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Abstract: Objective: The immune status of the tumor microenvironment significantly impacts the clinical prognosis 
of triple-negative breast cancer (TNBC). The involvement of long noncoding RNAs (lncRNAs) in tumor immune in-
filtration is widely acknowledged. Therefore, it is crucial to explore the role of significant immune-related lncRNAs 
in TNBC. Methods: We acquired RNA, single-cell sequencing, and clinical information on TNBC from The Cancer 
Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) databases. To identify immune-related lncRNAs, 
immune infiltration subgroups were determined and verified using single-sample gene-set enrichment analysis, non-
negative matrix factorization, and weighted gene co-expression network analysis. CIBERSORTx, deconvolution, drug 
sensitivity, and Scissor analyses revealed that differences in cell type and drug efficacy were associated with im-
mune grouping. Results: TNBC samples were classified into immune-desert (cold) and immune-inflamed (hot) sub-
groups based on a lncRNA model (including LINC01550, LY86-AS1, LINC00494, LINC00877, CHRM3-AS2, HCP5, 
MIR155HG, and PIK3CD-AS1). Furthermore, using in vitro experiments, we found that LINC01550 promoted malig-
nant phenotypes, including proliferation, survival, and migration of TNBC. The immune-inflamed subgroup exhibited 
significantly lower half-maximal inhibitory concentration values for common anti-tumor drugs, including palbociclib, 
ribociclib, mitoxantrone, and sorafenib (T-test, P < 0.001). This may be related to the fact that the immune-inflamed 
subgroup has more plasmacytoid dendritic cells (pDCs) and B cells than those in immune-desert subgroups (P < 
0.001). Conclusions: Differences in specific cell infiltration can lead to increased sensitivity of the immune-inflamed 
subgroup to anti-tumor drugs. The proposed lncRNA model holds great promise to assess the immune landscapes 
and therapeutic reactions of TNBC patients.
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Introduction

Triple-negative breast cancer (TNBC) compris-
es approximately 20% of all breast cancer sub-
types, as it lacks targeted therapies it exhibits 
heightened aggressiveness and an unfavor-
able prognosis compared with non-TNBC [1]. 
Although individuals with early-stage TNBC typi-
cally exhibit favorable responses to chemother-
apy, the lack of effective treatment targets and 
regimens results in suboptimal median overall 
survival of patients with metastatic tumors of 
less than 1 year [2]. Compared with other sub-
types of breast cancer, TNBC is characterized 
by lack of overexpression of estrogen and pro-

gesterone receptors (ER/PR) and human epi-
dermal growth factor receptor 2 (HER2) bio-
markers. This absence leads to poorer out-
comes and inapplicability of targeted therapi- 
es. Therefore, traditional chemotherapy and 
radiotherapy are still the main treatment 
options for TNBC. Given the need for more 
effective targeted therapeutic options for this 
refractory disease, scientists are committed to 
characterizing the oncological molecular signa-
tures of TNBC. Recent literature has shown  
that TNBC exhibits strong individual heteroge-
neity in the clinical, histopathological, molecu-
lar and tumor microenvironment. It can be divid-
ed into smaller categories, including basal-like 
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(BL), mesenchymal stem cell-like (MSL), mes-
enchymal-like (M) and luminal androgen recep-
tor type (LAR) [2]. However, while these specific 
biomarkers reflect the biological heterogeneity 
of TNBC, they still lack effective guidance for 
clinical strategies. Consequently, there is an 
urgent need to establish novel predictive bio-
markers for TNBC patients and to explore more 
accurate diagnostic and therapeutic strategies 
in clinical practice.

The clinical outcomes of cancer patients have 
been extensively demonstrated to be signifi-
cantly influenced by the tumor microenviron-
ment phenotype in multiple research studies. 
The tumor immune microenvironment can be 
classified into two main categories: immune-
desert (cold) and immune-inflamed (hot). The 
“cold” tumor phenotype is associated with 
immune failure, characterized by T-cell dys- 
function and limited effectiveness of immuno-
therapeutic interventions [3, 4]. Therefore, 
identification of “hot” tumors and the conver-
sion of “cold” tumors into the “hot” phenotype 
are crucial to enhance the efficacy of clinical 
interventions [5]. Consequently, development 
of novel biomarkers to characterize tumor 
immune status, as well as the establishment  
of immune risk models for patients with TNBC, 
are essential for prognostication and treatment 
optimization.

The involvement of long noncoding RNAs 
(lncRNAs) in diverse biological processes (in- 
cluding transcriptional, post-transcriptional, 
and epigenetic mechanisms) associated with 
tumor development has been well established. 
Recent studies have shown that lncRNAs are 
intricately involved in cancer immune regula-
tion, influencing antigen release and presenta-
tion, immune cell infiltration, and immune acti-
vation and escape [6, 7]. Numerous prior stud-
ies have demonstrated the heightened capaci-
ty of lncRNAs to serve as immune microenvir- 
onment and prognostic biomarkers compared 
with that of protein-coding genes. This finding  
is primarily interrelated with the observation 
that immune-related lncRNAs exhibit specific 
expression modes within immune cells [8, 9]. In 
the tumor microenvironment, lncRNAs directly 
or indirectly regulate the expression levels of 
specific downstream genes through a variety of 
mechanisms, and play irreplaceable roles in 

the tumor immune process, including anti-
inflammatory/pro-inflammatory directional pol- 
arization of macrophages, activation and deple-
tion of CD8+ T lymphocytes, differentiation, 
development, and apoptosis of helper T lym-
phocytes [10-12]. LncRNAs often affect tumor 
immune surveillance, the immune response 
and other processes by regulating regulatory T 
cells and cytotoxic T lymphocytes, contributing 
to the formation of the immunosuppressive 
tumor microenvironment and promoting the 
malignant phenotype of tumor cells. These cru-
cial lncRNAs participate in multiple signaling 
pathways of the tumor microenvironment and 
promote the proliferation and differentiation of 
regulatory T cells, so they may serve as poten-
tial therapeutic targets in clinical settings [13, 
14]. Some lncRNAs have been found to be 
involved in the upregulation of CD8+ T lympho-
cytes and CD4+ Th1 cells, while inducing the 
downregulation of regulatory cells [15, 16]. 
Studies have found that lncRNAs can also regu-
late the differentiation of Treg cells by competi-
tively binding microRNAs [15, 16]. For example, 
the expression of lncRNA SNHG1 in CD4+ T 
lymphocyte infiltrating tumors is significantly 
higher than that in peripheral blood CD4+ T 
lymphocytes, and it promotes IDO expression 
by competitively binding to miR-448, inducing 
more regulatory T cells to differentiate and 
mature, facilitating immune escape of breast 
cancer [16]. However, the precise roles of 
immune-specific lncRNAs in governing the 
dynamic interplay among cells within the tumor 
immune microenvironment, as well as their 
potential for predicting the therapeutic res- 
ponse of TNBC, remain largely unexplored.

In this study, we successfully established a 
lncRNA model containing eight molecules that 
could effectively indicate the immune status  
of TNBC. Then, we investigated the characteris-
tics of the immune microenvironment, cell  
infiltration states, and disparities in drug sensi-
tivity in the “hot” and “cold” subgroups based 
on the crucial lncRNA signature. Additionally, 
we found that LINC01550, as a differentially 
expressed lncRNA in TNBC, could mediate the 
proliferation and migration characteristics of 
tumors. Our results demonstrated that new 
potential immune-related lncRNA biomarkers 
might provide a reliable tool to guide clinical 
management of patients with TNBC.
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Materials and methods

Acquisition and analysis of public bioinfor-
matic data

TNBC transcriptomic data, which had been nor-
malized using a log2(count+1) transformation, 
were obtained from the TCGA database, and 
the relevant clinical data were obtained through 
the UCSC Xena Browser. Additionally, the 
GSE58812 microarray matrices and their rele-
vant clinical data were derived from the GEO 
database. LncRNA and mRNA expression were 
re-annotated using the biomaRt package of R 
(version 2.54.0) [17]. Information pertaining to 
immune-associated lncRNAs and pathways 
was acquired from the ImmLnc database and 
processed using the ImmuLncRNA (version 
0.1.0) R package [18].

Tumor immune-infiltrating analysis

We used the R language ConsensusClusterPlus 
package (version 1.62.0) [19] for consistency 
clustering. Principal component analysis and 
the NbClust package (version 3.0.1) were used 
to calculate the optimal cluster number [20]. 
The tumor subgroups, classified as “cold” or 
“hot” based on the optimal cluster number, 
were subjected to clustering using t-distribut- 
ed stochastic neighbor embedding (tSNE) 
dimensionality reduction. The single-sample 
gene-set enrichment analysis (ssGSEA) was 
employed to assess the collaborative changes 
of genes within specific gene sets in individual 
samples. Using the Tumor-immune System 
Interactions and Drug Bank database [21], we 
acquired the gene signatures of 28 tumor- 
infiltrating lymphocytes (TILs) (Table S1). The 
GSVA package of R (version 1.46.0) was uti-
lized to conduct ssGSEA analysis [22], result- 
ing in the calculation of enrichment scores for 
each sample, representing the abundance of 
the 28 distinct types of TILs. To ensure the 
dependability and coherence of the ssGSEA 
outcomes, six additional algorithms (quan-
TIseq, xCell, TIMER, ESTIMATE, MCP-counter, 
and EPIC) were employed for validation purpos-
es [23-25].

Differential gene enrichment analysis

The limma package of R (version 3.54.1) was 
employed to filter the differentially expressed 
genes (DEGs) [26] based on the criterion of 

|log2FC| > 1.5, with an additional requirement 
of an adjusted p-value < 0.05. Gene Ontology 
(GO) analysis, Kyoto Encyclopedia of Genes and 
Genomes (KEGG) enrichment analysis, and 
gene-set enrichment analysis (GSEA) of gene 
function and pathways were performed using 
the clusterProfiler package of R (version 4.6.0) 
[27]. Significant GSEA enrichment results were 
visualized using the GseaVis package (version 
0.0.5) [28]. Other detailed results are listed in 
Table S1.

Construction of co-expression lncRNA net-
works

The weighted gene co-expression network 
analysis (WGCNA) algorithm (version 1.7) of R 
systematically integrates coordinated gene 
populations into gene modules and investi-
gates their association with dominant pheno-
types [29, 30]. The soft threshold β was set to 
6. The topological overlap matrix (TOM) and 
corresponding dissimilarity (1-TOM) were  
generated using WGCNA. The lncRNA module 
identified that a dynamic tree-cutting approach 
exhibited the highest correlation with the 
immune phenotype, which was chosen for  
further investigation. The immune-related 
lncRNAs were identified as those exhibiting 
high gene significance and module member-
ship. The Survminer package (version 0.4.9) 
[31] of R was used to conduct survival 
analysis.

Drug sensitivity and tumor mutation analysis

The R oncoPredict package (version 0.2) [32] 
was employed to examine the association 
between the chemotherapeutic response and 
immune grouping. Using the samples in the 
GDSC2 database as the training set, we pre-
dicted the drug sensitivity in different im- 
mune subgroups from two datasets (TCGA + 
GSE58812). Regarding copy number variation 
(CNV) and tumor mutation burden (TMB) analy-
sis, Freqcnv = FALSE information of merged 
Masked Copy Number Segment data were 
extracted and organized into a standard for-
mat. The CNV analysis was conducted using 
the GISTIC_2.0 plugin from the GenePattern 
website. In this analysis, we selected single-
nucleotide polymorphism (SNP) data calculat-
ed by the Varscan platform and used the R 
maftools package (version 2.1) [33] to obtain 
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the mutation differences between subtypes. 
The calculated TMB was statistically analyzed.

Single-cell data processing

TNBC single-cell data were mainly derived from 
the GEO database (GSE161529) and integrat-
ed using the Seurat R package (version 4.0.3) 
[34]. The DoubletFinder package (version 
2.0.3) [35] was utilized to eliminate doublets by 
assuming a doublet formation rate of 4%. In 
total, a single-cell matrix of 22,836 (number  
of genes) * 36,704 (number of cells) was used 
for subsequent analysis. Batch effects were 
removed using the Harmony algorithm pack- 
age (version 0.1.1) [36]. The Seurat R package 
[34] was utilized for normalization, dimension 
reduction, clustering, and identification of clus-
ter-specific genes in the single-cell data. 
Visualization was performed using tSNE. The 
reported marker genes published in previous 
studies and the annotation results of the 
CellMarker 2.0 database [37] were combined 
for annotation of cell subsets. Deconvolution 
analysis was performed on the bulk RNA 
sequencing data using the BayesPrism pack-
age (version 2.0) [38].

Identification of phenotype-associated sub-
populations using Scissor

The Scissor package (version 2.0.0) [39] was 
employed to identify cell subpopulations asso-
ciated with immune grouping and measure the 
similarity between bulk data and single-cell 
data. Furthermore, the regression model of the 
matrix-phenotype correlation was optimized. 
Subsequently, the cell populations associated 
with phenotypes were determined through the 
penalty function and regularization rule of 
Scissor. In the case of the Cox regression 
model, Scissor+ cells were linked to the “hot” 
immune subtype, while Scissor- cells were 
linked to the “cold” immune subtype.

Cell line models and quantitative reverse tran-
scription polymerase chain reaction (qRT-PCR)

Human mammary cell lines (MCF-10A, MDA-
MB-231, HCC1806, and HCC1937) were pur-
chased from ATCC. Cell culture, RNA extrac- 
tion, and qPCR were performed as previously 
described according to standard protocols [40]. 
The primers used in our research are listed in 
Table S2.

Small interfering RNA (siRNA)-mediated ln-
cRNA knockdown

The siRNAs against LINC01550 and negative 
control oligonucleotides were purchased from 
Sangon Biotech. Transfection of siRNA into 
TNBC cells was performed using the Lipofec- 
tamine® 3000 reagent (Invitrogen) according  
to the manufacturer’s guidelines. The oligonu-
cleotide sequences used in this study are listed 
in Table S2. qRT-PCR was performed to exam-
ine the knockdown efficiency.

Cell proliferation, apoptosis, and migration as-
says

All experiments were carried out 48 hours after 
cell transfection. Cell activity was determined 
using a CCK8 assay (Bimake). A colony forma-
tion assay was employed to assess the prolif-
erative potential of breast cancer cells. 
Apoptosis was measured by flow cytometry. 
Briefly, the control and experimental groups 
were resuspended and stained using an 
Annexin V-FITC/PI kit (BioLegend). A flow cytom-
eter (FACScan; BD Biosciences) was used to 
detect the fluorescence and apoptosis results. 
A wound-healing assay and transwell system 
were implemented for migration detection as 
previously described [33].

Statistical analysis

Experimental data analysis was performed 
using GraphPad Prism 9. All quantitative data 
were presented as the mean ± standard devia-
tion and analyzed using Student’s t-test or  
analysis of variance. All experiments were car-
ried out independently in triplicate. Bioinfor- 
matic data handling, detailed statistical analy-
ses, and graphic drawing were performed using 
R software (version 4.1.2). Statistical signifi-
cance is represented as follows: no difference 
(ns): P > 0.05, *P < 0.05, **P < 0.01, ***P < 
0.001.

Results

Recognition of immune infiltration consensus 
clusters of TNBC

A flow diagram (Figure 1A) shows the proce-
dure of this bioinformatics research. Using 
gene signatures from 28 TILs and the ssGSEA 
method, we employed a consensus cluster to 
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Figure 1. Identification of “immune-cold” and “immune-hot” triple-negative breast cancer (TNBC) tumor samples. A. 
Flowchart of bioinformatics study; B. Consensus score matrix of TNBC (cluster number k = 2); C. Cumulative distribu-
tion function curve of the consensus matrix indicated by colors (k = 2 to 9); D. Identification of the optimal number 
of clusters; E. t-Distributed stochastic neighbor embedding (tSNE) algorithm analysis of clusters; F. The infiltration 
abundance of immune cell subgroups evaluated by single-sample gene-set enrichment analysis (ssGSEA) for the C1 
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categorize the immune infiltration clusters of 
TNBC samples. The determination of the opti-
mal cluster number (k = 2) was based on the 
area under the cumulative distribution function 
curve in the consensus cluster and the propor-
tion of the ambiguous clustering algorithm 
(Figure 1B and 1C). NbClust testing was also 
conducted to confirm that the cluster number  
k = 2 (Figure 1D). The two primary consensus 
clusters were denoted as the “C1” and “C2” 
immune infiltrate groups. When subjected to 
dimensionality reduction using the tSNE meth-
od, C1 and C2 exhibited significant disparities 
in immune infiltration characteristics, as de- 
picted in Figure 1E. C2 displayed a notably 
higher abundance of various immune cell sub-
sets, as evidenced by the ssGSEA results 
(Figure 1F and 1G). Consequently, we employ- 
ed consensus k-mean clustering to classify C1 
as immune-desert tumors and C2 as immune-
inflamed tumors. Furthermore, the ESTIMATE 
method was performed to evaluate the tumor 
purity in each cluster to reflect the potential 
enrichment differences of immune cells be- 
tween the two clusters (Figure 1H). Then, we 
employed five additional analytical algorithms, 
including quanTIseq, xCell, TIMER, MCP-co- 
unter, and EPIC, to validate the suitability and 
dependence of the clusters. This verification 
process was conducted independently of the 
ssGSEA analysis to ensure the reliability of the 
results (Figure S1). To summarize, we catego-
rized the TNBC samples into two subgroups: 
immunogenic “hot” tumors and hypoimmuno-
genic “cold” tumors. The immune infiltration 
characteristics exhibited discernible disparities 
between these two groups.

Functional enrichment analysis of TNBC im-
mune infiltrate clusters

Based on the aforementioned findings, we  
successfully categorized TNBC tumors into 
immune-cold (C1) and immune-hot (C2) clus-
ters. We employed the limma package to fur-
ther assess differential gene expression. A  
volcano plot and heatmap were used to effec-
tively visualize the variations in mRNA expres-
sion between the C1 and C2 clusters. In total, 
we identified 547 upregulated and 6 down- 

regulated mRNAs in the C2 cluster, with an 
absolute fold change value ≥ 1.5 and p-value < 
0.05. Notably, the top upregulated genes 
(CXCL13, CXCL9, IDO1, CXCL10, MZB1, CCL19, 
and CCL5) encompassed specific chemokines, 
cytokines, and immune-related genes (Figure 
2A and 2B). The majority of DEGs in the C2 
cluster were closely related to immune res- 
ponses, including immunocyte activation, anti-
gen presentation via MHC class II, immune 
response, and activity, which was indicated by 
GO analysis (Figure 2C-E). Next, the significant 
DEGs were subjected to KEGG pathway analy-
sis, revealing the enrichment of pathways  
related to inflammation, immune response, and 
tumorigenesis. These pathways included anti-
gen processing and presentation, Th1/2/17 
cell differentiation, and interaction between 
cytokines and receptors (Figure 2F). The GSEA 
findings further supported the above results, 
indicating significant activation of immune and 
inflammatory pathways in the C2 cluster of 
TNBC (Figures 2G and S2). In summary, the  
functional enrichment analysis demonstrated 
that, as an immunogenic “hot” subgroup, the 
C2 cluster is featured with enhanced immune 
infiltration and immune recognition/activation.

Analysis of immune infiltration-related lncRNA 
modules

Immune infiltration-related lncRNA modules 
were identified using the WGCNA algorithm. 
Following the removal of outlier data and low-
abundance genes, 218 lncRNA genes were 
included for further analysis (Table S3). A soft 
thresholding β was screened and set to 6, 
which was conducted using the PickSoftThre- 
shold function, enabling the selection of an 
appropriate power value (Figures 3A and S3A). 
The cutreeStaticColor function of the WGCNA 
package was employed to reveal a total of  
eight modules (Figure 3B). When identifying 
modules relevant to the “hot” tumor subgroup, 
the module-trait relationship showed that the 
yellow module was the most relevant object 
(Figures 3C and S3B). The lncRNA genes con-
tained in the yellow module are shown in Table 
S3. To further investigate the crucial lncRNAs 
related to immune infiltration, we conducted a 

and C2 clusters; G. The ssGSEA scores of the C1 and C2 clusters; H. Comparison of immune scores, stromal scores, 
and tumor purity between the C1 and C2 clusters. Statistical analysis: no difference (blank): P > 0.05, *P < 0.05, 
**P < 0.01, ****P < 0.001.
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Figure 2. Functional analysis of differentially expressed genes in the “immune-cold” and “immune-hot” clusters. 
A, B. Volcano plot and heatmap of DEGs; C-E. Gene Ontology (GO) enrichment analysis results; F. Top 20 enriched 
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway items; G. Gene-set enrichment analysis (GSEA) bubble 
plot of differentially expressed genes (DEGs).
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Figure 3. Identification of immune-related long noncoding RNAs (lncRNAs). A. The scale-free topology model fit 
(left) and the mean connectivity of the co-expression network (right) under different soft thresholds; B. Clustering 
dendrogram showing module membership; C. Module-trait relationships revealed lncRNAs correlated with immune 
infiltrate groups; D. Bidirectionally clustered heatmap displaying differential lncRNA expression between the C1 and 
C2 clusters; E. ImmLnc enrichment analysis of candidate immune-related pathways; F. Venn diagram of overlapping 
lncRNAs between weighted gene co-expression network analysis (WGCNA), ImmLnc, and DEG analyses.

differential analysis between the C1 and C2 
clusters. The heat map and volcano map are 
shown in Figures 3D and S3C. A total of 82 
lncRNAs exhibited differential expression levels 

between the C1 and C2 clusters, including 77 
upregulated and 5 downregulated lncRNAs 
(Table S3). The ImmLnc integrated method was 
employed to identify lncRNAs that regulate 
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immune pathways of TNBC. Consequently, 
1824 potential lncRNA regulatory factors that 
might be implicated in the modulation of 
immune-related pathway activity were identi-
fied. Notably, these lncRNAs were primarily 
associated with pathways such as the T cell 
receptor signaling pathway, antigen processing 
and presentation, and cytokines and cytokine 
receptors, as depicted in Figure 3E. The Venn 
diagram presented in Figure 3F provides a  
visual representation of the overlap between 
lncRNA genes identified through WGCNA analy-
sis, DEG expression, and ImmLnc analysis. The 
resulting 36 lncRNA genes, obtained from  
this intersection, held potential as candidate 
molecules for the development of an immune-
related prognosis model. Collectively, these 
lncRNAs are likely to exert significant influence 
on the regulation of immune infiltration within 
the immune microenvironment of TNBC.

Immune infiltration subtyping based on critical 
prognosis-related lncRNAs

The subsequent analysis focused on exploring 
the association between candidate lncRNAs 
and overall survival data from TCGA. We sel- 
ected eight lncRNAs related to prognosis, as 
depicted in Figure 4A. Among these, LINC- 
01550, LY86-AS1, LINC00877, and PIK3CD-
AS1 were found to be linked to poor prognosis, 
while LINC00494, CHRM3-AS2, HCP5, and 
MIR155HG were identified as potential favor-
able prognosis predictors. Furthermore, an 
additional independent dataset (GSE58812) 
was employed as an independent validation 
dataset for survival analysis (Figure 4B). These 
eight prognosis-associated lncRNAs were uti-
lized to establish immune infiltration sub- 
typing.

Subsequently, TNBC patients were assigned 
into two subtypes (T1 and T2) in both TCGA 
dataset (Figure 5A) and the GSE58812 inde-
pendent dataset (G1 and G2) (Figure 5E), 
based on the pivotal lncRNAs. The specific 
grouping information is listed in Table S4. In 
Figure 5B and 5F, two predominant TCGA and 
independent dataset subgroups were con-
firmed by the non-negative matrix factorization 
method. The gene expression patterns of the 
core lncRNAs in different subgroups of both 
TCGA and the GSE58812 datasets were furth- 
er compared, as shown in Figure 5C and 5G. 

The results of dimensionality reduction analy-
ses conducted using tSNE exhibited similar  
patterns to those of hierarchical clustering 
(Figure 5D and 5H). The C1 and C2 tumor sub-
type clustering results of TCGA in Figure 1 
served as the basis, and we evaluated the ini-
tial distribution of samples in the T1 and T2 
subgroups using a chi-squared test. The find-
ings revealed that the T1 subtype predo- 
minantly consisted of primitive “cold” tumor 
samples, whereas the T2 subtype consisted of 
primitive “hot” tumor samples (Figure 5I). 
Additionally, the ssGSEA analysis indicated  
that both the T2 and G2 subgroups contained 
greater numbers of infiltrating immune cells 
(Figure 5J and 5K). These findings suggest  
that the immune infiltration characteristics of 
the “hot” and “cold” subtypes exhibit signifi-
cant differences according to critical progno-
sis-associated lncRNAs.

Differences in drug sensitivity, genome varia-
tion, and immune infiltration characteristics 
between immune infiltration subgroups

Subsequently, we compared the drug sensitivi-
ty between the “cold” and “hot” tumor sub-
groups for commonly used therapeutic cancer 
drugs. The findings depicted in Figure 6A dem-
onstrate notable statistical disparities for four 
frequently employed drugs - palbociclib, mito-
xantrone, ribociclib, and sorafenib. The half-
maximal inhibitory concentration (IC50) values 
observed in the “hot” subgroup (T2) were sig-
nificantly lower than those in the “cold” group 
(T1), suggesting that TNBC patients belonging 
to the “hot” tumor subgroup may potentially 
experience clinical benefits from these antican-
cer drugs. A similar finding was further con-
firmed in the GSE58812 dataset (Figure 6B).

Previous studies have established a correla- 
tion between CNVs, the TMB, and the respon-
siveness of TNBC to immunotherapy and che-
motherapy drugs. Therefore, we investigated 
the genomic variation characteristics of the  
two immune subgroups. The representation of 
CNVs in TCGA samples (Figure 6H-J) revealed 
minor discrepancies. Figure 6C and 6D indi-
cate a lack of noticeable disparities in CNVs 
and deletion events. Figure 6F presents a 
waterfall plot of the top 20 somatic SNPs in  
the subgroups. A higher TMB degree corre-
sponds to a more favorable survival outcome 
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(Figure 6E). No significant differences in TMB 
levels were determined Figure 6G. Conse- 
quently, this finding suggests that CNVs and 

TMB may not be the main factors contribut- 
ing to significant variations in drug responses 
between the T1 and T2 groups.

Figure 4. Kaplan-Meier plots of significant prognosis-associated lncRNAs from The Cancer Genome Atlas (TCGA) (A) 
and the GSE58812 (B) databases.

Figure 5. “Cold” and “hot” tumor typing of TNBC based on core lncRNAs. (A and E) Consensus clustering by select-
ing k = 2 as the optimal choice to determine the clustering number of TCGA dataset (A) and the GSE58812 dataset 
(E); (B and F) Hierarchical clustering of the consensus matrix in TCGA (B) and the GSE58812 (F) datasets; (C and G) 
Expression pattern heatmaps of core lncRNAs in different immune infiltration groups of TCGA dataset (C) and the 
independent validation set GSE58812 (G); (D and H) Dimensionality reduction plot of TNBC samples of TCGA (D) 
and GSE58812 (H) data; (I) A chi-square test of independence showed a significant association between distinct 
clusters based on mRNA and lncRNA; (J and K) ssGSEA enrichment score difference in “cold” and “hot” subgroups 
of TCGA (J) and the GSE58812 (K) datasets. Statistical analysis: no difference (blank): P > 0.05, *P < 0.05, **P < 
0.01, ***P or ****P < 0.001.
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Figure 6. Analysis of drug sensitivity, the genome, and immune infiltration. (A and B) Drug sensitivity difference for 
anti-tumor agents in TCGA (A) and the GSE58812 (B) TNBC datasets; (C and D) Statistical analysis of copy num-
ber amplification events (C) and deletion events (D) between the “cold” and “hot” subgroups in TCGA dataset; (E) 
Survival analysis based on the tumor mutation burden (TMB) of TCGA samples; (F) Waterfall plots of the top single-
nucleotide polymorphism genes in the T1 and T2 subgroups; (G) Statistical difference analysis of TMB between 
the T1 and T2 subgroups; (H-J) Copy number variation analysis of all TNBC samples (H), the T1 subgroup (I), and 
the T2 subgroup (J); (K and L) Deconvolution analysis of the infiltrating immune cell proportion in TCGA (K) and the 
GSE58812 (L) datasets. Statistical analysis: no difference (blank or ns): P > 0.05, *P < 0.05, **P < 0.01, ***P or 
****P < 0.001.

The TNBC datasets underwent deconvolution 
analysis using the CIBERSORTx algorithm. Sta- 
tistical analyses indicated that the varying 

responses of TNBC in different immune infiltra-
tion subgroups to clinical drug treatment may 
be attributable to discrepancies in the propor-
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tions of immune cells, particularly B lympho-
cytes or macrophages, within the tumor im- 
mune microenvironment (Figure 6K and 6L). 
Furthermore, we conducted a correlation analy-
sis to examine the relationship among eight 
core lncRNAs, immune checkpoint markers, 
and immune cell infiltration in the validation  
set of the GSE58812 and TCGA databases 
(Figure S4). T lymphocytes, B lymphocytes, and 
macrophages exhibited a significant positive 
correlation with the expression of core lncRNAs 
in the tumor microenvironment.

Determination of the cellular composition of 
different TNBC immune types by single-cell 
sequencing analysis

It was hypothesized that the disparities in  
drug sensitivity of different immune subgroups 
might be attributable to variations in the cellu-
lar composition within the tumor microenviron-
ment. Initially, single-cell data preprocessing 
was conducted on the eight TNBC samples 
from the GSE161529 dataset to eliminate 
abnormal cell components and genes that  
were irrelevant to subsequent analyses. A sin-
gle-cell matrix consisting of 22,836 genes and 
36,704 cells was obtained to ensure quality 
control and remove batch effects between 
datasets. The pre- and post-integration single-
cell data are shown in Figure S5. Figure 7A 
presents the tSNE dimensionality reduction 
clustering visualization after batch effects were 
eliminated. Cell clustering was conducted on 
the dimension-reduced data using single-cell 
marker genes identified by cell type (Figure  
7B). Table S1 lists the marker genes associat- 
ed with different cell types. In Figure 7C, 15 dis-
tinct cell populations are identified and distin-
guished using various color markers. Following 
the cell annotation analysis of the TNBC  
single-cell data, we performed deconvolution 
analysis on bulk RNA sequencing data of  
TCGA and the GSE58812 datasets using the 
BayesPrism package to determine the cellular 
composition. Based on the findings derived 
from Figure 7D and 7F, it was observed that 
endothelial cells and cycling cells were the pre-
dominant types in both datasets, followed by 
fibroblasts and neutrophils. Figure 7E and 7G 
indicate a noteworthy increase in B lympho-
cytes and plasmacytoid dendritic cells (pDCs), 
while a noticeable decrease in epithelial cells 
and cycling cells was observed within the “hot” 
tumor subgroup. Consequently, it is postulated 
that alterations in the proportions of epithelial 

cells, cycling cells, B cells, and pDC cells could 
exert a substantial influence on the tumor 
microenvironment and potentially influence dif-
ferences in the drug response between the 
“cold” and “hot” TNBC tumor subgroups.

Identification of immune grouping-associated 
cell subpopulations using the Scissor algo-
rithm

Immune-phenotype analysis was employed 
using the Scissor algorithm of R. The Scissor+ 
cell subset demonstrated a significant correla-
tion with the “cold” clusters (T1 and G1), while 
the Scissor- cell subset was related to “hot” 
clusters (T2 and G2). Figure 8A and 8C illus-
trate the distribution of Scissor (+/-) cells in 
dimensionality reduction cluster maps for the 
GSE58812 and TCGA datasets. The propor-
tions of Scissor (+/-) cells within different sub-
sets are illustrated in Figure 8B and 8D. The 
results indicate that in both TCGA and the  
validation set, Scissor analysis produced a sim-
ilar conclusion, where most B cells and pDCs 
were identified as Scissor- cells. These cells 
were more closely associated with the “hot” 
immune infiltrating subtype. Next, we per-
formed an analysis to determine the correla-
tions among four specific anti-tumor drugs  
(palbociclib, ribociclib, mitoxantrone, and 
sorafenib) and the proportions of B lympho-
cytes and pDCs in both datasets. The propor-
tions of B cells and pDCs exhibited significantly 
positive correlations with sensitivity to the 
aforementioned anti-tumor drugs in TNBC 
(Figure 8E and 8F). Hence, we speculate that 
variations in the proportions of B cells and 
pDCs may be a primary reason for the not- 
able disparities observed in drug responses 
between different immune subsets of TNBC.

LINC01550 affects the malignant phenotype 
of TNBC

Based on the survival analysis presented in 
Figure 4A, we further validated the relative 
expression levels of four poor prognosis-associ-
ated lncRNAs in normal and breast cancer cell 
lines using RT-qPCR. LINC01550 expression 
was higher in the three types of TNBC  
cells compared with that in MCF-10A cells, as 
illustrated in Figure 9A, suggesting that 
LINC01550 may serve as a tumor-specific 
gene, exerting regulatory effects on the bio- 
logical behavior of TNBC. Consequently, two 
LINC01550 siRNAs were synthesized, and  
their efficiency was confirmed in MDA-MB-231 

http://www.ajtr.org/files/ajtr0156374suppltab1.xlsx
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Figure 7. Single-cell data analysis of TNBC. A. tSNE dimensionality reduction clustering of single-cell data in the GSE161529 dataset; B. Gene expression-based clus-
tering of single cells by tSNE; C. tSNE plot annotated by cell type; D. Cell composition deconvolution analysis of GSE58812 bulk RNA sequencing data; E. Differentia-
tion analysis of cell composition between the G1 and G2 clusters; F. Cell composition deconvolution analysis of TCGA bulk RNA sequencing data; G. Differentiation 
analysis of cell composition compared between the T1 and T2 subgroups.
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Figure 8. Identification of immune-grouping-associated cell subpopulations and correlation analysis of drug sensitivity. (A and C) Visual distribution of Scissor (+/-) 
cells in the dimensionality reduction diagram of bulk sequencing data in the GSE58812 (A) and TCGA (C) datasets; (B and D) Proportion of Scissor (+/-) cells of dif-
ferent types in the GSE58812 (B) and TCGA datasets (D); (E and F) Correlation analysis of proportions of B cells (E) and plasmacytoid dendritic cells (pDCs) (F) and 
IC50 values of drugs in the GSE58812 and TCGA datasets.



Immune-lncRNA model for TNBC

4372 Am J Transl Res 2024;16(9):4355-4378

Figure 9. LINC01550 induces the proliferation, survival, and migration of TNBC. A. Relative RNA levels of four poor 
prognosis-related lncRNAs in normal and TNBC cell lines; B. Verification of small interfering RNA (siRNA)-mediated 
LINC01550 knockdown efficiency in TNBC cells; C. CCK8 assay of cells transfected with negative control (NC) siRNA 
and LINC01550 siRNAs; D. The cell proliferation abilities under NC/LINC01550 siRNA treatment were assessed 
using a cloning formation assay; E. Quantification of the apoptosis rate by flow cytometric analysis after transfection 
with siRNAs; F. Transwell migration assay; G. The wound-healing rate of NC and LINC01550-knockdown cells was 
analyzed using a cell wound-healing assay. No significant difference (ns): P > 0.05, *P < 0.05, **P < 0.01, ***P 
< 0.001.
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and HCC1806 cells (Figure 9B). A CCK8 assay 
demonstrated that LINC01550 inhibition hin-
dered the growth of TNBC cells (Figure 9C), and 
a colony formation assay demonstrated that 
inhibition of LINC01550 expression affected 
the colony formation abilities of TNBC cells 
(Figure 9D). Flow cytometry showed that after 
treatment with LINC01550 siRNAs, the num-
bers of late and especially early apoptotic cells 
significantly increased (Figure 9E). Further- 
more, as shown in Figure 9F and 9G, a tran-
swell migration assay and wound-healing test 
revealed significant inhibition of tumor migra-
tion upon the suppression of LINC01550 ex- 
pression in TNBC cells. These in vitro findings 
provide evidence that LINC01550, as a signifi-
cant DEG, might promote the proliferation, 
migration, and apoptosis abilities of TNBC.

Discussion

TNBC is a type of breast cancer with refractory 
characteristics and high malignancy. Previous 
studies have identified two main clusters of 
TNBC subtypes, immune-desert (cold) and 
immune-inflamed (hot) [41]. Tumors with an 
immune-desert phenotype typically exhibit 
reduced responsiveness to immune therapy 
and poor clinical outcomes, whereas the 
immune-inflamed phenotype exhibits substan-
tial infiltration of both adaptive and innate 
immune cells, with a better prognosis. The 
microenvironment of immune-inflamed tumors 
is mainly composed of natural killer (NK) cells, 
CD8+ T cells, and M1 macrophages. NK cells 
are cytotoxic lymphocytes and an important 
component of the innate immune response. 
CD8+ T cells are the main cytotoxic lympho-
cytes in the tumor microenvironment. M1 mac-
rophages have pro-inflammatory effects, can 
activate immune responses and inhibit tumor 
development. In contrast, the immune-desert 
tumor microenvironment is formed by M2 mac-
rophages, Foxp3+ regulatory T lymphocytes, 
and myeloid suppressive cells [42]. To perform 
a more accurate evaluation of the immune 
microenvironment of TNBC, we employed the 
ssGSEA method to analyze the TIL enrichment 
fraction in TCGA-TNBC cohort. We proposed a 
novel approach to categorize TNBC into 
immune-desert and immune-inflamed sub-
groups. Additionally, database exploration 
using the ESTIMATE and TIMER algorithms was 
performed to uncover the comprehensive land-

scape of the immune microenvironment. 
Notably, significant differences in the infiltra-
tion of core immune cells, including CD4+/
CD8+ T lymphocytes, macrophages, B lympho-
cytes, and dendritic cells, were observed 
between the two clusters. KEGG analysis and 
GSEA revealed substantial enrichment of 
diverse classical signaling pathways related to 
immune, inflammatory, cytokine-mediated, and 
chemokine signaling in the DEGs. Our research 
enhances the understanding of the immune 
microenvironment in TNBC and may offer valu-
able insights for the clinical stratification of 
patients.

In the past decade, extensive transcriptomic 
investigations demonstrated that approximate-
ly 80% of human transcripts are composed of 
noncoding genes, such as lncRNAs [43]. An 
increasing number of studies have elucidated 
the significant contributions of lncRNAs to 
tumor progression, encompassing pivotal roles 
in proliferation, angiogenesis, migration, and 
metastasis [44-47]. Recent investigations  
have also indicated that some lncRNAs play 
crucial roles in regulating diverse functions 
within the immune system. Consequently, 
lncRNAs may offer valuable insights for opti- 
mizing cancer treatment decisions in clinical 
settings. For instance, it has been observed 
that the overexpression of lncRNA NKILA in 
tumor-specific cytotoxic T lymphocytes (CTLs) 
was associated with T-cell apoptosis and 
reduced survival. By downregulating NKILA 
expression in CTLs, enhanced infiltration of 
CTLs occurs in breast tumors, consequently 
leading to activation-induced death of T cells 
[48]. The latent roles of the lncRNA risk score 
model as a predictive indicator in cancer thera-
py have been extensively investigated, specifi-
cally in hepatocellular carcinoma, gastric can-
cer, and bladder cancer [49-51]. However, 
investigation into the potential contribution of 
the immune-related lncRNA signature in TNBC 
remains inadequate. Therefore, we employed 
the WGCNA method to identify the lncRNA  
module that was most closely associated with 
immune infiltration grouping. Kaplan-Meier 
analysis facilitated the identification of eight 
prognostic lncRNA molecules: LINC01550, 
LY86-AS1, LINC00494, LINC00877, CHRM3-
AS2, HCP5, MIR155HG, and PIK3CD-AS1. 
These lncRNAs were incorporated into the 
development of an immune predictive risk 
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score model. The results presented in our study 
provide compelling evidence of a significant 
association between the crucial lncRNAs and 
immune cell infiltration of TNBC, including 
CD8+ T cells, macrophages, and neutrophils. 
Among these eight prognostic-related lnc- 
RNAs, we found that LINC01550 is highly 
expressed in TNBC and promotes malignant 
behavior in tumors. This discovery enhances 
the understanding of the novel function of 
LINC01550.

Additionally, our study revealed statistically sig-
nificant differences in the efficacy of the four 
anti-tumor drugs between the immune-desert 
and immune-inflamed subgroups. The four  
anti-tumor drugs include two CDK4/6 inhibi-
tors: palbociclib and ribociclib, a targeted drug: 
sorafenib, and a chemotherapy drug: mitoxan-
trone. The IC50 values of the immune-inflamed 
subgroup were significantly lower than those of 
the immune-desert subgroup, suggesting that 
TNBC patients in the immune “hot” group are 
more sensitive to the four anti-tumor drugs. 
Palbociclib and ribociclib, as third-generation 
CDK4/6 inhibitors, have been granted Food 
and Drug Administration approval for advanc- 
ed breast cancer treatment in conjunction  
with HR+ HER2- breast cancer [52-54]. 
Similarly, CDK4/6 inhibitors combined with 
PI3Kα inhibitors enhance immunogenic cell 
death in TNBC by augmenting the infiltration 
and activation of CTLs within the tumor micro-
environment and reducing the infiltration of 
myeloid-derived suppressor cells [55]. Mitox- 
antrone, as a potent topoisomerase II inhibitor, 
effectively binds to DNA and inhibits replica-
tion, resulting in the induction of double-strand 
breaks and disruption of RNA synthesis [56]. 
Mitoxantrone is commonly used in the treat-
ment of breast cancer, leukemia, and non-
Hodgkin lymphoma [57]. Previous research has 
demonstrated that mitoxantrone can induce 
immunogenic cancer cell death and elicit  
strong anticancer immune responses [58]. 
Sorafenib, a novel multi-kinase inhibitor, spe-
cifically targets tumor proliferation and angio-
genesis. It has obtained approval for treatment 
of advanced renal cell cancer and hepatocellu-
lar carcinoma, and it is presently under evalua-
tion for other malignancies [59]. The integra-
tion of chemotherapy with immunotherapy has 
proven to be a successful approach to cancer 
treatment. Consequently, our discoveries offer 

novel insights into the management of patients 
with TNBC.

The significance of TILs in immunosurveillance 
and the anti-tumor immune response has  
been established. TILs are strongly correlated 
with tumor progression, recurrence, chemo-
therapy response, and survival outcomes [60, 
61]. The literature demonstrates that activa- 
tion of tumor-infiltrating B lymphocytes (TIL-Bs) 
enhances the anti-tumor activity and regulation 
of immune checkpoints in a TNBC animal model 
[62]. Moreover, among the mechanisms of 
tumor cell killing, the density of TIL-Bs and the 
efficacy of chemotherapeutic agents mutually 
induce and promote each other, synergistically 
accelerating tumor regression in human and 
mouse tumor models [63]. An in vivo experi-
ment confirmed that the triple therapy regi- 
men of low-dose chemotherapy, oncolytic viro-
therapy, and immune checkpoint inhibitors 
could effectively enhance TIL-Bs and promote 
TNBC killing, which reflects the importance of 
TIL-Bs as drivers of anti-tumor immunity [64]. 
Nonetheless, the precise contribution of pDCs 
to tumor immunity remains uncertain. In the 
context of anti-tumor cellular immunity, pDCs 
have been recognized as effector cells in  
some studies. The activation of pDCs leads to 
direct tumor cell killing through mechanisms 
dependent on TRAIL and Granzyme B, ultimate-
ly resulting in tumor regression [65, 66]. 
Alternatively, tumor-infiltrated pDCs could syn-
ergize with conventional DCs to enhance the 
induction of the CD8+ T cell-mediated anti-
tumor immune response, thereby improving the 
prognosis of patients [67]. In this study, decon-
volution and Scissor analysis were performed 
to determine the lymphocyte composition in 
different immune infiltration subgroups. We 
observed a marked increase in the proportion 
of B lymphocytes and pDCs within the “hot” 
immune subgroup, which is strongly associated 
with favorable drug responsiveness to palboci-
clib, ribociclib, mitoxantrone, and sorafenib. 
The result suggests that the disparity in B cell 
and pDC infiltration between the immune-des-
ert and immune-inflamed subgroups may be 
the primary contributing factor for the sensitiv-
ity to anti-tumor drugs.

Although our research has taken a new step in 
the immunophenotyping of TNBC, there are 
inevitably certain limitations that warrant 
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acknowledgment. First, the development and 
verification of the eight-lncRNA signature  
exclusively depended on TCGA and the GSE- 
58812 datasets. It is necessary to obtain addi-
tional appropriate external datasets to validate 
our lncRNA model. Second, the design of our 
study was retrospective, and it is imperative to 
conduct prospective studies for further valida-
tion of the universality of the lncRNA signature. 
Moreover, the suitability of immune-related 
lncRNAs for clinical applications should be 
determined through functional studies to 
increase the authenticity of the conclusion. 
Taken together, the results of our study contrib-
ute to the existing understanding of tumor 
immunity and provide the theoretical ground-
work for personalized therapy in clinical TNBC 
patients.

Conclusions

In summary, we have successfully identified 
and validated a lncRNA model consisting of 
eight immune-related lncRNAs. The model 
holds great promise as a biomarker to as- 
sess immune status and predict therapeutic 
responses in patients with TNBC. Additionally, 
we demonstrated the novel and crucial role of 
the LINC01550 molecule in the development of 
TNBC.
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Figure S1. Immune infiltration analysis from TIMER2.0 database.
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Figure S2. GSEA analysis of immune and inflammatory related pathways in “cold” and “hot” clusters of TNBC.
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Figure S3. Partial re-
sults of the WGCNA 
and the differential 
analyses.
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Figure S4. Correlation heatmaps of immune-related lncRNAs and infiltrating immune cells.
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Figure S5. The preprocessing results of single-cell RNA sequencing data in GSE161529 dataset.


