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Abstract 

Background  It is worthwhile to establish a prognostic prediction model based on microenvironment cells (MCs) 
infiltration and explore new treatment strategies for triple-negative breast cancer (TNBC).

Methods  The xCell algorithm was used to quantify the cellular components of the TNBC microenvironment based 
on bulk RNA sequencing (bulk RNA-seq) data. The MCs index (MCI) was constructed using the least absolute shrink-
age and selection operator Cox (LASSO-Cox) regression analysis. Single-cell RNA sequencing (scRNA-seq), spatially 
resolved transcriptomics (SRT), and multiplex immunofluorescence (mIF) staining analyses verified MCI. The mecha-
nism of action of the MCI was investigated in tumor-bearing mice.

Results  MCI consists of the six types of MCs, which can precisely predict the prognosis of the TNBC patients. scRNA-
seq, SRT, and mIF analyses verified the existence and proportions of these cells. Furthermore, combined with the spa-
tial distribution characteristics of the six types of MCs, an MCI-enhanced (MCI-e) model was constructed, which could 
predict the prognosis of the TNBC patients more accurately. More importantly, inhibition of the insulin signaling path-
way activated in the cancer cells of the MCIhigh the TNBC patients significantly prolonged the survival time of tumor-
bearing mice.

Conclusions  Overall, our results demonstrate that MCs infiltration can be exploited as a novel indicator for the prog-
nosis and therapeutic regimen selection of the TNBC patients.
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Background
Triple-negative breast cancer (TNBC) is the most aggres-
sive subtype of breast cancer (BC). TNBC is character-
ized by negative expression of the estrogen receptor 
(ER), progesterone receptor (PR), and human epidermal 
growth factor receptor 2 (Her-2) [1]. TNBC has a high 
incidence of metastasis and distant recurrence, lacks spe-
cific targets, and is prone to drug resistance [2], which is 
closely related to the unique tumor microenvironment 
(TME), which is different from other subtypes. The TME 
is a complex environment that tumor cells rely on for 
survival and development and consists mainly of tumor 
cells, stromal cells and tissues, the microvasculature, and 
various chemokines. The presence of the TME enhances 
the proliferation, invasion, metastasis, and ability of 
tumor cells to escape the immune system, thus hinder-
ing the antitumor response of TNBC [3–5].Treg infil-
tration in the TNBC microenvironment is significantly 
greater than that in other BC subtypes, which inhibits 
an excessive immune response through the secretion of 
specific cytokines, suggesting that TNBC cells escape the 
immune system [5, 6]. M1 macrophages in tumor-associ-
ated macrophages (TAMs) can kill tumors, whereas M2 
macrophages can promote tumor growth and metasta-
sis through the secretion of chemokines or growth fac-
tors and are considered important prognostic factors for 
cancers [4, 7]. TILs are highly infiltrative in TNBC and 
are associated with prognosis, with CD4+T helper cells 
and CD8+cytotoxic T cells also playing critical roles in 
immune defense [3, 7–14]. Similarly, differences in the 
proportions of non-TILs, such as resting natural killer 
cells, neutrophils, and macrophages, may be related to 
differences in cancer prognosis [15].

TME structure may be able to predict cancer subtypes 
even more accurately than tumor genomic features [16]. 
However, there has been no systematic investigation into 
the associations between the overall profile of cell infil-
tration in the TME and the clinical outcomes of TNBC, 
lung cancer, and glioblastoma (GBM) patients [17]. 
Therefore, by analyzing the unique categories and sub-
types of the TME, we can comprehensively understand 
the characteristics of cell infiltration in the TME of can-
cer patients, improve the ability to predict and control 
immune responses and uncover new therapeutic targets 
[18].

In this study, the xCell algorithm was used to evalu-
ate MCs infiltration in the above three cancers based 
on bulk RNA sequencing (bulk RNA-seq) data and MCI 
for predicting their prognosis was proposed. The MCI 
model was subsequently used to verify the feasibility of 
the prediction model via single-cell RNA sequencing 
(scRNA-seq), spatially resolved transcriptomics (SRT), 
and multiplex immunofluorescence (mIF) staining. 

Furthermore, MCI was optimized in combination with 
the spatial distribution characteristics of the six types of 
MCs, and on this basis, a new TNBC intervention strat-
egy targeting the insulin signaling pathway was tested.

Methods
Data source
The bluk RNA-seq cohorts for TNBC (GSE1456, 
GSE2603, GSE2990, GSE7390, GSE25055, GSE25065, 
GSE58812, GSE86166 and GSE53752) and GBM 
(GSE83300, GSE74187, GSE212067 and GSE13041) were 
obtained from the Gene Expression Omnibus (GEO) 
database (http://​www.​ncbi.​nlm.​nih.​gov/​geo/). The other 
bluk RNA-seq cohorts for TNBC (brca-tcga, brca-tcga-
pub2015, and brca-METABRIC) were from the cBio-
Portal website (http://​www.​cbiop​ortal.​org/​index.​do) 
[19]. The bluk RNA-seq cohorts for lung cancer (called 
TCGA-LUNG), GBM (called TCGA-GBM), 22 TNBC 
cell lines, and the immortalized epithelial cell line HMEL 
(RRID: CVCL_IZ34) in the Cancer Cell Line Encyclo-
pedia (CCLE) database were from UCSC Xena (http://​
xena.​ucsc.​edu/). The cell line details were obtained 
from  ExPASy (https://​www.​ExPASy.​org). All bluk RNA-
seq cohorts were accessible and included patient overall 
survival (OS) data [20]. Only the TNBC samples were 
subjected to subsequent analysis for the TNBC cohorts 
[21].

The scRNA-seq cohorts for TNBC (GSE118390, 
GSE75688, GES176078, and GSE161529) were also 
from the GEO database. GSE118390, GSE75688, and 
GES176078 contained 6, 5 and 10 TNBC samples, 
respectively. The SRT cohort for TNBC (called CID4465, 
CID4497, 1160920F and 114243F) was obtained from the 
Single-cell Portal database (https://​singl​ecell.​broad​insti​
tute.​org/​single_​cell/​study/).

Preprocessing of the bluk RNA‑seq cohorts
The expression values from various batches or platforms 
were normalized via the removed batch effect function 
from the "limma" R package. The bluk RNA-seq cohorts 
of the eleven the TNBC patients and five GBM patients 
were combined. To determine if the batch impact was 
abolished, principal component analysis (PCA) was 
employed [22].

The eleven bluk RNA-seq cohorts for TNBC were inte-
grated into a combined cohort called allTNBC (n = 940) 
after removing batch effects [23]. Then allTNBC was 
divided into a training cohort called trainTNBC (n = 403), 
and two validation cohorts, called testTNBC1 (n = 277) 
and testTNBC2 (n = 260) were created via 3:2:2 strati-
fied sampling with fivefold cross-validation [24, 25]. The 
five GBM cohorts were also integrated into a combined 
cohort (called allGBM, n = 377).

http://www.ncbi.nlm.nih.gov/geo/
http://www.cbioportal.org/index.do
http://xena.ucsc.edu/
http://xena.ucsc.edu/
https://www.ExPASy.org
https://singlecell.broadinstitute.org/single_cell/study/
https://singlecell.broadinstitute.org/single_cell/study/
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Estimation of cell infiltration
The xCell algorithm was used to examine the degree of 
infiltration of 64 immune and stromal cell types. The 
"xCell" R package (https://​github.​com/​dvira​ran/​xCell) 
was used to implement the xCell algorithm to deter-
mine the proportions of 64 immune cells [26].

Constitution of the MCI
To identify features, LASSO-Cox regression analysis 
was carried out via the "glmnet" R package [27]. The 
MCI was calculated based on the relative cell abun-
dance, and the formula was as follows:
MCI =

∑

n

i=1
(cell i* Coei) (where n is the number of 

signature cells, celli indicates the relative abundance 
of each cell, and Coei indicates the corresponding Cox 
regression coefficient) [27].

Analysis of the TNBC scRNA‑seq cohort
Three scRNA-seq cohorts were integrated (called the 
allTNBCsc cohort, n = 21) to perform downstream 
analysis. The standard protocol of the "Seurat" R pack-
age is a very well-established workflow for analyzing 
scRNA-seq data. The integration step was additionally 
performed with the "Harmony" R package and used to 
preprocess the data and reduce batch effects, as these 
two methods are superior to other integration proto-
cols. Otherwise, the default settings were used for each 
method. The clustering results were visualized via the 
t-SNE algorithm.

Analysis of the TNBC SRT cohort
The "Seurat" and "SPATA" R packages were used for 
basic analysis and visualization. Initially, several stand-
ard statistical analyses were carried out for the gene 
spot matrices. The data were subsequently subjected to 
basic quality control. Spots with abnormally low nUMI 
or nGene values were specifically eliminated. The mito-
chondrial and ribosomal genes were filtered. To find 
2000 highly variable genes based on their expression 
means and variances, the expression matrices were fur-
ther normalized, log transformed, centered, and scaled. 
The spots were then projected into a low-dimensional 
space that was determined by the first 30 main com-
ponents (PCs) via PCA. Finally, the matrices were sub-
jected to visualization analysis via the TSNE algorithm.

Cosine similarity measurement
Cosine similarity calculates the cosine angle between 
two cohorts to determine their degree of similarity. Its 
basic calculation formula is as follows:

cosθ =

∑

n

i=1
(Ai × Bi)

√

∑

n

i=1
(Ai)

2 ×

√

∑

n

i=1
(Bi)

2

=
A · B

|A| × |B|  
Here, Ai and Bi represent the components of cohorts 

A and B, respectively. The cosine function’s output falls 
between −  1 and 1, meaning that the range of the two 
cohorts’ cosine similarity is [−  1, 1]. The two cohorts 
coincide and have a similarity of 1 when the angle 
between them is 0°. The two cohorts are point in oppos-
ing directions, and the similarity is − 1 when the included 
angle is 180°. The cosine similarity was calculated via 
“numpy” in Python.

Functional enrichment analysis
For the differentially expressed genes (DEGs) between 
the MCIhigh and MCIlow groups, Kyoto Encyclopedia of 
Genes and Genomes (KEGG) pathway analysis were per-
formed via the "clusterProfiler" R package. The "limma" R 
package was used to identify the DEGs identified via bulk 
RNA-seq and CCLE gene expression data. The "Seurat" R 
package’s FindMarkers function was used to identify the 
DEGs in the scRNA-seq and SRT cohorts. Only the tran-
scripts with log2FC ≥  ± 1 and P ≤ 0.05 were considered 
as DEGs. P < 0.05 for KEGG pathways was considered 
significant [28]. Bayesian network plots for enrichment 
analysis were created via the "CBNplot" R package [29].

mIF staining [30–32]
Two TNBC tissue microarrays (TMAs) were obtained 
from Superbiotek ZhuoHao (Shanghai, China) and 
included 90 TNBC tissue samples and 70 non-TNBC 
tissue samples (BRC601-1 and BRC601-2). Research 
has focused mainly on TNBC tissue samples. The clin-
icopathological parameters included patient age and 
sex, tumor grade and stage, and survival time and status 
(Table S9). After filtering out TNBC tissues that were lost 
during the mIF preparation process and had a total cell 
count of less than 1000, 65 TNBC tissues remained for 
analysis. TMA was performed via two antibody panels. 
Panel 1 (six-marker panel) contained antibodies against 
CD38 (Abcam, ab108403, EPR4106), CD34 (Abcam, 
ab81289, EP373Y), CD45RA (Abcam, ab755, 4KB5), 
CD27 (Abcam, ab131254, EPR8569), and CD19 (Abcam, 
ab134114, EPR59069). Panel 2 (seven-marker panel) con-
tains antibodies against CD3 (Abcam, ab16669, SP7), 
IL4 (Abcam, ab239508, C1), CD64 (Abcam, ab140779, 
OTI3D3), CD11c (CST, 45,581, D3V1E), CD4 (Abcam, 
ab133616, EPR6855), and CD8 (Abcam, ab101500, 
SP16). The TMA was heated, dewaxed with xylene, and 
rehydrated in graded alcohol (5  min of 100% ethanol, 2 
times; 5 min of 95% ethanol; 5 min of 90% ethanol; 5 min 
of 80% ethanol; 5 min of 70% ethanol; 5 min of ddH2O). 
The TMA slides were then sectioned in a microwave 

https://github.com/dviraran/xCell
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(45  s at 100% power, 5  min at 20% power) in antigen 
retrieval buffer (50 × concentrated solution (TGCFR5L) 
diluted with ddH2O). Hydrogen peroxide (3%) was used 
to remove endogenous peroxidase after the TMA was 
cooled to room temperature. Following 30 min of block-
ing with an antibody dilution at room temperature, the 
primary antibody was added, and the samples were incu-
bated for either 1–4 h at 37 °C or overnight at 4°C. As a 
secondary antibody, horseradish peroxidase was utilized 
for 30 min at room temperature. A tyramide signal ampli-
fication dye (Opal 7 Color Kit, PerkinElmer, Hopkinton, 
MA, USA) was applied after the TMAs had been cleaned. 
For the remaining antibodies, the aforementioned steps 
were repeated, and before performing another staining 
cycle, the antibodies were eliminated by microwave treat-
ment (45 s at 100% power, 5 min at 20% power). After-
ward, 4′,6-diamidino-2-phenylindole (DAPI) was used to 
stain each nucleus.

mIF quantitative analysis (phase I)
Images of mIF were captured via the TissueFAXS plat-
form. From the single-color slides, 65 complete TNBC 
tissue fields were imaged at 20 × magnification. For quan-
titative analysis of the six-marker panel, the entire tis-
sue area was acquired as a digital grayscale image in six 
channels (CD38-N530, CD34-N570, CD45RA-N620, 
CD27-N650, CD19-N700, and DAPI). For quantita-
tive analysis of the seven-marker panel, the entire tissue 
area was acquired as a digital grayscale image in seven 
channels (CD3-N480, IL4-N520, CD64-N570, CD11c-
N620, CD4-N650, CD19-N700, and DAPI). Strata-
Quest software was used to identify and quantify cells, 
and cutoff values were calculated in relation to positive 
controls. To distinguish and identify individual cells in 
the DAPI image, a nuclear segmentation method was 
used. Using the effective nucleus, the protein stain-
ing signal was identified based on the expression prop-
erties of different channel proteins. Depending on the 
fluorescence intensity and fluorescence area, a threshold 
value for the division of the positive cells was set. For 
the six-marker panel, GMPs (CD34+CD38+CD45RA+), 
MEPs (CD34+CD38+CD45RA−), and memory B cells 
(CD19+CD27+) were divided and quantified. For the 
seven-marker panel, γδT (CD3+CD4−CD8−), Th2 cells 
(CD3+CD4+IL-4+) and cDC (CD11c+CD64−) cells were 
divided and quantified. The number of the six types of 
MCs in each tissue site and the total number of cells were 
counted, and the percentages of the six types of MCs 
were calculated [33].

HE staining of the bulk tissue microarray
HE staining was performed after mIF imaging. The 
bulk tissue microarrays were washed twice in xylene for 

20  min, in 100%, 95%, 90%, 80%, and 70% ethanol for 
5 min, and washed in tap water for 10 min. HE staining 
was performed for 5 min and the samples were washed in 
tap water for 1 min. Alcohol fractionation with 1% hydro-
chloric acid was performed for 30 s (s), the samples were 
washed with tap water for 1  min, washed with PBS for 
30 s to obtain a blue color, and washed with tap water for 
1 min. Eosin staining was performed for 2 min, and the 
sections were washed with tap water for 3 min. To make 
the sections transparent, alcohol dehydration and xylene 
treatment were used. Imaging was performed via a digital 
pathology section scanner (KFBIO, KF-PRO-120) after 
neutral gum sealing.

mIF quantitative analysis (phase II)
To investigate the spatial distribution characteristics of 
the six types of MCs in the TNBC tissues, two patholo-
gists combined HE (Fig. 6a) and mIF (Fig. 6b) to outline 
the special structures in the tumor tissues (Fig. 6c). The 
meaning of each abbreviation is listed in Table S6. Based 
on the HE interpretation, the regions of interest (ROIs) 
were delineated via StrataQuest software, and the results, 
including the number of cells, distance, and the average 
area, were calculated and output.

mIF quantitative analysis (phase III)
Image software was used to determine the characteris-
tics of the tissues and cells, including the number of cells 
(the total number of cells, the number of cells per tertiary 
lymphoid structure (TLS), and the total number of cells 
per TLS), the cell ratio (the ratio of the total number of 
cells of each type to the total number of cells, the ratio of 
the total number of cells in the TLS to the total number 
of cells and the ratio of each cell in the TLS to the total 
number of cells in the TLS), the distance (the average 
distance between each cell and the TLS and the average 
distance between each cell and the tumor focus), and the 
average area and number of TLSs (Table S6).

Constitution of the MCI model based on the topographical 
characteristics of cells in the TME
Considering the spatial relationships between the six 
types of MCs and TLSs and tumor tissue, we quantita-
tively analyzed the distance, infiltration number, density, 
and other parameters between the six types of MCs and 
TLSs and tumor tissue in the mIF and retrained the MCI 
model. First, we included all the quantitative parame-
ters and MCI data and used the LASSO-Cox regression 
model to select features to construct the MCI-e1 model. 
Second, the MCI parameters are constructed by the ratio 
of the six types of MCs,which have a strong correlation. 
When constructing a model, only one parameter needs 
to be accounted for. Therefore, after removing the MCI 
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parameters, we constructed the MCI-e2 model via the 
remaining parameters. Similarly, we retained the MCI, 
removed the ratio of the six types of MCs, and con-
structed the MCI-e3 model. The formula of the MCI-e 
was as follows:
MCI - e =

∑

n

i=1
(featurei* Coei)(where n is the number 

of features, featurei indicates the MCI and quantitative 
spatial features in the mIF cohort of each cell, and Coei 
indicates the corresponding Cox regression coefficient).

Survival analyses
The individuals were divided into high and low groups 
according to the best cutoff value according to the surv_
cutpoint function of the "survminer" R package. The 
"survival" R package was used for KM analysis. The time-
dependent ROC curve was used to evaluate the model via 
the "pROC" R package. Log-rank P values, hazard ratios 
(HRs), and 95% confidence intervals (CIs) were examined 
[34].

Animal model and dosage regimen
HNMPA was purchased from Target MOI (Shanghai, 
China, lot #159,969) and dissolved in 5% Tween-80 and 
95% ddH2O; DOX was obtained from Shenzhen Main 
Luck Pharmaceuticals, Inc. (China, 2204E3). All the mice 
were maintained in a temperature-controlled and path-
ogen-free environment with 12-h light/dark cycles and 
food and water ad  libitum. Fifty-six 8-week-old female 
NOD-SCID mice were obtained from Ensweier Biotech-
nology Co., Ltd. (China). The mice in the different groups 
(NC=13, DOX=13, HNMPA=15, Combination=15) 
were treated with the corresponding solutions twice a 
week for 1  week, and the mice were subjected to intra-
gastric administration and tail vein injection of saline or 
DOX once a month (Table  S8, Fig.  8a). Tumor size was 
measured and recorded five days after the first treat-
ment. The animals were sacrificed when they reached the 
endpoint or signs in accordance with the EU Directive 
63/2010 and our Ethics Committee advice. Animal tissue 
samples were fixed with 4% paraformaldehyde (PFA) for 
>48 hours, embedded in paraffin, embedded in paraffin 
and cut into 5 μm thick sections. The sections in immu-
nohistochemical were incubated with anti-Ki67 (CST,lot 
12202, 1:100) antibodies and stained via an Envision 

System (Dako, K3468). Whole-slide images were cap-
tured via a KF-PRO-120 digital slide scanner (KFBIO, 
Ningbo, China). IF staining sections were incubated with 
p-AKT, (BIOSS, BS-0876R, 1:100) p-ERK (BIOSS, BS-
2637R, 1:100), or anti-CD45 (Biolegend, 109837, 1:100) 
antibodies and were captured via Zessis. Image-Pro Plus 
V.6.0 software was used for quantitative analysis.

Statistical analysis
Statistical analysis was performed via R, Python, and 
GraphPad Prism software version 8.0. Data consistency 
was checked via cosine similarity. The Student’s t test 
(two-tailed) and Mann–Whitney U test were used to 
determine the significance of the difference between two 
groups of data. KM analysis was performed via the log-
rank test. Contingency table analysis was performed via 
the χ2 test. Univariate and multivariate survival analyses 
of variance for prognostic predictors were performed via 
Cox proportional hazards models, and comparisons were 
performed via the Mantel-Cox log-rank test. P < 0.05 was 
considered to indicate statistical significance.

Results
Using bulk RNA‑seq data to construct prognostic models 
based on MCs infiltration
We used the removeBatchEffect method to eliminate 
the batch effects in the eleven TNBC cohorts. Pre- (Fig-
ure S1a) and post-standardized (Figure S1b) data clearly 
revealed that the batch effect that arose on different plat-
forms was eliminated (Figure S1a, b).

Next, we used the xCell algorithm to calculate the cell 
fraction in the TNBC bulk RNA-seq cohorts (allTNBC, 
trainTNBC, testTNBC1, and testTNBC2) and revealed 
that the TNBC enriches immature dendritic cells, hemat-
opoietic stem cells (HSCs), mesenchymal stem cells 
(MSCs), and common lymphoid progenitor cells (CLPs), 
etc. (Fig.  1a). The relative abundances of the 64 types 
of MCs in the trainTNBC, testTNBC1, and testTNBC2 
cohorts were highly consistent (Figure S2a-c). MCs were 
subsequently applied to the LASSO-Cox regression 
model to construct a predictive model called MCI for OS 
in the trainTNBC cohort. The six types of MCs, including 
granulocyte–macrophage progenitor cells (GMPs), meg-
akaryocyte-erythroid progenitor cells (MEPs), memory B 

Fig. 1  Distribution, feature selection, and data consistency analysis of TME-infiltrating cells in TNBC. a Percentages of 64 types of MCs in the allTNBC 
cohort (n = 940). b LASSO-Cox regression model for feature selection via tenfold cross-validation in the trainTNBC cohort. c, Plots for LASSO-Cox 
regression coefficients over different values of the penalty parameter. d–g Percentages of the six types of MCs associated with MCI in the allTNBC 
(d), trainTNBC (n = 403) (e), testTNBC1 (n = 277), (f) and testTNBC2 (n = 260) (g) cohorts. h–j The cosine similarity algorithm was used to analyze 
the consistency of the proportions of the six types of MCs associated with MCI in trainTNBC (h), testTNBC1 (i), testTNBC2 (j), and allTNBC. The heights 
of the bar charts represent different proportions. The higher the ratio is, the stronger the consistency of the data

(See figure on next page.)
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Fig. 1  (See legend on previous page.)
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Fig. 2  Prediction of the prognosis of the TNBC patients by MCI. a-l, KM analysis of OS (a, d, g, j), 3-year survival (b, e, h, k) and 10-year survival (c, f, i, 
l) between the MCI groups in the trainTNBC (a–c), testTNBC1 (d–f), testTNBC2 (g–i), and allTNBC (j–l) cohort
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cells, gamma delta T (γδT) cells, type 2  T helper (Th2) 
cells and conventional dendritic cells (cDCs), were 
selected according to the partial likelihood deviance 
method, and the corresponding coefficients were gener-
ated at the optimal log λ of −3.19 (Fig. 1b, c). The relative 
abundances of these six types of MCs in the allTNBC, 
trainTNBC, testTNBC1, and testTNBC2 cohorts are 
shown in Fig. 1d–g. According to the results of the cosine 
similarity algorithm evaluation, the relative abundances 
of the six types of MCs in the trainTNBC, testTNBC1, 
and testTNBC2 cohorts were highly similar to those in 
the allTNBC cohort (Fig. 1h–j). In addition, the MCI of 
each sample was generated (Table  S1) with the formula 
MCI = GMPs × (−7.259) + MEPs × 2.383 + memory B 
cells × (−3.185) + γδT cells × (−  1.626) + Th2 cells × 0.87
9 + cDCs × (− 0.175). KM analysis revealed that the MCI 
was significantly correlated with the OS (P < 1.000 × 10–4, 
Fig.  2a), 3-year survival probability (P = 2.200 × 10–4, 
Fig. 2b), and 10-year survival probability (P < 1.000 × 10–4, 
Fig. 2c) of the TNBC patients in the trainTNBC cohort. 
The TNBC patients with an MCIhigh status had a poor 
prognosis. The area under the curve (AUCs) of the OS, 
3-year survival, and 10-year survival were 0.618, 0.653, 
and 0.612, respectively (Figure S1c), indicating that the 
MCI had high accuracy.

We used the testTNBC1, testTNBC2, and allTNBC 
cohorts for validation. The MCI performed well in these 
cohorts, which were divided into two groups, MCIhigh 
and MCIlow, with significant differences in prognosis 
and OS (Fig. 2d, g, j), and the 3-year survival probability 
(Fig. 2e, h, k), and 10-year survival probability (Fig. 2f, i, 
l) of the TNBC patients with MCIhigh were significantly 
shorter. The AUCs of the OS, 3-year survival, and 10-year 
survival also indicated that MCI had high accuracy (Fig-
ure S1d-f ). In addition, the AUCs for the MCI and the 
six types of MCs alone in the TNBC patients were 0.665 
(MCI), 0.595 (Th2 cells), 0.407 (cDCs), 0.552 (MEPs), 
0.490 (GMPs), 0.479 (γδT cells), and 0.480 (memory B 
cells) (Figure S1g). The MCI was more accurate in pre-
dicting the prognosis of the TNBC patients than the six 
types of MCs alone.

In the allTNBC, trainTNBC, testTNBC1, and 
testTNBC2 cohorts, contingency table analysis revealed 
that MCIhigh status was associated with high T stage, 

high N stage, and high AJCC stage in the TNBC patients 
(Table  S2). Univariate regression analysis revealed that 
MCIhigh was a risk factor for short OS in the TNBC 
patients (Table S3). Cox multivariate regression analysis 
revealed that MCIhigh was an independent predictor of 
short OS in the TNBC patients (Table S3).

Next, we compared MCI-based TNBC typing (MCIhigh 
and MCIlow) with TNBC molecular typing, including two 
basal-like (BL1 and BL2), an immunomodulatory (IM), 
a mesenchymal (M), a mesenchymal stem-like (MSL), 
and a luminal androgen receptor (LAR) subtype, intro-
duced by Lehmann/Pietenpol et  al. [35]. The results 
revealed that our two subtypes included all the subtypes 
of Lehmann’s classification and that patients with the IM 
subtype were mainly distributed in the MCIlow subtype 
(Figure S1h). Immune response-related genes are highly 
expressed in the IM subtype. In addition, Burstein et al. 
[36] performed a cluster analysis of the mRNA expres-
sion profiles of 198 TNBC samples and identified four 
different TNBC subtypes [36], including LAR, mesen-
chymal (MES), basal-like immunosuppressed (BLIS), and 
basal-like immune-activated (BLIA). Among them, BLIA 
has the best prognosis and BLIS has the worst progno-
sis. We compared the MCI typing system with those 
described by Burstein et  al. for TNBC molecular sub-
types [36]. The MCI subtype included all the subtypes of 
Burstein et al., and the BLIA subtype was mainly distrib-
uted in the MCIlow subtype (Figure S1i).

To evaluate whether this strategy for constructing MCI 
in the TNBC patients is applicable to other cancers, we 
explored the specificity of the MCI in non-TNBC, GBM, 
and lung patients.we analyzed the expression of the MCI 
in the GSE86166 dataset, which included non-TNBC 
patients, and found that MCI was significantly increased 
in the TNBC patients and that MCI was not statistically 
significant in predicting the prognosis of the non-TNBC 
patients (Figure S3a, b). Similarly, The MCI cannot 
be used to evaluate the prognosis of GBM patients in 
the TCGA-GBM dataset (Figure S3c). Although it has 
statistical significance for the prognosis of lung can-
cer patients, it is slightly less significant compared to 
MCILUNG, which was constructed from the lung cancer 
microenvironment itself in the TCGA-LUNG dataset 
(Figure S3d, g).

Fig. 3  Analysis of the distributions of the six types of MCs associated with MCI in the TNBC tissues using the allTNBCsc and SRT cohorts. a 
t-SNE maps of the six types of MCs in the allTNBCsc cohort. b Percentages of the six types of MCs associated with MCI in the allTNBCsc cohort. c 
Consistency of the proportions of the six types of MCs associated with MCI in the allTNBCsc, allTNBC, and trainTNBC cohorts. d–g Distributions 
of the six types of MCs associated with MCI in the SRT cohorts 114243f (d), 1160920f (e), CID4465 (f), and CID44971 (g). h Percentages of the six 
types of MCs associated with MCI in the allTNBCSRT cohort. i The consistency of the proportions of the six types of MCs associated with MCI 
in the allTNBCSRT, trainTNBC, and allTNBC cohorts

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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we then use the MCs of the lung and GBM to train 
their MCI in published lung cancer (TCGA-LUNG, 
n = 820) and combined GBM bulk RNA-seq cohorts 
(called allGBM, n = 377). The MCI of each sam-
ple was generated with the following formula: (1) 
MCILUNG = CD4+Tcm × (− 5.675) + Class-switched mem-
ory B cells × (− 3.663) + Eosinophils × (− 6.475) + Mesan-
gial cells × (8.266) + Th2 cells × (0.528) 
(Figure S3e). (2) MCIGBM = Class-switched memory 
B cells × (−  2.521) + HSC × (−  0.056) + Macrophages 
M1 × (0.089) + Mast cells × (−  0.193) + Preadipo-
cytes × (− 0.560) (Figure S3f ). KM analysis revealed that 
MCILUNG and MCIGBM were significantly correlated with 
OS in the TCGA-LUNG (P < 1 × 10–4, Figure S3g) and 
allGBM (P = 3.100 × 10–4, Figure S3h) cohorts and that 
patients with MCIhigh had a poor prognosis. The AUCs 
were 0.596 in both the TCGA-LUNG cohort and the 
allGBM cohort (Figure S3i, j). This finding indicated a 
favorable predictive value of the MCI. The above results 
revealed that the MCI has significant value in predicting 
the prognosis of the patients with TNBC and other solid 
tumors.

scRNA‑seq, SRT, and mIF staining data verified the MCs 
infiltration profile
We next sought to determine whether the six types of 
MCs associated with MCI actually exist in the TNBC 
tumor tissues.

We used the "Harmony" R package to integrate of 
three TNBC scRNA-seq cohorts (called allTNBCsc), and 
similar clusters of the six types of MCs were identified 
by the expression of marker genes determined in previ-
ous studies (Fig.  3a). t-Distributed stochastic neighbor 
embedding (tSNE) revealed that the six types of MCs 
associated with MCI actually existed in the TNBC tissues 
(Fig. 3a, b). Cosine similarity algorithm analysis revealed 
that the proportion distributions of the six types of MCs 
in the allTNBCsc cohort were highly similar to those in 
the allTNBC and trainTNBC cohorts (Fig.  3c). In addi-
tion, we used the scRNA-seq dataset GSE161529, which 
contains data from non-TNBC patients, to validate MCI 
and found that there were differences in the six types of 
MC cells and MCI between the TNBC and non-TNBC 

patients, especially those that were significantly enriched 
in the TNBC patients (Figure S4a, b).

To further verify the existence and quantitative propor-
tions of the six types of MCs associated with MCI in the 
TNBC tumor tissues, we analyzed the TNBC SRT cohort 
(CID44971, 114243F, CID4465, and 1160920F) published 
by Wu, S.Z. et al. [37]. By combining the determination 
of tumor tissue boundaries by pathologists (Figure S4c, f, 
i, l) and the marker genes of the six types of MCs (Figure 
S4d, g, j, m), different cell subsets in the TNBC tissue sec-
tions were identified (Fig. 3d–g, Figure S4e, h, k, n). The 
results revealed that the above six types of MCss of the 
MCI existed in the TNBC tissues (Fig. 3h). the six types 
of MCs in four SRT samples infiltrated the core area of 
the tumor to different extents (Fig. 3d–g). Specifically, the 
six types of MCs infiltrated the tumor tissue, especially 
γδT cells, Th2 cells, and memory B cells, and were dis-
tributed around the tumor cells in the CID4465 sample. 
The distance between the cells was very small, indicating 
that there might be an interaction between them and the 
tumor cells (Fig. 3e).

We combined the cell counts from four SRT cohorts 
to form the combined SRT cohort (called allTNBCSRT). 
Similarly, cosine similarity algorithm analysis indicated 
that the number and proportion distributions of these 
cells in the allTNBCSRT cohort were similar to those in 
the allTNBC and trainTNBC cohorts (Fig. 3i).

However, regardless of whether bulk RNA-seq, scRNA-
seq, or SRT was used, the above results were based on 
mRNA expression levels. Evidence at the protein expres-
sion level was needed further confirm the existence and 
quantitative proportions of the above six types of MCs 
of the MCI in the TNBC tumor tissues. Therefore, mIF 
staining was used to label the tissue microarray of the 
TNBC patients (called mIF cohort, n = 65) and anno-
tate the six types of MCs with related markers (Fig. 4a). 
The results revealed that the above six types of MCs of 
the MCI existed in the TNBC tissues (Fig.  4b). Simi-
larly, cosine similarity algorithm analysis revealed that 
the numbers and proportion distributions of these the 
six types of MCs in the mIF cohort were similar to those 
in the allTNBC and trainTNBC cohorts (Fig.  4c). More 
importantly, each patient’s MCI was generated via the 
relative abundance of MC from protein expression data, 

(See figure on next page.)
Fig. 4  Quantity, data consistency analysis, and prognostic significance of the six types of MCs in the TNBC tissues array samples. a The six types 
of MCs associated with MCI in the TNBC tissues in the mIF cohort (n = 65). GMPs, CD34+CD38+CD45RA+; MEPs, CD34+CD38+CD45RA−; memory 
B cells, CD19+CD27+; γδT cells, CD3+CD4−CD8−; Th2 cells, CD3+CD4+IL-4+; and cDCs, CD11c+CD64−. Representative images of nuclei stained 
with DAPI (blue) are shown. Scale bar = 5 μm. b Percentages of the six types of MCs associated with MCI in the mIF cohort. c The consistency 
of the proportions of the six types of MCs associated with MCI in the allTNBC, trainTNBC, and mIF cohorts. d OS comparison between patients 
with MCIhigh and MCIlow in the mIF cohort
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and 65 patients with TNBC were divided into MCIhigh 
and MCIlow group. Contingency table analysis revealed 
that MCIhigh status was associated with the high T stage, 
high N stage, and high AJCC stage in the TNBC patients 
(Table  S4). Univariate regression analysis revealed that 
MCIhigh was a risk factor for short OS in the TNBC 
patients (Table  S5). Further multivariate Cox regres-
sion analysis revealed that MCIhigh was an independ-
ent predictor of short OS in the TNBC patients [HR 
(95% CI) = 7.340 (1.787-30.144), P = 0.006] (Table  S5). 
KM analysis revealed that MCI was significantly corre-
lated with OS in the TNBC patients and that the TNBC 
patients with an MCIhigh status had a poor prognosis 
(P = 1.270 × 10–3, Fig. 4d).

The MCI combined with the spatial distribution 
characteristics of the six types of MCs can more accurately 
predicts the prognosis of the TNBC patients
In addition to relative abundance, it is important to fully 
analyze the spatial distribution characteristics of the six 
types of MCs associated with MCI. Therefore, we further 
analyzed the distribution of these cells in the TNBC tis-
sues in the mIF cohort (Fig. 5a–d). First, the phase rela-
tionship between these cells and the special structure of 
the TNBC tissues was observed. The six types of MCs 
were not distributed within or around necrotic areas 
(Fig. 5e, row 1) and fat (Fig. 5e, row 4; Figure S5a, b, row 
4) tissues. Many memory B cells were observed along the 
mammary duct wall (Fig.  5e, row 2; Figure S5a, row 3), 
and a small number of GMPs, MEPs, and γδT cells were 
found around these mammary ducts (Fig. 5e, row 2; Fig-
ure S5a, row 3). GMPs, MEPs, memory B cells, and γδT 
cells were observed around some blood vessels (Fig.  5e, 
row 3), but there were also some blood vessels without 
these cells (Figure S5a, b, row 1 and 2). Small numbers of 
MEPs, memory B cells, and Th2 cells were found in the 
breast lobules (Fig. 5e, row 5).

By drawing the region of interest (ROI) of the TLS and 
the adjacent tumor focus via hematoxylin–eosin (HE) 

staining (Fig. 6a, b), 53 features, including the cell num-
ber, cell ratio, cell distance, area, and TLS, as well as other 
related spatial distribution features, were detected in the 
mIF cohort (Fig. 6c, Table S6). The distance from the MC 
in the TLSs to the tumor focus was calculated (Fig. 6d). 
Combined with the MCI and on the basis of the above 
characteristics with patient age and AJCC stage, the 
LASSO-Cox regression model revealed that 21 prognos-
tic factors, including the cell count, cell ratio, cell-to-TLS 
distance, and TLS area, were significantly associated with 
the prognosis of the TNBC patients combined with MCI 
(Fig. 6e, f ). The MCI-e1 model was constructed as follows 
(see Table S6 for variable information):

MCI-e1 = n0 of A1 × (−  6.637 × 10–5) + n1 × (−  7.520 
× 10–2) + n0 of A2 × (−  7.241 × 10–5) + n4 × (6.833 × 10–3

) + n6 × (5.339 × 10–3) + R4 × (−  1.762 × 101) + R5 × (−  7.
370) + R6 × (−  5.452 × 101) + R2 × (1.755 × 101) + MCI × (
3.451 × 101) + Ax2 × (−  7.741 × 10–2) + Ax3 × (3.087 × 10
–2) + Ax4 × (4.618 × 10–2) + Ay5 × (−  3.591 × 10–2) + Ay6 
× (−  1.200 × 10–2) + N0 × (−  9.335 × 10–1) + r0 × (9.501 × 
101) + r3 × (1.090 × 102) + r6 × (−  1.994 × 10–2) + age × (4
.510 × 10–2) + AJCC × 1.910.

KM analysis revealed that the TNBC patients with 
MCI-e1high tumors had a poor prognosis (P < 1.000 × 10–4, 
Fig. 6g). The AUC of the MCI-e1 reached 0.908, indicat-
ing that the MCI-e1 model performed better than the 
MCI model (Fig. 6h).

Furthermore, since the MCI model is calculated 
based on the basis of the six MC type ratios, we deleted 
MCI features, analyzed the remaining 52 features, and 
screened 7 features for MCI-e2 model construction (Fig-
ure S6a). Similarly, MCI-e2 was significantly associated 
with the prognosis of the TNBC patients (P < 1.000 × 10–4, 
Figure S6b). Patients with MCI-e2high had a poor prog-
nosis, and the AUC of the model reached 0.934 (Figure 
S6e). The MCI-e2 model was calculated as follows (see 
Table S6 for variable information):

MCI-e2 = n0 of A1 × (−  3.449 × 10–7) + n1 × (−  5.721 
× 10–2) + n2 × (−  1.898 × 10–1) + n3 × (4.231 × 10–2) + n0 

Fig. 5  Spatial distribution of MCs in the TNBC tissues visualized in the mIF cohort. a–d Panoramic image of the tissue microarray chip after mIF 
staining. Representative images; the diameter of the tissue point = 1.5 mm. The expression of six markers in the TNBC tissues. CD38, green; CD34, 
yellow; CD45RA, red; CD27, purple; CD19, white; and DAPI, blue (a). Distributions of GMPs (CD34+CD38+CD45RA+, red), MEPs (CD34+CD38+CD45RA−, 
orange), and memory B cells (CD19+CD27+, green) in the TNBC tissues (b). The expression of seven markers in the TNBC tissues. CD3, green; IL4, 
yellow; CD64, red; CD11c, pink; CD4, purple; CD8, white; and DAPI, blue (c). Distributions of γδT (CD3+CD4−CD8−, yellow), Th2 cells (CD3+CD4+IL4+, 
pink), and cDCs (CD11C+CD64−, cyan) in the TNBC tissues (d). e, Spatial relationships between GMPs, MEPs, memory B cells, and the special 
structure of the TNBC tissues. Left column, representative images of typical structures from HE staining. Middle column, distribution of GMPs, MEPs, 
and memory B cells in the TNBC tissues; representative images of cell annotations derived from the mIF cohort. Right column, representative 
images of the six-marker panel and merged mIF staining of the TNBC tissues. f, Spatial relationships between γδT cells, Th2 cells and cDCs 
and the special structure of the TNBC tissues. Left column, representative images of typical structures from HE staining. Middle column, distributions 
of γδT cells, Th2 cells, and cDCs in the TNBC tissues; representative images of cell annotations derived from the mIF cohort. Right column, 
representative images of the seven-marker panel and merged mIF staining of the TNBC tissues

(See figure on next page.)
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of A2 × (−  1.392 × 10–4) + n4 × (4.944 × 10–3) + n5 × (2.9
27 × 10–1) + n6 × (5.635 × 10–2) + R4 × (−4.320 × 101) + R
5 × (−  8.377 × 102) + R6 × (−  7.437 × 102) + R2 × (2.022 × 

103) + R3 × (−  8.102 × 102) + Ax1 × (−  1.415 × 10–1) + Ax
2 × 

(−  5.427 × 10–1) + Ax3 × (2.841 × 10–1) + Ax4 × (1.585 
× 10–1) + Ax6 × (3.168 × 10–2) + N2ROI1 × (−  2.989) + A

Fig. 5  (See legend on previous page.)
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a × (−  4.786 × 10–5) + r0 of A1 × (7.760 × 101) + r3 × (5.4
47 × 102) + r4 × (5.959 × 102) + RA2 × (−2.408) + RA5 × (
− 2.186 × 102) + age × (6.103 × 10–2) + AJCC × 2.213.

Finally, we removed the six types of MCs ratios from 
the mIF cohort and retained the MCI features. A total 
of 47 features were analyzed, and 13 features were 
screened for the MCI-e3 model construction (Figure 
S6c). Similarly, we found that MCI-e3 was also sig-
nificantly associated with the prognosis of the TNBC 
patients (P < 1.000 × 10–4, Figure S6d). The prognosis 
of the patients with an MCI-e3high status was poor, and 
the AUC of the model reached 0.920 (Figure S6f ). The 
MCI-e3 model was calculated as follows (see Table S6 
for variable information):

MCI-e3 = n0 of A1 × (−  1.144 × 10–4) + n1 × (−  3.43
8 × 10–1) + n3 × (6.917 × 10–3) + n0 of A2 × (−  7.825 × 1
0–5) + n4 × (1.070 × 10–2) + n6 × (3.651 × 10–3) + MCI × 
(7.116 × 101) + Ax1 × (−  4.411 × 10–2) + Ax3 × (5.279 × 
10–2) + N2ROI1 × (−  2.574) + Aa × (−  7.561 × 10–6) + r0 
of A1 × (1.044 × 102) + r3 × (1.419 × 102) + r4 × (9.318 × 1
02) + RA4 × 1.285 + RA5 × (− 1.125 × 101) + RA6 × (− 9.8
60) + age × (5.501 × 10–2) + AJCC × 2.078.

Regardless of whether the MCI-e1, MCI-e2, or MCI-e3 
model was used, contingency table analysis revealed that 
an MCI-ehigh status was associated with a high T stage, 
high N stage, and high AJCC stage in the TNBC patients 
(Table  S4). Univariate regression analysis indicated that 
an MCI-ehigh status might be a risk factor for short OS 
in the TNBC patients (Table  S5). Further multivariate 
Cox regression analysis revealed that MCI-ehigh was an 
independent predictor of short OS in the TNBC patients 
[MCI-e1: HR (95% CI) = 128.032 (5.445–3010.264), 
P = 0.003; MCI-e2: HR (95% CI) = 845.899 (11.069–
64644.870), P = 0.002; MCI-e3: HR (95% CI) = 27.586 
(4.222–180.229), P = 0.001] (Table S5).

We defined the TNBC patients who died in the 
MCIhigh/MCI-ehigh group as true positive and the TNBC 
patients who died in the MCIlow/MCI-elow group as false 
negative. We also defined the TNBC patients who sur-
vived in the MCIhigh/MCI-ehigh group as false positive and 
the TNBC patients who survived in the MCIlow/MCI-
elow group as true positive. After calculation, we found 
MCI in the mIF cohort: positive predictive value = 4/

(4 + 3) × 100% = 57.14%, negative predictive value = 46/
(46 + 10) × 100% = 82.14%. MCI-e1 in the mIF cohort: 
positive predictive value = 12/(12 + 5) × 100% = 70.59%, 
negative predictive value = 44/(44 + 2) × 100% = 95.65%.

These results indicate that the MCI combined with 
the spatial distribution characteristics of the six types of 
MCs, which is called MCI-e, can more accurately predict 
the prognosis of the TNBC patients.

The insulin signaling pathway was significantly activated 
in tumor cells from the MCIhigh TNBC patients
The TME ultimately plays an important role in cancer 
progression and recurrence by regulating the phenotype 
of cancer cells. Therefore, we aimed to determine which 
key signaling pathways were activated in the cancer cells 
of the TNBC patients in the MCIhigh cohort to provide a 
reference for accurate targeted interventions.

First, we conducted enrichment analysis for the MCIhigh 
and MCIlow patients in the allTNBC, allTNBCsc, and SRT 
cohorts and found that a total of 140 common KEGG 
pathways were enriched in the cancer cells of the TNBC 
patients in the MCIhigh group (Fig.  7a). Next, network 
analysis based on the Bayesian algorithm was performed 
for the above 140 pathways, and the starting pathways of 
the Bayesian network were the insulin signaling pathways 
(Fig. 7b). After isolation of the TNBC cell gene expression 
profiling data of the allTNBCsc cohort, we found that the 
insulin signaling pathway was significantly activated in 
TNBC cells from the MCIhigh subtype patients (Fig. 7c). 
These findings suggest that the high activity of the insulin 
signaling pathway may be the molecular feature of TNBC 
cells in the MCIhigh patients. We subsequently analyzed 
the DEGs of 22 TNBC cell lines and the epithelial cell line 
HMEL in CCLE and conducted KEGG enrichment anal-
ysis. The first 50 pathways (P < 0.05) were selected from 
the enrichment pathways of the 22 TNBC cell lines. The 
insulin signaling pathway was enriched in eight cell lines 
(Table S7). The enriched pathways in these cell lines over-
lapped with 140 common pathways in all the allTNBC, 
scRNA-seq, and SRT cohorts. 47 pathways in the MDA-
MB-231 cell line had the highest overlap with the above 
140 pathways (Fig.  7d, e, Table  S7). The above results 
indicate that the MDA-MB-231 cell line can be used as 

(See figure on next page.)
Fig. 6  Construction of the MCI-e1 model and prediction of the prognosis of the TNBC patients. a TLSs (blue) and adjacent carcinoma nests 
(red) are outlined in the HE staining image; the diameter of the tissue point = 1.5 mm. b According to the results of (a), the TLSs (blue), 
and adjacent carcinoma nests (red) are outlined in the corresponding cell annotation image in the mIF cohort; the diameter of the tissue 
point = 1.5 mm. c Schematic diagram of TLS and carcinoma nest-related parameters. The meanings of each abbreviation are shown in Table S6. 
d Distribution of the distances from the six types of MCs to the tumor parenchyma and TLSs. e Features identified via LASSO-Cox analysis. f The 
distribution of LASSO-Cox coefficient profiles in cross-validation. g KM curve of the TNBC patients in the mIF cohort (n = 65) stratified by MCI-e1 
score. h Time-dependent ROC curve indicating the accuracy of the MCI-e1 in predicting the OS rate
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a tumor cell model for MCIhigh patients and that insulin 
signaling is a potential therapeutic target.

Inhibition of the insulin signaling pathway can prolonged 
the survival time of tumor‑bearing mice
To evaluate the therapeutic potential of targeting 
the insulin signaling pathway, we next investigated 
whether [hydroxy (2-naphthyl) methyl] phosphonic acid 
(HNMPA), an inhibitor of the insulin signaling pathway, 
can inhibit the development of subcutaneous TNBC 
xenografts in a mouse model (MDA-MB-231). The 
mice were divided into four groups: the negative con-
trol, HNMPA, doxorubicin (DOX), and DOX + HNMPA 
groups (Fig. 8a; details of the dosing regimens are shown 
in Table  S8). After 3 courses of treatment, no apparent 
weight loss was observed in any of the groups (Figure 
S7c). Compared with that in the negative control group, 
the growth of the xenografts in all the drug intervention 
groups was significantly inhibited(Figure S7a). HNMPA 
not only inhibited tumor growth but also increased the 
ability of a low dose of DOX to suppress the development 
of TNBC xenografts (Figure S7a). KM analysis revealed 
an OS advantage for the tumor-bearing mice that 
received continuous treatment with HNMPA alone com-
pared with the mice that received the positive and sol-
vent controls (Fig. 8b). The HE staining results revealed 
larger necrotic areas in the DOX, HNMPA, and com-
bination groups (Fig.  8d, Figure S7b, e, f ). Intriguingly, 
although immunodeficient NOD/SCID mice were used, 
abundant CD45-positive leukocytes and monocytes were 
present between BC tumor nests in the combination and 
HNMPA-treated groups (Fig. 8c–f). Specifically, obvious 
infiltration of immune cells, including macrophages, neu-
trophils, and lymphocytes, was observed in the tumor 
tissues of the HNMPA-treated group (Fig. 8c, Figure S7d, 
e). In addition, few resembling TLSs were observed in 
the HNMPA-treated group (Figure S7d). Similarly, the 
percentage of Ki67-positive cells in the DOX, HNMPA, 
and combination groups was significantly lower than 
that in the negative control group (Fig.  8g, Figure S7g), 
indicating that the proliferation capacity was inhibited in 
these three groups. In these three groups, the activation 

of signaling molecules downstream of the insulin sign-
aling pathway (p-AKT, p-ERK) was detected (Fig. 8h–j). 
IF analysis of insulin receptor (IR) protein expression in 
the MDA-MB-231 xenografts confirmed the attenuation 
of insulin signaling in the groups treated with the com-
bination of DOX and HNMPA compared with the nega-
tive control group tumors (Fig.  8h–j). These functional 
studies demonstrated that pharmacological inhibition of 
the insulin signaling pathway by HNMPA attenuated the 
growth of TNBC xenografts and prolonged the survival 
time of tumor-bearing mice, which may be related to the 
effect of HNMPA on lymphocyte recruitment.

Discussion
Many studies have documented close relationships 
between tumors and the TME that dynamically shape 
tumor growth and development through the control of 
the secretion of bioactive molecules that can facilitate 
angiogenesis and immune evasion. Different immune cell 
types within the TME can also influence tumor progres-
sion, especially in patients with confirmed TNBC [38].

In this study, we constructed an infiltration profile of 64 
types of MCs in TNBC, lung cancer and GBM tissues via 
the xCell algorithm in bulk RNA-seq data and proposed a 
novel prognostic model called MCI via the LASSO-Cox 
regression algorithm. The predictive ability of the model 
was rigorously validated in randomly selected validation 
and testing sets. Our analysis highlighted specific MCs, 
including GMPs, γδT cells, cDCs, and memory B cells, 
which exhibited protective characteristics. In contrast, 
MEPs and cDCs were identified as having negative impli-
cations. The six MCs collectively contribute to a robust 
predictive model that has emerged as a promising predic-
tor for the clinical prognosis of the TNBC patients.

The techniques for evaluating the TME include gene 
expression profiling, flow cytometry, and conventional 
immunohistochemistry (IHC). However, these meth-
ods still have limitations [39]. Gene expression profil-
ing can provide a comprehensive view of gene activity in 
tumor samples, including the gene expression patterns 
of immune cells and tumor cells. Bulk RNA-seq can be 

Fig. 7  Functional annotation of upregulated genes in cancer cells from the MCIhigh TNBC patients. a Venn diagram depicting the overlapping 
profile of activated KEGG pathways in the tumor cells from the patients with MCIhigh in the allTNBC, allTNBCsc, and SRT cohorts. b Bayesian 
network analysis of the pathways. The arrow direction shows the upstream or downstream relationship between pathways, and the arrow color 
from blue to red represents the correlation intensity between pathways from low to high. The dots represent the total number of genes enriched 
in the pathway and the larger the dot is, the greater the number of enriched genes. The dot color from red to purple indicates that the P value 
of the pathway is from small to large, and red represents a small P value. c Scatter plot showing the distribution of pathway-related gene sets 
according to the AUCell score. d Venn diagram depicting the overlapping profile of activated KEGG pathways in the cancer cells of the patients 
with MCIhigh in the allTNBC, allTNBCsc, and SRT cohorts and the MDA-MB-231 cell line in the CCLE database. e Enrichment of 47 common pathways 
in MDA-MB-231 cell line. The node color is based on the P value, and the node radius is determined based on the number of genes

(See figure on next page.)
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used to analyze the molecular spectra of tumors and stro-
mal cells, but capturing the heterogeneity of tumor cell 
populations and accurately depicting the complex struc-
ture of the TME is difficult. ScRNA-seq can capture rare 
cell types and reveal cellular heterogeneity in the TME, 
which limits the study of the connections between dif-
ferent cells. Although transcriptome and flow cytometry 
analyses can be used to analyze molecules and cells in 
the TME, in situ spatial information cannot be obtained. 
While in situ information can be obtained via IHC, more 
than three indicators cannot be obtained, and obtaining 
complete descriptions of the true characteristics of highly 
heterogeneous cancers is difficult [40]. Notably, the inter-
pretation of the results relies mainly on artificial qualita-
tive and semiquantitative methods, and there is a certain 
degree of subjectivity. Spatial transcriptome analysis 
can provide single-cell-level resolution to study the cell 
composition, cell state, and cell interaction network in 
cancerous tissues. In addition, mIF staining analysis can 
detect multiple biomarkers in a single tissue slice, pro-
viding a unique perspective on the content, distribution, 
and spatial relationships of various cells in the complex 
TME [41]. It has high accuracy in predicting the efficacy 
of tumor immunotherapy and can reveal the prognosis 
and predictive value of immune cell subsets. In this study, 
the number and spatial distribution of the TME in TNBC 
constituent cells were precisely determined via combi-
nation analysis of multilevel expression profile data. The 
MCI model based on patient bulk RNA-seq data was 
confirmed via scRNA-seq, tissue SRT, and mIF staining 
assays. Moreover, the combination of the MCI and topo-
graphical characteristics of these cells was more effective 
at predicting the prognosis in patients with TNBC. Per-
haps the most exciting of these findings is that inhibition 
of the insulin signaling pathway, which is significantly 
activated in the cancer cells of the TNBC patients with 
MCIhigh values, could prolonged the OS of tumor-bearing 
mice.

Previous studies have shown that of the six types 
of MCs associated with in the MCI, at least three are 
directly related to the prognosis of the TNBC patients: 

(1) γδT cells. Clinical investigations have shown that sig-
nificant γδT cell infiltration is an independent prognos-
tic factor and is associated with improved survival in the 
TNBC patients [17, 42, 43]. Furthermore, CAR-T cells 
constructed by genetically engineering γδT cells have 
been shown to effectively inhibit the growth of TNBC 
xenografts [44]; (2) Th2 cells. High infiltration of Th2 
cells in BC patients is associated with tumor metastasis 
and poor prognosis [45, 46]. In humanized mouse mod-
els, Th2 cells accelerate BC progression and promote lung 
metastasis [47]. However, the exact relationship between 
Th2 cell infiltration and TNBC prognosis is still unclear 
[48]; and (3) cDCs. Accumulating evidence suggests that 
high infiltration of cDC1s within tumors is associated 
with good prognosis in various cancer patients [49–51], 
including the TNBC patients [52], and that infiltration 
of cDC1s is an independent prognostic factor associated 
with DFS [52]. However, the relationship between the 
other three MCs and the prognosis of TBNC patients is 
unclear: (1) GMPs. Research on the relationship between 
GMPs and tumors has focused mainly on leukemia [53–
56]. Wu et  al. reported that the increase in the number 
of GMPs in the circulation of the patients with tumors 
greatly enriches and activates myeloid immune cells and 
induces the rapid formation of myeloid suppressor cells, 
thereby promoting the progression of solid tumors [57]. 
However, there are currently no studies reporting the 
effects of GMPs on the clinicopathological characteris-
tics, progression, treatment response, and prognosis of 
the TNBC patients; (2) MEPs. MEPs are progenitor cells 
in the bone marrow that are associated with tumor pro-
gression and poor prognosis [58–60]. Although MEPs 
can serve as biomarkers for predicting cancer treatment, 
their role and prognostic significance in TNBC are still 
unclear; and (3) Memory B cells. The presence of mem-
ory B cells in tumor tissue suggests the possibility of TILs 
[61, 62], which are positively correlated with better prog-
nosis and response to immunotherapy in several cancer 
types [61, 63, 64]. In TNBC, memory B-cell infiltration 
significantly correlates with improved patient survival 
[65], suggesting that memory B-cell infiltration may be 

(See figure on next page.)
Fig. 8  Inhibition of the insulin signaling pathway enhanced the immune response and prolonged the survival time of TNBC-bearing mice. a 
Schematic representation of the dosing regimen. b KM analysis showing the survival of the negative control (NC) (n = 6), DOX (n = 6), HNMPA (n = 7), 
and combination (DOX + HNMPA, n = 7) groups. The statistical significance of the differences between the four treatment groups was evaluated 
via the log-rank test. c HE staining; i, representative immune cell aggregation in HNMPA (2 mm, orange circle); ii, macrophages (50 µm, black arrow) 
and neutrophils (50 µm, yellow circle); iii, lymphocyte infiltration (50 µm, yellow arrow) in tumors (50 µm, red arrow); d HE staining, tumor necrosis 
(50 µm) and lymphocyte infiltration in the non-necrotic zone of tumors (50 µm, yellow arrow and green circle). e, f Expression level of CD45 (red) 
detected by immunofluorescence staining in the HNMPA-treated and combination-treated groups; n = 30 fields of view per group. g Expression 
level of Ki67 detected by IHC in the four groups (each group, n = 30 fields of view). h–j Activation of factors downstream of the insulin signaling 
pathway (2 µm). p-AKT (red), p-ERK (green), every group, n = 30 fields of view. The data are presented as the means ± s.t.d. Compared with those 
of the NC group, the statistical significance was determined via one-way ANOVA followed by Dunnett’s T3 multiple comparison test
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a potential biomarker for predicting treatment effective-
ness in the TNBC patients. Compared with examining 
individual cells separately, our study can comprehensively 
evaluated the TME by integrating information from mul-
tiple cell types, thereby improving the accuracy of prog-
nosis prediction.

The composition of the TME varies depending on 
the tumor type [66]. There are large differences in the 
type, quantity, and function of MCs infiltrating differ-
ent tumors [67–69]. There are also reports from various 
research groups on the connection between these cells 
and the prognosis of the TNBC patients. According to 
our study, we can conclude that (1) high abundance of 
MCs, such as MSCs, iDCs, HSCs and CLPs, does not 
necessarily affect the prognosis of the TNBC patients; 
(2) However, the presence of multiple immune cells in 
the microenvironment with low abundance, such as: 
memory B cells, and γδT cells, significantly influences the 
prognosis of the TNBC patients; and (3) Previous stud-
ies on the TME have focused mainly on immune cells. 
Our study also confirmed that, in addition to immune 
cells, some stem/progenitor cells in the TME (MEPs and 
GMPs) have a significant correlation with the prognosis 
of the TNBC patients and need to be considered in future 
studies.

Recent results have shown that the spatial distribution 
of cancer cells and immune cells is a crucial predictor of 
the effectiveness of immunotherapy [70, 71] and that the 
number of cells combined with the topographical char-
acteristics of the cells in the TME are used as prognos-
tic predictors in various cancer types has been discussed 
[72]. mIF staining allows us to examine the complex cell 
distribution in the TME in TNBC [73]. The generation 
of multiple color signals on the same slide can reveal the 
spatial relationships between tumor cells and other cells 
in the TME. In our study, we built a prediction model 
called MCI-e to further investigate the impact of the spa-
tial distribution of cells in the TME on the clinical prog-
nosis of the TNBC patients. This study helps elucidate 
the biology of TNBC and improves the response to thera-
peutic regimens.

Increasing evidence suggests that abnormally increased 
expression of insulin and IGFs exacerbates breast tumo-
rigenesis and promotes more aggressive phenotypes 
of TNBC [74–76]. In addition, Beate C Litzenburger 
et  al. reported that insulin was highly expressed in 
human TNBC tumor tissue and that TNBC cells, which 
need additional insulin, were sensitive to BMS-754807 
as an inhibitor of the IGF-IR/insulin receptor (InsR) 
[77]. BMS-754807 not only inhibits the proliferation 
of human TNBC cells but can also be used in combina-
tion with docetaxel to eliminate TNBC in PDX-TNBC 
models [77]. Our results consistently revealed that the 

insulin signaling pathway was significantly activated in 
the tumor cells of the TNBC patients with MCIhigh values 
and that inhibition of the insulin signaling pathway effec-
tively delayed the development of TNBC tumors in vivo. 
Furthermore, we found that significant lymphocyte infil-
tration was induced by HNMPA, which enhanced DOX-
induced lymphocyte recruitment in areas around TNBC 
tumor nests. According to published studies, in TNBC, 
increased TILs in and/or around the tumor may indicate 
a positive response to chemotherapy and improved clini-
cal outcome [78–82], and there has also been an increase 
in the number of the TLSs is associated with a favorable 
prognosis [83]. These results suggest that inhibition of 
the insulin signaling pathway could be a good adjuvant 
therapy for patients receiving TIL therapy. Furthermore, 
this study provides strong evidence that this pathway is 
an important potential therapeutic target for the TNBC 
patients with MCIhigh values.

Conclusions
Overall, our results demonstrated that the infiltration 
index of MCs derived from multilevel expression profil-
ing data can be used to predict the prognosis of TNBC, 
lung cancer, and GBM patients. Moreover, therapeutic 
strategies targeting the insulin pathway deserve further 
consideration and evaluation in patients with TNBC.
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