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Comprehensive single-cell metabolic profiling
identifies targets to sensitize triple-negative breast
cancer to chemo-immunotherapy
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In brief

Xu et al. perform comprehensive single-
cell profiling to revealmetabolic
heterogeneity of distinct cell types in the
triple-negative breast cancer (TNBC)
microenvironment and demonstrate the
association between cell-type-specific
metabolic traits with therapy response.
MCT1/MCT4 axis mediates lactate
reutilization to promote tumor
progression and targeting this sensitizes
immunotherapy and antibody-drug
conjugate in TNBC.
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SUMMARY

The treatment of triple-negative breast cancer (TNBC) poses significant challenges, necessitating innovative
approaches to identify therapeutic targets. This study presents a cohort of patients with early-stage TNBC
receiving neoadjuvant chemotherapy or chemo-immunotherapy, leveraging single-cell RNA sequencing
and metabolic analysis to elucidate the impact of metabolic reprogramming on treatment response. Our find-
ings reveal metabolic heterogeneity at levels of metabolic genes, pathways, and fluxes. Cell-type-specific
metabolic traits show stronger associations with therapeutic response compared with bulk metabolic fea-
tures and the proportion of major cell types. We identify a dynamic collaboration between tumor cells and
myeloid cells driven by differential glucose utilization and lactate production, which facilitates tumor progres-
sion. Monocarboxylate transporter 1 (MCT1) inhibitors disrupt their interaction, enhancing the efficacy of
anti-PD-1 and antibody-drug conjugate (ADC) treatments in TNBC mouse models. Overall, our study delin-

eates the single-cell metabolic landscape of TNBC and positions MCT1 as a promising target.

INTRODUCTION

Triple-negative breast cancer (TNBC) is a highly aggressive
disease and has the worst survival rate among all breast cancer
subtypes.' Due to the absence of human epidermal growth factor
receptor 2, progesterone receptor, and estrogen receptor, chemo-
therapy remains the primary treatment for TNBC.? Thankfully, the
high specificity and affinity toward the antigen endow antibody-
drug conjugates (ADCs) with improved therapeutic index, making
them appealing treatment options for TNBC. Nonetheless, the
treatment response of ADCs is ultimately limited by impaired lyso-
somal function and other mechanisms that confer drug resis-
tance.® On the other hand, TNBC, which is characterized by higher
immune cell infiltration in the tumor microenvironment (TME), is
generally more responsive to immunotherapy than other breast
cancer subtypes.” Several clinical trials have investigated
chemo-immunotherapy combinations, showing promising prog-
nostic improvements.®® However, immune heterogeneity and
escape mechanisms limit the response to immunotherapy, with
only 3%-25% of TNBC patients benefiting.”'" Therefore, there
exists a pressing unmet need to develop more effective com-
bination therapeutic strategies to expand the population that effec-
tively responds to ADC therapy and immunotherapy in TNBC.

As of now, an understanding of how TME metabolism orches-
trates resistance to both cytotoxic and immune-based therapies

)

Gheck for
Updates

in TNBC remains limited. Encouragingly, the advent of high-res-
olution technologies and innovative metabolic flux analysis
methods has opened up remarkable opportunities for deci-
phering the intricate metabolic interactions within the TNBC
ecosystem. Leveraging cutting-edge technologies such as sin-
gle-cell RNA sequencing (scRNA-seq), researchers can now
elucidate the metabolic characteristics of individual cells with
unprecedented resolution and detail. Of particular significance
are the flux balance analysis (FBA) methods, which enable
precise in silico predictions of metabolic changes across the
constructed metabolic database network.'>'* For example,
COMPASS could successfully predict metabolic targets across
both central and ancillary pathways. The algorithm identifies
Th17-pathogenicity-related pathways and functional key fac-
tors, including polyamines, independently validated by metabo-
lomics data.'® By harnessing the full potential of these advanced
technologies and methodologies, researchers are now equipped
to uncover the complex metabolic crosstalk and thoroughly
delve into the realm of precision immune-metabolic therapy.'®
In this study, we leveraged scRNA-seq data from our estab-
lished discovery cohort to systematically explore the single-cell
metabolic landscape of TNBC across three key dimensions:
metabolic genes, metabolic pathways, and metabolic fluxes.
We identified substantial metabolic heterogeneity across distinct
cell types, with certain metabolic pathway activities correlating
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Figure 1. Schematic diagram of the cohort and metabolic analytical workflow

(A) Schematic overview of the analytical workflow performed in this study, showing patient cohorts and treatment arms.

(B) Overview of the discovery cohort and validation cohorts used in this study. The discovery cohort (FUSCCTNBC) consisted of 27 TNBC patients, including 18
treated with combined chemotherapy and anti-PD-1 immunotherapy and 7 with chemotherapy alone. The other 2 patients lacked treatment information, as
described. Single-cell RNA sequencing (scRNA-seq) was performed on diagnostic biopsy samples before treatment, and clinical response was assessed at
surgery. The validation cohorts (bottom) were analyzed to verify metabolic signatures and evaluate its prediction response.

(legend continued on next page)

2 Cell Reports Medicine 7, 102659, March 17, 2026



Cell Reports Medicine

with immunotherapy and chemotherapy response. Specifically,
we found that differences in glucose and lactate utilization
preferences between tumor cells and myeloid cells significantly
contribute to TNBC progression. In addition to differential wiring
of glucose metabolism, our work also identified monocarboxy-
late transporter 1 (MCT1) as a potential metabolic target of
TNBC, which enhanced the efficacy of anti-PD-1 or sacituzumab
govitecan (SG) treatments. Collectively, our study presented a
comprehensive single-cell metabolic landscape and provided
a feasible immune-metabolic treatment strategy for TNBC.

RESULTS

Study cohorts and metabolic analysis scheme

To elucidate the metabolic characteristics of individual cell types
within the TNBC ecosystem and reveal the effect of their meta-
bolic interplay on immunotherapy and chemotherapy response,
we established a discovery scRNA-seq cohort comprising 27 pa-
tients diagnosed with early-stage TNBC (Figure 1A). Among
them, 18 individuals were administered a combination of chemo-
therapy and anti-PD-1 as neoadjuvant therapy, while 7 patients
were given chemotherapy alone. Two additional patients were
also included in the metabolic analysis, one of whom was lost
to follow-up and the other lacked available treatment information
(Table S1). We also utilized various published TNBC scRNA-seq
cohorts for external validation (Figure 1B)."" 2" After the imple-
mentation of stringent quality control, a total of 196,294 cells in
our cohort with average 1,799 genes per cell were retained for
subsequent analysis in our discovery cohort (Figure S1A). As pre-
viously reported in breast cancer and other malignancies, a clear
separation was observed among all major cell types, including
malignant epithelial cells, immune cells, fibroblasts, and endo-
thelial cells (Figures 1C-1E). There were no significant differences
in cell-type proportions between the pathological complete
response (pPCR) and non-pCR groups in either the chemotherapy
or chemo-immunotherapy cohorts, warranting further decipher-
ing of the characteristics (Figures 1F, S1B, and S1C).

To comprehensively analyze metabolic features, we inte-
grated multiple metabolic gene sets and pathway databases to
construct a unified knowledge base (Figures 1G and 1H;
Table S2). The comprehensive metabolic analysis was pursued
on three fronts: metabolic genes, metabolic pathways, and
metabolic flux balance analysis (FBA). In terms of the FBA at
the single-cell level, we employed the COMPASS algorithm to
demonstrate the activities of the complex metabolic networks
(Figure 11)."°

¢? CellPress

OPEN ACCESS

Altogether, we built the TNBC immunotherapy scRNA-seq
cohort and refined the comprehensive metabolic analytical
workflow to further decipher the metabolic heterogeneity and
scrutinize the metabolic interplay.

Metabolic heterogeneity and activity of different cell
types within TNBC microenvironment

As previously reported, we described the metabolic preferences
of distinct cell types in TNBC microenvironment from the dimen-
sions of metabolic genes, metabolic pathways, and metabolic
fluxes. Taking an overall perspective, cell types were clearly
separated in the t-distributed stochastic neighbor embedding
(t-SNE) and uniform manifold approximation and projection
(UMAP) plots of metabolic genes, pathways, and fluxes, sug-
gesting the unique metabolic dysregulation patterns in specific
cell types (Figures 2A and 2B).?>%*

Then, we systematically evaluated the metabolic activity of
each cell type to relatively determine the significance of their
respective metabolic processes. At the gene level, we calcu-
lated the mean expression of metabolic genes, finding that tu-
mor cells had the highest levels, while B cells exhibited the
lowest (Figure 2C). Moving to the pathway level, we gained in-
sights into how various metabolic pathways interact and the
overall metabolic landscape within cells. Tumor cells exhibited
the highest activities, followed by cancer-associated fibroblasts
(CAFs), myeloid cells, and endothelial cells (Figure 2D). Given
that metabolic pathways in vivo are interconnected and
constantly in flux, metabolic flux analysis aims to exhibit meta-
bolic fluxes and characterize cellular metabolic states. We
leveraged Compass, an algorithm for comprehensive charac-
terization of single-cell metabolism that displays fairly better
applicability and robustness to evaluate the Compass reaction
scores of each cell type in TNBC microenvironment. Tumor
cells displayed the highest overall metabolic activity, consistent
with their proliferative and biosynthetic demands. Notably,
consistent with results from the dimensions of metabolic genes
and pathways, myeloid cells and CAFs also display elevated
metabolic activities at the level of metabolic fluxes, warranting
further investigation (Figure 2E).

Our analysis exhibited the variability in metabolic processes
and states among different cell types, that is, the metabolic het-
erogeneity. Considering that metabolic heterogeneity is crucial
for understanding how different cell types adapt to changing
conditions and maintain homeostasis, a more comprehensive
characterization of the metabolic landscape within the TNBC
microenvironment is urgently needed.

(C) Uniform manifold approximation and projection (UMAP) map of 196,294 cells, color-coded by annotated cell type, including cancer cells, fibroblasts,

endothelial cells, myeloid cells, T cells, and B cells.

(D and E) Heatmap (D) and UMAP plots (E) depicting the expression of marker genes for each cell type.

(F) Stacked bar plots depicting proportions of each cell type in different treatment and response groups (chemo non-pCR, chemo pCR, chemo-immune non-pCR,
and chemo-immune pCR).

(G) Overview of the construction of a comprehensive metabolic knowledge base by integrating multiple public databases, including KEGG, Recon3D, Human-
GEM, Reactome, and Brenda.

(H) Detailed information about the integrated metabolic gene list across databases. The bar and UpSet plots showed overlapping and unique gene sets
contributed by each database.

(1) Detailed metabolic analytical workflow, especially the metabolic flux algorithm, Compass. Compass leverages the topology and stoichiometry of the metabolic
network to analyze single-cell RNA expression. Through this algorithm, we integrated scRNA-seq profiles with prior knowledge of the metabolic network to infer
metabolic states of cells.
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Figure 2. Metabolic heterogeneity of distinct cell types in the tumor microenvironment of TNBC
(A and B) T-distributed stochastic neighbor embedding (t-SNE, A) and uniform manifold approximation and projection (UMAP, B) plots of metabolic genes (left),

pathways (middle), and fluxes (right), colored by cell types.

(C) The mean metabolic gene expression in different cell types for each patient were compared using the ANOVA.

(D) The metabolic pathway activities in different cell types for each patient were calculated by GSEA algorithm and compared using the ANOVA.

(E) Rose plot showing the relative metabolic flux across different cell types. Paired comparisons were performed between tumor cells and other cell populations
using a paired t test. ***p < 0.0001; **p < 0.001; *p < 0.01; *p < 0.05; ns, p > 0.05.

Distinct metabolic features of cell types in the
microenvironment of TNBC

Then, we systematically characterized the detailed metabolic
features of distinct cell types within the TNBC microenviron-
ment (Figures 3A-3C; Tables S3-S5). To meet the demand
for vigorous proliferation and mitigate the oxidative damage, tu-
mor cells exhibited increased nutrient metabolism and elevated
reliance on protective mechanisms against oxidative stress, as
evidenced by the high expression of microsomal glutathione
transferase 1 (MGST1) and glutathione s-transferase pi 1
(GSTP1) (Figures 3A and S1D). Aligning with metabolic gene
levels, tumor cells exhibited significantly elevated metabolism
in glycolysis/gluconeogenesis and glutathione-associated
metabolism at pathway and flux levels (Figures 3B-3D and
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S2A). In terms of myeloid cells, we observed significant up-
regulation of genes (such as apolipoprotein E [APOE] and apoli-
poprotein C1 [APOC1]), pathways, and fluxes related to lipid
metabolism and peroxidation (Figure 3A). In addition, myeloid
cells showed stronger activity in ferroptosis-associated path-
ways, including fatty acid oxidation, glutamate metabolism,
and unsaturated fatty acid biosynthesis, suggesting a potential
correlation between myeloid cells and ferroptosis (Figures 3B,
3E, S1E, and S2B). Increased proline and lysine metabolism
and specific expression of nicotinamide N-methyltransferase
(NNMT) in CAFs contributed to extracellular matrix remodeling,
supporting cancer cell progression, and validating the rationale
of our analysis (Figures S1F and S2C). As for one of the most
crucial components of the anti-tumor immunity, T cells
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Figure 3. Distinct metabolic features of cell types in the tumor microenvironment of TNBC
(A) Differentially expressed metabolic genes across all cell types. Each cell type was compared with all remaining cells, and genes with adjusted p value < 0.01 is
indicated in red, while an adjusted p value > 0.01 is indicated in black.

(legend continued on next page)
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exhibited the high expression of dual specificity phosphatase 2
(DUSP2) and granzyme A (GZMA) to regulate the immune cell
function and inflammatory responses (Figure S1G). From the
aspects of flux, T cells exhibited moderately elevated meta-
bolism in fatty acid oxidation, indicating the role of lipid reprog-
ramming in the anti-tumor process (Figure S2D). Interestingly, B
cells appeared to exhibit high expression of a few metabolic
genes like CD38 and relatively low metabolic flux activity in
fatty acid metabolism, amino acid metabolism, and carbon
metabolism (Figures S1H and SZ2E). Endothelial cells also
showed increased expression of genes such as FABP4 and
increased fluxes associated with lipid metabolism (Figures S1l
and S2F). All crucial multidimensional metabolic characteristics
are summarized in Table S6. The key results of our analysis
were also externally validated in the BioKey cohort and the
mouse TNBC scRNA-seq dataset, which supported the reli-
ability of our analysis and provided a strong basis for further ex-
periments (Figure S3).

In summary, we comprehensively described the metabolic
landscape in TNBC at the single-cell level. Some of the key
metabolic characteristics, especially those of cancer cells,
myeloid cells, and CAFs, warrant further investigation for their
role in metabolic interplay and tumor progression.

The integration of metabolic features in
microenvironmental cells enhances the prediction of
treatment response

Given that differences in cell-type proportions alone did not
suffice to predict treatment response, we embarked on exploring
whether the integration of cell-type proportions with metabolic
features could enhance the prediction of chemotherapy or
immunotherapy response (Figures 1F and S1C). Since the meta-
bolic genes, pathways, and fluxes exhibit different points of
focus on metabolic traits, as mentioned above, we assessed
the overall metabolic differences in patients with different treat-
ment response from these three perspectives. Although mean
metabolic pathway scores and average metabolic gene expres-
sion were sometimes not statistically different between the pCR
and non-pCR groups, relative mean metabolic flux activities of
different cell types were significantly different (Figures S4A-
S4C). Our findings suggested that metabolic activities of cell
types might play an important role in predicting the treatment
response of chemotherapy and immunotherapy.

Subsequently, we assessed the predictive potential of crucial
metabolic pathways and genes in detail. From the perspective
of metabolic pathways, we observed a significant positive cor-
relation between most crucial metabolic pathway activities in
the immune cells and pCR after chemotherapy and chemo-
immunotherapy. In contrast, more active pathway activities of
nucleotide, amino acid, and carbohydrate metabolism in CAFs
indicated poor response after treatments. In addition, the predic-
tive efficacy of pathway activities is heterogeneous in tumor

Cell Reports Medicine

cells, especially in terms of amino acid metabolism. While higher
pathway activity levels for arginine biosynthesis and D-glutamine
and D-glutamate metabolism were associated with better
response in tumor cells, more active pathway activities of tyro-
sine metabolism and glutathione metabolism predicted non-
pCR outcomes of chemo-immunotherapy (Figure 4).

Furthermore, similar results were obtained at the metabolic
gene level (Figure S4D). For example, the upregulation of purine
metabolism-related genes in CAFs like adenine phosphoribosyl
transferase (APRT) indicated poor response after chemo-immu-
notherapy. Higher expression of fructose-1,6-bisphosphatase 1
(FBP1) in T cells, the key enzyme in glycolysis pathway, corre-
lated with pCR outcomes of chemo-immunotherapy. Previous
investigations have established the association between treat-
ment response and lipid, amino acid, and carbohydrate meta-
bolism in the context of chemotherapy or other targeted therapy,
which validated the rationale and significance of our find-
ings.?*~% In contrast, cell-type proportions failed to demonstrate
such predictive capabilities. We further assessed the predictive
value of metabolic pathway scores and gene expression using
bulk RNA-seq data from the I-SPY2 trial, which capture the over-
all activity of pathways or expression (Figure 4). However, only a
limited number of pathways or genes demonstrated predictive
potential. Notably, the steroid biosynthesis pathway showed
concordant predictive performance with cell-type-specific ana-
lyses, whereas glutathione metabolism exhibited an opposite
trend compared with predictions derived from specific cellular
subpopulations. Thus, leveraging cell-type-specific metabolic
activity has proven to be a more effective strategy for predicting
treatment response, surpassing the predictive value of cell-
type proportions or bulk-sequencing-based metabolic features.
Mostly, focusing on key metabolic characteristics at the single-
cell level and uncovering the underlying mechanisms, we could
potentially refine and optimize current precision treatment
strategies.

Distinct patterns of glucose utilization and lactate
production in different microenvironment cell types
Given the high proportion of cancer cells and myeloid cells and
the critical role of carbohydrate metabolism in TNBC, we further
investigated the differences in the crucial energy metabolic
pathway —central carbon metabolism—between these two cell
types and the underlying mechanism.

First, we analyzed the variability in carbohydrate meta-
bolism from the dimensions of metabolic genes and fluxes.
We observed elevated expression of phosphofructokinase
platelet (PFKP), lactate dehydrogenase B (LDHB), and oxoglu-
tarate dehydrogenase L (OGDHL), as well as enhanced flux
scores of glycolysis and TCA cycle in tumor cells. However,
tumor cells showed lower expression of monocarboxylate
transporter 4 (MCT4, also known as SLC16A3), as well as
decreased flux scores of lactate secretion (Figures 5A-5C).

(B) Heatmap showing the normalized metabolic pathway enrichment scores of each cell type.
(C) Differential activity of metabolic reactions between the indicated cell type and other types. Reactions (dots) are partitioned by Recon2 pathways and colored

by the sign of their Cohen’s d statistic.

(D and E) Compass-score-based differential activity test of representative metabolic systems between cancer cells and other cells (D), as well as between

myeloid cells and other cells (E).
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Figure 4. Metabolic features of microenvironmental cells are associated with therapeutic response to chemo-immunotherapy and

chemotherapy

Dot plot showing the association between metabolic pathway activities and pCR. Metabolic pathway scores in different cell types for each patient were
calculated by AUCell package, and averaged across all cells of the same type for each patient. Row labels denote metabolic pathway categories. Red/blue dots
indicate higher/lower levels associated with pCR, whereas gray dots indicate p > 0.2; the size of dots reflects the p value. P values and associations were derived

from logistic regression models.

These discoveries suggested that in addition to glucose-
derived carbon in TCA cycle, tumor cells might have high de-
mand to leverage readymade lactate as carbon source for
carbohydrate metabolism to meet their high energy demands
for rapid growth and proliferation. On the contrary, myeloid
cells upregulated glucose transporter 3 (GLUT3, also known
as SLC2A3) and MCT4 and exhibited higher fluxes in glucose

uptake and lactate secretion, indicating their competitiveness
in the uptake of glucose and the crucial early step of glycol-
ysis, converting glucose to glucose-6-phosphate (although it
seemed that myeloid cells showed the relatively lower ex-
pression of GLUT1, the average expression was low to
neglect) (Figures 5A-5C). The key difference of transporter
expression between tumor cells and myeloid cells was also
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externally validated in the BioKey cohort and the mouse TNBC
scRNA-seq cohort (Figures 5D and 5E). Additionally, the high
expression of GLUT3 and MCT4 indicated the trend towards
the worse chemotherapy and immunotherapy response
(Figure 5F).

Based on these findings, we proposed a metabolic model
wherein myeloid cells uptake glucose and secrete lactate by
GLUT3 and MCT4, respectively, and tumor cells obtain the
secreted lactate through MCT1 and utilize it as a substrate to
sustain their growth (Figure 5G).

Tumor-myeloid cell crosstalk mediates the lactate re-
use cycling to promote TNBC progression via the
GLUT3/MCT1/MCT4 axis

To validate the hypothesis, we first verified the differential
expression of GLUT3, MCT1, and MCT4 in both human and
mouse TNBC tumor samples. Keeping in line with the preceding
findings, multiplex immunofluorescence (mlF) staining in human
samples, immunohistochemistry staining in mouse tumor tis-
sues, and gPCR in mouse cell lines, confirmed that MCT4 and
GLUT3 were predominantly expressed in myeloid cells, while
MCT1 was mainly expressed in tumor cells (Figures 6A-6C).

Then, we explored whether these distinct expression patterns
of GLUT3, MCT1, and MCT4 between cancer and myeloid cells
directly affected the lactate flux and the growth of tumor
cells. Therefore, we performed in vitro conditioned medium
(CM) co-culture experiments. As for myeloid cells, knockdown
of GLUT3 and MCT4, blocking the lactate production and export,
inhibited the tumor cell growth and migration in the co-culture
system (Figures 6D-6F). As for tumor cells, the knockdown of
MCT1, which inhibited the import of lactate, could also impair
the tumor cell progression in the co-culture system (Figures 6D
and 6G). We also conducted a '*C-based stable isotope labeling
(SIL) experiment to validate that the knockdown of MCT1
decreased the uptake of '®C-lactate and its conversion to 3C
labeled intermediate metabolites in the glycolysis and TCA cycle
(Figure 6H). MCT1 inhibitor shows the same effect in in vivo and
in vitro models (Figure 6l). Thus, both human and mouse cancer
models confirmed that GLUT3- and MCT4-mediated glucose
intake and lactate secretion in myeloid cells promoted the
uptake and reuse of lactate in tumor cells, which ultimately pro-
moted the tumor cell progression.

In general, we set an example from the comprehensive
single-cell metabolic analysis to elucidate that the metabolic
interaction between tumor and myeloid cells could promote
TNBC progression.
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MCT1 inhibitors in combination with ADC or immune
checkpoint blockade as effective therapeutic strategies
for TNBCs

We further explored the potential of targeting this metabolic
crosstalk for optimizing existing TNBC treatment strategies.
Given the specific expression of MCT1 in tumor cells and the
accessibility of drug, we identified MCT1 as a promising
therapeutic target, offering a strategy to disrupt the metabolic
interactions that sustain tumor growth. The MCT1 inhibitor
AZD3965 has also already completed a phase | clinical trial
(NCT01791595) in patients with solid tumors and diffuse large
B cell lymphoma.®'*?

Given the clinical importance of Trop-2 ADCs in treating
TNBC, approaches to improve tumor sensitivity to these agents
have become a central area of ongoing clinical investigation. We
sought to determine whether inhibiting lactate flux could sensi-
tize tumors to SG in vivo. To this end, we generated stable
MCT1-knockdown breast cancer cell lines and MCT4-knock-
down myeloid cell lines to perform xenograft experiments.
Knockdown of MCT1 in tumor cells and MCT4 in myeloid cells
both enhanced the antitumor efficacy of SG (Figures 7A and
S5A). At the pharmacologic level, while either MCT1 inhibitor or
SG alone suppressed tumor growth, the combination treatment
produced a more pronounced reduction in tumor burden
compared with monotherapy (Figure 7B). Furthermore, we em-
ployed patient-derived xenograft (PDX) models to validate the
combinatorial effect (Figure 7C). The results confirmed that
MCT1 inhibition sensitizes TNBC to SG treatment, providing
additional evidence supporting the potential in vivo therapeutic
value of this combination strategy.

Next, we investigated whether inhibition of MCT could
enhance the efficacy of immunotherapy. We established 4T1
orthotopic TNBC models and genetically suppressed MCT1
expression in 4T1 tumor cells and MCT4 expression in
RAW264.7 myeloid cells. In both settings, inhibition of MCT1 or
MCT4 sensitized tumors to immune checkpoint blockade
(Figures 7D and S5B-S5D). Consistently, combination therapy
with an MCT1 inhibitor and immunotherapy significantly
enhanced antitumor activity compared with either monotherapy
(Figures 7E-7G). To further dissect the immune response,
we performed flow cytometry analysis of tumor-infiltrating
immune cells following treatment. The combination regimen
elicited a robust immune activation, increasing the proportions
of CD4* T cells, CD8" T cells, PRF*CD8" cytotoxic T cells, and
CD86" macrophages, while simultaneously reducing PD-
1*CD8* T cells and CD206* macrophages (Figures 7H and 7I).

Figure 5. Distinct patterns of glucose utilization and lactate production in different microenvironmental cell types
(A) Diagram summarizing metabolic genes involved in glycolysis, TCA cycle, and glycogenolysis. Alterations are defined by significant upregulation or down-
regulation of MRNA expression in the scRNA-seq cohort. Alteration scores of each gene are depicted as the average mRNA expression in cancer cells and the

myeloid cells.

(B) Metabolic maps showing metabolic reaction fluxes of glucose metabolism for cancer compared to myeloid cells.
(C) Violin plots showing the square-root expression of the crucial transporter genes between the cancer cells and myeloid cells.
(D-E) Dot plots showing the average expression and the percent of expressed cells of the transporter genes between microenvironment cells in the external

human (D) and mouse cohort (E).

(F) Bar plots showing tumor responses to chemotherapy and immunotherapy after dichotomizing GLUT3-MCT4 and GLUT3-MCT1-MCT4 expression levels at
the median. “High GLUT3 & MCT4 group” refers to cases in which both GLUT3 and MCT4 expression levels are higher in myeloid cells than in tumor cells,
whereas “High GLUT3 & MCT1 & MCT4 group” indicates higher GLUT3 and MCT4 expression in myeloid cells and higher MCT1 expression in tumor cells.

(G) Conceptual basis of the immunometabolic crosstalk in our study.
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Figure 6. GLUT3/MCT1/MCT4 axis mediates the lactate re-use cycling to promote TNBC progression

(A) Multiple immunofluorescence analysis of CD11b, MPO, GLUT3, MCT1, and MCT4 expression in human TNBC tumor tissues. Scale bars, 100 um.

(B) Immunohistochemistry analysis of CD11b, MCT1, MCT4, and GLUT3 expression in mouse 4T1 tumor tissues. Scale bars, 50 pm.

(C) Relative mRNA levels of MCT1, GLUT3, and MCT4 in 4T1 tumor cells and bone-marrow-derived macrophages (BMDMs). Data were compared using
Student’s t test (n = 3).

(D) Experimental design (left) and lactate levels in cell lysates and culture supernatants under si-NC or si-MCT1 tumor-cell conditions and si-NC or si-MCT4
BMDM conditions (right). Data were compared using Student’s t test (n = 3).

(E) Cell growth assessment of tumor cells cultured in macrophage-conditioned medium from si-NC, si-GLUT3, and si-MCT4 cells after 24-48 h. Data were
compared using one-way ANOVA test (n = 3).

(legend continued on next page)
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In addition, we confirmed these findings in an AT3 syngeneic
TNBC model, which similarly demonstrated enhanced antitumor
responses following MCT inhibition combined with immuno-
therapy (Figures 7J-7N).

Our findings in vivo indicated that the combination of the
MCT1 inhibitor with ADC or ICB holds significant promise as a
therapeutic strategy in TNBC and warranted further clinical
investigation.

DISCUSSION

The intricate metabolic interplay between tumor cells and other
cells within the TME can profoundly influence therapeutic
response and resistance mechanisms, thereby affecting treat-
ment outcomes in TNBC.**** By leveraging the scRNA-seq
technologies and multidimensional metabolic analyses, we
systematically provided a comprehensive and systematic
portrayal of the single-cell metabolic landscape within the
TNBC ecosystem. Specifically, our investigation into the poten-
tial association with chemotherapy and immunotherapy
response yielded a pivotal finding. As an illustrative example
of our single-cell metabolic analysis, we found that differential
expression of glycol-metabolic transporters like MCT4, MCT1,
and GLUT3 among microenvironmental cells facilitated tumor
progression. This discovery opens promising possibilities for
the development of combination therapies that incorporate
MCT1 inhibitors along with ADC therapy or immunotherapy
for TNBC, potentially enhancing treatment efficacy and patient
outcomes.

Compared with previous studies focusing on bulk tumor meta-
bolism, we leveraged a single-cell TNBC cohort to resolve micro-
environmental metabolic features at high resolution and to iden-
tify key cell-type-specific metabolic traits and their potential
interplay associated with treatment response. Previous studies
often embarked directly from differentially expressed metabolic
enzymes or metabolites and subsequently identified related
cell types. Next, by detecting upstream and downstream meta-
bolic pathways, these studies aimed to elucidate the impact of
metabolic processes on tumor biological behavior or treatment
response.’>*’ Based on integrated metabolomic and transcrip-
tomic analyses, Li et al. identified N-acetylaspartate (NAA) and
its synthetase N-acetyltransferase 8-like (NAT8L) as efficacy-
related metabolic determinants. Upon confirming their high
expression in tumor cells, researchers further delineated the
mechanistic basis by which this metabolite contributes to immu-
notherapy resistance.®® This paradigm failed to gain a com-
prehensive understanding of overall metabolic characteristics
within the microenvironment. In order to overcome this limitation,
we systematically analyzed the metabolic characteristics of the
TNBC microenvironment and portrayed gradually deepening

¢? CellPress
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atlas at single-cell level. First, we verified and displayed the
metabolic heterogeneity of different cell types in details. Second,
the metabolic traits of different cells and their correlation with
treatment response were explored in depth. Finally, we focused
on interesting specificity of differential carbohydrate transporter
expression in TNBC, for which we conducted experimental
verification and clinical translation. Therefore, our study repre-
sents a paradigm shift in the field of immunometabolism and
serves as a reference for future analytical research endeavors.
Regarding the specific metabolic analytical methodology, we
innovatively integrated the scRNA-seq and multidimensional
metabolic analytical tools to unveil a high-resolution and high-
precision single-cell metabolic landscape, enriching our under-
standing of metabolic dysregulation in TNBC and potentially
other cancers. The resolution of conventional multi-omics tools
like bulk RNA-seq is too low to decipher the cell-type-specific
metabolic characteristics and potential interactions. Thus, it is
necessary to expand the scope and improve the accuracy of
metabolic analysis to target cancer metabolism in the era of
precision oncology. The advent of scRNA-seq and FBA analysis
widely expanded the current research. Remarkably, our
approach extended beyond the examination of metabolic genes
and pathways, as we ventured into flux balance analysis by
Compass to predict the flow of metabolic changes. By harness-
ing these advanced technologies and methodologies, we have
not only refined our comprehension of cell-type-specific meta-
bolic characteristics but also emphasized the superiority of the
combination of cell types and metabolic features over merely
cell type or bulk metabolic features. The intricate metabolic inter-
actions between tumor cells and other cells in the TME have
been extensively demonstrated to exert a significant influence
on the response to chemotherapy and immunotherapy.
Common metabolic crosstalk modes mainly include nutrient
competition, immune-modulatory effects of metabolites, and
metabolic adaptability. Specifically, cancer cells have been
shown to engage in a cooperative or competitive metabolic
relationship with microenvironment cells, aiming to secure
essential nutrients for their rapid proliferation while hindering
antitumor responses.*® For example, the “host-parasite rela-
tionship” between catabolic CAFs and anabolic cancer cells
confers latter with chemotherapy resistance.** Tumor cells
exhibit heightened expression of the methionine transporter
SLC43A2, thereby outcompeting T cells for methionine, a crucial
amino acid, to foster their own growth and dampen antitumor
immunity.*® Lactate, the crucial metabolite in our study, has
been widely associated with cancer progression and therapeutic
resistance.*'™** Previous studies have demonstrated its effects
on the physical properties of TME and its direct impact on the
metabolism of individual cell types.**™" Our study further ex-
pands this perspective by investigating lactate’s role as a carbon

(F) Cell migration assessment of 4T1 and AT3 tumor cells cultured in macrophage-conditioned medium from si-NC, si-GLUT3, and si-MCT4 cells. Data were

compared using one-wayANOVA test (n = 5).

(G) Cell growth assessment of si-NC and si-MCT1 tumor cells cultured in macrophages conditioned medium. Data were compared using one-way ANOVA test

(n=3).

(H) "®C-labeling of glucose trancing of TCA cycle associated metabolites and lactate levels in the culture medium.
(I) Relative lactate concentration in the co-culture medium (n = 3) and tissue interstitial fluid (n = 6) after MCT1 inhibitor treatment.
The data are presented as the mean + SEM. ***p < 0.0001; ***p < 0.001; **p < 0.01; *p < 0.05; ns, p > 0.05.
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source that shapes metabolic crosstalk and highlights lactate
transport within the TME as a promising therapeutic target. Re-
infeld et al. demonstrated that myeloid cells represent the most
avid glucose-consuming population within the TME and exhibit
a higher basal extracellular acidification rate compared to tu-
mor-infiltrating T cells and cancer cells.*® Consistent with these
observations, our single-cell transcriptomic analysis revealed
elevated expression of GLUT3 in myeloid cells, providing a po-
tential mechanistic basis for their heightened glucose uptake.
Moreover, through both in vitro co-culture systems and in vivo
genetic models, we demonstrated that lactate secreted by
myeloid cells via MCT4 can enhance the malignant biological
behavior of cancer.

In addition to glucose-lactate metabolism, metabolic reprog-
ramming of lipids and amino acids has also been discussed in
TNBC. Yu et al. reported that tumor-derived extracellular vesi-
cles laden with lipids mediate neutrophil reprogramming,
thereby promoting TNBC cells survival following immunotherapy
and chemotherapy.’® Separate lines of evidence implicate
amino acids, including glutamine and arginine, as critical players
in TNBC progression.’®>" Corroborating the role of metabolic
rewiring in TME, our analysis revealed an association between
lipid metabolic pathways/gene expression in myeloid cells and
response to immunotherapy or chemotherapy. Therefore, mech-
anistic investigations into these additional metabolic features
found from the cohort also represent a meaningful direction.

Specifically, MCT4 and MCT1 stand out as possible thera-
peutic targets due to their central roles in lactate shuttling.
MCT4 primarily exports intracellular lactate into the extracellular
space, while MCT1 functions as the main lactate importer in tu-
mor cells. Advances in understanding the regulatory mecha-
nisms of MCTs have paved the way for the rational design and
clinical development of inhibitors. A noteworthy example is the
MCT1 inhibitor AZD3965, which has been proved to enhance
the efficacy of chemotherapy and immunotherapy against
various types of cancer by inducing intracellular lactate accumu-
lation.®*°>*®> Beyond its direct effects on cancer cells, MCT1
inhibition can modulate the tumor immune microenvironment
to enhance anti-tumor immunity. Kumagai et al. demonstrated
that the inhibition of MCT1 of regulatory T (Treg) cells reduced
the frequency of Treg cells and their PD-1 expression, leading
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to a significant inhibition of tumor growth by anti-PD-1 therapy.**
And the work of Niveau et al. showed that blockade of the MCT1
transporter can rescue conventional dendritic cells from glycan-
induced functional hijacking and further restore anti-tumor T cell
fitness.”® In addition to its synergy with immune checkpoint in-
hibitors, Lopez et al. identified enhanced cytotoxicity in vitro
and improved antitumoral control in vivo when MCT1 blockade
was combined with CAR T cell therapy, indicating the potential
of combining MCT1 inhibitors with other immunotherapies.®®
Similarly, the potent MCT4 inhibitor VB124 improves anti-PD-1
therapy in hepatocellular carcinoma xenografts.®’ Syrosingo-
pine, an orally bioavailable dual MCT1 and MCT4 inhibitor, dem-
onstrates enhanced anticancer effects in breast cancer and
adult T cell leukemia.®®°° Although initial studies have explored
combining MCT inhibition with other therapies using conven-
tional molecular biology models, the expression patterns,
specific functional roles, and therapeutic impact of MCTs across
diverse cell types in the TME at single-cell resolution have
remained unclear. This knowledge gap has contributed to
excessive off-target effects and toxicity, limiting broader clinical
application.®® Meanwhile, the emergence of targeted agents,
such as ADCs and anti-angiogenic drugs, has further expanded
the applicability of metabolism-targeted combination therapies.
Whereas MCT4-selective inhibitors (e.g., MSC-4381, AZ1422,
and AZDO0095) remain confined to pre-clinical evaluation and
retain unresolved biosafety and efficacy liabilities, MCT1-tar-
geted compounds like AZD3965 are already clinically accessible
and pharmacologically optimized.®'*® Building on this, our
study systematically analyzed the single-cell expression pattern
of MCT among TME and provided in vivo evidence validating the
synergistic antitumor effects of combining MCT1 inhibition with
ADC or ICB. Together, our findings underscore the promise
of integrating lactate transport blockade with existing immuno-
therapies or targeted agents to improve clinical outcomes in
TNBC. It is worth mentioning that while our scRNA-seq analysis
revealed that MCT1 expression is highest in tumor cells
compared to other cell types, our experimental results cannot
exclude the possibility that MCT1 inhibitors exert anti-tumor
effects by targeting other cells in the microenvironment.
Moreover, our study has several important implications for
clinical translations. SG is a humanized Trop-2-specific

Figure 7. MCT1 inhibitor enhances anti-Trop2 and immunotherapy efficacy in TNBC

(A) Study design, growth curves, and tumor weights to observe whether knockdown of MCT1 could affect the sensitivity to sacituzumab govitecan, SG (n = 5).
(B) Study design, growth curves, and tumor weights to observe whether MCT1 inhibitor could improve the sensitivity to sacituzumab govitecan (n = 5).

(C) Study design, growth curves, and tumor weights to observe whether MCT1 inhibitor could improve the sensitivity to sacituzumab govitecan in human TNBC

PDX tumors treated as indicated (n = 6).

(D) Study design, growth curves, and tumor weights to observe whether shMCT1 could affect the sensitivity to immunotherapy (n = 5).

(E-G) Study design (E), growth curves (F), and tumor weights (G) to observe whether MCT1 inhibitor could affect the sensitivity to immunotherapy in 4T1 tumors
(n=6).

(H-1) Bar plots showing the percentage of CD4* cells among CD45" cells, CD8* cells among CD45* cells, PRF* cells among CD8" T cells, PD1* cells among CD8*
T cells, CD86" cells among myeloid cells, and CD206* cells among myeloid cells in tumors (upper) measured using flow cytometry. The data are presented as the
mean + SEM. Data were compared using one-way ANOVA.

(J-L) Study design (J), growth curves (K), and tumor weights (L) to observe whether MCT1 inhibitor could affect the sensitivity to immunotherapy in AT3 tumors
(n =6).

(M and N) Bar plots showing the percentage of CD4" cells among CD45" cells, CD8" cells among CD45™ cells, PRF* cells among CD8" T cells, GZMB* cells
among CD8" T cells, CD86™ cells among myeloid cells, and CD206" cells among myeloid cells in tumors (upper) measured using flow cytometry. The data are
presented as the mean + SEM. Data were compared using one-way ANOVA.

****p < 0.0001; **p < 0.001; **p < 0.01; *p < 0.05; ns, p > 0.05.
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antibody linked to the active irinotecan metabolite SN-38.°* Tri-
als like NeoSTAR and ASCENT demonstrated its efficacy and
feasibility for localized and metastatic breast cancer, respec-
tively, moving SG toward the Iater-line treatment of
TNBC.%>%® However, resistance to sacituzumab govitecan
can still develop, which may be partly due to loss of Trop-2
expression or mutations affecting its function, as reported in
previous studies.®” Immunotherapy is another promising ther-
apy in TNBC. Trials like the KEYNOTE-522 and KEYNOTE-
355 pointed to efficacy and prognostic benefit with the addition
of immunotherapy to traditional chemotherapy backbone in
TNBCs.®®%° However, the low objective response rate, unique
immune-related toxicities, hyper-progression, and lack of
promising predictive markers for effectiveness can sometimes
hinder the generalization of immunotherapy.”® Given the spe-
cific expression of MCT1 in tumor cells and the accessibility
of drug, we identified MCT1 as a promising therapeutic target.
In our study, the combination of a MCT1 inhibitor with SG or
anti-PD-1 efficiently impaired the tumor growth in vivo, which
provides a rationale to explore the application of MCT1 inhibi-
tors as anti-tumor synergistic agents for both ADC and immu-
notherapy. Besides, despite limitations of cohort size, the base-
line expression of GLUT3, MCT1, and MCT4 may effectively
predict the response to chemotherapy. Future studies into the
precise therapies for patients with high baseline expression of
GLUT3, MCT1, and MCT4 should be explored.

In conclusion, our study provided a comprehensive single-cell
metabolic atlas and suggested a paradigm shift in the under-
standing of metabolic crosstalk within the TME at the single-
cell level. On this basis, we explored the specific metabolic
targets to sensitize TNBC to chemotherapy and immunotherapy
and demonstrated that the combining MCT1 inhibitors with ICB
and SG is an optimal therapy for TNBC patients awaiting clinical
validation.

Limitations of the study

Our study has several limitations. First, given the inherent
complexity of metabolic regulation, analyses based solely on
transcriptional profiles may introduce informational bias.
Although independent cohort validation and metabolic assays
support our conclusions, multi-omics and functional studies
are warranted. Second, due to the sample size of cohorts and
sex composition in this study, some observations, like the con-
tributions of other cell populations in lactate reflux and efficacy
association should be interpreted cautiously and validated in
larger datasets. Finally, although our preclinical models provide
mechanistic evidence, in vivo experiments are limited to evalua-
tions of tumor growth and alterations in the TME. The survival
outcomes as well as the efficacy of MCT1 inhibition combined
with chemo-immunotherapy require further investigation before
clinical translation.
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Data and code availability

@ Single-cell RNA-seq data of this study is accessible in The National
Omics Data Encyclopedia:OEP003394. The raw FASTQ files in this
study will be provided for scientific research upon request complying
with the law due to human patient privacy concerns. The scRNA-seq
data of 4T1 orthotopic tumors were obtained from a previously pub-
lished study and are available at the Dryad data repository (https://
datadryad.org). Cell-type information provided in the attached meta-
data was directly used for downstream analyses.'” scRNA-seq data
and human metadata of the Biokey cohort are available at the European
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Patients and clinical samples
Our study included 27 female patients with histologically confirmed TNBC receiving neoadjuvant therapy in Fudan University
Shanghai Cancer Center (FUSCC) (clinical information was detailed in Table S1). Among these, eighteen patients received the com-
bination of chemotherapy and anti-PD-1, while seven patients received chemotherapy alone. The rest two patients were included,
one was lost during follow-up, and treatment information for the other was unavailable. Prior to the initiation of treatment, tumor bi-
opsies were collected from all participants and subjected to scRNA-seq.

All tissue samples included in this study were obtained after approval of the research by the FUSCC Ethics Committee. Information
on race, ethnicity, and ancestry was not collected in this study.

Human and mouse TNBC cell lines

The human breast cancer cell lines MDA-MB-231, Hs 578T, BT-549, human monocytic cell line THP-1, human embryonic kidney cell
line HEK293T, and mouse macrophage cell line Raw264.7 were obtained from American Type Culture Collection (ATCC). The murine
TNBC cell lines, 4T1 and AT3 were obtained from Y. Kang'’s laboratory (Princeton University, USA). All the cell lines were authenti-
cated by monitoring cell vitality, mycoplasma contamination, and short tandem repeat profiling. Immediately upon receipt, the cells
were expanded and frozen into numerous aliquots. HEK293T cells were employed for lentiviral packaging to produce MCT1-or
MCT4-knockdown stable lines. All functional experiments presented in this study were performed in well-established human and
murine TNBC cell lines. All cell lines were cultured in complete growth medium as previously described. Only cells within 6 months
from being thawed were used for the current study.

Murine models

Five-to six-week-old female BALB/c and nude mice were obtained from Shanghai Jihui Laboratory Animal Care. Mice were housed
under 12 h light/dark cycles and ambient temperature (20°C-22°C) and humidity (60 + 10%), with free access to standard rodent diet
and water in individually ventilated cages in a specific pathogen free facility monitoring health status with culture, serum and
microscopic examination.

Human and mouse myeloid cells preparation
Peripheral blood from healthy donors was acquired from Fudan University Shanghai Cancer Center, after all the written informed con-
sent were provided. Mononuclear cells were isolated by Ficoll density gradient centrifugation, plated in 6-well plates, and cultured in
complete RPMI 1640 medium supplemented with 10ng/mL macrophages colony-stimulating factor (M-CSF). Medium was changed
every 2 days, and differentiated myeloid cells were used for experiments on day 7.

Mouse myeloid cells were isolated from the bone marrow of 6- to 8-week-old female C57BL/6 mice or BALB/c mice. Briefly, bone
marrow was flushed out, cultured, and differentiated in complete RPMI 1640 medium supplemented with 10 ng/mL M-CSF for
7 days.

In vivo mouse studies

All animal experiments were performed according to protocols approved by the Research Ethical Committee of Fudan University
Shanghai Cancer Center (IACUC Protocols # FUSCC-IACUC-2025679, FUSCC-IACUC-2025678, FUSCC-IACUC-2025101,
FUSCC-IACUC-2024232 and FUSCC-IACUC-2024457). 4T1, AT3, or MDA-MB-231 TNBC cells were injected subcutaneously
into the mammary fat pad region of the mice. For the immunotherapy combination therapy assay, after the tumor volume reached
the specific size, the mice were divided into 4 groups: 1) treated with DMSO and IgG; 2) treated with DMSO plus anti-PD-1; 3) treated
with MCT1 inhibitor plus isotype 1gG; 4) treated with MCT1 inhibitor plus anti-PD-1. For the SG combination therapy assay, the mice
were randomly divided into 4 groups: 1) treated with DMSO; 2) treated with MCT1 inhibitor; 3) treated with SG; 4) treated with MCT1
inhibitor plus SG. Tumor size was measured every three days using a caliper. Tumor volume in mm?® was calculated using the
following formula: tumor volume = 0.5 x L x W2, where L is the longest dimension and W is the perpendicular dimension. For the
PDX model, tumors from PDX-bearing NOD-Prkdc® I12rg™" (NPSG) mice were cut into pieces and subcutaneously implanted
into the flanks of NPSG mice (6-week-old females). Treatment was started when tumors grew to a specified size, and mice were
randomly assigned to the same 4 groups.

METHOD DETAILS

scRNA-seq data pre-processing and quality control

Raw fastq files were firstly processed by the Cell Ranger software pipeline (version 3.1.0, 10x Genomics) to demultiplex cellular barc-
odes and map reads to GRCh38 reference genome (Genome Reference Consortium Human Build 38) to generate matrices of gene
counts by cell barcodes. We used Seurat package (version 4.3.0) in R (version 4.2.1) to process the unique molecular identifier (UMI)
count matrix and conduct downstream analysis. For quality controls, we applied the criteria to filter out cells with UMI/gene numbers
less than 200 or more than 8000, percentage of mitochondrial counts <20%, and percentage of ribosome counts <20%.
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Visualization and clustering

Cells with low gene counts, high mitochondrial gene percentages, or potential doublets were excluded. For the downstream analysis,
we employed the R package Harmony, to integrate the data and correct the batch effect derived from patient-specific expression
patterns. Then, the batch-corrected matrix was input into Seurat and perform standard Seurat workflow. The top 2,000 highly var-
iable genes were selected, and dimensionality reduction was performed by PCA. The top 30 principal components were chosen
based on the ElbowPlot and used for kNN-based clustering at a resolution of 0.8. Cell clusters were visualized using UMAP.

Cell type annotation

We annotated cell types based on the expression of known marker genes as described previously, i.e., CD2, CD3D and CD3E for
T cell; COL1A1, DCN, and C1R for fibroblast; LYZ, CD68 and TYROBP for myeloid cell; CD24, KRT19, and SCGB2A2 for cancer
cell; CD79A, MZB1, and MS4A1 for B cell; CLDN5, FLT1, and RAMP2 for endothelial cell (Figure 1D).

Metabolic gene sets construction

We integrated metabolic genes and metabolic pathways from five distinct data resources, including Kyoto Encyclopedia of Genes
and Genomes (KEGG), Recon3D, Human-GEM, Reactome, and BRENDA. All metabolic genes are listed in Table S2 and included in
the metabolic heterogeneity analysis in Figure 2.

Differentially expressed metabolic genes analysis

Differentially expressed genes (DEGs) were identified using the MAST test with FindMarkers and FindAlIMarkers functions in Seurat
without a threshold for logFC and for expression in a minimum fraction of cells. Among these, metabolic genes were extracted for
further analysis.

Calculation of metabolic pathway activities
We applied two different methods to calculate the metabolic pathway activities:

(1) Gene set enrichment analysis (GSEA) was performed to evaluate and visualize the enrichment of metabolic pathways across
different cell types. The analysis was conducted using the clusterProfiler R package with default parameters, and the normal-
ized enrichment scores (NES) were used to represent pathway activity.

(2) scMetabolism: an R package, which integrates dropout gene imputation, metabolism quantification, and data visualization.

Compass analysis
Compass algorithm was employed to characterize cellular metabolic fluxes at single-cell resolution. Briefly, using the Recon2
metabolic network as reference and constraint-based models as main principle, Compass quantifies the potential activity of each
metabolic reaction for the downstream analysis as the single-cell level. We defined the core metabolic reactions as described
and computed the Compass scores following the default parameters. To compare the differential potential-activity of reactions ac-
cording to the Compass predictions, we computed for each reaction by the Wilcoxon’s rank sum between the Compass scores in the
two different cell types. Effect size was then evaluated with Cohen’s d statistic, defined as the difference between the sample means
over the pooled sample standard deviation.

The resulting p values are adjusted using Benjamini-Hochberg (BH) method. If the adjusted p value is smaller than 0.1, we sup-
posed the reaction is differentially active.

Single-cell metabolic features-treatment interaction analysis
To quantify metabolic activity at single-cell resolution, metabolic pathway scores were computed for each major cell type in every
patient. For downstream association analyses, each metabolic feature (pathway score or gene expression) was summarized at
the patient level. Logistic regression models were applied to assess whether these metabolic features were associated with treat-
ment response, modeled as: Efficacy (pCR vs. non-pCR) ~ Biomarker. Models were fitted using the glm function with a binomial fam-
ily, and significance was evaluated using Wald test-derived p values.

Multiplex immunofluorescence staining

The formalin-fixed paraffin-embedded (FFPE) tissue microarray containing human TNBC was acquired from Fudan University
Shanghai Cancer Center. The slides were processed using the Opal Polaris 7-Color Manual IHC Kit according to the manufacturer’s
protocol. In brief, FFPE sections were dewaxed, and epitope retrieval was performed. After blocking, the slides were incubated with
primary antibodies followed by signal amplification of opal fluorophores and antibody stripping. The slides were then counterstained
with spectral DAPI. The primary antibodies were anti-MPO (Proteintech, 1:500), anti-CD11b (Abcam, 1:4000), anti-GLUT3 (Protein-
tech, 1:1000), anti-MCT1 (Proteintech, 1:500), and anti-MCT4 (Proteintech, 1:1000). Images were then serially acquired for each
channel and thresholds were set for each channel to assign positivity using Vectra Polaris software. These data are then used to
quantify cellular phenotypes of interest using Phenochart software.
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Immunohistochemical staining

Immunohistochemical staining of primary tumors were performed by Wuhan Servicebio Technology with the following antibodies
overnight: anti-CD45, anti-CD11b, anti-MCT1, anti-MCT4, anti-GLUT3, and stained with goat anti-rat IgG Ab at room temperature
and counterstained with hematoxylin.

Stable isotope labeling (SIL) and metabolomics

For stable isotope labeling, media was switched to in glucose- and glutamine-free RPMI supplemented with 10% FBS, 1% Penicillin/
Streptomycin, 50mM B-mercaptoethanol, 1% HEPES, 1x non-essential amino acids, containing 10mM U-13C-glucose, or 20mM
U-13C-L-Lactate for 6 h. The intracellular and medium metabolites were extracted according to the manufacturer’s protocol.

RNA isolation and quantitative real-time PCR (qRT-PCR)

Total RNA was isolated using TRIzol reagent (Invitrogen, #15596018CN) and then transcribed into cDNA using HiScript Il All-in-one
RT SuperMix Perfect for gPCR (Vazyme, #R333-01) according to the manufacturer’s protocol. gPCR was performed using ChamQ
Universal SYBR gPCR Master Mix (Vazyme, #Q711-02). The housekeeping gene GAPDH was used as internal control.

Transfection of small interfering RNAs

Small interfering RNAs (siRNA) were transfected into myeloid cells and TNBC cells using Lipofectamine RNAIMAX. SiRNAs specific
for GLUT3, MCT1 and MCT4 were purchased from Guangzhou RiboBio Co., Ltd, while a scrambled non-targeting siRNA was used as
negative control. Briefly, the RNAi duplex-Lipofectamine RNAIMAX complexes were prepared according to the manufacturer’s pro-
tocol, with a final volume of 600 pL and a final RNA concentration of 10 nM. Then we added the mix to each well containing cells, and
incubated the cells 72 h to ensure the efficiency of knockdown.

In vitro cell viability assays

For short-term cell viability assays, cells were plated using optimal seeding densities per well in 96-well plates with their correspond-
ing growth medium and allowed to adhere overnight. The day after the cells reached 75-80% confluence, the medium was refreshed
or replaced by the conditioned medium as described. After the co-culture induction or the enough confluence, cell viability was as-
sessed by Cell Counting Kit-8 (Yeasen, #40203ES92). The absorbance was measured at 450 nm (A450).

In vitro cell migration and invasion assays

For the cell migration and invasion assays, cells were suspended in serum-free medium and plated using optimal seeding densities in
the top chambers. The top chambers were coated with Matrigel (Corning) for the invasion assay; while the migration assay did not
include this step. The lower chambers contained 600 pL of medium supplemented with 10% FBS. After incubation for 4-16 h, the
cells on the underside of the filter membrane were fixed with methanol for 20 min. The unmigrated and uninvaded cells were removed
using cotton swabs, and the cells that had migrated or invaded through the filter membrane were then stained with 0.1% crystal vi-
olet, photographed, and counted using ImageJ.

Flow cytometry analysis

For flow cytometry analysis after in vivo experiments, mouse tumors were mechanically dissociated with scissors and digested with
20 mg/mL dispase I, 20 mg/mL collagenase | and 20 mg/mL hyaluronidase for 30-60 min at 37°C with rotation. Cell suspensions
were then filtered through 100-pm and 40-pm cell strainers and resuspended in PBS. Red blood cells were lysed with red blood
cell lysis buffer for 10 min on ice. Cells were then washed in PBS and stained with Zombie-Red viability assay at a 1/1000 dilution.
for 20 min at 4°C. A monoclonal antibody to CD16/32 was used to block cells before staining with antibody panels. Then, the single-
cell suspensions were washed in Cell Staining Buffer and incubated with the indicated flow antibodies at 4°C for 30 min. All the an-
tibodies and reagents used for flow cytometry included CD45, CD3e, CD4, CD8, GZMB, PRF, PD1, IFN-gamma, CD11b, F4/80,
CD86, and CD206. For intracellular staining, cells were stimulated with Leukocyte Activation Cocktail for 6 h and then fixed and per-
meabilized by using Fixation Buffer and Intracellular Staining Permeabilization Wash Buffer according to the manufacturers’ instruc-
tions. Permeabilized cells were then incubated with fluorescently labeled antibodies against GZMB and PRF1 for 30 min at 4°C. A
CytoFLEX S flow cytometer (Beckman Coulter) and FlowJo software (Version 10.5.3, TreeStar) were used for further analyses.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analyses were performed using Prism (version 9.0.0) or R (version 4.2.1). Statistical significance was determined using the
unpaired Student’s t test, Mann-Whitney test, one-way ANOVA test, or Kruskal-Wallis test when appropriate. All data were presented
as the mean + SEM of at least three independent experiments unless otherwise indicated in the figure legend. All cell-based in vitro
experiments were independently repeated three times in triplicate. Unless otherwise specified, two-sided p values less than 0.05
were statistically significant. p-values and sample size can be found in main and supplementary figure legends.
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