformatics analysis and differential expression of 19 CRGs and relationship 
between survival and CRGs. A The flowchart of this study. B–C In comparison with the normal tissue, only B 
LIASwas significantly decreased and C CDKN2A was significantly increased. D In the Kaplan–Meier method, 
no differences in the overall survival are discovered between the high and low groups for each CRG​
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Relationship between common mutations in BC and the expression of Key‑TNBC‑CRGs

Common mutations in BC (including TP53, ERBB2, BRCA1, BRCA2, ATM, MUC16, 
PIK3CA, and PTEN) were analyzed to probe the potential influence in the expres-
sion of Key-TNBC-CRGs through the TIMER tool. The changes in 11 key TNBC-
CRGs associated with the above mutations are shown in Fig. 2 (Fig. 2A: the overall 
statistical relevance; Fig.  2B: the violin plots of significantly altered expression of 
CRGs in mutation vs. WT). ATP7A is decreased in the ATM mutant group; PIK3CA 
is decreased in the GLC mutant group; LIAS is decreased in the BRCA2 mutant 
group; LIPT is decreased in the MUC16 mutant group. Meanwhile, the expression of 
NFE2L2 and NLRP3 are increased in the PTEN mutant group.

Immune infiltration levels associated with Key‑TNBC‑CRGs

According to the SCNA module of the TIMER tool, the SCNA variation of 11 Key-
TNBC-CRGs are related to different immune infiltration profiles (Fig.  3). In par-
ticular, depletion of ATP7A ATP7B, CLS, LIAS, and SCL31A1 are correlated with 
decreased immune infiltration; while high amplification of NLRP3 and LIPT2 are 
related to decreased immune infiltration.

Table 1  The risks of CRGs in the cox proportional hazard model of TNBC

*, **, *** respectively represent p values less than or equal to 0.05, p values between 0.05 and 0.001, and p values less than 
or equal to 0.001 after two-tailed T-test calculation

Features Coef HR HR 95% CI p value Significance

Purity 4.262 70.973 8.718 5.778090e+02 0.000 *** (p ≤ 0.001)

Stage2 11.221 74,712.949 25,590.291 2.181306e+05 0.000 ***

Stage3 14.346 1,699,753.178 592,717.2 4.874434e+06 0.000 ***

Stage4 17.631 45,386,564.737 4,067,480.4 5.064413e+08 0.000 ***

Age 0.022 1.023 0.984 1.062000 0.250

NFE2L2 − 1.823 0.162 0.073 0.358 0.000 ***

NLRP3 2.379 10.797 5.438 21.437 0.000 ***

ATP7B 1.547 4.698 2.236 9.871 0.000 ***

ATP7A − 1.142 0.319 0.151 0.673 0.003 ** (0.05 < p 
< 0.001)

SLC31A1 − 1.185 0.306 0.141 0.662 0.003 **

FDX1 0.318 1.374 0.622 3.037 0.432

LIAS 0.787 2.197 0.941 5.125 0.069 ·
LIPT1 0.402 1.495 0.499 4.486 0.473

LIPT2 0.923 2.516 0.886 7.144 0.083 ·
DLD 0.234 1.264 0.634 2.52 0.506

DLAT − 1.180 0.307 0.164 0.577 0.000 ***

PDHA1 0.144 1.155 0.513 2.602 0.728

PDHB 1.533 4.630 1.285 1.669 0.019 * (p ≤ 0.05)

MTF1 0.273 1.313 0.581 2.97 0.512

GLS 0.530 1.699 1.067 2.705 0.026 *

CDKN2A − 0.045 0.956 0.772 1.182 0.676

DBT 0.596 1.815 0.578 5.695 0.307

GCSH − 0.516 0.597 0.310 1.148 0.122

DLST 2.625 13.804 4.360 43.704 0.000 ***
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CRG interaction networks

The CRG interaction networks are shown in Fig.  4. In the Genetic interaction net-
work, NFE2L2, SLC31A1, DLST, NLRP3, GLS, ATP7B, and ATP7A may be the hub 
genes (Fig.  4A). In protein physical interaction, DLST, PDHB, DLST and NFE2L2 are 
connected with a network (Fig.  4B). In the Co-expression network, NFE2L2, LIPT1, 
SLC31A1, DLST, NLRP3, GLS, ATP7B, DLAT, and ATP7A are mutually interacted 
(Fig.  4C). In the linked miRNA network, miR-124A and miR-223 may play important 
roles in the interaction of the 11 Key TNBC CRGs (Fig. 4D). In the transcriptional-factor 
prediction network (Fig. 4E), these CRGs may be regulated by CREB, ELK1, E4F1, ERR1, 
CEBPB, etc., which may be potential targets in TNBC treatment using the CRG-related 
strategy.

Fig. 2  Relationship between common mutations in BC and the expression of Key-TNBC-CRGs. A Common 
mutations in BC (including TP53, ERBB2, BRCA1, BRCA2, ATM, MUC16, PIK3CA, and PTEN) have potential 
influence in the expression of 11 Key-TNBC-CRGs. B The Violin diagrams of significantly changed expression 
of CRGs in mutation versus WT. ATP7A is decreased in the ATM mutant group; PIK3CA is decreased in the GLC 
mutant group; LIAS is decreased in the BRCA2 mutant group; LIPT is decreased in the MUC16 mutant group. 
Meanwhile, the expression of NFE2L2 and NLRP3 are increased in the PTEN mutant group
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Fig. 3  Immune infiltration levels associated with Key-TNBC-CRGs. The somatic copy number alterations 
(SCNA) variation of 11 Key-TNBC-CRGs are related to different immune infiltration profiles. In particular, 
depletion of ATP7A, ATP7B, CLS, LIAS, and SCL31A1 are correlated with decreased immune infiltration; while 
high amplification of NLRP3 and LIPT2 are related to decreased immune infiltration



Page 7 of 15Shi et al. BMC Bioinformatics          (2023) 24:223 	

NFE2L2

NFE2L2

NFE2L2

SLC31A1

SLC31A1

SLC31A1

DLST

DLST

DLST

GLS

GLS

GLS

ATP7A

ATP7A

ATP7A

NLRP3

NLRP3

NLRP3
ATP7B

ATP7B

ATP7B

LIAS

LIAS

LIAS

DLAT

DLAT

DLAT

PDHB

PDHB

PDHB

LIPT1

LIPT1

LIPT1

PDS5B

UBE2A

NFE2L2

SLC31A1

DLST

GLS

ATP7A

NLRP3 ATP7B

LIAS

DLAT

PDHB

LIPT1

CDK17

RNF4

WDR62

PRDM1

SMARCD1

ATP2B1

EPB41L3

MEF2C

TGCCTTA,MIR-124A
TGCCTTA,MIR-124A

AACTGAC,MIR-223

V$CEBPB_02

SCGGAAGY_V$ELK1_02V$TAXCREB_01

V$TAXCREB_01

GTGACGY_V$E4F1_Q6

TGACCTY_V$ERR1_Q2

GTGACGY_V$E4F1_Q6

V$CREBP1_Q2

V$CREBP1_Q2

SCGGAAGY_V$ELK1_02

D

E

C

A B

Fig. 4  The interaction networks of 11 Key-TNBC-CRGs. A The Genetic interaction network, NFE2L2, SLC31A1, 
DLST, NLRP3, GLS, ATP7B, and ATP7A may be the hub genes. B The protein physical interaction, DLST, PDHB, 
DLST and NFE2L2 are connected with a network. C The Co-expression networks. NFE2L2, LIPT1, SLC31A1, 
DLST, NLRP3, GLS, ATP7B, DLAT, and ATP7A are mutually interacted. D The linked miRNA networks, in 
which miR-124A and miR-223 may play important roles in the interaction of the 11 Key-TNBC-CRGs. E The 
transcriptional-factor prediction network, these CRGs may be regulated by CREB, ELK1, E4F1, ERR1, and CEBPB
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Prediction of 5–15‑year survival by the Cox regression model

In the generated Cox proportional hazards regression model, the equation of the 
risk score is as follow. Riskscore = (− 0.7315) *NFE2L2 + (0.3389) *NLRP3 + (0.752) 
*ATP7B + (− 0.6176) *ATP7A + (-0.0986) *SLC31A1 + (0.4263) *LIAS + (0.4111) 
*LIPT1 + (− 0.1973) *DLAT + (0.2469) *PDHB + (0.3716) *GLS + (0.9804) *DLST.

The risk scores and the survival time with corresponding level of CRGS in all TCGA 
cases are shown in Fig.  5A. The median survival time is 7.8  months, and there is a 
significant difference in the overall survival between high-risk and low-risk groups 
(Fig. 5B, Log-rank p =  < 0.01). The HR in the high-risk group is 3.891 versus the low-
risk group. And this model has a satisfactory performance in Prediction of 5–15-year 
survival, in particular in the 10-year survival (AUC = 0.836) (Fig. 5C).

Potential drugs for TNBC based on Key TNBC CRGs

Finally, using the CTRP and GDSC databases, we discovered some potential drugs for 
TNBC treatment based on the strategy of targeting 11 key TNBC CRGs. As shown 
in Fig.  6A, according to the analysis of CTRP database, dasatinib maybe effective, 
especially when combined with ABT-737, erastin and methotrexate. According to 
the GDSC database analysis (Fig.  6B), Docetaxel and Ispinesib combination may be 
efficacy in TNBC treatment. The future work can evaluate the performance of above 
drugs (or drug combination) in vitro or in vivo.

Fig. 5  Prediction of 5–15-year survival by the Cox regression model. A The risk scores and the survival time 
with corresponding level of CRGS in TNBC cases from the TCGA database. B The median survival time is 
7.8 months, and there is a significant difference in the overall survival between high-risk and low risk groups. 
The HR in the high-risk group is 3.891 versus the low-risk group. C The ROC curve of the cox regression model 
in prediction of 5–15-year survival
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Discussion
It is known that disturbed copper homeostasis may influence cancer progression, 
through different mechanisms [16, 17]. The novelty and technicality of this study lie in 
that: the role of CRGs on the development, survival, and immune infiltration of TNBC 
is not fully clear; sensitization strategies based CRGs have not been proposed; further-
more, which CRGs are the most critical in TNBC and whether key CRGs can be used to 
construct a prognostic model are addressed for the first time in this study. To date, the 
limited studies about cuproptosis and BC are as follow. Recently, a study used a cuprop-
tosis-related gene signature (PGK1, SLC52A2, SEC14L2, RAD23B, SLC16A6, CCL5, and 
MAL2) and constructed a scoring system to quantify the cuproptosis pattern of BRCA 
patients [18]. In that work, patients in the low-CRG score group were characterized by 
higher immune cell infiltration, immune checkpoint expression, immune checkpoint 
inhibitor scores, and greater sensitivity to immunotherapy; and they found that RAD23B 
was a favorable target associated with BC progression, drug resistance, and poor prog-
nosis. In another article published recently, expression of FDX1, DLD, DLAT, LIAS, 
LIPT1, GLS MTF1, and PDHA1 was downregulated, while CDKN2A expression level 
was elevated in BC [19]; poor survival was associated with high levels of CDKN2A and 
PDHA1 and low levels of MTF1, DLD, LIPT1, and FDX1. Moreover, they constructed a 
cuproptosis-related signature with six genes (DKN2A, MTF1, PDHA1, DLD, LIPT1, and 
FDX1) for in OS prediction. Also in 2022, a similar study created a prognostic profile 
using 19 CRGs and 37 cuproptosis-related lncRNAs (with AUC = 0.766, 0.808, and 0.745 
for 1-year, 2-year, and 3-year survival) [20]. Another work in the same year identified a 
set of 11 cuproptosis-related lncRNAs, based on which to construct the risk model. The 
AUC values for ROC of 1-, 3-, and 5-year risk were 0.849, 0.779, and 0.794, respectively 
[21].

In these studies, positive results were easily obtained due to the relatively large sample 
size (for overall BC cases); in contrast, we used TNBC samples, with a relatively small 
size, and the results were not consistent with the overall BC population. For example, 

Fig. 6  Potential drugs for TNBC based on Key-TNBC-CRGs. A The analysis of drug sensitivity based on 
the CTRP database. Dasatinib maybe effective, especially when combined with ABT-737, Erastin and 
Methotrexate. B The analysis of drug sensitivity based on the GDSC database. Docetaxel and Ispinesib 
combination may be efficacy in TNBC treatment
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there are only 2 DEGs (TNBC vs. Control) in our 19 candidate CRGs, and not any Key-
TNBC-CRG is survival-correlated gene singly. It is also evident that TNBC and other 
BCs are significantly heterogeneous, and TNBC is more difficult to target.

In the Cox regression model, we discovered 11 key CRGs: NFE2L2, NLRP3, ATP7B, 
ATP7A, SLC31A1, LIAS, LIPT1, DLAT, PDHB, GLS and DLST. Currently, there are 
few studies on these genes in TNBC. Some of the important findings are as follows. 
NFE2L2 was identified as one of top 10 targets of Curcumin against TNBC [22]. NLRP3 
may mediate the cisplatin induced pyroptosis via activation in TNBC (via activation of 
MEG3/NLRP3/caspase-1/GSDMD pathway) [23]. Similarly, Berberine can affect tumor 
outgrowth and spontaneous metastasis in TNBC through a mechanism associated with 
inhibition the NLRP3 inflammasome pathway [24]. Glutaminase (GLS), a key enzyme 
for glutamine metabolism, can improve antitumor T cell activation in both a sponta-
neous mouse TNBC model and orthotopic grafts [25]. It is regarded to be essential for 
the growth of TNBC cells through glutamine metabolism pathway and mTOR inhibition 
[26]. Moreover, dihydrolipoamide S-succinyltransferase (DLST) is an important tricar-
boxylic acid (TCA) cycle enzyme, it has been reported to be useful in predicting survival 
among TNBC patients; DLST depletion suppresses growth and induces death in subsets 
of human TNBC cell lines; in particular, DLST depletion in sensitive TNBC cells results 
in elevated ROS levels while N-acetyl-L-cysteine partially can rescue cell growth [27]. 
So far, none of the above mechanisms of CRG involvement in TNBC onset/progression/
drug-resistance has been shown to be correlated with copper death. The present study 
provides a new perspective for understanding their role in TNBC.

In this work, we established a Cox regression model, and the risk score in this model is 
efficacy in prediction of 5-, 10-, and 15-year survival. To our knowledge, this is the first 
model using CRGs to predict TNBC patients over 5–15 years and it performs well. The 
AUC of ROC is 0.836 in the 10-year survival prediction, and this accuracy does not fall 
under the efficacy of CRGs in other tumors or subtypes. For example, in the total BC 
cases, a recent study used 13 CRGs and created a model that had an AUC of only about 
0.68 in 5-year prediction [28]. The similar CRG model (after the LASSO regression) in 
ovarian cancer showed an AUC about 0.7 [29]. And other frontier studies showed fol-
lowing AUC values in CRG prognostic models: 0.898 (11 genes) in IgA nephropathy 
[30], 0.658 for 5-year survival in clear cell renal cell carcinoma [31], less than 0.6 for 
3-year survival in lung adenocarcinoma [32], around 0.63 for 5-year survival in lung 
adenocarcinoma [9], and around 0.57 for 5-year survival in colon cancer [33]. Thus, the 
CRG strategies have not performed excellently in other cancers, whereas we found them 
to be of outstanding value in the prognosis of TNBC, which is urgently needed for clini-
cal application.

Still, this work has its limitation. Currently, we have only analyzed the TCGA data but 
have not yet conducted validation in the real world. In the future, our prognostic model 
will be optimized based on the specific characteristics of Chinese population. Moreover, 
the potentially sensitive drugs tapped in the CTRP and GDSC database have also not 
been validated by in-vitro or in-vivo experiments. So far this study lacks validation set to 
verify all the findings. Therefore, more convincing evidence is need, especially for poten-
tial sensitization strategy (we will conduct cellular experiments for validation at a later 
stage). Validation experiments could help accelerate the expansion of novel regimens 
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for the treatment of TNBC. Finally, we here mainly focused on mRNAs in TNBC. The 
advancement of interaction prediction research in various fields of computational biol-
ogy have provide valuable insights into genetic markers and lncRNAs related with 
TNBC, such as miRNA-lncRNA interaction prediction [34–39]. Our further study will 
include the role of miRNA-lncRNA interaction in the CRG-associated mechanisms in 
TNBC development.

Conclusion
In conclusion, CRGs may play an important role in the development of TNBC and may 
influence the tumor immune microenvironment and patient survival. The key TNBC 
CRGs interact with each other and may be influenced by common BC-related mutations. 
In addition, we have established an 11-gene risk model with robust performance in pre-
dicting 5–15-year survival. As well, some new drugs are proposed potentially effective in 
TNBC based on the CRG strategy.

Methods
Selection of cuproptosis‑related genes

The definite cuproptosis-related genes (CRGs) were acquired from published articles [5, 
31, 40]. After reviewing, following 19 CRGs (coding genes) were used: NFE2L2, NLRP3, 
ATP7B, ATP7A, SLC31A1, FDX1, LIAS, LIPT1, LIPT2, DLD, DLAT, PDHA1, PDHB, 
MTF1, GLS, CDKN2A, DBT, GCSH, and DLST.

CRG Expression differences in TNBC

The expression of 19 CRGs were analyzed based on RNA-sequencing raw data of The 
Cancer Genome Atlas (https://​portal.​gdc.​cancer.​gov/) using the gepia2 tool. Only the 
BRCA-basal subtype was analyzed.

Survival associated CRGs

Using the Tumor immune estimation resource (TIMER) online tool, the links between 
CRGs and survival of TNBC patents were analyzed. First, the association between each 
single CRG and the OS and RFS was explored. In fact, no significant association was 
found between the expression level and the survival of TNBC patients for any of the 
single CRGs. The Kaplan–Meier plots for CRGs were drawn to visualize the survival dif-
ferences. Levels are divided into low and high levels, and P-value of log-rank test for 
comparing survival curves of two groups was presented in each plot. Next, the outputs 
of Cox’s regression model (by function Coxph from R package survival) were presented, 
with HR value showing the hazard ratio, as well as its lower and upper 95% confidential 
interval (CI). We incorporated the Purity, stage, and Age into the Cox Proportional Haz-
ard Model, and the CRGs with a p value less than 0.1 were selected as the key CRGs in 
TNBC (Key-TNBC-CRGs).

Relationship between common mutations in BC and the expression of Key‑TNBC‑CRGs

Again, using the Gene-Mutation module of the TIMER V2.0 tool, we compared the dif-
ferential gene expression between different mutation status. The heatmap was generated 
to show the log2 fold changes (FC) of each CRG in comparison of mutation versus WT. 

https://portal.gdc.cancer.gov/
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Following common mutations were concerned: TP53, ERBB2, BRCA1, BRCA2, ATM, 
MUC16, PIK3CA, and PTEN. All BC cases were analyzed, and we focused on the BRCA-
Basal set. The significantly changed expression of CRGs in mutation versus WT were 
shown in Violin diagrams.

Tumor immune infiltration levels associated with Key‑TNBC‑CRGs

The SCNA module of the TIMER tool was applied for comparison of tumor infiltration 
levels among tumors with different somatic copy number alterations (SCNAs) for each 
Key-TNBC-CRG. SCNAs include five classes: deep deletion (− 2), arm-level deletion 
(− 1), diploid/normal (0), arm-level gain (1), and high amplification (2). Box plots were 
presented to show the distributions of each immune subset at each copy number status. 
The infiltration level for each SCNA category was compared with the normal using a 
two-sided Wilcoxon rank-sum test.

CRG interaction networks

Using the GeneMANIA online tool, we explored the connections among CRGs. In par-
ticular, following interactions were probed based on the 11 Key-TNBC-CRGs: Genetic 
interaction (Two genes are functionally associated if the effects of perturbing one gene 
were found to be modified by perturbations to a second gene. These data are collected 
from primary studies and BioGRID); protein physical interaction (Two gene products 
are linked if they were found to interact in a protein–protein interaction study. These 
data are collected from primary studies found in protein interaction databases, including 
BioGRID and PathwayCommons); Co-expression (Two genes are linked if their expres-
sion levels are similar across conditions in a gene expression study. Data are collected 
from the GEO database); linked miRNAs (the common linked miRNAs with two CRGs); 
transcriptional-factor prediction (Transcription factor targets from MSigDB).

Prediction of 5–15‑year survival by the Cox regression model

We evaluated different available models for survival prediction, including LASSO 
regression and multifactorial cox regression using the 11 Key-TNBC-CRGs. The LASSO 
regression algorithm was used for feature selection (tenfold cross-validation), and the R 
package glmnet was used for the analysis. And Multivariate cox regression analysis was 
used to construct a prognostic model (using the R package survival). RNA-sequencing 
expression profiles and corresponding clinical information for TNBC were downloaded 
from the TCGA dataset (https://​portal.​gdc.​com). The counts data were converted to 
TPM and log2 (TPM + 1) was calculated; Log-rank test was used to compare differences 
in survival between these groups. In the Kaplan–Meier curves, the p-values and hazard 
ratio (HR) with 95% confidence interval (CI) were generated through log-rank tests, and 
univariate cox proportional hazards regression.

Potential drugs for TNBC based on Key‑TNBC‑CRGs

The Gene Set Cancer Analysis tool was employed to dig potential drugs for TNBC based 
on Key-TNBC-CRGs. Two databases were referenced to acquire the IC50 value of drugs: 
Genomics of drug sensitivity in cancer (GDSC) and Genomics of therapeutics response 
portal (GTRP). In the GDSC set, the IC50 of 265 small molecules in 860 cell lines and 

https://portal.gdc.com
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its corresponding mRNA gene expression were extracted; and in the CTRP set, the IC50 
of 481 small molecules in 1001 cell lines and its corresponding mRNA gene expres-
sion were extracted. The mRNA expression data and drug sensitivity data were merged. 
Pearson correlation analysis was performed to get the correlation between gene mRNA 
expression and drug IC50. The p-value was adjusted by the FDR value. In the gener-
ated bubble plots, we summarized the correlations between key CRGs and drugs. Blue 
bubbles represent negative correlations, red bubbles represent positive correlations, the 
deeper of color, the higher of the correlation. Bubble size is positively correlated with the 
FDR significance. The black outline border indicates FDR ≤ 0.05. The drugs are ranked 
by the integrated level of correlation coefficient and FDR of CRGs, and only the top 30 
ranked drugs were presented.

Abbreviations
BC	� Breast cancer
BLBC	� Basal-like breast cancer
CI	� Confidential interval
CRGs	� Cuproptosis-related genes
FC	� Fold changes
GDSC	� Genomics of drug sensitivity in cancer
GTRP	� Genomics of therapeutics response portal
SCNAs	� Somatic copy number alterations
TIMER	� Tumor immune estimation resource
TME	� Tumor microenvironment
TNBC	� Triple negative breast cancer

Acknowledgements
Not applicable.

Author contributions
SB and ZW concepted/designed the studies, and analyzed the data; WT analyzed the data, generated figures; CZ 
directed and supervised the project. All authors wrote the manuscript and have approved the final manuscript.

Funding
This work was supported by Medical Science Foundation of Hebei University (2021X07).

Availability of data and materials
All data generated or analyzed in this study were sourced from the Cancer Genome Atlas (TCGA) database (https://​
portal.​gdc.​cancer.​gov)The data of SCNA module by the TIMER tool is available in the TIMER database (http://​timer.​cistr​
ome.​org/).

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 7 February 2023   Accepted: 23 May 2023

References
	1.	 Dent R, Hanna WM, Trudeau M, Rawlinson E, Sun P, Narod SA. Pattern of metastatic spread in triple-negative breast 

cancer. Breast Cancer Res Treat. 2009;115(2):423–8.
	2.	 Lin WX, Xie YN, Chen YK, Cai JH, Zou J, Zheng JH, et al. Nomogram for predicting overall survival in Chinese triple-

negative breast cancer patients after surgery. World J Clin Cases. 2022;10(31):11338–48.
	3.	 Zheng YZ, Liu Y, Deng ZH, Liu GW, Xie N. Determining prognostic factors and optimal surgical intervention for early-

onset triple-negative breast cancer. Front Oncol. 2022;12:910765.

https://portal.gdc.cancer.gov
https://portal.gdc.cancer.gov
http://timer.cistrome.org/
http://timer.cistrome.org/


Page 14 of 15Shi et al. BMC Bioinformatics          (2023) 24:223 

	4.	 Saporito-Magriñá CM, Musacco-Sebio RN, Andrieux G, Kook L, Orrego MT, Tuttolomondo MV, et al. Copper-induced 
cell death and the protective role of glutathione: the implication of impaired protein folding rather than oxidative 
stress. Metallomics. 2018;10(12):1743–54.

	5.	 Tsvetkov P, Coy S, Petrova B, Dreishpoon M, Verma A, Abdusamad M, et al. Copper induces cell death by targeting 
lipoylated TCA cycle proteins. Science. 2022;375(6586):1254–61.

	6.	 Bock FJ, Tait SWG. Mitochondria as multifaceted regulators of cell death. Nat Rev Mol Cell Biol. 2020;21(2):85–100.
	7.	 Li W, Zhang X, Chen Y, Pang D. Identification of cuproptosis-related patterns and construction of a scoring system 

for predicting prognosis, tumor microenvironment-infiltration characteristics, and immunotherapy efficacy in breast 
cancer. Front Oncol. 2022;12:966511.

	8.	 Song Q, Zhou R, Shu F, Fu W. Cuproptosis scoring system to predict the clinical outcome and immune response in 
bladder cancer. Front Immunol. 2022;13:958368.

	9.	 Wang Y, Zhang C, Ji C, Jin W, He X, Yu S, et al. Molecular subtypes based on cuproptosis-related genes and immune 
profiles in lung adenocarcinoma. Front Genet. 2022;13:1006938.

	10.	 Cai Z, He Y, Yu Z, Hu J, Xiao Z, Zu X, et al. Cuproptosis-related modification patterns depict the tumor micro-
environment, precision immunotherapy, and prognosis of kidney renal clear cell carcinoma. Front Immunol. 
2022;13:933241.

	11.	 Wang B, Song Q, Wei Y, Wu X, Han T, Bu H, et al. Comprehensive investigation into cuproptosis in the characteriza-
tion of clinical features, molecular characteristics, and immune situations of clear cell renal cell carcinoma. Front 
Immunol. 2022;13:948042.

	12.	 Wang G, Xiao R, Zhao S, Sun L, Guo J, Li W, et al. Cuproptosis regulator-mediated patterns associated with immune 
infiltration features and construction of cuproptosis-related signatures to guide immunotherapy. Front Immunol. 
2022;13:945516.

	13.	 Zhu Z, Zhao Q, Song W, Weng J, Li S, Guo T, et al. A novel cuproptosis-related molecular pattern and its tumor micro-
environment characterization in colorectal cancer. Front Immunol. 2022;13:940774.

	14.	 Sha S, Si L, Wu X, Chen Y, Xiong H, Xu Y, et al. Prognostic analysis of cuproptosis-related gene in triple-negative 
breast cancer. Front Immunol. 2022;13:922780.

	15.	 Zhu B, Wang S, Wang R, Wang X. Identification of molecular subtypes and a six-gene risk model related to cupropto-
sis for triple negative breast cancer. Front Genet. 2022;13:1022236.

	16.	 Kaur P, Johnson A, Northcote-Smith J, Lu C, Suntharalingam K. Immunogenic Cell death of breast cancer stem cells 
induced by an endoplasmic reticulum-targeting copper(II) complex. ChemBioChem. 2020;21(24):3618–24.

	17.	 Jiang Y, Huo Z, Qi X, Zuo T, Wu Z. Copper-induced tumor cell death mechanisms and antitumor theragnostic appli-
cations of copper complexes. Nanomedicine (Lond). 2022;17(5):303–24.

	18.	 Song S, Zhang M, Xie P, Wang S, Wang Y. Comprehensive analysis of cuproptosis-related genes and tumor microen-
vironment infiltration characterization in breast cancer. Front Immunol. 2022;13:978909.

	19.	 Jiang B, Zhu H, Feng W, Wan Z, Qi X, He R, et al. Database mining detected a cuproptosis-related prognostic signa-
ture and a related regulatory axis in breast cancer. Dis Markers. 2022;2022:9004830.

	20.	 Zhang L, Zhang Y, Bao J, Gao W, Wang D, Pan H. Cuproptosis combined with lncRNAS predicts the prognosis and 
immune microenvironment of breast cancer. Comput Math Methods Med. 2022;2022:5422698.

	21.	 Jiang ZR, Yang LH, Jin LZ, Yi LM, Bing PP, Zhou J, et al. Identification of novel cuproptosis-related lncRNA signatures 
to predict the prognosis and immune microenvironment of breast cancer patients. Front Oncol. 2022;12:988680.

	22.	 Deng Z, Chen G, Shi Y, Lin Y, Ou J, Zhu H, et al. Curcumin and its nano-formulations: Defining triple-negative breast 
cancer targets through network pharmacology, molecular docking, and experimental verification. Front Pharmacol. 
2022;13:920514.

	23.	 Yan H, Luo B, Wu X, Guan F, Yu X, Zhao L, et al. Cisplatin induces pyroptosis via activation of MEG3/NLRP3/caspase-1/
GSDMD Pathway in triple-negative breast cancer. Int J Biol Sci. 2021;17(10):2606–21.

	24.	 Yao M, Fan X, Yuan B, Takagi N, Liu S, Han X, et al. Berberine inhibits NLRP3 Inflammasome pathway in human triple-
negative breast cancer MDA-MB-231 cell. BMC Complement Altern Med. 2019;19(1):216.

	25.	 Edwards DN, Ngwa VM, Raybuck AL, Wang S, Hwang Y, Kim LC, et al. Selective glutamine metabolism inhibition in 
tumor cells improves antitumor T lymphocyte activity in triple-negative breast cancer. J Clin Invest. 2021;131(4).

	26.	 Lampa M, Arlt H, He T, Ospina B, Reeves J, Zhang B, et al. Glutaminase is essential for the growth of triple-negative 
breast cancer cells with a deregulated glutamine metabolism pathway and its suppression synergizes with mTOR 
inhibition. PLoS ONE. 2017;12(9):e0185092.

	27.	 Shen N, Korm S, Karantanos T, Li D, Zhang X, Ritou E, et al. DLST-dependence dictates metabolic heterogeneity in 
TCA-cycle usage among triple-negative breast cancer. Commun Biol. 2021;4(1):1289.

	28.	 Li Z, Zhang H, Wang X, Wang Q, Xue J, Shi Y, et al. Identification of cuproptosis-related subtypes, characterization 
of tumor microenvironment infiltration, and development of a prognosis model in breast cancer. Front Immunol. 
2022;13:996836.

	29.	 Li X, Jiang P, Li R, Wu B, Zhao K, Li S, et al. Analysis of cuproptosis in hepatocellular carcinoma using multi-omics 
reveals a comprehensive HCC landscape and the immune patterns of cuproptosis. Front Oncol. 2022;12:1009036.

	30.	 Lin H, Wu D, Xiao J. Identification of key cuproptosis-related genes and their targets in patients with IgAN. BMC 
Nephrol. 2022;23(1):354.

	31.	 Bian Z, Fan R, Xie L. A novel cuproptosis-related prognostic gene signature and validation of differential expression 
in clear cell renal cell carcinoma. Genes (Basel). 2022;13(5):851.

	32.	 Chen Y, Tang L, Huang W, Zhang Y, Abisola FH, Li L. Identification and validation of a novel cuproptosis-related signa-
ture as a prognostic model for lung adenocarcinoma. Front Endocrinol (Lausanne). 2022;13:963220.

	33.	 Xu C, Liu Y, Zhang Y, Gao L. The role of a cuproptosis-related prognostic signature in colon cancer tumor microenvi-
ronment and immune responses. Front Genet. 2022;13:928105.

	34.	 Hu H, Feng Z, Lin H, Cheng J, Lyu J, Zhang Y, et al. Gene function and cell surface protein association analysis based 
on single-cell multiomics data. Comput Biol Med. 2023;157:106733.

	35.	 Wang W, Zhang L, Sun J, Zhao Q, Shuai J. Predicting the potential human lncRNA-miRNA interactions based on 
graph convolution network with conditional random field. Brief Bioinform. 2022;23(6):bbac463.



Page 15 of 15Shi et al. BMC Bioinformatics          (2023) 24:223 	

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

	36.	 Zhang L, Yang P, Feng H, Zhao Q, Liu H. Using Network distance analysis to predict lncRNA-miRNA Interactions. 
Interdiscip Sci. 2021;13(3):535–45.

	37.	 Sun F, Sun J, Zhao Q. A deep learning method for predicting metabolite-disease associations via graph neural 
network. Brief Bioinform. 2022;23(4):bbac266.

	38.	 Wang T, Sun J, Zhao Q. Investigating cardiotoxicity related with hERG channel blockers using molecular fingerprints 
and graph attention mechanism. Comput Biol Med. 2023;153:106464.

	39.	 Liu H, Ren G, Chen H, Liu Q, Yang Y, Zhao Q. Predicting lncRNA–miRNA interactions based on logistic matrix factori-
zation with neighborhood regularized. Knowl-Based Syst. 2020;191:105261.

	40.	 Liu X, Cheng W, Li H, Song Y. Identification and validation of cuproptosis-related LncRNA signatures as a novel 
prognostic model for head and neck squamous cell cancer. Cancer Cell Int. 2022;22(1):345.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


	The therapeutic and prognostic role of cuproptosis-related genes in triple negative breast cancer
	Abstract 
	Background: 
	Results: 
	Conclusion: 

	Background
	Results
	TNBC associated CRGs
	Relationship between common mutations in BC and the expression of Key-TNBC-CRGs
	Immune infiltration levels associated with Key-TNBC-CRGs
	CRG interaction networks
	Prediction of 5–15-year survival by the Cox regression model
	Potential drugs for TNBC based on Key TNBC CRGs

	Discussion
	Conclusion
	Methods
	Selection of cuproptosis-related genes
	CRG Expression differences in TNBC
	Survival associated CRGs
	Relationship between common mutations in BC and the expression of Key-TNBC-CRGs
	Tumor immune infiltration levels associated with Key-TNBC-CRGs
	CRG interaction networks
	Prediction of 5–15-year survival by the Cox regression model
	Potential drugs for TNBC based on Key-TNBC-CRGs

	Acknowledgements
	References


