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microenvironment: experimental validation

Baoxi Zhu'?3 . Hong Wan'2 - Zichen Ling'? - Han Jiang'2 - Jing Pei'?

Received: 23 March 2025 / Accepted: 14 April 2025
© The Author(s) 2025

Abstract

Investigating the essential function of CD300LG within the tumor microenvironment in triple-negative breast cancer
(TNBC). Transcriptomic and single-cell data from TNBC were systematically collected and integrated. Four machine
learning algorithms were employed to identify distinct target genes in TNBC patients. Specifically, CIBERSORT and ssGSEA
algorithms were utilized to elucidate immune infiltration patterns, whereas TIDE and TCGA algorithms predicted immune-
related outcomes. Moreover, single-cell sequencing data were analyzed to investigate the function of CD300LG-positive
cells within the tumor microenvironment. Finally, immunofluorescence staining confirmed the significance of CD300LG
in tumor phenotyping. After machine learning screening and independent dataset validation, CD300LG was identified as a
unique prognostic biomarker for triple-negative breast cancer. Enrichment analysis revealed that CD300LG expression is
strongly linked to immune infiltration and inflammation-related pathways, especially those associated with the cell cycle. The
presence of CD8" T cells and M 1-type macrophages was elevated in the CD300LG higher group, whereas the abundance of
M2-type macrophage infiltration showed a significant decrease. Immunotherapy prediction models indicated that individuals
with low CD300LG expression exhibited better responses to PD-1 therapy. Additionally, single-cell RNA sequencing and
immunofluorescence analyses uncovered a robust association between CD300LG and genes involved in tumor invasion.
CD300LG plays a pivotal role in the tumor microenvironment of TNBC and represents a promising therapeutic target.
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Background

Triple-negative breast cancer (TNBC) represents a highly
diverse subset of breast cancer, distinguished by the lack of
estrogen receptor, progesterone receptor, and human epi-
dermal growth factor receptor 2 expression [1, 2]. TNBC
accounts for 10-20% of all breast cancer cases and is
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characterized by its aggressive behavior, high likelihood of
recurrence, and unfavorable prognosis [3, 4]. Due to the lack
of specific therapeutic targets, treatment primarily relies on
chemotherapy, which has limited efficacy and is prone to
drug resistance, leading to lower survival rates [5, 6]. Con-
sequently, an in-depth analysis of the molecular mechanisms
underlying TNBC and the identification of effective thera-
peutic targets have emerged as key priorities and challenges
in current research [7, 8].

With the rapid advancement of bioinformatics and artificial
intelligence technologies, machine learning algorithms have
demonstrated significant potential in disease marker identi-
fication and target prediction [9—11]. Numerous studies have
employed four classical machine learning algorithms—Random
Forest, Support Vector Machine, Gradient Boosting Machine,
and XGBoost—to systematically identify key genes and poten-
tial therapeutic targets by integrating multi-omics data [12—14].
The combined evaluation of these algorithms not only improves
the precision of target recognition but also successfully reduces
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the inherent bias present in single algorithms, thus establish-
ing a solid theoretical basis for further experimental verification
[15-17].

CD300LG (Cluster of Differentiation 300 Ligand G) is
a member of the immunoglobulin superfamily and belongs
to the CD300 family of molecules, which plays a critical
role in immune regulation and cell-cell interactions [18].
This protein is broadly expressed on the surface of endothe-
lial cells, dendritic cells, and specific epithelial cells, and
regulates inflammatory responses, immune cell activation,
and vascular barrier function through interactions with its
receptors [19]. Research has demonstrated that CD300LG is
essential for maintaining vascular endothelial integrity, sup-
pressing excessive inflammatory reactions, and modulating
leukocyte migration, processes that are closely associated
with the pathogenesis of sepsis, atherosclerosis, and other
diseases [20]. Moreover, CD300LG has been implicated in
tumor microenvironment modulation and tumor immune
escape mechanisms [21, 22]. Its distinctive structural and
functional characteristics render it a promising therapeutic
target, particularly in the context of inflammatory diseases
and cancer immunotherapy [23].

To further elucidate the functions and mechanisms
of action of the screened genes in disease, it is crucial to
resolve the heterogeneity of the tumor microenvironment
at single-cell resolution using single-cell RNA sequencing
technology [24, 25]. Single-cell technology enables precise
identification of gene expression profiles across distinct cell

subpopulations, uncovers interactions between tumor cells,
immune cells, and stromal cells, and offers novel insights
into disease progression and drug resistance mechanisms
[26, 27].

Through the synergistic integration of machine learning
algorithms and single-cell technologies, this study aims
to identify potential therapeutic targets for TNBC and
thoroughly investigate their functions in tumorigenesis,
progression, and metastasis. The findings are anticipated to
provide novel targets and strategies for precision treatment of
TNBC, advance the development of personalized medicine,
and enhance the clinical prognosis of patients.

Method
Data collation

Clinical and expression profiling data for TNBC patients
were obtained from the official TCGA database (https://
portal.gdc.cancer.gov/). The counts data were screened
for differentially expressed genes using DESeq2, with
a threshold of 1log2FCI> 1 and FDR < 0.05. FPKM data
were initially assessed for expression differences between
samples to determine the necessity of normalization.
The processed FPKM data were subsequently utilized
for functional enrichment analysis, immune infiltration
analysis, and survival analysis. Samples with missing
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Fig.1 Machine learning screening for unique prognostic targets in
TNBC patients. A Volcano plot of the results of gene expression dif-
ferential analysis between TNBC patients and normal tissues. B, C,
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D, E Unique prognostic genes in TNBC patients were explored using
four of the machine learning methods. F Gene intersection-CD300LG
screened by four machine learning methods


https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/

Clinical and Experimental Medicine (2025) 25:167

Page3of15 167
A B TCGA C TCGA
10 1 — —_—
o R . s
Z — 3 o s e
8 - 3 ~g-
2] 8 - l+| o
< Q e o A 3
< 5 5 e Stage| 2 }
| oo & b ° sége I 5 ® NoO
5., . ge c
3 ™eC S 61 % $ o Stagelll O ? ® N1
H 7] ge ‘® &
5 o @ ® Stage IV @5 v @ N2-N3
b 4 o @ o
£ 5 4 g - =
° )
o ] a o 44 e
= = .
- 3 e .,
2 @
T ? T T 3 - T T ?
\ > Q A
4 @ 2 o N %)
ST < > ~
@ @ § ;
o 3 @ d
— - T g & A
D F
GSE157284 TCGA GSE58812
o 1.00 A 104
7 4 ‘ '
9
S o £ 075+ £ 081
3 ° E ]
el e
8 ¢1 ¢ & 0.50 4 8061
s ! ® ® ®
® Stagel -3 2
.5 e L @ @ Stage ll g S 0.4+
@ 517 * ® o Stagelll-lv ? 025- Z —t
o HR = 0.21 (0.06 - 0.74) 02 HR=037(0.16 - 083)
% % (] P=0.015 P=0.017
> . r . . r T T T T T
o 41 -§' 0 1000 2000 3000 0 1000 2000 3000 4000 5000
’-E ° Time(days) Time(days)
® o Low 473 29 16 7 Low 4 54 43 29 13 4 1
4 0:\ /\4’ High 4 72 29 12 4 High 4 53 45 28 14 8 0
G}Qo" %\QQ Q?’\\\
&%
8 1 o
O
— .
= o H
2 ° ~ B
o3 . .3 = a |,
[e) - ] — s . i L | N
SE 44 = — s 8 3 "4 i — s E Normal
= - . v § ' . [ ™ B Tumor
38 = | e T - e :
] . S e ] . ’
E.S | : : ! ] : 1 ' i i '
x . .
o 2141 ' : i .
2 . O B I h o WL :
gl BT T ! : ﬂ l
" ppeL IR ) |l W i
T T T T T T T T T T T T T T T T T T T T T
Y or L O SO O RO Q L O L L N 0 ‘?~
O O 9 @) U oY S O & &K L \ 54 o9 < Y & O \ o O
FEELFTSFEIFTLEFIFIEIETITTFILFSEE & &£ &L

Fig.2 Correlation between CD300LG expression and clinical fea-
tures in TNBC. A CD300LG expression is significantly elevated
in TNBC patients. B, C, D CD300LG expression progressively

clinical features were excluded, and after screening, a total
of 145 samples were included in the final analysis. The
baseline characteristics of these samples are provided in
Supplementary Information 1. Additionally, we obtained
transcriptome and single-cell sequencing data of TNBC

increases with advancing tumor stage. E, F Higher CD300LG expres-
sion correlates with poorer patient prognosis. G Pan-cancer analysis
of CD300LG expression

from the GEO database (https://www.ncbi.nlm.nih.gov/
geo/). Specifically, GSE58812 transcriptome data served
as an independent validation set, while GSE176078 single-
cell dataset was utilized for single-cell profiling of TNBC.
Baseline information for incorporation is provided in the
supplementary material.
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«Fig.3 Functional Enrichment Analysis of CD300LG in TNBC. A
Functional enrichment analysis associated with CD300LG based on
high versus low-expression groups. B GO and KEGG enrichment
analyses were conducted for both high and low-expression groups.
C Correlation analysis between CD300LG and tumor phenotypes. D
GSEA enrichment analysis indicated that CD300LG predominantly
influences inflammatory response pathways and cell cycle pathways

Machine learning

Machine learning has become a crucial tool in the
field of life sciences. In this research, we utilized four
different machine learning approaches: Gradient Boosting
Machine (GBM), Random Forest (RF), Extreme Gradient
Boosting (XGBoost), and Support Vector Machine
(SVM). These were applied to identify potential targets
that may influence triple-negative breast cancer patients.
GBM iteratively trains weak models, such as decision
trees, optimizing the residuals at each step to gradually
reduce error and ultimately combine them into a robust
model. RF integrates multiple decision trees, each trained
on random samples and features, thereby reducing
overfitting risk through voting or averaging predicted
outcomes. XGBoost, an efficient implementation of
gradient boosting, incorporates regularization, parallel
computation, and missing-value processing to enhance
speed and performance, making it popular in life sciences.
SVM identifies the optimal hyperplane to maximize
classification margins, handling nonlinear data via kernel
functions, and is particularly suitable for high-dimensional
spaces and small sample sizes. Details of machine learning
are provided in the supplementary material.

Function enrichment

Up- and down-regulated genes were initially analyzed
for pathway and functional enrichment using the Kyoto
Encyclopedia of Genes and Genomes (KEGG) and
Gene Ontology. To explore differential gene enrichment
phenotypes within the Hallmark gene set, Gene Set
Enrichment Analysis (GSEA) was utilized. Additionally,
Gene Set Variation Analysis (GSVA) was performed to
clarify the association between potential therapeutic targets
and 13 tumor-related phenotypes Supplementary Table 1.

Prediction of immune cell infiltration

In the area of oncology, various algorithms are commonly
used to analyze immune infiltration. To assess the
differences in immune cell infiltration analysis, we applied
the CIBERSORT method along with single-sample Gene
Set Enrichment Analysis (ssGSEA).

Immunotherapy predictions

TIDE (http://tide.dfci.harvard.edu) and TCIA (https://
www.cancerimagingarchive.net/) were utilized to
evaluate the efficacy of immunotherapy. Higher TIDE
scores suggest that tumors may exhibit greater immune
evasion capabilities, potentially rendering them less
responsive to immune checkpoint inhibition treatments.
TCIA was employed to assess the therapeutic potential
of targeting PD-1 and CTLA-4 in the new model.
Additionally, the analysis focused on evaluating the role
of immune checkpoint inhibitory genes in therapy. Finally,
the functional changes in immune cells during tumor
progression were examined.

Single-cell sequencing data processing

Single-cell datasets were processed by loading the raw
data and constructing Seurat objects for quality control at
the single-cell level. Cells with insufficient RNA content
or disproportionately high mitochondrial gene expression
were excluded from subsequent analyses. Following this,
normalization of the data and correction for batch effects
were performed using Seurat. Highly variable genes were
identified, and dimensionality reduction was achieved
through principal component analysis (PCA). The resulting
embeddings were visualized using UMAP. Cell types were
annotated based on differential gene expression analysis
and known marker genes. Cell trajectory analysis aims to
reveal the temporal progression of cell state changes. To
accomplish this, the Monocle3 package applies a time-
series approach that includes preprocessing steps such as
batch effect removal and data normalization. Topological
relationships among cells can be inferred by reducing
dimensionality using highly variable genes or gene sets
associated with developmental processes via UMAP.
Trajectories are constructed in Monocle3 by leveraging
nearest-neighbor graphs within UMAP space. Determining
the root node of the trajectory is an essential step, which can
be achieved either by identifying early-stage cell markers or
by employing algorithms based on transcriptome entropy.
After pseudotime values are computed, branch-specific
genes are detected using a branching expression analysis
model. The expression patterns of key genes along the
trajectory can be displayed using heatmaps or violin plots
[28-30].

Clinical validation

We collected clinical samples from patients with TNBC
to validate the expression of target genes and perform
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Fig.4 Analysis of tumor microenvironment infiltration in TNBC
patients. A, B The CIBERSORT algorithm identified a higher pro-
portion of CD8 +T cells and M2-type macrophages in the CD300LG
high-expression group compared to the low-expression group. C, D
ssGSEA enrichment analysis indicated an increased abundance of
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Fig.5 Immunotherapy Prediction Analysis. A Application of the
TIDE tool to predict the therapeutic potential of CD300LG in TNBC
patients. B Use of the Tumor Immune Estimation Resource (TIMER)
tool to evaluate the therapeutic value of PD-1 and CTLA4 in relation

to CD300LG expression in TNBC patients. C Differences in immune
cell function between high and low CD300LG expression groups. D
Correlation between CD300LG expression and immune checkpoint
inhibitor genes
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Fig.6 Single-cell analysis of CD300LG in TNBC. A Gene marker
plot for cell type annotation in single-cell RNA sequencing data anal-
ysis. B Dimensionality reduction clustering of single-cell sequencing

phenotypic characterization using immunofluorescence
assays. In the present investigation, immunofluorescence
staining was utilized to evaluate the expression and locali-
zation of target proteins within tissue samples. Specimens
were fixed via perfusion with 4% paraformaldehyde, sub-
sequently dehydrated in a series of sucrose solutions (10%,
20%, and 30%, each for 24 h), embedded in OCT compound,
and stored at -80 °C until further processing. Cryostat
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Sects. (5 pm thick) were prepared at -20 °C, adhered onto
poly-L-lysine-coated slides, and dried at room temperature
for 2 h prior to experimental procedures. Prior to staining,
the sections were rinsed three times with PBS (pH 7.4; 5 min
per wash) to eliminate residual embedding material. Anti-
gen retrieval was achieved by heating the sections in 10 mM
sodium citrate buffer (pH 6.0) at 95 °C for 15 min, followed
by cooling to room temperature. Endogenous peroxidase
activity was inhibited by incubation in a solution of 3% H,0,
in methanol for 10 min. To reduce non-specific binding, the
sections were treated with a blocking solution consisting of
5% donkey serum and 1% BSA in PBS for 1 h at room tem-
perature. Primary antibodies, diluted to their optimal con-
centrations based on preliminary experiments (e.g., anti-XX
monoclonal antibody at 1:200), were applied and incubated
overnight (16-18 h) at 4 °C in a humidified environment. On
the subsequent day, after extensive washing with PBS (three
times for 10 min each), fluorescently conjugated secondary
antibodies specific to the respective species were added and
incubated for 1.5 h at room temperature in the dark. Nuclei
were stained with DAPI (1 pg/mL) for 5 min, followed by
a PBS rinse. Finally, the sections were mounted with an
anti-fade medium to maintain fluorescence integrity. All
participants provided written informed consent. This study
was approved by the Ethics Committee of the First Affiliated
Hospital of Anhui Medical University (R 2024-007).

Statistical analysis

To examine the differences between the two groups, the
Wilcoxon rank sum test was utilized. For prognostic analysis,
the Kaplan—Meier method combined with the log-rank test
was employed. All statistical assessments were conducted
using R software (version 4.1.2; accessible at https://www.r-
project.org/) [31-35]. Statistical significance was defined as
a two-tailed P value less than 0.05.

Results

Machine learning algorithm screens CD300LG
as a key target for TNBC

We conducted variance analysis to compare TNBC and
paracancerous tissues in the TCGA database, identifying a
total of 4,369 differentially expressed genes with llog2(fold
change)l> 1 and a false discovery rate (FDR) < 0.05. These
4,369 genes were then analyzed using four machine learning
algorithms: SVM, GBM, Random Forest, and XGBoost, to
screen for key targets associated with TNBC. After inter-
secting the results from all four algorithms, CD300LG was
consistently ranked among the top ten genes (Fig. 1).

@ Springer

CD300LG as a prognostic factor associated
with adverse outcomes in TNBC

We examined the predictive importance of CD300LG in
patients with triple-negative breast cancer. Our findings
indicated that the expression of CD300LG was substan-
tially reduced in TNBC tissues. Additionally, the expression
levels of CD300LG decreased gradually as the tumor stage
progressed. The survival analysis revealed that individu-
als with lower CD300LG expression tended to have worse
outcomes compared to those with higher expression levels.
This conclusion was corroborated by an independent dataset
(GSE58812), which similarly indicated that patients exhibit-
ing elevated CD300LG expression had improved survival
rates (Fig. 2).

CD300LG was implicated in cell cycle regulation
and inflammatory response pathways

CD300LG was categorized into two groups based on its
expression levels, and differential analysis was conducted.
Subsequently, differential gene expression and enrichment
analyses were performed. GO and KEGG enrichment anal-
yses indicated that CD300LG is associated with the cell
cycle, extracellular matrix organization, and inflammatory
response pathways. GSVA enrichment analysis highlighted
a strong association between CD300LG and tumor invasion.
GSEA enrichment analysis revealed that the differentially
expressed genes were predominantly enriched in the G2/M
checkpoint signaling pathway and the IL-2 signaling path-
way (Fig. 3).

CD300LG affected immune cell infiltration

The analysis of the CIBERSORT algorithm demonstrated
that the infiltration levels of CD8* T cells and M1-type
macrophages were notably elevated in the group with high
CD300LG expression compared to the low-expression
group. In contrast, M2-type macrophage infiltration was
more significant in the low-expression cohort. Accord-
ing to the ssGSEA algorithm, the high-expression group
exhibited increased levels of activated B cells, activated
CDS8™ T cells, activated dendritic cells, central memory
CD4* T cells, central memory CD8* T cells, and mac-
rophages. Furthermore, the assessment method revealed
greater immune scores and tumor purity scores in the high
CD300LG expression group. On the other hand, mesen-
chymal and overall scores were observed to be higher in
the low CD300LG expression group (Fig. 4).
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Fig.8 The experiment confirmed that CD300LG participated in
TNBC invasion. A The expression levels and locations of CD300LG
and invasion genes were verified by immunofluorescence assay. B, C
Fluorescence intensity relationship between CD300LG and COL1AL.

CD300LG influences the efficacy of immunotherapy
in patients with TNBC

TIDE analysis demonstrated that the scores were elevated
in the CD300LG low-expression group relative to the high-
expression group, implying reduced effectiveness of immu-
notherapy for individuals with lower CD300LG expression.
According to TCGA data, patients within the CD300LG
high-expression group were more likely to respond favora-
bly to CTLA-4 therapy, whereas those in the low-expression
group exhibited improved outcomes following PD-1 treat-
ment. In line with these findings, the expression levels of
functional genes in immune cells were markedly greater
in the CD300LG high-expression group compared to the
low-expression group. Furthermore, a negative association
was identified between CD300LG expression and various
immune checkpoint inhibitory genes (Fig. 5).

D Schematic diagram of CD300LG’s influence on TNBC invasion.
(DAPI: a marker for nucleus. CD31: a marker for endothelial cells.
COL1AI: a gene associated with invasion.)

CD300LG was predominantly expressed
in tumor-associated endothelial cells

Single-cell sequencing data from nine triple-negative breast
cancers were quality-controlled and integrated, resulting in a
dataset comprising 19,324 genes and 21,064 cells for subse-
quent analysis (Fig. 6). CD300LG was found to be predomi-
nantly expressed in triple-negative breast cancers, particu-
larly in association with tumor-associated endothelial cells,
guiding the focus of our study. We conducted GSVA enrich-
ment analysis across various cell types, which corroborated
the transcriptome data analysis results, revealing that tumor-
associated endothelial cells exhibited the highest correlation
with tumor invasion. Cell differentiation trajectory analysis
demonstrated a progressive increase in the expression of
invasion-related genes in tumor-associated endothelial cells
as they differentiated. Additionally, intercellular communi-
cation patterns differed significantly between the CD300LG
high-expression group and the CD300LG low-expression
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group, as well as between M1 and M2-type macrophages
(Fig. 7).

Experimental validation

The fluorescence intensity of CD300LG exhibited a signifi-
cant negative correlation with that of COL1A1. Addition-
ally, the expression patterns of CD300LG and CD31 were
highly coincident. Our study demonstrated that CD300LG is
predominantly expressed in endothelial cells and plays a role
in influencing the invasive characteristics of TNBC (Fig. 8).

Discussion

TNBC is a highly aggressive form of breast cancer defined
by the lack of expression of estrogen receptor, progesterone
receptor, and human epidermal growth factor receptor 2
[36, 37]. Presently, the main therapy for TNBC involves
chemotherapeutic drugs like paclitaxel and anthracyclines.
However, these agents demonstrate restricted effectiveness
and a significant tendency toward drug resistance [38]. In
the past few years, immune checkpoint blockers, especially
those targeting PD-1/PD-L1, have shown a degree of
efficacy in specific patients with TNBC. Nevertheless, the
percentage of individuals who benefit remains relatively low
[39, 40]. Additionally, PARP inhibitors have shown promise
in patients with BRCA mutations, but their applicability is
restricted [41]. Overall, therapeutic options for TNBC are
limited, lacking specific targeted therapies and resulting in
poor patient outcomes [42, 43]. Current treatment strategies
face significant challenges, including chemoresistance, low
response rates to immunotherapy, and narrow applicability
of targeted therapies [44]. An urgent requirement exists for
the discovery of novel therapeutic targets and the creation
of personalized treatment strategies [45].

Machine learning offers substantial advantages in
medical research by efficiently processing large-scale, high-
dimensional biomedical data [46, 47]. Through algorithmic
models, it can identify potential biomarkers and therapeutic
targets, thereby enhancing the accuracy of disease prediction
and diagnosis [48]. Its capabilities in automated feature
selection and pattern recognition offer novel insights into
the molecular mechanisms of complex diseases. Single-cell
technology, meanwhile, elucidates cellular heterogeneity at
single-cell resolution, providing precise characterization of
the tumor microenvironment, immune cell subpopulations,
and their interactions [49]. This technology reveals
unprecedented detail for disease mechanism research
[50]. The integration of machine learning with single-cell
technology enables a more comprehensive analysis of
disease molecular characteristics, facilitating the discovery
of new therapeutic targets and advancing precision medicine

@ Springer

[51]. This multidisciplinary approach provides robust
technical support for disease diagnosis, treatment, and drug
development [52].

CD300LG influences the activation of immune cells
by interacting with its receptors, such as CD300a and
CD300c. Studies have shown that in sepsis models, reduced
expression of CD300LG intensifies systemic inflammation,
leading to increased vascular permeability and multi-organ
dysfunction [53]. Additionally, in atherosclerosis, CD300LG
suppresses macrophage inflammatory polarization,
specifically by decreasing M1-type pro-inflammatory
macrophages, which helps slow down plaque progression
[54]. This highlights its potential as a therapeutic target for
combating atherosclerosis. Furthermore, CD300LG exhibits
abnormal expression patterns in tumor-associated vascular
endothelial cells, potentially affecting tumor immune
evasion pathways. For example, in melanoma and colorectal
cancer, lower levels of CD300LG are associated with
irregular tumor vascular growth and an immunosuppressive
microenvironment [55]. At a mechanistic level, CD300LG
may regulate anti-tumor immunity by altering interactions
between endothelial cells and immune cells, such as by
inhibiting the recruitment of Treg cells [56]. In certain
cancers, such as breast cancer, higher CD300LG expression
correlates with improved patient outcomes, suggesting its
utility as a prognostic biomarker or a novel immunotherapy
target [57, 58]. These findings underscore the multifaceted
role of CD300LG in immune regulation and its implications
in various diseases.

In the past few years, the integration of machine learning
and single-cell technology into breast-related disease studies
has led to substantial advancements. This approach provides
fresh insights and techniques for exploring the molecular
processes, as well as the diagnosis and therapy of breast
cancer. For instance, Wang et al. utilized Random Forest and
Support Vector Machine algorithms to analyze breast cancer
transcriptome data, successfully distinguishing between
different subtypes and predicting patient prognosis [59].
Additionally, Zhang et al. demonstrated that the XGBoost
algorithm could more accurately predict breast cancer
recurrence risk when integrating multi-omics data [60]. Wu
et al. identified tumor-associated fibroblasts and immune cell
subpopulations via single-cell analysis, revealing their roles
in tumor progression [61]. Another study utilized single-
cell technology to identify a subpopulation of drug-resistant
cells in triple-negative breast cancer, offering novel insights
into overcoming chemotherapy resistance [62]. Liu et al.
integrated single-cell transcriptomic data with deep learning
models to uncover key genes associated with immune escape
in TNBC [63]. Similarly, Chen et al. applied single-cell
technology and machine learning algorithms to discover
specific markers for breast cancer stem cells [64]. Another
study identified gene networks linked to chemotherapy
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sensitivity and resistance via single-cell analysis, providing
a foundation for personalized treatment strategies [65].

Our study identified CD300LG as a converging gene
in the results of four machine learning algorithms.
Further analysis demonstrated that CD300LG expression
was significantly reduced in TNBC and progressively
decreased with advancing tumor stages. Functional
enrichment analysis indicated that CD300LG influences
the cell cycle and modulates immune responses within
the tumor microenvironment. Single-cell analysis showed
that CD300LG is primarily present in tumor-associated
endothelial cells. Furthermore, significant variations were
observed in the interaction patterns between the high- and
low-expression groups of CD300LG with M1 and M2
macrophages.

Our research is subject to certain limitations. First,
we did not examine the impact of CD300LG on the cell
cycle at the cellular level. Second, we failed to develop
an animal model to analyze the role of CD300LG within
the tumor microenvironment. Lastly, we did not delve into
the molecular mechanisms that govern the function of
CD300LG.

In summary, CD300LG was pinpointed using machine
learning as a key factor affecting prognosis and the tumor
immune microenvironment in triple-negative breast cancer.
This molecule is expected to become a promising therapeutic
target for this specific type of breast cancer.
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