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Abstract. Lyme disease (LD), a multifaceted condition caused 
by Borrelia burgdorferi (Bb), remains poorly understood, 
particularly regarding metabolic pathways. This study aimed 
to evaluate the role of glycolysis‑related genes (GRGs) in 
LD pathogenesis and identify key genes and mechanisms 
relevant to diagnosis and therapy. Differentially expressed 
GRGs were identified and further analyzed by correlation 
analysis and Gene Ontology and Kyoto Encyclopedia of 
Genes and Genomes enrichment analyses. Key genes were 
screened using least absolute shrinkage and selection operator 
(LASSO) and support vector machine‑recursive feature 
elimination, followed by gene set enrichment analysis, gene 
set variation analysis and immune infiltration analysis using 
CIBERSORT. Diagnostic value was assessed by receiver oper‑
ating characteristic and nomogram analyses, and a competing 
endogenous RNA network and protein‑drug interaction 

predictions were constructed. The expression of key genes 
was further validated by reverse transcription‑quantitative 
PCR (RT‑qPCR) in Bb‑infected THP‑1 cells, and glucose 
and lactate concentrations in the culture supernatants were 
measured using commercial colorimetric assay kits. A total of 
63 differentially expressed GRGs were identified. Of note, two 
key genes [lactate dehydrogenase A (LDHA) and thioredoxin 
(TXN)] exhibited a strong diagnostic performance. Immune 
infiltration analysis revealed that these genes were associated 
with regulatory T cells (r=0.33, P=0.05), gamma delta T cells 
(r=‑0.34, P=0.042), CD4 memory resting T cells (r=‑0.4, 
P=0.016) and monocytes (r=‑0.36, P=0.03). The potential 
glycolysis‑targeting drugs were predicted. RT‑qPCR analysis 
revealed increased LDHA and TXN expression in Bb‑infected 
THP‑1 cells. In addition, Bb stimulation reduced extracellular 
glucose levels and increased lactate accumulation in culture 
supernatants. Overall, this integrative analysis revealed 
notable alterations in glycolytic genes during Bb infection, 
suggesting that dysregulation of glycolysis contributes to 
LD immunopathology. The identified key genes (LDHA and 
TXN) may serve as infection‑related transcriptional response 
markers, offering insights into LD mechanisms and potential 
precision‑based strategies.

Introduction

Lyme disease (LD) is an infectious disease caused by the 
bacterium Borrelia burgdorferi (Bb), typically transmitted 
to humans through the bites of infected ticks (1). In recent 
years, the incidence of LD has significantly increased in the 
United States. According to estimates from the Centers for 
Disease Control and Prevention, the annual number of LD 
cases in the United States has increased to ~476,000, making 
it the most common tick‑borne disease in the country (2). The 
clinical manifestations of LD are diverse, including skin rash, 
fever, headache, joint pain, and, in severe cases, complications 
affecting the nervous system, heart and joints (3).
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Antibiotic treatment is currently the primary strategy for 
controlling LD. The current treatment strategy is effective in 
most cases; however, up to 17% of patients may still have some 
symptoms a year after treatment (4). Additionally, numerous 
reports have indicated that even after antibiotic treatment, Bb 
spirochetes can have targeted and persistent effects on the host 
immune system (5). Researchers have hypothesized that Bb 
uses various strategies to evade and suppress the host immune 
response, enabling it to persist within the human body for an 
extended period, leading to chronic infection and persistent 
symptoms. These strategies may include complement inhibi‑
tion, antigen variation, extracellular matrix degradation and 
host immune dysregulation or suppression (6‑8). Owing to the 
complexity and diversity of Borrelia species, the molecular 
mechanisms by which they modulate host immune responses 
remain poorly understood. Further identification of novel 
characteristic genes and virulence factors of Bb, as well as an 
in‑depth exploration of their interactions with the host immune 
system, is of great significance for elucidating the pathogenesis 
of LD, finding new therapeutic targets and developing effective 
treatment strategies.

Glycolysis is a metabolic pathway that occurs in the 
cytoplasmic matrix in which a series of enzymatic reactions 
break down glucose molecules into pyruvate molecules, 
accompanied by the production of a small amount of ATP (9). 
Substantial evidence has suggested that glycolysis plays an 
important role in immune regulation. During the immune 
response, immune cells such as macrophages, dendritic cells 
and neutrophils rapidly activate glycolysis (10,11). This meta‑
bolic shift helps immune cells rapidly generate the energy and 
biosynthetic precursors required to support their immune func‑
tions, such as cell proliferation, differentiation, phagocytosis, 
cell migration and secretion of inflammatory factors (12,13). 
Excessive glycolysis can lead to an uncontrolled inflammatory 
response (14,15). Studies have shown that inhibiting glycolysis 
in immune cells can reduce inflammatory responses and 
modulate immune functions, which have potential applications 
in the treatment of autoimmune and chronic inflammatory 
diseases (16,17).

Changes in glycolysis have an important effect on the 
pathogenesis of LD. Bb infection can significantly enhance 
the glycolytic metabolism in host macrophages, leading to a 
weaker inflammatory response, reduced cytokine release, and 
increased survival and transmission of spirochetes within the 
host (18). Spirochetes also alter the protein composition of 
the saliva of the tick vector, upregulating the expression of 
glycolytic enzymes and providing more energy substrates for 
their own benefit, thereby promoting their colonization and 
replication at the tick bite site (19). Of note, inhibiting the 
glycolysis of host cells or directly inhibiting the key glyco‑
lytic enzymes (such as lactate dehydrogenase) of spirochetes 
can control the infection process, alleviate the inflammatory 
response and modulate host immune function, providing 
important clues for the development of new treatment 
strategies for LD (20,21). These findings reveal the critical 
role of glycolytic metabolism in the pathogenesis of LD and 
provide a new perspective for a deeper understanding of the 
disease mechanism.

In the present study, the differential expression of glycol‑
ysis‑related genes (GRGs) and the immune profile of peripheral 

blood mononuclear cells (PBMCs) in individuals infected with 
Bb were systematically analyzed. The least absolute shrinkage 
and selection operator (LASSO) and support vector machine 
recursive feature elimination (SVM‑RFE) machine learning 
methods were used to screened out risk characteristic genes, 
which were also validated in an external dataset, and it was 
found that these genes could be used to predict the occurrence 
of LD. Furthermore, a diagnostic predictive nomogram model 
was constructed, consistent clustering, immune infiltration and 
functional enrichment analyses of the screened risk charac‑
teristic genes were performed, and a competitive endogenous 
RNA (ceRNA) network and a drug‑gene interaction regula‑
tory network were constructed. The present results revealed 
the changes in GRG expression and immune profile in host 
PBMCs caused by Bb infection, providing a new perspective 
for understanding the pathogenesis of LD and potentially 
laying a theoretical foundation for the development of person‑
alized treatment and immune regulation therapies for LD.

Methods

Data acquisition. The gene expression profiling datasets for 
peripheral blood samples stimulated with Bb, GSE42606 
(GPL10558 platform) and GSE63085 (GPL11154 platform), 
were retrieved from the National Center for Biotechnology 
Information (NCBI) Gene Expression Omnibus (GEO) data‑
base (https://www.ncbi.nlm.nih.gov/geo/). Specifically, the 
GSE42606 dataset comprises 35 control samples (PBMCs 
from healthy donors were stimulated with RPMI control for 
24 h) and 36 diseased samples (PBMCs from healthy donors 
were stimulated with Bb for 24 h). Although the data were 
derived from peripheral PBMCs rather than isolated macro‑
phages, peripheral PBMCs contained a significant proportion 
of monocytes (macrophage precursors). The ex vivo stimulation 
of PBMCs by Bb effectively captured the early systemic acti‑
vation and glycolytic shift of these innate immune cells, which 
is consistent with previous reports of enhanced macrophage 
glycolysis during Bb infection (18). The validation dataset 
(GSE63085) included 13 healthy control PBMC samples and 
28 PBMC samples from patients with LD. The raw GEO data 
underwent normalization using R software (version 4.2.1; R 
Foundation for Statistical Computing; https://www.r‑project.
org/) and the limma function ‘normalizeBetweenArrays’. A 
total of 200 GRGs wereobtained from the HALLMARK_
GLYCOLYSIS gene set in the Molecular Signatures Database 
(MSigDB, v7.5.1; https://www.gsea‑msigdb.org/gsea/msigdb). 
The gene list of GRGs is provided in Table SI. A comprehensive 
flowchart is shown in Fig. 1.

Identification of GRGs. Probe annotation was performed 
according to the corresponding platform annotation file 
to map probe IDs to gene symbols. For multiple probes 
mapping to the same gene symbol, expression values were 
averaged using the avereps() function in the limma package, 
so that each gene corresponded to a single expression value 
for downstream analysis. Differential expression analysis 
between normal and Bb‑infected samples was then performed 
using the ‘limma’ package (22) with linear modeling and 
empirical Bayes moderation. P‑values were adjusted using the 
Benjamini‑Hochberg method, and differentially expressed 
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genes (DEGs) with an adjusted P<0.05 and log2 fold change 
(logFC) >0 were considered upregulated, while DEGs with 
logFC <0 were considered downregulated.

Correlation between the GRGs. The correlation coefficient 
for GRGs expression was computed and shown with the 
R package ‘corrplot’.

Gene ontology (GO) and Kyoto encyclopedia of genes and 
genomes (KEGG) analysis. The GO and KEGG enrichment 
analyses were conducted using the R package ‘clusterProfiler’ 
to explore the differential signaling pathways and functions of 
the signature genes. 

Machine learning algorithms. In the present study, two 
machine learning algorithms were applied to identify hub 
genes: LASSO to select important variables by shrinking 
the coefficients of less relevant genes to zero and SVM‑RFE 
to identify core genes by iteratively removing less impor‑
tant features. To rigorously address potential overfitting, a 
nested cross‑validation (CV) framework was implemented. 
Feature selection was performed by intersecting results from 
LASSO (via ‘glmnet’, ‘lambda’ selected by minimum mean 
squared error) and SVM‑RFE (with linear kernel, 5 repeats 

of 10‑fold CV) (23‑26). The feature sets from both methods 
were intersected to obtain the final hub genes, which were 
visualized using a Venn diagram with the ‘VennDiagram’ 
R package (27).

GSEA. The ‘c2.cp.kegg.v11.0. symbols’ gene set from MSigDB 
was utilized as a reference for GSEA to investigate the biolog‑
ical significance of key genes. GSEA was performed using the 
‘clusterProfiler’ R package, with visualization supported by 
the ‘enrichplot’ package. A significance threshold of corrected 
P<0.05 was established and 1,000 random sample alignments 
were employed to normalize enrichment scores.

Immune cell inf iltration and its relationship with 
GRGs. Immune cell proportions were estimated using 
CIBERSORT  (28,29) with 1,000 permutations, and only 
samples with P<0.05 were retained. Batch effects were corrected 
to minimize platform‑related bias, and P‑values were adjusted 
for multiple testing using the Benjamini‑Hochberg method. 
Box‑and‑whisker plots were generated with the ‘ggplot2’ R 
package (30). To cross‑validate the results, xCell (https://xcell.
ucsf.edu/) and Estimating the Proportions of Immune and 
Cancer cells (https://github.com/GfellerLab/EPIC) methods 
were applied. Correlations between GRG expression and 

Figure 1. Flow chart for bioinformatics analysis of GRGs analysis in LD. GRGs, glycolysis‑related genes; LD, Lyme disease; GEO, Gene Expression Omnibus; 
GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, Least Absolute Shrinkage and Selection Operator; SVM‑RFE, Support 
Vector Machine‑Recursive Feature Elimination; GSEA, Gene Set Enrichment Analysis; GSVA, Gene Set Variation Analysis; ceRNA, competing endogenous 
RNA; ROC, receiver operating characteristic; RT‑qPCR, reverse transcription‑quantitative PCR.
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immune cell fractions were calculated using the ‘limma’, 
‘dplyr’, ‘linkET’ and ‘ggplot2’ packages. Differences across 
groups were assessed with the Wilcoxon test and visualiza‑
tion was performed using boxplots and principal component 
analysis (PCA) in ‘ggplot2’.

Gene set variation analysis (GSVA). The ‘c5.go.symbols’ 
file and the ‘c2.cp.kegg.symbols’ file were procured from the 
GSVA section of the MSigDB database. Subsequently, the 
R packages ‘GSVA’ and ‘limma’ were employed to examine 
the altered pathways and biological functions (31,32) among 
the different clusters categorized by high and low expression 
levels of specific GRGs.

Construction of competing endogenous (ce)RNA regulatory 
networks. Databases, including miRanda algorithm (33,34), 
miRDB (https://mirdb.org/) and TargetScan (https://www.
targetscan.org/), were used to predict the interactions between 
noncoding (nc)RNAs and mRNAs. In order to visualize and 
elucidate the interactions present within the ceRNA network, 
which encompasses long ncRNA‑microRNA‑mRNA interac‑
tions, Cytoscape (version 3.10.2; https://cytoscape.org/) was 
used to construct and visualize the network.

Validation of key genes in an independent cohort and 
nomogram construction. Candidate gene expression 
was further validated in an independent external cohort 
(GSE63085). After probe averaging with avereps(), the expres‑
sion matrix was normalized using the limma package, and 
expression differences between control and LD samples were 
visualized and statistically compared. A logistic regression 
model based on the final key genes [lactate dehydrogenase A 
(LDHA) and thioredoxin (TXN)] was then established and 
visualized as a nomogram using the ‘rms’ package. Model 
performance was evaluated by receiver operating character‑
istic (ROC) analysis using ‘pROC’, and the area under the ROC 
curve (AUC) with 95% CI was estimated by 1,000 bootstrap 
resamples (35,36). Predicted probabilities were generated with 
plogis and shown in the nomogram (37). Model performance 
was evaluated by outer 5‑fold cross‑validation. Out‑of‑fold 
predictions were pooled for discrimination, calibration and 
decision curve analysis (DCA). Although an inner repeated 
10‑fold cross‑validation scheme (3 repeats) was predefined, 
no further tuning or feature selection was performed because 
LDHA and TXN were fixed in advance. Performance was 
assessed by fold‑specific AUCs, mean outer‑fold AUC and 
pooled out‑of‑fold ROC with a bootstrap 95% CI. The final 
nomogram was fitted on the full dataset for visualization.

Experimental validation of key genes via reverse transcription‑
quantitative RT‑qPCR. THP‑1 human monocytic leukemia 
cells (ATCC TIB‑202; American Type Culture Collection) 
were cultured in RPMI 1640 medium supplemented with 10% 
fetal bovine serum (cat. no. DT‑500‑S; DearyTech; official 
website: http://www.dearybio.cn/) and 1% antibiotic‑antimy‑
cotic (cat. no. 15240062; Gibco; Thermo Fisher Scientific, 
Inc.) at  37˚C under 5% CO2. For differentiation, the cells 
were plated and treated with 100 ng/ml phorbol 12‑myristate 
13‑acetate for 24 h and then incubated overnight for the resting 
stage. Differentiated cells were subsequently infected with Bb 
strain B31 (ATCC 35210; American Type Culture Collection) 
at a multiplicity of infection of 0.1 or treated with vehicle 
control (PBS) for 24 h. Samples were collected and stored at 
‑80˚C until processing. Total RNA was extracted using the 
MolPure® Cell/Tissue Total RNA Kit (cat. no. 19221ES50; 
Yeasen Biotechnology Co., Ltd.) according to the manufac‑
turer's instructions. cDNA was then synthesized using the 
Hifair® III 1st Strand cDNA Synthesis SuperMix for qPCR 
(cat. no. 11141ES60; Yeasen Biotechnology Co., Ltd.) following 
the manufacturer's instructions. Quantitative real‑time PCR 
was performed using the Gentier 96R System (Xi'an Tianlong 
Science and Technology Co., Ltd.) with Hieff UNICON® 
Universal Blue qPCR SYBR Master Mix (cat. no. 11184ES08; 
Yeasen Biotechnology Co., Ltd) according to the manufac‑
turer's instructions, under the following conditions: 95˚C for 
2 min; 40 cycles of 95˚C for 1 sec and 60˚C for 30 sec. GAPDH 
was used as the internal control. Gene expression was analyzed 
in three independent experiments via the 2‑ΔΔCq (38,39) method 
using primers designed by Tsingke Biotechnology (sequences 
shown in Table I).

Measurement of extracellular glucose (GLU) and lactate 
(LAC). Using the same THP‑1 differentiation and Bb infection 
protocol described above, culture supernatants were collected 
for GLU and LAC measurement. GLU levels were determined 
using a GLU assay kit (cat. no. A154‑1‑1; Nanjing Jiancheng 
Bioengineering Institute), according to the manufacturer's 
instructions. LAC levels were measured using a Lactic Acid 
assay kit (cat. no. A019‑2‑2; Nanjing Jiancheng Bioengineering 
Institute), according to the manufacturer's instructions. For 
GLU measurement, 2.5 µl of each supernatant sample was 
added to a 96‑well plate, followed by 200 µl of working solution, 
incubation at 37˚C for 10 min and absorbance measurement 
at 505 nm. For LAC measurement, 2.5 µl of each sample was 
added to a 96‑well plate, followed by incubation with reagent 
1 at 37˚C for 3 min and absorbance measurement at 546 nm 
(A1) using a microplate reader. Reagent 2 was then added, 

Table I. Primer sequences for reverse transcription‑quantitative PCR.

Gene	 Forward (5'‑3')	 Reverse (3'‑5')

LDHA	 ACCGTGTTATTGGAAGCGGT	 CTCCATGTTCCCCAAGGACC
TXN	 GGTGAAGCAGATCGAGAGCA	 CCACGTGGCTGAGAAGTCAA
GAPDH	 TGTTGCCATCAATGACCCCT	 TCGCCCCACTTGATTTTGGA

LDHA, lactate dehydrogenase A; TXN, thioredoxin. 
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followed by further incubation at 37˚C for 5 min and a second 
absorbance reading at 546 nm (A2) using a microplate reader. 
GLU and LAC concentrations were calculated according to 
the manufacturers' instructions.

Evaluation of applicant drugs. Drug molecules were identi‑
fied using the Drug Signatures Database (DSigDB) through 
Enrichr, focusing on the key GRGs in the DEGs  (40). 
Enrichr is a prominent web portal that features diverse 
gene set libraries for genome‑wide gene set enrichment 
exploration (41). DSigDB functions as a global repository 
for identifying targeted drug substances associated with 
DEGs. The database comprises 22,527 gene sets. Access to 
DSigDB is facilitated via Enrichr under the Diseases/Drugs 
function (42). To strengthen the biological plausibility of the 
predicted drug‑gene associations, cross‑database validation 
was performed using multiple publicly available interaction 
resources, including the Comparative Toxicogenomics 
Database (CTD; https://ctdbase.org/), BioGRID (https://
thebiogrid.org/), STRING (https://string‑db.org/) and 
DrugBank (https://go.drugbank.com/).

Statistical analysis. Statistical analyses were used to determine 
data normality. For normally distributed data, an independent 
Student's t‑test was used for comparison. For non‑normally 
distributed data, the Mann‑Whitney U‑test was used for 
comparison. P<0.05 was considered to indicate a statistically 
significant difference between groups. Analyses and visualiza‑
tions were performed using R (version 4.2.1) and GraphPad 
Prism (version 9.0.0; Dotmatics). The key analysis parameters 
and software package information are summarised in Table 
SIX.

Results

Expression profiles of GRGs in LD. To investigate the function 
of GRGs following Bb infection, their modified expression 
was comprehensively assessed using the GSE42606 database. 
The findings revealed significant alterations in the expression 
profiles of 63 GRGs, with 43 demonstrating upregulation in 
transcription and 20 exhibiting downregulation in expression 
(Fig. 2A). A list of the 63 significantly differentially expressed 
GRGs is provided in Table SII. A correlation analysis of these 
differentially expressed GRGs was simultaneously performed 
to examine their complex interactions (Fig. 2B). It became 
apparent that certain GRGs exhibit notable synergistic and 
antagonistic effects.

GO and KEGG analysis. The KEGG pathway anal‑
ysis (Fig.  3A) of the 63 GRGs revealed significant 
enrichment in pathways such as ‘Carbon metabolism’, 
‘Glycolysis/Gluconeogenesis’, ‘Biosynthesis of amino 
acids’ and the ‘HIF‑1 signaling pathway’. Enriched GO 
term analysis (Fig.  3B) highlighted the association of 
these genes with terms such as ‘monosaccharide metabolic 
process’ (GO:0005996), ‘carbohydrate catabolic process’ 
(GO:0016052) and ‘pyridine nucleotide metabolic process’ 
(GO:0019362). These findings suggest that there may 
be alterations in carbon metabolism in patients with LD 
compared with healthy individuals.

Machine learning algorithms. Considering the distinct 
differences between LD and controls, meaningful key genes 
were screened in the training dataset using two machine 
learning algorithms (LASSO and SVM‑RFE) to differentiate 
Bb‑infected samples. In the LASSO algorithm, 8 out of 63 
GRGs were selected (Fig. 3C and D). Using the SVM‑RFE algo‑
rithm, 14 GRGs were identified (maximum precision=0.957, 
minimum RMSE=0.0429) (Fig. 3E and F). Finally, the results 
of the two machine learning algorithms were combined with 
two genes identified as key genes (LDHA and TXN) (Fig. 3G).

GSEA of key genes. Because the potential function of key genes 
in LD is unknown, GSEA revealed their role and significance 
in LD. The first six pathways associated with the enrichment of 
their key genes (LDHA and TXN) are shown in Fig. 4A and B. 
The GSEA results indicated that LDHA‑related genes were 
significantly enriched in several important pathways, including 
the ‘chemokine signaling pathway’, ‘cytokine‑cytokine 
receptor interaction’ and ‘lysosomes’. Similarly, TXN‑related 
genes were significantly enriched in ‘chemokine signaling’, 
‘cytokine‑cytokine receptor interactions’ and ‘graft‑vs.‑host 
disease’ pathways. These findings highlight the involvement of 
LDHA and TXN in immune responses, intracellular signaling 
and inflammation‑related processes.

GSVA. Subsequently, GSVA was performed using KEGG and 
GO gene sets to evaluate differences in pathway activity between 
the high‑ and low‑expression groups. GSVA using KEGG gene 
sets revealed that no pathways were significantly enriched in the 
LDHA high‑expression group compared to the low‑expression 
group. However, multiple metabolic pathways had significantly 
lower enrichment scores. Specifically, ‘Pantothenate and 
CoA biosynthesis’, ‘Biosynthesis of unsaturated fatty acids’, 
‘Steroid biosynthesis’ and ‘Valine, leucine and isoleucine 
degradation’ were downregulated. In addition, ‘Amino sugar 
and nucleotide sugar metabolism’ and glycosaminoglycan 
biosynthesis‑related pathways, including ‘Glycosaminoglycan 
biosynthesis‑chondroitin sulfate/dermatan sulfate’ and 
‘Glycosaminoglycan biosynthesis‑heparan sulfate/heparin’, 
were reduced. Several immune‑ and stress‑related pathways, 
including the ‘NOD‑like receptor signaling pathway’ and 
‘Apoptosis’, also exhibited decreased enrichment (Fig. 5A). 
In the TXN high‑expression group, KEGG analysis showed 
decreased enrichment in ‘O‑glycan biosynthesis’ and the 
‘one‑carbon pool by folate’ compared to the low‑expression 
group (Fig. 5B).

GO‑based GSVA produced fewer and more heterogeneous 
signals, several of which were not readily interpretable in the 
PBMC context. Therefore, these results are provided in the 
Supplementary Materials and were not over‑interpreted in 
the main text (Fig. S1).

Immune cell infiltration analysis. Employing CIBERSORT, 
the immunological disparities between the LD and control 
groups were examined. PCA revealed a striking non‑over‑
lapping configuration of elliptical clusters, illustrating 
distinct immune cell infiltration patterns between the LD and 
control groups (Fig. 6A). Comparative analysis revealed that, 
compared with the control cohort, the immunocellular land‑
scape in the LD group showed elevated proportions of memory 

https://www.spandidos-publications.com/10.3892/etm.2026.13182
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Figure 2. Analysis of expression levels of GRGs in LD. (A) Heat‑map showing the expression pattern of GRGs in different samples. (B) Correlation heat map 
showing the correlation coefficients of the 63 GRGs. Red and green represent positive and negative correlations, respectively. *P<0.05, **P<0.01, ***P<0.001. 
GRGs, glycolysis‑related genes; LD, lyme disease.
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Figure 3. Enrichment analysis and machine learning approach reveals 2 genes in 63 GRGs were identified as key genes for LD. (A) KEGG term analysis of 
differentially expressed GRGs. (B) GO term analysis of differentially expressed GRGs. (C) ten‑fold cross‑validation curve for the LASSO logistic regression 
model used to determine the optimal penalty parameter. (D) coefficient profiles of candidate genes in the LASSO model as a function of log(λ). (E) Classification 
accuracy of the SVM‑RFE model with different numbers of selected features. (F) Cross‑validation error of the SVM‑RFE model with different numbers of 
selected features. Finally, 14 genes (maximum precision=0.957, minimum root mean square error=0.0429) were identified as the best key genes; (G) The vein 
plot revealed two key gene regulation‑related genes (LDHA and TXN) identified through LASSO and SVM‑RFE methods. GRGs, glycolysis‑related genes; 
LD, Lyme disease; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, Least Absolute Shrinkage and Selection Operator; 
SVM‑RFE, Support Vector Machine‑Recursive Feature Elimination; CV, cross validation.

https://www.spandidos-publications.com/10.3892/etm.2026.13182
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Figure 4. Single‑gene GSEA‑KEGG pathway analysis. GSEA‑KEGG pathway analysis of (A) LDHA and (B) TXN. GSEA, Gene Set Enrichment Analysis; 
KEGG, Kyoto Encyclopedia of Genes and Genomes.
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Figure 5. GSVA enrichment results based on KEGG. (A) GSVA results of the KEGG set in the LDHA high expressed group; (B) GSVA results of the KEGG 
set in the TXN high expressed group. GSVA, Gene Set Variation Analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes.

https://www.spandidos-publications.com/10.3892/etm.2026.13182
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B lymphocytes, regulatory T cells (Tregs), M0 macrophages, 
activated dendritic cells, activated mast cells and neutrophils. 
Conversely, the proportions of CD8+ T lymphocytes, resting 
memory CD4+ T cells, activated natural killer cells, M2 
macrophages and resting mast cells were significantly lower 
in the LD cohort than those in the control group (Fig. 6B). The 
quality control filtering results for the CIBERSORT analysis 
are presented in Table SIII. The final immune cell composi‑
tion data are provided in Table SIV. Furthermore, an in‑depth 
investigation of the interrelationship between these pivotal 
characteristic genes and the immunological microenvironment 
was conducted. Notable findings included a strong positive 
correlation between LDHA and Tregs (r=0.33, P=0.05), 
a negative correlation with gamma delta T cells (r=‑0.34, 
P=0.042) and a negative correlation with CD4 memory resting 
T cells (r=‑0.4, P=0.016). TXN expression was significantly 
and negatively correlated with monocytes (r=‑0.36, P=0.03) 
(Fig. 6C and D).

Drug‑gene interaction network and cross‑database validation 
of drug‑gene interactions. To explore the potential therapeutic 
modulation of glycolytic dysregulation in LD, a drug‑gene 
enrichment analysis was performed using DSigDB via the 
Enrichr platform. It is important to emphasize that these anal‑
yses were intended for hypothesis generation rather than direct 
therapeutic inference. A total of 6 candidate small molecules 
were identified based on the enrichment of the two hub genes 
(LDHA and TXN). The interaction network was visualized 
using Cytoscape (Fig. 7A). Fig. 7B shows the most effective 
drug. Detailed evidence of the cross‑database interactions is 
provided in Table SV.

Hypothesis‑generating ceRNA regulatory framework. To 
further explore the potential post‑transcriptional regulatory 
mechanisms, a ceRNA network integrating the predicted 
lncRNA‑miRNA‑mRNA interactions was constructed using 
miRanda, miRDB and TargetScan. The network comprised 
2 hub genes, 26 predicted miRNAs and 34 lncRNAs. This 
ceRNA framework is based solely on in silico target predic‑
tion and lacks matched miRNA and lncRNA expression data 
from the same PBMC cohort. Therefore, the current network 
can be regarded as a regulatory hypothesis map rather than a 
validated ceRNA axis (Fig. 7C).

Diagnostic modeling. A diagnostic prediction model for LD 
was created based on the hub genes LDHA and TXN in the 
training set (GSE42606). ROC curve analysis was conducted 
and the AUC values for LDHA and TXN were 0.975 and 
0.934, respectively (Fig. 8A), indicating that both genes had 
strong diagnostic potential for LD. The diagnostic model 
based on these two genes showed robust performance, with an 
AUC of 0.974 (95% CI, 0.918‑1.000) (Fig. 8B), demonstrating 
a strong predictive ability. Importantly, the LDHA‑TXN 
logistic regression model retained good discriminative 
performance in the validation analysis‑in the external valida‑
tion set (GSE63085), the AUC values for LDHA and TXN 
were 0.826 and 0.874, respectively (Fig. 8C), ROC curve 
analysis was conducted, with an AUC of 0.879 (95% CI, 
0.761‑0.967) (Fig. 8D). Using case=1 as the positive class, the 
model achieved an accuracy of 0.805, a sensitivity of 0.857 

and a specificity of 0.692. Detailed classification metrics are 
provided in Table SVI, with related analytical procedures and 
validation results described in Data S1, and detailed ROC 
analysis shown in Fig. S2.

Calibration curves confirmed that the nomogram accu‑
rately estimated the probability of robust host response to Bb 
exposure (Fig. 8E). The DCA further indicated that patients 
with LD could benefit from this nomogram (Fig. 8F). Detailed 
performance metrics are provided in Table SVII, whereas 
the related validation results and calibration/decision curve 
analyses are described separately in Data S1. A prediction 
model for diagnosing LD was developed using these trait 
genes, with each factor assigned a specific score, and a linear 
point axis was used to compute the total score associated 
with different levels of LD risk (Fig. 8G). Table SVIII shows 
the detailed coefficients of the 2‑gene logistic regression 
diagnostic model.

Validation of key genes in an independent cohort. In the 
training set (GSE42606), the expression of LDHA was signifi‑
cantly higher in the disease group than that in the control 
group, whereas TXN showed significantly elevated expres‑
sion in the disease group (Fig. 9A and B). To further validate 
these findings, the diagnostic performance of the model was 
tested using a validation set (GSE63085). In the validation set, 
LDHA and TXN showed significantly higher expression in LD 
samples than in controls (Fig. 9C and D).

Experimental validation of key gene expression by RT‑qPCR. 
The expression levels of hub genes were also validated in 
THP‑1 macrophages from both control and Bb‑infected 
groups. The RT‑qPCR results indicated that LDHA and TXN 
levels were significantly higher in the Bb‑infected group than 
in the control group (Fig. 9E and F).

Glycolysis‑related metabolic changes. To further verify 
whether Bb infection induced glycolytic changes in THP‑1 
cells, extracellular GLU and LAC levels were measured after 
Bb stimulation. Compared with the control group, Bb‑infected 
THP‑1 cells showed a decrease in extracellular GLU and a 
significant increase in LAC concentration in the supernatant 
(Fig. 9G and H).

Discussion

Glycolysis is a central metabolic pathway that provides energy 
to immune cells and plays a critical role in regulating immune 
responses and inflammation. Dysregulated glycolytic activity 
disrupts immune homeostasis and contributes to chronic 
inflammatory states (43‑45). In addition, metabolic reprogram‑
ming of glycolysis is closely linked to macrophage polarization, 
with pro‑inflammatory M1 macrophages primarily relying 
on glycolysis, whereas anti‑inflammatory M2 macrophages 
depend more on oxidative phosphorylation  (46‑48). In the 
present study, 63 of the 200 GRGs were significantly altered 
following Bb infection, suggesting that host cells dynami‑
cally regulate glycolytic pathways during infection. Using the 
LASSO and SVM‑RFE algorithms, two feature genes, LDHA 
and TXN, were further identified, which show transcriptional 
response signatures linked to Bb infection.
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Figure 6. Results of the CIBERSORT analysis of the immune infiltration analysis. (A) PC analysis was performed between LD group and control group. Red 
points and ellipses indicate LD samples and blue points and ellipses indicate normal samples. (B) Box plot showing the significant difference in the infiltra‑
tion of 22 immune cell types between the LD group and control group. (C) Correlation landscape of immune cell infiltration and its association with the key 
genes LDHA and TXN. The heatmap displays the Pearson correlation coefficients between the expression levels of 2 hub glycolysis‑related differential genes 
(columns) and the infiltration levels of 22 immune cell types (rows) as determined by CIBERSORT analysis with the LM22 signature matrix. Red colors 
indicate positive correlations, while blue colors indicate negative correlations. Color intensity reflects the strength of correlation. (D) Representative scatter 
plots showing the correlations between the expression levels of LDHA/TXN and selected immune cell subsets, including resting memory CD4 T cells, gamma 
delta T cells, regulatory T cells and monocytes. Correlation coefficients and P‑values are shown in each panel. *P<0.05, **P<0.01, ***P<0.001. PC, principal 
component; LD, Lyme disease.

https://www.spandidos-publications.com/10.3892/etm.2026.13182
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Figure 7. The candidate drug‑gene interactions and ceRNA regulatory network construction. (A) Drug‑gene interaction network constructed based on the Drug 
Gene Interaction Database. Red ellipse points represent genes and blue rectangle points represent drugs. (B) Predicted drug's molecular formula, gene and 
adjusted P‑value. (C) A ceRNA regulatory network centered on 2 hub GRGs in Lyme disease. This focused sub‑network illustrates the post‑transcriptional 
regulation of 2 key GRGs through lncRNA‑miRNA‑mRNA interactions. Red ellipse represent mRNAs (LDHA and TXN), green triangles represent miRNAs 
(n=26) and blue diamonds represent lncRNAs (n=34). A total of 59 nodes and 60 edges are shown. Edge width represents the prediction confidence score from 
integrated analysis of the miRanda, miRDB and TargetScan databases. Network visualization was performed using Cytoscape v3.10.2 with a force‑directed 
layout algorithm. crRNA, competing endogenous RNA; lncNRA, long non‑coding RNA; miRNA, microRNAs; GRGs, glycolysis‑related genes.
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Figure 8. ROC curve, calibration plot and decision curve analysis of the LDHA‑TXN model. (A) ROC curves of the two individual key genes, LDHA and TXN, 
in the GSE42606 cohort. The corresponding AUC values are shown in the panel. (B) ROC curve of the combined two‑gene diagnostic model constructed using 
LDHA and TXN in the GSE42606 cohort. The AUC and 95% CI are indicated in the figure. (C) ROC curves of the individual genes LDHA and TXN in the 
independent validation cohort GSE63085, showing their diagnostic performance in external validation. (D) ROC curve of the combined two‑gene diagnostic 
model in the independent validation cohort GSE63085. The AUC and 95% CI are shown in the panel. (E) Calibration curve of the nomogram/model. (F) DCA 
of the two‑gene model. The red line represents the net benefit of the model, while the gray and black lines represent the strategies of treating all patients or none, 
respectively. (G) Nomogram constructed based on LDHA and TXN for individualized prediction of Lyme disease risk. In the nomogram, each variable corre‑
sponds to a score and the total score can be calculated by summing the scores of all variables. The ROC curve, calibration plot, and DCA shown were generated 
from pooled out‑of‑fold predictions obtained during outer 5‑fold cross‑validation, whereas the nomogram was fitted on the full dataset after validation for 
visualization only. ROC, receiver operating characteristic; AUC, area under curve; CV, cross‑validation; DCA, decision curve analysis; OOF, out‑of‑fold.

https://www.spandidos-publications.com/10.3892/etm.2026.13182
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Previous studies have suggested that the pathophysiology 
of LD is significantly influenced by glycolysis  (21), and 
constructing a predictive model based on GRGs is a prom‑
ising approach to elucidate the etiology of LD and guide 
novel therapeutic strategies. In the present study, bioinfor‑
matics identified LDHA and TXN as key genes in the LD 

diagnostic model. Notably, beyond transcriptomic screening, 
it was observed that Bb infection was associated with reduced 
extracellular GLU and increased LAC production, providing 
experimental support that Bb infection is associated with 
glycolytic activation in host monocyte/macrophage‑like cells. 
Within this framework, LDHA is mechanistically well aligned 

Figure 9. Validation of LDHA and TXN expression and glycolysis‑related metabolic alterations in Lyme disease. Normalized expression levels of (A) LDHA 
and (B) TXN in the GSE42606 cohort between the control and Bb groups. Normalized expression levels of (C) LDHA and (D) TXN in the GSE63085 cohort 
between the control and Bb groups. Reverse transcription‑quantitative PCR validation of (E) LDHA and (F) TXN mRNA expression in THP‑1 cells after Bb 
stimulation compared with the PBS control group. (G) LAC and (H) GLU levels in culture supernatants of THP‑1 cells after Bb stimulation and in the PBS 
control group. *P<0.05, ***P<0.001. LAC, lactate; GLU, extracellular glucose; Bb, Borrelia burgdorferi.
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with the observed phenotype, as it occupies a central position 
in LAC metabolism, glycolytic flux and immune regulation. 
Increased LDHA expression and elevated serum LAC levels 
have been observed in patients with Lyme borreliosis (18), and 
enhanced glycolytic activity in macrophages, accompanied 
by the upregulation of GRGs, including LDHA, suggests a 
role for metabolic reprogramming in the immune response to 
infection (49). Furthermore, Bb relies on its own lactate dehy‑
drogenase (BbLDH) to maintain the NADH/NAD+ balance, 
which is essential for bacterial survival and infectivity, 
and inhibition of BbLDH effectively suppresses pathogen 
growth (50). LDH has also been reported to inhibit growth 
in vitro, highlighting its central role in pathogen metabolism 
during LD (21). LDHA‑driven glycolytic remodeling has also 
been linked to pro‑inflammatory immune programs, including 
Th17‑associated responses (51). By contrast, TXN is not a 
canonical glycolytic enzyme, but rather a redox regulator 
induced under infection and inflammatory stress  (52‑54). 
Its identification therefore suggests that the LD‑associated 
transcriptional program extends beyond glycolysis itself and 
includes adaptive redox control. Consistent with this inter‑
pretation, GSEA revealed that both LDHA and TXN were 
associated with chemokine signaling and cytokine‑cytokine 
receptor interaction pathways, which are central features of 
LD immunopathology (55‑60). Together, these data support a 
model in which LDHA and TXN reflect two interconnected 
layers of the host response to Bb infection‑metabolic activation 
and redox‑inflammatory regulation‑and may therefore serve as 
candidate biomarkers indicative of host response to Bb.

The relationship between diagnostic signature genes and 
immune cell infiltration was also examined. LDHA expression 
was positively correlated with Tregs and negatively correlated 
with γδ T cells and CD4 memory resting T cells, whereas 
TXN was negatively correlated with monocytes. These asso‑
ciations suggest that immune cell populations play a role in LD 
pathogenesis. Treg cells have been shown to mitigate arthritis 
symptoms (61,62), while γδ T cells are critical for promoting 
adaptive immune responses in Bb‑infected mice, enhancing 
dendritic cell expression in lymph nodes and facilitating 
CD4+ T and B cell responses, thereby contributing to bacterial 
control and reduction of cardiac inflammation (63). Although 
direct evidence linking CD4 memory resting T cells to LD is 
lacking, multiple studies have reported that infection activates 
CD4+ T cells and promotes their migration to infected tissues 
to participate in inflammatory responses  (64). Monocytes 
are directly activated by live Bb, inducing robust inflam‑
matory responses including TNF‑α, IL‑6, IL‑10 and IFN‑β 
production, highlighting their role as key effector cells in LD 
immunity (65). Additionally, TXN can act as a chemotactic 
factor for monocytes, neutrophils and T cells, emphasizing 
its potential role in immune cell recruitment and regulation 
of inflammatory responses (52). Collectively, these findings 
suggest that LDHA and TXN may influence the pathogenesis 
of LD, partly by modulating immune cell infiltration.

Furthermore, these feature genes were analyzed by 
constructing a ceRNA network and predicting candidate drugs, 
thereby providing possible directions for future investigation of 
glycolysis‑related regulatory mechanisms and immunotherapy 
for glycolytic abnormalities in LD. As both the drug‑gene 
interaction analysis and ceRNA network construction were 

computationally inferred, a validation framework was proposed 
to improve translational relevance. First, an in vitro Bb infection 
model using THP‑1‑derived macrophages or primary PBMCs 
was established  (51,55,62,66), followed by treatment with 
candidate drugs at graded concentrations. The key evaluation 
endpoints included inflammatory cytokine levels (67), glyco‑
lytic flux (9), LAC production (49) and changes in LDHA and 
TXN expression. Secondly, immune phenotype modulation can 
be assessed using macrophage polarization markers (68‑70). 
Third, transcriptomic profiling after efficient drug treatment 
could determine whether the predicted glycolysis‑immune axis 
is restored to a non‑inflammatory state.

This study has several limitations. First, the present 
analyses were based on ex vivo peripheral PBMC stimulation 
models rather than on transcriptomic data from patients with 
clinical LD. As only a single 24‑h time‑point was examined, 
the identified two‑gene signature likely reflects an early acute 
infection‑related response rather than a definitive diagnostic 
model and may not be generalizable to chronic or late‑stage 
LD. Secondly, several confounding factors should be consid‑
ered. Inter‑individual variation in the basal immune status of 
PBMC donors may have affected the stability of the machine 
learning models, whereas the public blood‑derived datasets 
lacked sufficient geographical and ethnic diversity and did not 
capture localized immune features of affected tissues, such as 
skin or synovial fluid. Although correlations between these 
key genes and immune cell infiltration were observed, the 
underlying molecular mechanisms remain elusive. Finally, the 
present THP‑1 experiments should be interpreted as prelimi‑
nary monocyte‑lineage validation of hub‑gene expression 
trends. Further validation in primary cells and independent 
clinical cohorts will be an important direction of future work.

In conclusion, in the present study, the role of GRGs in LD 
was investigated. Bb infection induces significant alterations 
in host glycolytic gene expression, highlighting the importance 
of metabolic reprogramming in the immune response. Using 
integrated machine‑learning analysis, two key feature genes, 
LDHA and TXN, were identified as having potential predic‑
tive value of Bb infection and were associated with immune 
infiltration. Abnormal immune cell infiltration was observed 
in PBMC following Bb infection, and the expression of these 
genes correlated with variations in immune cell proportions. 
In addition, several potential small‑molecule candidates that 
target glycolytic dysregulation were identified. Collectively, 
these findings provide new insights into the metabolic‑immune 
interactions underlying LD and may contribute to future 
diagnostic strategies and targeted therapeutic development.
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