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Abstract

Breast cancer remains a leading cause of cancer-related mortality in women
worldwide. Metabolic reprogramming, especially enhanced glycolysis, is a hallmark of
breast cancer progression and offers promising targets for therapeutic intervention.
However, systematic identification of glycolysis-related gene markers at single-

cell resolution remains limited.We integrated single-cell RNA sequencing, spatial
transcriptomics, and multiple machine learning algorithms to analyze glycolytic
heterogeneity in breast cancer. A novel interquartile range (IQR)-based scoring
method was developed to quantify glycolytic activity at the single-cell level.
Glycolysis-related genes (GRGs) were systematically screened using five machine
learning models (RF, Boruta, Lasso, ABESS, and GBM), and their diagnostic and
prognostic values were evaluated.We identified significant glycolytic heterogeneity
among breast cancer cell subsets, with malignant cells exhibiting the highest
glycolytic activity. Seven hub genes, namely PKM, MIF, SOD1, PGK1, APP, LDHB and
NUPR1, were consistently identified and validated. These genes showed strong
diagnostic potential with high AUC values in ROC analysis, and their elevated
expression was confirmed in breast cancer tissues via immunohistochemistry.
Spatial and cell communication analyses further revealed distinct metabolic niches
and intercellular signaling networks associated with high-glycolytic cells This study
establishes a robust IQR-based glycolysis assessment strategy that overcomes
limitations of previous scoring methods. We identified seven core glycolytic
regulatory genes that are closely linked to breast cancer progression and poor
prognosis. These findings provide novel insights into metabolic reprogramming in
breast cancer and offer potential biomarkers for targeted metabolic therapy.

Keywords Breast cancer, Glycolysis, Single-cell RNA sequencing, Spatial transcriptome,
Machine learning, CellChat

1 Introduction

Breast cancer is the most common malignant tumor among women worldwide, with
both incidence and mortality rates continuing to rise [1]. Current treatment methods,
including surgery, chemotherapy, radiotherapy, endocrine therapy and targeted therapy,
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have all made significant progress. However, limitations such as drug resistance and
bone marrow suppression restrict the effectiveness of existing therapies. Moreover,
these treatments show minimal efficacy against triple-negative breast cancer (TNBC).
A deeper understanding of breast cancer pathogenesis can improve patient outcomes.
In recent years, research on abnormal cancer cell metabolism has gained significant
attention in the development of cancer treatments. Most normal tissues obtain energy
through aerobic glycolysis under aerobic conditions, and only switch to anaerobic gly-
colysis under hypoxic conditions. However, tumor tissues primarily rely on anaerobic
glycolysis for energy production, even when oxygen supply is sufficient. This phenom-
enon is known as the “Warburg effect” [2]. Similar to most cancer cells, breast cancer
cells exhibit significant differences in glucose metabolism, characterized by markedly
enhanced glycolysis [3]. Breast cancer cells depend more on ATP produced through
glycolysis, providing a biochemical basis for developing drugs that inhibit glycolysis to
selectively target these cells. This also makes targeting metabolic enzymes in the glyco-
lytic pathway a viable strategy for anti-cancer drug development.

The glycolytic pathway refers to the process where cells in the cytoplasm break down
glucose into pyruvate through a series of enzymatic reactions [4]. Glucose in the cyto-
plasm is first phosphorylated by hexokinase (HK) into glucose-6-phosphate (G-6-P).
G-6-P is then converted into pyruvate by enzymes such as phosphofructokinase (PFK)
and pyruvate kinase (PK). The pyruvate produced by the glycolytic pathway can either
enter the tricarboxylic acid cycle directly or be converted into lactic acid by lactate dehy-
drogenase (LDH). In the process of glucose being converted into lactic acid through gly-
colysis, key metabolic enzymes like HK, PFK, PK, and LDH are associated with tumors
and regulated by transcription factors in carcinogenic signaling pathways, such as
hypoxia-inducible factor-1a (HIF-1a) [5].

The glycolytic pathway plays a pivotal role in the metabolic reprogramming of breast
cancer, with its biological functions in promoting tumor proliferation and invasion
being well-established. However, systematic analysis of glycolysis-associated molecu-
lar markers at single-cell resolution remains insufficient. In recent years, single-cell
and spatial transcriptomics have revealed significant metabolic heterogeneity in breast
cancer and its association with poor clinical outcomes [6-9]. However, existing studies
still face several key limitations. First, there is insufficiently precise spatial mapping of
high-glycolytic malignant cell subpopulations within tumor tissues. Second, there is a
lack of a systematic multi-algorithm machine learning framework to robustly identify
core regulatory genes from high-dimensional data. Finally, the exploration of intercel-
lular communication networks of highly metabolic cells and their role in shaping the
microenvironment remains limited. This study aims to address these gaps by developing
a novel interquartile range (IQR)-based single-cell metabolic scoring method, integrat-
ing various machine learning algorithms for feature gene selection, and combining spa-
tial transcriptomics with cell communication analysis, with the goal of providing new
methodological tools and biological insights.

2 Methods

2.1 Collection of data sets

All single-cell transcriptome data analyzed in this study were retrieved from the Gene
Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/). Specifically, GSE176078
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included samples from 20 breast cancer patients, while GSE161529 contained total
breast cell samples from three healthy controls. For bulk RNA data analysis, we obtained
1,095 breast cancer samples from the Cancer Genome Atlas (TCGA-BRCA) database.
Additionally, six spatial transcriptomic datasets related to breast cancer were acquired
from Zenodo [Zenodo (https://zenodo.org/records/4739739)].

2.2 Access to glycolytic pathway genes

To comprehensively identify glycolysis-related genes(GRGs), we systematically searched
multiple authoritative databases including KEGG, Reactome, GO, MSigDB Hallmark,
bioactome, and MetaPathway, using search terms such as ‘glycolysis’ and ‘glucose metab-
olism’ [10-12]. After integrating findings from these datasets and removing redundan-
cies, we identified a glycolysis-related gene set comprising 341 genes (Supplementary
Table 1).

2.3 Preprocessing of data sets

The single-cell RNA sequencing data in this study were generated using Illumina’s Next-
Seq 500 platform on the 10x Genomics platform. For the GSE176078 and GSE161529
datasets, we established stringent quality control criteria: each gene must be expressed
in at least five cells, each cell must contain at least 200 detectable genes, and mitochon-
drial gene expression must account for less than 20% of total genes. Subsequent down-
stream analyses were performed using the Seurat software package, which included
expression normalization based on highly variable genes, principal component analysis
(PCA) for dimensionality reduction, and Harmony algorithm correction for batch effects
[13].The assessment of glycolytic activity was performed on the batch-corrected, inte-
grated dataset to ensure that the metabolic scores reflect biological differences rather
than technical artifacts. We ultimately selected the top 20 principal components based
on statistical significance (P < 0.05), performed nonlinear dimensionality reduction visu-
alization using the UMAP algorithm, and automated cell subpopulation annotation with
SingleR software [14].

2.4 Assessment of the active state of the glycolytic pathway

To achieve precise quantification of glycolytic activity in malignant cells, this study over-
came the limitations of single algorithms by integrating five complementary single-cell
computational methods (AUCell, UCell, singscore, AddModuleScore, and ssgsea) [15—
19]. AUCell and UCell provide rank-based scoring resistant to gene dropout; singscore
enables directional assessment of gene sets; AddModuleScore calculates the average
expression of a gene set relative to background features; and ssgsea projects pathway
analysis logic from bulk to single-cell data. Using this integrated approach, we system-
atically evaluated glycolytic activity in 51,099 tumor cell samples, successfully assigning

glycolytic activity scores to each cell.

2.5 Spatial transcriptome analysis

The dataset for this study was sourced from spatial transcriptome data downloaded from
the Zenodo database. Following a sequential quality control process, genes detected
in fewer than five spots were removed, and spots with fewer than 300 detected fea-
tures or exhibiting a mitochondrial gene proportion exceeding 20% were filtered out.
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Subsequently, data standardization was achieved using the SCTransform method with
default parameters in Seurat. Finally, we conducted unsupervised clustering analysis
based on PCA across multiple spatial sections through Seurat’s RunPCA, FindNeigh-
bors, FindClusters, and RunUMAP functions.

2.6 Quartile screening of high metabolic cell subpopulations based on glycolytic activity
Cell classification is first performed by calculating the percentile of scoring data. Sub-
sequently, we established two key cutoff points based on the distribution: cells scoring
above the third quartile (Q3) are designated as HGS, those below the first quartile (Q1)
as LGS, and those with scores between Q1 and Q3 are classified as DTGS.To validate
that our key findings were not contingent upon this specific threshold, a sensitivity anal-
ysis was performed using an alternative stratification strategy.

2.7 High-dimensional weighted gene co-expression network analysis(hdWGCNA)

To analyze the functional associations among genes, we first initiated the analysis pro-
cess using the hdWGCNA algorithm in R [20]. The process began with preprocessing
the expression matrix by removing low-expressing genes and performing rigorous qual-
ity control. Subsequently, the optimal soft threshold for constructing the weighted net-
work was determined through the TestSoftPowers function, which enabled generation
of the co-expression matrix. Hierarchical clustering was then applied to partition genes
into modules, followed by module signature gene analysis to identify eight modules sig-
nificantly associated with cell clusters for further investigation. Finally, connectivity-
based screening identified the top 100 genes, which were designated as core genes.

2.8 Automated selection of glycolysis-related genes through machine learning

Given the limitations of single-machine learning algorithms in genetic screening, this
study employs a diversified collaborative analysis strategy. By conducting multi-angle
evaluations and optimizing feature selection, we aim to reliably identify disease-asso-
ciated genes. To ensure reproducibility and fairness, all operations utilize fixed random
seeds and employ stratified sampling to partition raw data into balanced training and
validation sets.We employed a composite framework of five distinct algorithms to cap-
ture complementary aspects of gene relevance and enhance biological robustness. ran-
dom forest (RF) and Boruta evaluate non-linear interactions, Lasso regression enforces
sparsity to mirror parsimonious regulatory networks, ABESS performs optimal subset
search, and gradient boosting machine (GBM) captures subtle consistent signals. The
consensus across these methodologically independent algorithms identifies genes that
are stable and core to the glycolytic program, reducing model-specific artifacts and
increasing confidence in their biological significance. First, for broad feature impor-
tance evaluation and initial screening, we applied RF, which utilized an ensemble of 500
decision trees with the default number of variables considered at each split. The Boruta
algorithm, which internally uses Random Forest, was run for 500 iterations to identify
relevant features robustly by comparing them against shuffled shadow features. Sub-
sequently, to enhance the quality and sparsity of the screened features, LASSO regres-
sion was introduced to perform high-dimensional regularization. Its penalty strength
(M) was optimized via 10-fold cross-validation, yielding a final X of 0.000696. In paral-
lel, the ABESS algorithm was used for optimal subset search with its default splicing
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settings, where the optimal model size was likewise determined by 10-fold cross-vali-
dation. Finally, leveraging a boosting mechanism, GBM was configured with a learning
rate of 0.1, a maximum tree depth of 3, and an initial 100 trees. This integrated multiple
weak classifiers into a strong predictor to precisely identify hub genes most relevant to
the target phenotype from the high-dimensional genetic data. This systematic workflow
ensures the robustness and scientific validity of our conclusions.

2.9 Development and validation of machine learning-based benchmark models for
glycolysis-related genes

This study employed a multi-model benchmarking approach to establish a compu-
tational framework capable of reliably inferring GRGs from single-cell RNA sequenc-
ing data. Using R’s “mlr3” package, we systematically compared seven models:
K-nearest neighbor (KNN), linear discriminant analysis (LDA), logistic regression (LR),
naive Bayes (NB), random forest (Ranger), recursive partitioning and regression trees
(RPART), and extreme gradient boosting (XGBoost) [21]. In data preprocessing, 80% of
samples were randomly allocated for training, with the remaining 20% serving as the test
set. We implemented 5-fold cross-validation for hyperparameter optimization and sup-
plemented it with 10-fold cross-validation to rigorously evaluate model generalization
performance. Ultimately, based on the average AUC metric, we identified the optimal
algorithm for constructing GRGs labels.

2.10 Mapping signaling exchange and lineage progression in cellular ecosystems

To decode intercellular signaling communication, we first employed the CellChat
algorithm, which constructs intercellular signaling networks based on known signal
molecule-receptor pairing information [22]. By systematically evaluating the expres-
sion intensity of relevant molecules in various cell subpopulations, we identified bio-
logically significant signaling pathways and explored their potential connections with
clinical manifestations in patients. Building on this foundation, we applied the Mono-
cle algorithm to reconstruct cellular transcription dynamics in temporal sequence [23].
This computational model, through low-dimensional space projection and cell sort-
ing, revealed the dynamic continuity of cells during pathological progression, thereby
inferring the relative positions of individual cells within predefined developmental
trajectories.

2.11 Statistical analysis and data visualization

All computational analyses in this study were performed in R (version 4.4.1). For sin-
gle-cell and bulk transcriptomic data, we employed two-tailed hypothesis testing for
statistical inference. Specifically, covariability between variables was quantified using
Pearson’s correlation coefficients, while inter-group comparisons utilized Wilcoxon
rank-sum tests. We evaluated three Cox proportional hazards models: a clinical model
(age, pT, pN, stage), a glycolytic gene model, and a combined model. Model discrimina-
tion was assessed using the concordance index (C-index), and improvement in model
fit upon adding the glycolytic signature was tested via likelihood-ratio tests. Indepen-
dent prognostic associations were examined by multivariable Cox regression, with gene
expression standardized (z-score). Results are presented as hazard ratios (HR) with 95%
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confidence intervals (CI).We determined statistical significance based on the criterion
that the p-value (or adjusted p-value) is less than 0.05.

2.12 Immunohistochemistry (IHC)

The Human Protein Atlas (HPA, https://www.proteinatlas.org) is a Swedish program
launched in 2003. It integrates various omics technologies to create a map of all human
proteins in cells, tissues, organs, and blood [24]. We obtained immunohistochemis-
try images of PKM, MIF, SOD1, PGK1, APP and LDHB from the HPA to evaluate the
expression of these proteins in tumor and normal tissues of patients.

3 Results

3.1 Construction of cell atlas based on single-cell RNA sequencing

This study utilized single-cell RNA sequencing data comprising 20 breast cancer sam-
ples and 3 normal controls. Following predefined quality control criteria, 58,908 high-
quality cells were selected for subsequent analysis (Supplementary Fig. 1A). To eliminate
technical batch effects, we integrated the data using the Harmony algorithm. Quantita-
tive assessment showed an 11.01% reduction in the batch separation ratio and effective
local batch mixing, with an average of 10 distinct batches among each cell’s 30 nearest
neighbors. PCA visualization confirmed successful integration(Supplementary Fig. 1B).
UMAP-based nonlinear dimensionality reduction and clustering analysis identified 16
cell subpopulations (Supplementary Fig. 1C). Subsequent SingleR algorithm analysis
further classified these subpopulations into seven distinct cell types: CD8+ T cells, epi-
thelial cells, CD4 + T cells, fibroblasts, monocytes, endothelial cells, and B cells (Supple-
mentary Fig. 1D, Fig. 1A). Comparative analysis of normal and tumor tissues revealed
significant enrichment of specific immune cell populations in the tumor microenviron-
ment, including CD8+ T cells, CD4+T cells, and B cells. In contrast, normal tissues
exhibit a higher proportion of epithelial cells, fibroblasts, and endothelial cells (Fig. 1B).
The annotation of cell types was validated through the expression patterns of marker
genes (Supplementary Fig. 1E, Fig. 1C, D). Furthermore, the UMAP spatial distribution
of gene expression density visually demonstrates the expression characteristics of key
marker genes across different cell populations (Fig. 1E).

3.2 Quantitative analysis of glycolytic activity

To clearly distinguish cell populations with high and low copy number variations
(CNVs), this study first employed K-means-based unsupervised clustering analysis, suc-
cessfully identifying three cell subpopulations (Fig. 2A). Cluster 2, which showed the
lowest CNV scores, was defined as normal epithelial cells, while the remaining clusters
corresponded to malignant cells (Fig. 2B). Subsequently, we evaluated glycolytic activ-
ity using five algorithms: AUCell, UCell, singscore, AddModuleScore, and ssgsea, reveal-
ing distinct distribution patterns across different cell types and phenotypes (Fig. 2C).
Consistent analysis results demonstrated significantly higher glycolytic activity in tumor
tissues compared to normal tissues (P<0.05, Fig. 2D). This trend was corroborated by
heatmaps, ridge plots, and UMAP visualizations, showing that malignant cells exhibited
markedly higher glycolytic activity and were spatially concentrated (Fig. 2E-H). Spa-
tial mapping based on spot-level resolution indicated an enrichment of transcriptomic
signatures associated with malignant cells and high glycolytic activity within the tumor
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Fig. 1 Analysis of breast cancer tissues using single-cell RNA sequencing. A Identification and visualization of
heterogeneous cell populations. B. Compositional differences in cell types between tumor and normal tissues. C,
D Manual classification of seven unique cell populations based on established marker genes. E Expression patterns
of canonical marker genes projected onto the UMAP

core region (Fig. 2I-], Supplementary Fig. 2A—]). Finally, using a robust cell type decom-
position algorithm, we successfully mapped the cell types defined in single-cell data to
spatial datasets, thereby inferring the composition of malignant cells at key spatial loca-
tions (Fig. 2K, Supplementary Fig. 2K-O).

3.3 Phenotypic atlas analysis and subgroup identification of cellular glycolysis

The research findings revealed that cell scores followed a normal distribution across
three classification groups: LGS, DTGS, and HGS (Fig. 3A). Enhanced cellular metabolic
states were consistent with increased density in the CytoTRACE score, which evaluates
cellular differentiation potential (Fig. 3B). Notably, the HGS group exhibited significantly
higher scores, suggesting associations with glycolysis or differentiation status (Fig. 3C).
UMAP maps clearly demonstrated cell clustering based on glycolysis-related genes
(Fig. 3D). Box plots confirmed significantly stronger metabolic activity in the HGS group

Page 7 of 19
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Fig.2 Assessment of glycolytic activity. A The K-means algorithm was employed to analyze inferred copy number
variations, enabling the classification of malignant cell populations. B A violin plot was used to display the distri-
bution of CNV scores among the clusters identified by K-means grouping. C Glycolytic activity across various cell
subsets was assessed using five computational tools: AUCell, Ucell, singscore, AddModuleScore, and ssgsea. D
Glycolysis levels were compared between diverse cell types from normal tissues and tumor specimens. E-G The
glycolytic activity scores for seven major cell types were visualized. H Spatial distribution of glycolytic activity in
normal and tumor samples was depicted in a two-dimensional UMAP space. I. Histological regions within spatial
transcriptomics samples were distinguished by hematoxylin and eosin (HE) staining. J A spatial map illustrates
the organizational pattern of glycolysis activity across tissue structures. K. Tissue architecture in breast cancer was
reconstructed through unsupervised pattern recognition methods

(Fig. 3E). The positive correlation between the two was further validated by a Pearson
correlation coeflicient of 0.54 (p<0.001) (Fig. 3F). Trajectory analysis revealed intratu-
moral transcriptional heterogeneity in malignant cells (Fig. 3G-I). In the high glycolysis
group, pathways such as glycolysis and gluconeogenesis showed significant enrichment

and upregulation, collectively indicating enhanced metabolic activity (Fig. 3]).

3.4 Screening for HGS-related genes using hdWGCNA

To conduct in-depth analysis of GRGs, this study employed hdWGCNA for systematic
evaluation. By balancing model fit (R*> 0.9) with network connectivity, we determined
a soft power threshold of 6, a decision supported by the hierarchical clustering dendro-
gram (Fig. 4A). Using this threshold, co-expression analysis successfully clustered genes
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Fig. 3 CytoTRACE reveals glycolytic heterogeneity and cell states. A Normality assessment of glycolytic activity
distribution. B-D UMAP projection of CytoTRACE scores. E Inter-group comparison of CytoTRACE scores. F. Scatter
plot for correlation verification. G Pseudotime reconstruction of malignant cell states. H Metabolic pathway enrich-

ment across glycolytic phenotypes
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into eight core modules based on expression profile similarity (Fig. 4B). The study fur-
ther identified the top 10 most interconnected genes within each module and visual-
ized inter-module relationships (Fig. 4C, D). UMAP analysis further confirmed the
functional distinctiveness of these modules (Fig. 4E). Ultimately, 720 cell-associated core
genes were identified in the HGS group (Fig. 4F, Supplementary Table 2).

3.5 Screening and functional annotation of glycolytic hub genes

This study first identified 808 genes with significantly different expression levels (Fig. 5A,
Supplementary Table 3) by comparing HGS and LGS groups. Cross-annotation of these
differentially expressed genes (DEGs) with glucose regulation-related genes revealed
293 overlapping genes (Fig. 5B, Supplementary Table 4). Subsequent Pearson correla-
tion analysis identified 228 genes showing significant positive correlation with glycolytic
activity (Cor>0, adjusted P-value<0.05, Fig. 5C, Supplementary Table 5). Functional
annotation further clarified their biological significance: Disease Ontology (DO) anal-
ysis identified associations with critical diseases such as breast cancer and melanoma
(Fig. 5D, Supplementary Table 6), while the Gene Ontology (GO) analysis revealed sig-
nificant enrichment in specific functions including regulation of apoptotic signaling
pathways and cellular respiration (Fig. 5E, Supplementary Table 7).

3.6 Hub gene screening based on machine learning

This study developed an integrated computational framework to precisely identify hub
genes through comparative analysis of HGS and LGS. The framework runs five machine
learning algorithms in parallel, with differentiated screening criteria based on their
characteristics: models providing feature importance scores retain only the top twenty
genes, while results from other models are fully incorporated into the candidate pool.
Specifically, the random forest and Lasso algorithms identified 20 and 197 candidate
genes respectively (Fig. 6A—C). Subsequently, Boruta and GBM algorithms each iden-
tified 20 genes (Fig. 6D-F). The ABESS algorithm independently screened 20 genes
(Fig. 6G). Through intersection analysis of these results, we successfully identified seven
shared core characteristic genes: PKM, MIF, SOD1, PGK1, APP, LDHB, and NUPR1
(Fig. 6H).A gene was defined as a high-confidence hub gene only if it was selected by all
five algorithms. All seven identified genes met this stringent criterion.The feature impor-
tance scores or selection coefficients for these genes across each individual algorithm

Fig. 5 Hub genes linked to glycolytic activity were pinpointed. A Differential gene expression analysis pertaining
to glycolysis. B Venn diagram illustrating the overlap between GRGs and DEGs. C The 100 genes most correlated
with GRGs scores. D, E GO and DO analyses for the 228 genes connected to GRGs activity
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Fig. 6 Hub genes were identified via machine learning approaches. A, B RF algorithm identified hub genes by
assessing feature importance across an ensemble of decision trees. C The LASSO algorithm performs feature se-
lection by applying an L1 regularization penalty to constrain regression coefficients. D, E The Boruta algorithm
evaluates gene importance by comparing it against the maximum importance of randomized shadow features. F
GBM algorithm was subsequently applied to refine the signature gene set. G The ABESS algorithm was employed
for further gene screening and identification. H A Venn diagram displays the consensus set of nine differentially
expressed genes derived from the five machine learning algorithms

are comprehensively provided in Supplementary Table 8, demonstrating their consistent

and high-ranking prioritization by all methodologically distinct models.

3.7 Sensitivity analysis validates the robustness of hub genes

To validate the robustness of our findings, we performed a sensitivity analysis using an
alternative stratification method (the top and bottom 10% of cells by glycolytic score).
The cell populations identified as metabolically extreme showed partial overlap with our
original IQR-based groups (Jaccard index=0.400). Crucially, all seven hub glycolytic
genes (PKM, MIF, SOD1, PGK1, APP, LDHB, and NUPR1) remained significantly upreg-
ulated in the high-glycolytic groups defined by the stricter 10% threshold, with concor-
dantly stronger fold-changes, confirming that our core discovery is robust and not an

artifact of the specific classification boundary (Supplementary Tables 9-10).

3.8 Performance evaluation of hub GRGs under multi-model perspectives
This study evaluated the classification performance of multiple biomarkers, with ROC
curves demonstrating their sensitivity-specificity relationships. The area under the curve
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(AUC) values, serving as an indicator of overall discriminative accuracy, were: PKM:
0.796 (95% CI 0.791 -0.800), MIF: 0.843 (95% CI 0.839-0.848), SOD1: 0.732 (95% CI
0.727 -0.738), PGK1: 0.693 (95% CI 0.688 —0.699), APP: 0.644 (95% CI 0.640 - 0.649),
LDHB: 0.628 (95% CI 0.622 - 0.634), and NUPR1: 0.653 (95% CI 0.649 - 0.657) (Fig. 7A).
Subsequently, we systematically compared the performance of various machine learn-
ing models (KNN, LDA, LR, NB, Ranger, RPART, and XGBoost) using their average
AUC values as benchmarks to assess their relative effectiveness in this specific task
(Fig. 7B). Figure 7C displays the precision-recall curves for each classifier. The model’s
comprehensive performance was evaluated using ROC curves in Fig. 7D-E, with an
overall AUC of 0.959, demonstrating the algorithm’s reliability in both specificity and
sensitivity. We validated core gene expression patterns using bulk RNA sequencing data
and further assessed their correlation with survival status (Fig. 7F-L, Supplementary
Fig. 3A—G).To further investigate the prognostic value of the identified genes, we ana-
lyzed their expression in relation to overall survival (OS) in luminal A, luminal B, and
TNBC subtypes. In the luminal A subtype, high expression of PKM and SOD1 predicts
better OS, whereas high expression of NUPRI1 is associated with poorer prognosis. In
the luminal B subtype, high expression of PGK1 and LDHB is significantly correlated
with worse survival outcomes. In TNBC, high expression of NUPR1 similarly serves as
a risk factor for poor prognosis, further underscoring the subtype-dependent nature of
its biological function(Supplementary Fig. 4, 5 and 6).To evaluate the prognostic value
of the glycolytic gene signature beyond conventional clinical parameters, we performed
an analysis in the TCGA-BRCA cohort. Comparison of model discrimination showed

‘-_‘_ §

i i IV ki
;’ Al i Je
zmealll &

|l il 5 - B

LM

i | Il

| U T 0 I A

Fig. 7 Multi-model benchmarking of GRGs. A ROC analysis was used to evaluate the discriminatory power of
the hub genes. B Performance of benchmark machine learning models. C Precision-recall analysis aids in model
optimization to minimize false positives and false negatives. D, E Comparative performance of various machine
learning models based on ROC curves. F-L Expression patterns of the feature genes in bulk RNA-seq data
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that the combined model integrating clinical variables and glycolytic genes achieved a
C-index of 0.824 (95% CI 0.673-0.933), which was significantly higher than that of the
clinical-only model (C-index=0.754, 95% CI 0.628—-0.864). The improvement in model
fit was highly statistically significant (P<0.001) (Supplementary Table 11). Multivariable
Cox regression adjusted for clinical covariates confirmed that four of the seven glycolytic
genes remained independent prognostic factors(Supplementary Table 12).These results
demonstrate that the glycolytic gene signature provides significant incremental prognos-
tic information.

3.9 Hub GRGs pathway enrichment landscape

To thoroughly analyze the functions of hub gene sets, we conducted gene set enrich-
ment analysis (GSEA), revealing significant associations between seven hub gene sets
and the glycolysis pathway (Fig. 8A—G). To evaluate their diagnostic performance, we
plotted ROC curves in bulk RNA-seq datasets. Quantifying performance through AUC,
the results showed the following AUC values: PKM: 0.854 (95% CI 0.821 - 0.887), MIF:
0.570 (95% CI 0.530-0.611), SOD1: 0.752 (95% CI 0.717 - 0.786), PGK1: 0.854 (95% CI
0.832-0.876), APP: 0.665 (95% CI 0.609 - 0.722), LDHB: 0.804 (95% CI 0.778 - 0.830),

:
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Fig. 8 A-G GSEA was applied to hub GRGs in malignant cells. H Profiling the diagnostic power of the seven hub
genes using ROC analysis on bulk data. | Correlation analysis depicting the relationships between all seven hub
genes
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Fig. 9 Characterization of intercellular signaling networks. A Depicts the quantity of interactions and their cor-
responding intensity. B Specific interactions between ligands and their respective receptors are displayed. C, D
Identification of cell populations that communicate with glycolytic malignant cells via receptor or ligand provision.
E, F Bubble plots illustrate ligand-receptor pairs involved in signaling to HGS, DTGS, and LGS cell types. G Scatter
plot visualizes variations in incoming and outgoing interaction strengths across different cell populations. H Com-
parative analysis of afferent and efferent signaling patterns among all cell types

and NUPRI1: 0.616 (95% CI 0.572 - 0.660) (Fig. 8H). Subsequently, we demonstrated the
interactions and correlation strengths among the seven core GRGs (Fig. 8I).

3.10 A panoramic view of intercellular communication

To elucidate the impact of glycolysis on the function of highly malignant cells, we focused
on comparing the cell adhesion behaviors of HGS (1#=4429) and LGS (n=4429) tumor
cells. Inferred cell-cell communication analysis suggested potential signaling interactions
between spatial domains enriched for high-glycolytic signatures and domains character-
ized by fibroblast, CD8 + T-cell, and endothelial cell markers (Fig. 9A-D). A key find-
ing was that HGS cells exhibited significantly higher signal outflow compared to LGS
cells (Fig. 9G). We further examined whether the identified seven core glycolytic genes
(PKM, MIF, SOD1, PGK1, APP, LDHB, and NUPR1) were directly involved in these
ligand-receptor interactions. Our analysis revealed that MIF, a key core gene, functions
as a major ligand in the enhanced signaling output from HGS cells, particularly in the
MIE-(CD74 + CXCR4) signaling axis. This pathway showed significantly higher commu-
nication probability from HGS cells to fibroblasts (P<0.01) and CD8 + T cells (P<0.01),
suggesting that MIF-mediated signaling may serve as a metabolic-immune-stromal com-
munication bridge in the tumor microenvironment. (Fig. 9E, F, H). Subsequent correla-
tion analyses of markers (PKM, MIF, SOD1, PGK1, APP, LDHB, and NUPR1) showed
PKM to be the most strongly correlated marker (Supplementary Fig. 7A-G).

3.11 Validation of the GRGs using clinical tissue samples
We used immunohistochemical staining to detect the expression of GRGs proteins,
namely PKM, MIF, SOD1,PGK1,APP and LDHB, in the tumors and normal tissues of
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patients. The results showed that the expression of these proteins in tumor tissues was
higher than those in normal tissues(Supplementary Fig. 8).

4 Discussion

Metabolic reprogramming is a hallmark of cancer [25]. Aerobic glycolysis serves as the
primary mechanism for tumor cells to reprogram glucose metabolism, creating a highly
acidic microenvironment that facilitates cancer cell proliferation, invasion, and immune
evasion [26]. Although glycolysis has garnered significant attention in oncology, system-
atic exploration of regulatory genes involved in this process in breast cancer remains
limited. Therefore, a comprehensive understanding of the GRGs functional network will
significantly advance precision therapeutic strategies for breast cancer.

This study establishes a novel methodology for tumor research by integrating single-
cell transcriptome sequencing, machine learning, and spatial transcriptomic analysis.
The multimodal research strategy systematically elucidates glycolytic metabolic char-
acteristics of breast cancer from dual perspectives of cell type and spatial distribution,
revealing diverse metabolic remodeling patterns among malignant cells and expand-
ing our understanding of tumor metabolic complexity. Based on single-cell transcrip-
tomic data, we identified seven distinct cell categories. Computational methods such
as AUCell and ssgsea were employed to assess sample glycolytic activity, revealing that
cancer cells exhibit the highest metabolic activity. By combining single-cell sequencing
with interquartile range stratification, this study achieved precise analysis of glycoly-
sis-related gene expression changes in breast cancer cells, demonstrating significant
metabolic heterogeneity. Compared to conventional expression analysis methods that
struggle to capture intercellular metabolic differences, the IQR classification technique
quantifies metabolic states at single-cell level by categorizing cells into distinct glyco-
lytic activity tiers, thereby significantly enhancing the reliability of subsequent analyses.
Using this cell clustering approach, we successfully identified specific high-expressing
genes within high glycolytic activity subpopulations. This precise cell classification pro-
vides crucial insights into key metabolic perturbations affecting tumor proliferation and
invasion. The strategy not only revolutionizes traditional differential gene identification
approaches but also substantially improves analytical rigor while effectively controlling
biases caused by metabolic heterogeneity. Comprehensive analysis revealed significant
differences in glycolytic characteristics among various cell types, leading to the selection
of the HGS subpopulation as the primary focus for subsequent research. Through spa-
tial transcriptomics and cell interaction analysis, this study identified unique metabolic
activity patterns and cellular communication networks in breast cancer cells within their
microenvironment. To date, no research has systematically integrated single-cell tran-
scriptome sequencing, spatial transcriptomics technology, and machine learning models
to identify glycolysis-related biomarkers in breast cancer.

To enhance the robustness of gene screening, this study employed five machine learn-
ing algorithms based on different mathematical principles: Random Forest (RF), Boruta,
Lasso regression, ABESS, and Gradient Boosting Machine (GBM). This multi-algo-
rithm fusion strategy effectively suppressed overfitting while improving reproducibil-
ity through complementary effects among models. By constructing a composite model
framework, we systematically identified seven core genes: PKM, MIF, SOD1, PGK1, APP,
LDHB, and NUPRI, significantly enhancing the screening system’s anti-interference
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capability. PKM, a key rate-limiting enzyme in aerobic glycolysis of tumor cells, pro-
motes glycolytic flux through high expression. It enters the nucleus to form complexes
with other proteins, activating signaling pathways like HIF1-a/B-catenin, thereby driving
glycolytic reprogramming and tumor progression [27]. In breast cancer, PKM exhibits
strong expression in numerous clinical tissue samples, with its abnormal overexpres-
sion correlating with poor prognosis and resistance to neoadjuvant chemotherapy [28].
Our analysis suggested enhanced signaling from high-glycolytic cells, notably via MIEF-
related pathways. This finding aligns with known breast cancer biology: MIF, secreted
by cancer stem cells, can activate pathways such as WNT/p-catenin that promote gly-
colysis and suppress immunity. Thus, glycolytic reprogramming in malignant cells may
not only meet bioenergetic demands but also, through secreted factors like MIF, actively
remodel the microenvironment by potentially influencing immune cells and fibroblasts.
These inferred interactions support the concept of “metabolically triggered signaling,” in
which metabolites and secreted factors from active tumor cells drive pro-tumorigenic
communication networks [29]. The clinical relevance of our core glycolytic genes (PKM,
MIF, SOD1, PGK1, APP, LDHB, NUPR1) is shaped by their context within breast can-
cer heterogeneity. While glycolysis is a cancer hallmark, key genes exhibit breast cancer-
specific roles. For instance, PKM has unique non-metabolic functions in breast cancer
nuclei, while LDHB and PGK1 are particularly overexpressed and drive progression in
aggressive TNBC [30-32]. Furthermore, MIF-CD74 signaling actively shapes the TNBC
immunosuppressive microenvironment, and SOD1 maintains stemness in therapy-
resistant cells [33, 34]. This collective evidence suggests our gene panel may not only
mark general glycolytic flux but could also reflect the distinct metabolic dependencies of
aggressive breast cancer subtypes, informing the development of subtype-specific thera-
peutic strategies. As a transcriptional regulator, NUPR1 induces autophagy by activat-
ing TFE3 transcription, a process closely linked to breast cancer cell proliferation and
migration [35]. Our immunohistochemical studies confirmed elevated expression of
PKM, MIF, SOD1, PGK1, APP and LDHB in breast cancer tumor tissues compared to
normal tissues, further demonstrating these glycoproteins’ critical roles in breast cancer
development, metabolic reprogramming and poor clinical prognosis.

Our integrated multi-algorithm framework advances beyond conventional differential
expression analysis by prioritizing consistently important genes, such as the seven hub
genes (PKM, MIF, SOD1, PGK1, APP, LDHB, NUPR1), while filtering out biologically
peripheral signals. The convergence of five distinct algorithms indicates that these genes
form a coherent functional module within the glycolytic network. This is supported by
their known roles in glycolysis, stress response, and cancer progression, as well as their
coordinated expression and interactions shown in our cell communication analysis.
Thus, our methodology distills complex transcriptional data into a focused, biologically
interpretable core gene set.

While this study has yielded significant findings, its conclusions require cautious
interpretation. First, although retrospective data analysis suggests GRGs hold diagnos-
tic potential, their clinical value remains to be validated through large-scale prospective
cohort studies. Second, the spatial transcriptomics data, while informative for mapping
regional heterogeneity, are constrained by spot-level resolution. This limitation necessi-
tates cautious interpretation of the inferred cell-cell communication networks, as signals
are assigned to spatial domains containing multiple cells rather than to individual cells,
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and restricts our ability to precisely map glycolytic metabolic domains at single-cell res-
olution. Higher-resolution spatial technologies are needed to reveal molecular details.
Finally, three critical challenges demand urgent resolution: direct experimental evidence
demonstrating GRGs’ regulation of glycolytic pathways, mechanisms mediating cellular
interactions in tumor microenvironments, and the clinical translational efficacy of GRGs
as standalone biomarkers.We acknowledge that the mechanistic links between the iden-
tified hub genes and glycolytic flux remain correlative. Future functional experiments are
needed to establish causality. However, our study provides a strongly prioritized target
list for such validation, offering a clear translational roadmap.

5 Conclusion

By integrating single-cell transcriptomics, spatial transcriptomics, and multiple machine
learning algorithms, this study systematically analyzed the glycolytic metabolic het-
erogeneity in breast cancer and successfully identified seven core glycolytic regulatory
genes: PKM, MIF, SOD1, PGK1, APP, LDHB, and NUPRI1. These genes exhibit signif-
icantly elevated expression in tumor tissues and are closely associated with enhanced
glycolytic activity, malignant progression, and poor prognosis. The research not only
constructed a spatial distribution atlas of highly metabolic cell subpopulations but also
revealed their unique cellular communication patterns, providing novel candidate bio-
markers and potential intervention strategies for targeted metabolic therapy in breast

cancer.
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