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Background: Temporomandibular joint osteoarthritis (TMJ OA) is a degenerative joint disease characterized by cartilage de-
struction and subchondral bone remodeling. However, its molecular mechanisms remain incompletely understood, and effective
therapeutic targets are still limited. This study aimed to identify candidate targets for TMJOA through an integratedmulti-omics
strategy combined with experimental validation.
Methods: Multi-layer omics data including expression quantitative trait loci (eQTL), protein quantitative trait loci (pQTL) and
molecular quantitative trait loci (mQTL) were merged with TMJ OA Genome-Wide Association Study (GWAS) summary stats.
Mendelian Randomization (MR) and colocalization analyses were performed to determine whether there was a causal relation-
ship between the genes. The main results were further validated by immune infiltration analysis, pathway enrichment (Gene Set
Enrichment Analysis, GSEA), transcription factor and miRNA network analysis, drug prediction (Connectivity Map, CMap),
and molecular docking. A rat forced mandibular retrusion (FMR) model was used for in vivo experimental validation.
Results: haloacid dehalogenase like hydrolase domain containing 3 (HDHD3) and high mobility group 20B (HMG20B) were
prioritized as candidate genes associated with TMJ OA. Colocalization analysis supported shared signals between TMJ OA
and the pQTLs of HDHD3 and HMG20B. Transcriptomic validation showed that HDHD3 was significantly upregulated in the
diseased group (p < 0.05). Pathway analyses suggested that HDHD3 was associated with glycolysis- and lactylation-related
alterations. In the animal model, mechanical stress significantly increased HDHD3 expression and lactylation-related signals (p
< 0.05) and was accompanied by cartilage and subchondral bone damage. Folic acid was identified as a candidate compound
through drug prediction and molecular docking.
Conclusion: This study provides multi-omics and experimental evidence suggesting that HDHD3 and HMG20B are candidate
genes associated with TMJ OA. Notably, HDHD3 may be involved in glycolysis- and lactylation-related alterations during TMJ
OA progression. Folic acid was identified as a candidate compound, but its therapeutic relevance requires further validation.
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Introduction

The temporomandibular joint (TMJ) is a key paired
joint that connects the jaw to the skull, enabling essen-
tial functions like facial movement, eating, and speaking
[1]. Temporomandibular joint osteoarthritis (TMJ OA) is
a common and complex disorder of this joint. Its main
symptoms include joint pain, clicking sounds, abnormal
jaw movement, and in severe cases, facial deformity, which
causes significant physical and emotional distress and re-
duces quality of life [2]. TMJ OA involves inflammation of
the joint lining, cartilage damage, and changes in the under-

lying bone. Common treatments range from non-surgical
options like counseling, physical therapy, bite splints, and
medication to surgery [3]. However, current treatment op-
tions often fall short, and due to a lack of understanding of
the disease’s onset and progression, clinicians are currently
unable to prevent it or effectively relieve patients’ symp-
toms.

Advancements in bioinformatics have changed how
we look into TMJ OA’s molecular roots [4]. In recent
years, population genetics has emerged as a valuable tool
for drug discovery and development, showing great poten-
tial in identifying and verifying possible therapeutic tar-
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gets [5]. With the fast development of high-throughput
technologies, tens of thousands of Quantitative Trait Locis
(QTLs) can now be readily visualized [6,7], providing im-
portant information for biomarker identification and drug
development. Mendelian Randomization (MR) is a ge-
netic causal inference approach that strengthens the cred-
ibility of these bioinformatics findings [8,9], and provides
important information about causality from such data [10].
Based on Mendel’s laws of inheritance, this method uses
Single Nucleotide Polymorphisms (SNPs) as Instrumental
Variables (IVs) to effectively deduce the causal relation-
ship between controlled risk exposure factors and medi-
cal outcomes [11,12]. This study, by integrating Genome-
Wide Association Study (GWAS) and molecular QTL data
(such as gene expressionQTL, protein abundanceQTL, and
methylation modified QTL) aimed to perform causal infer-
ence using MR, and thoroughly search for possible target
genes for TMJ OA from three perspectives: methylation
modification, gene expression, and protein abundance [13].

The purpose of this study was to integrate multi-omics
and genetic evidence to identify candidate genes associ-
ated with TMJ OA and to explore a potential metabolic-
epigenetic mechanism centered on HDHD3.

Materials and Methods

This study integrated TMJOAGWAS summary statis-
tics with multiple molecular QTL datasets, including ex-
pression quantitative trait loci (eQTL), protein quantita-
tive trait loci (pQTL), and molecular quantitative trait loci
(mQTL), to identify and prioritize candidate genes as-
sociated with TMJ OA. Briefly, molecular QTL instru-
ments were harmonizedwith the FinnGenR12TEMPORO-
MANDIB GWAS dataset and analyzed using Mendelian
randomization across the three omics layers. Candidate
genes identified from the MR analyses were further prior-
itized by overlap analysis, colocalization analysis, and re-
verse MR analysis (Fig. 1). The prioritized genes were sub-
sequently evaluated through transcriptomic validation, im-
mune infiltration analysis, pathway enrichment, regulatory
network construction, drug prediction, molecular docking,
and experimental validation in a rat forced mandibular
retrusion model.

Data Download
(1) Transcriptomic data: Gene expression profiles

(GSE289871) were acquired from the GEO database (https:
//www.ncbi.nlm.nih.gov/geo/), which consists of 14 sam-
ples (7 control groups/7 disease groups), with the platform
annotation being GPL24014.

(2) Exposure data: eQTL: From eQTLGen Consor-
tium (Phase II; https://www.eqtlgen.org) for blood-based
genome-wide meta-analyses. mQTL: Used EUR cohort
meta-analysis data (n = 3701 European-ancestry whole-
blood samples; 426,636 traits) from PMID: 38548728 [14].

pQTL: From deCODE (2021 release; https://www.decode
.com/summarydata/), which includes GWAS (https://ww
w.finngen.fi/en/access_results) of 35,559 Europeans with
4907 plasma protein aptamers [15].

(3) Phenotypic data: FinnGen database
(https://r12.risteys.finngen.fi/) gave case-
control stats on temporomandibular disorders
(finngen_R12_TEMPOROMANDIB: 7966 cases vs.
262,404 controls).

Mendelian Randomization Analysis of mQTL, eQTL
and pQTL

IVs were selected from exposure-associated SNPs in
the QTL summary statistics using a significance thresh-
old of p < 1 × 10−5. Linkage disequilibrium clumping
was then performed with an R2 threshold of <0.001 and
a window size of 10,000 kb to ensure the independence
of the selected variants. SNPs associated with secondary
phenotypes (p < 5 × 10−5) were excluded, and weak in-
struments were removed using an F-statistic threshold of
<10. After harmonization of effect alleles between the ex-
posure and outcome datasets, MR analyses were performed
to evaluate the associations between molecular traits and
TMJ OA. The inverse-variance weighted (IVW) method
was used as the primary analytical approach, while MR-
Egger, weighted median, weighted mode, and Wald ratio
were applied as complementary methods to assess the ro-
bustness of the findings under different assumptions regard-
ing IV validity. In this study, IVW p< 0.05 was used as the
initial screening threshold for candidate associations. Can-
didate genes identified at this stage were subsequently sub-
jected to further prioritization analyses.

The initial discovery-stage screening criterion used
the IVW p < 0.05 threshold to identify candidate associa-
tions across multiple omics layers. Given the broad screen-
ing framework, these associations were not interpreted as
definitive evidence on their own. Instead, candidate genes
were further prioritized through cross-omics comparison,
colocalization analysis, reverse MR, transcriptomic sup-
port, and experimental observations. To improve robust-
ness assessment for the prioritized genes, we systemati-
cally compared effect estimates across complementary MR
methods, including IVW, MR-Egger, weighted median,
and weighted mode, and further performed heterogeneity
testing, MR-Egger intercept analysis, MR-PRESSO global
testing, and leave-one-out sensitivity analysis where appli-
cable.

Sensitivity Analysis and Heterogeneity Analysis
To evaluate the robustness of the MR results, sensitiv-

ity analyses were performed, including leave-one-out anal-
ysis and heterogeneity testing. Leave-one-out analysis was
used to determine whether the observed association was
disproportionately driven by any single SNP. Heterogene-
ity among IVs was assessed to evaluate the consistency of
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Fig. 1. Technical workflow for selecting key candidate genes. eQTL, expression quantitative trait loci; pQTL, protein quantitative
trait loci; mQTL, molecular quantitative trait loci; SNPs, Single Nucleotide Polymorphisms; IVW, inverse-variance weighted; OR, odds
ratio; GWAS, Genome-Wide Association Study; TMJ, Temporomandibular joint; MR, Mendelian Randomization; HDHD3, haloacid
dehalogenase like hydrolase domain containing 3; HMG20B, high mobility group 20B.

causal estimates across SNPs. In addition, candidate asso-
ciations were further examined by colocalization analysis
and reverse MR analysis to support the prioritization of key
genes.

Co-Localization Analysis
We performed colocalization analysis using the coloc

method to evaluate whether the pQTL signal and the TMJ
OA GWAS signal shared a common causal variant. Vari-
ants within a 100-kb region centered on the index SNPwere
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extracted for analysis. Posterior probabilities were calcu-
lated for the coloc hypotheses, and a posterior probability
for hypothesis 4 (PP.H4) >0.95 was considered evidence
supporting a shared causal variant between the pQTL and
GWAS signals.

Immune Infiltration
Immune infiltration analysis was performed using the

deconvo_xcell() function in the IOBR package. Given
that xCell was originally developed mainly for complex
immune- and tumor-related transcriptomic contexts, and
considering the relatively small sample size, complex tis-
sue composition, and uncertain tissue origin of the TMJ OA
dataset analyzed in this study, the xCell-based results were
treated as exploratory analyses. Therefore, these inferred
infiltration scores were used primarily for descriptive com-
parison and preliminary correlation analyses, rather than as
stand-alone evidence for mechanistic interpretation.

GSEA Analysis
The patients were separated into high and low expres-

sion groups based on some specific key genes. Genes were
grouped according to the Gene Set Enrichment Analysis
(GSEA) that used MSigDB’s (https://www.gsea-msigdb.or
g/gsea/msigdb) version 7.0 annotated gene sets as a refer-
ence frame for genome-wide pathway comparison among
all groups. The pathways’ differential expression between
different groups were compared. Significantly enriched
gene sets (adjusted p-value < 0.05) were ranked accord-
ing to their consistency scores. GSEA analysis is usually
applied to explore the connection between disease classifi-
cation and biological significance.

GSVA Analysis
Gene Set Variation Analysis (GSVA) transforms a

gene-level expression matrix into pathway enrichment
scores. We used gene sets fromMSigDB and appliedGSVA
to evaluate various pathway perturbations across differ-
ent samples. Because this method does not require prede-
fined sample groups, it can detect subtle biological changes
across diverse sample groups.

Transcription Factor Regulatory Network
This study applied RcisTarget package for predicting

transcription factors (TFs) with DNA sequence motifs serv-
ing as the computational basis. The NES value of motifs
was adjusted based on the total amount of motifs contained
within the reference database. Other motifs were identified
through similarity analysis and gene orthology assessments
in addition to the initial annotations. For each motif-gene
set pair, the AUC was computed using recovery curves of
genes ranked by binding affinity. The final NES values
came from the AUC distribution among all motifs within
targeted gene groups.

Key Gene-Related Non-Coding RNA Networks
MicroRNAs (miRNAs)—small non-coding RNAs

that control gene expression by degrading mRNA or re-
pressing translation—found within significant genes in-
fluencing pathogenic gene transcription or stability were
studied. Key gene-related miRNAs were retrieved from
the miRCode database (https://bio.tools/miRcode) and then
displayed using Cytoscape software (version 3.10.1; Cy-
toscape Consortium, San Diego, CA, USA).

CMap Drug Prediction
The CMap database (https://clue.io/) from the Broad

Institute was used, which contains transcriptional profiles
of 1309 bioactive compounds across five human cell lines
at various doses and time points. Functional connections
among compounds, genes, and diseases were then identi-
fied, and disease-specific DEGs were used to predict po-
tential therapeutic agents.

Molecular Docking
The corresponding three-dimensional protein struc-

tures of the key genes were obtained from the AlphaFold
database (https://alphafold.com/). Drug prediction for these
genes was then performed using the CTD database (https:
//www.ctdbase.org/) to obtain relevant information. The
molecular structures of the compounds were accessed via
the PubChem database (https://pubchem.ncbi.nlm.nih.gov
/). AutoDock software (version 1.5.7; The Scripps Re-
search Institute, La Jolla, CA, USA). was used for molec-
ular docking, and the genetic algorithm was run 50 times.
The results with the lowest binding energies were selected
and imported into PyMOL (version 2.4; Schrödinger, LLC,
New York, NY, USA) for visualization, highlighting the
binding sites of small molecules on proteins.

Animal Model Establishment
The animal model utilized the previously developed

and published forced mandibular retrusion (FMR) tech-
nique [16]. Twenty-four male Sprague-Dawley rats aged
six weeks and of SPF grade were purchased from Beijing
Vital River Laboratory Animal Technology Co., Ltd. (Bei-
jing, China; License No. SCXK (Beijing) 2021-0006). The
rats were randomly divided into the control group, 2-week
experimental group, and 4-week experimental group, with
8 rats in each group. Histological evaluation, imaging as-
sessment, and image-based quantitative analysis were per-
formed in a blinded manner whenever applicable. The sam-
ple size was determined based on preliminary experimen-
tal experience. The experimental cohort underwent sus-
tained mandibular retraction force application via person-
alized stainless steel intermaxillary devices to induce atyp-
ical mechanical stress on the TMJ. Intervention durations
were 2 and 4 weeks. Rats in the experimental groups were
anesthetized by intraperitoneal injection of 1% sodium pen-
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tobarbital at a dose of 0.35mL/100 g bodyweight before the
experimental procedure. Control subjects did not undergo
any intervention. At the end of the experiment, rats were
euthanized by intraperitoneal injection of 5% sodium pen-
tobarbital at a dose of 0.4mL/100 g bodyweight, equivalent
to 200 mg/kg. Procedures were performed by trained per-
sonnel in accordance with the approved institutional animal
care and use protocol and standard operating procedures.
Animals were monitored until a stable state of unconscious-
ness was achieved and death was confirmed using institu-
tionally approved criteria. The temporomandibular joints
were then harvested for subsequent analyses.

Micro-CT Analysis
Micro computed tomography (Micro-CT), an X-ray

imaging method that visualizes bone at a resolution of 1–
100 µm, allows precise measurements of the internal bone
microstructure. scanning was performed using a Bruker
SkyScan 1276 micro-CT scanner (Bruker, Kontich, Bel-
gium).

Histologic and Immunohistochemical Assessment
The collected fresh tissue samples were fixed in 4%

paraformaldehyde solution (Cat. No. P1110; Beijing So-
larbio Science & Technology Co., Ltd., Beijing, China) for
24 h, decalcified for 4 days using formic acid decalcifica-
tion solution (Cat. No. G2490; Beijing Solarbio Science &
Technology Co., Ltd., Beijing, China), embedded in paraf-
fin, and cut into 6 µm-thick sections.

For hematoxylin and eosin (H&E) staining, paraffin
sections were baked in a 60 °C oven for approximately 60
min, deparaffinized in xylene I and xylene II (Cat. No.
10023418; Sinopharm Chemical Reagent Co., Ltd., Shang-
hai, China) for 15 min each, rehydrated through a graded
ethanol series using absolute ethanol (Cat. No. 100092683;
Sinopharm Chemical Reagent Co., Ltd., Shanghai, China),
and rinsed in distilled water. The sections were then stained
with a hematoxylin and eosin staining kit (Cat. No. G1120;
Beijing Solarbio Science & Technology Co., Ltd., Bei-
jing, China) for 3–5 min, differentiated in hydrochloric
acid alcohol differentiation solution (Cat. No. BA4025C;
Zhuhai Beso Biotechnology Co., Ltd., Zhuhai, China) for
15 s, blued in ammonia water bluing solution (Zhuhai Beso
Biotechnology Co., Ltd., Zhuhai, China) for 30–60 s, and
counterstained with eosin for 5 min. After dehydration
and clearing, the sections were mounted with neutral resin
(Cat. No. 10004160; Sinopharm Chemical Reagent Co.,
Ltd., Shanghai, China). For Safranin O-fast green staining,
paraffin sections were routinely deparaffinized to water and
stained using a Safranin O-fast green staining kit (Cat. No.
G1371; Beijing Solarbio Science & Technology Co., Ltd.,
Beijing, China) , with fast green staining for 5 min, differ-
entiation in freshly prepared 1% acetic acid alcohol for 30
s, and Safranin O staining for 5 min. After dehydration,
clearing, and mounting, the Safranin O-fast green-stained

sections were scanned using a PannoramicMIDI slide scan-
ner (3DHISTECHLtd., Budapest, Hungary), and the digital
images were used to evaluate cartilage matrix changes and
proteoglycan loss.

For immunohistochemical staining, after blocking and
antigen retrieval, the sections were incubated overnight at 4
°Cwith primary antibodies against L-lactyl lysine (Cat. No.
PTM-1401RM; rabbit monoclonal antibody; PTM Bio-
labs, Hangzhou, China; diluted 1:100 in PBS) and HDHD3
(Cat. No. HY-P89143; mouse monoclonal IgG2a anti-
body; MedChemExpress, Monmouth Junction, NJ, USA;
diluted 1:150 in PBS). The sections were then incubated
at room temperature for 60 min with species-matched sec-
ondary antibodies, including Goat Anti-rabbit secondary
antibody (Cat. No. E-AB-1003; Elabscience Biotechnol-
ogy Co., Ltd., Wuhan, China; diluted 1:1000) for the rab-
bit primary antibody and Goat Anti-mouse secondary an-
tibody (Cat. No. E-AB-1001; Elabscience Biotechnology
Co., Ltd., Wuhan, China; diluted 1:1000) for the mouse pri-
mary antibody. Signals were subsequently visualized using
DAB and counterstained with hematoxylin.

The above stained sections were scanned with Panno-
ramic MIDI scanner ((3DHISTECH Ltd., Budapest, Hun-
gary) to capture images. Immunohistochemical results
were quantified using Fiji software bundled with ImageJ
1.54p (National Institutes of Health, Bethesda, MD, USA).
RNA Extraction and RT-qPCR

Rat cartilage tissue was scraped off and cut into small
pieces using blades, then immediately frozen in liquid ni-
trogen and ground into powder. Total RNA was isolated as
per the manufacturer’s instructions. After reverse transcrip-
tion of cDNA according to the kit’s instructions, quantita-
tive real-time PCR was performed using ChamQ Universal
SYBR qPCRMaster Mix (Cat. No. Q711; Vazyme Biotech
Co., Ltd., Nanjing, China) on a LightCycler 96 Real-Time
PCR System (Roche, Basel, Switzerland). The primer se-
quences used for RT-qPCR analysis are listed in Table 1.

Statistical Analysis
R software (version 4.1.0; R Foundation for Statisti-

cal Computing, Vienna, Austria) and public databases were
used for statistical analysis. All data are given as mean ±
SD. Student’s t-test was performed for comparison between
two groups. Graphs were drawn using GraphPad Prism
(version 10.0; GraphPad Software, Boston, MA,USA). |log
FC|>2 and p-value< 0.05were considered significant, and
p < 0.01 extremely significant.

Results

eQTL Mendelian Randomization Analysis
Result identifier was set to

finngen_R12_TEMPOROMANDIB, which is based
on the combined statistics of the temporomandibular joint-
related samples. To determine if there is a cause-and-effect
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Table 1. Primer sequences used for RT-qPCR analysis.
Primers Sequence (5′ → 3′)

ARID3B-F GCTGTTTGCCCAGAAACCAG
ARID3B-R TTGGTGAGCAGTGAGAGCTG
AHNAK-F GAGGTGATGCAGAACTCCCC
AHNAK-R CAAGCCAACAGTGTGATGCC
HMG20B-F TTCTGGGCTCATGAACACCC
HMG20B-R TCTTCCGTGAAGATGGGCAC
HDHD3-F GTCGGGGAGGAATATGCCAG
HDHD3-R TCAGTGAGAGATGCTGTACC
IL-1β-F GCCAACAAGTGGTATTCTCC
IL-1β-R CTTTCATCACACAGGACAGG
GAPDH-F AACCCATCACCATCTTCCAGG
GAPDH-R GCCTTCTCCATGGTGGTGAA
The data were analysed using the comparative cycle
threshold method, and the relative expression levels
were determined by the 2−∆∆CT measurement with
reference to GAPDH.
RT-qPCR, reverse transcription quantitative poly-
merase chain reaction; ARID3B, AT-rich interaction
domain 3B; F, forward primer; R, reverse primer; AH-
NAK, AHNAK nucleoprotein; HMG20B, high mobil-
ity group 20B; HDHD3, haloacid dehalogenase like
hydrolase domain containing 3; IL-1β, interleukin-
1β; GAPDH, glyceraldehyde-3-phosphate dehydroge-
nase.

link between 792 sets of eQTLs and the outcome, the
extract_instruments and extract_outcome_data tools were
used. Also, 374 causative relationships with positive eQTL
outcomes were found using MR analysis (IVW pval <
0.05). Results showed that 189 genes were associated with
a lower risk of temporomandibular joint disorders (OR
<1), whereas 185 genes were associated with a higher
risk (OR >1) in the eQTL-based MR analysis (Fig. 2A).
We then examined the causal relationships of these 374
genes to determine whether they were stable and reliable.
Additional validation analyses were conducted for the
selected gene pairs. A heterogeneity test on the 374 genes
showed that all of them met the required conditions. In
addition, the leave-one-out analysis revealed that no single
SNP had a significant impact on the overall error range
when removed; therefore, the 374 pairs were considered
stable.

pQTL Mendelian Randomization Analysis

pQTL protein data were obtained from the deCODE
database. To assess potential causal relationships between
pQTLs and the outcome, we used extract_instruments and
extract_outcome_data, yielding 895 pairs for further anal-
ysis (table.OR.txt). Also, 537 pairs of PQTL-related genes
were chosen using MR for causality testing (IVW pval <
0.05). In the pQTL-based MR analysis, 31 genes were as-
sociated with a lower risk of temporomandibular joint dis-

orders (OR <1), whereas 506 genes were associated with a
higher risk (OR>1) (Fig. 2B). We then assessed the stabil-
ity of these causal associations by examining heterogene-
ity across 537 potentially relevant genetic loci, all of which
passed the required tests. In order to test the reliability of
these causal inferences, we performed a leave-one-out sen-
sitivity analysis on the 537 genetic pairs, evaluating the in-
fluence of each individual SNP on the overall estimate by
excluding one SNP at a time. The results showed that re-
moving any single SNP did not lead to significant changes
in the overall error line, indicating that the 537 identified
causal pairs were relatively stable.

mQTL Mendelian Randomization Analysis
To find out the cause-and-effect relationship between

2646 pairs of MQTLS and their outcomes, we extracted the
instrument and outcome information. Also, the causality
of 1232 positive outcomes of MQTL-related genes were
screened by MR analysis (IVW pval < 0.05). In the
mQTL-based MR analysis, 615 genes were associated with
a lower risk of temporomandibular joint disorders (OR<1),
whereas 617 genes were associated with a higher risk (OR
>1) (Fig. 2C). Then we tested 1232 genes for heterogeneity
and all genes passed the heterogeneity test.

We further performed sensitivity analysis on these
1232 MQTL-related genes to assess the reliability of the
results. The results showed that removing any one SNP
from the SNP set did not substantially change the overall
estimate, suggesting that the 1232 SNPs selected for causal
inference were reliable.

Co-Localization Analysis and Reverse MR Analysis
To identify the most relevant genes associated with

temporomandibular joint disorders, we intersected the high-
risk genes identified from the eQTL, pQTL, and mQTL
MR analyses and obtained 19 overlapping genes (Fig. 3A).
These genes were then subjected to colocalization anal-
ysis at the pQTL-GWAS level. The results showed that
HDHD3 and HMG20B displayed strong evidence of colo-
calization with TMJ OA, with PP.H4 values greater than
0.95, suggesting that the pQTL and disease association sig-
nals may be driven by shared causal variants (Fig. 3B,C).
ReverseMR analysis further showed that temporomandibu-
lar joint disorders did not have a significant causal effect
on the expression-related traits of HDHD3 and HMG20B
(Fig. 3D). Together, these findings supported the prioritiza-
tion of HDHD3 and HMG20B for subsequent analyses. In
our transcriptome analysis, in order to provide supportive
transcriptomic evidence, we further examined the expres-
sion patterns of the genetically implicated genes in the GEO
dataset. Although the transcriptomic cohort was relatively
limited in size, HDHD3 was significantly upregulated in
the diseased group compared with the control group (p <

0.05), whereas the difference in HMG20B expression was
not statistically significant (p > 0.05) (Fig. 3E).
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Fig. 2. eQTL-, pQTL-, and mQTL-based MR. (A) eQTL-MR: distributions of ORs and p values across tested associations. (B)
pQTL-MR: distributions of ORs and p values across tested associations. (C) mQTL-MR: distributions of ORs and p values across tested
association. In each panel, each point represents one gene. Genes located on the right side of the x-axis (x > 0) were defined as higher-
risk genes, whereas genes on the left side (x < 0) were considered lower-risk or protective genes. Genes above the horizontal dashed
line represent significant associations with p < 0.05.

To further assess the robustness of the prioritized
genes, we compared effect estimates across complemen-
tary MR methods and performed sensitivity analyses. At
the pQTL layer, HDHD3 showed significant positive asso-
ciations in the IVW, weighted median, and weighted mode
analyses, whereas HMG20B showed positive associations
in the IVW andMR-Egger analyses, with directionally con-
sistent estimates in the other methods. No significant direc-
tional pleiotropywas detected based onMR-Egger intercept
testing, and MR-PRESSO global testing was not statisti-
cally significant for both prioritized genes. Leave-one-out
analyses suggested that the observed associations were not
driven by any single SNP. Detailed MR estimates and sen-
sitivity analyses for the prioritized genes are provided in
Supplementary Tables 1,2 and Supplementary Figs. 1,2.

Differential Expression and Immune Infiltration of
Key Genes in the Transcriptome

To explore potential differences in the immune-
related transcriptomic landscape between control and
disease samples, we performed an xCell-based decon-
volution analysis (Fig. 4A,B). Given the methodological
constraints of applying xCell to a small and heterogeneous
TMJ OA dataset, the results were interpreted as preliminary
descriptive findings. More specifically, compared with the
control group, the disease group showed significant differ-
ences in several inferred immune or stromal cell subsets,
including increased Adipocytes_xCell, CD8+_Tcm_xCell,
CMP_xCell, Mast_cells_xCell, Plasma_cells_xCell,
and Smooth_muscle_xCell, as well as decreased Ba-
sophils_xCell and MSC_xCell (p < 0.05, Fig. 4C).
Correlation analysis further showed that HMG20B was
significantly negatively correlated with CD8+_naive_T-
cells_xCell, CD8+_T-cells_xCell, CD8+_Tem_xCell, and
Macrophages_M2_xCell (p < 0.05), whereas HDHD3 was
significantly positively correlated with Plasma_cells_xCell

and Smooth_muscle_xCell (p < 0.05) (Fig. 4D). In
addition, we explored the relationships between the pri-
oritized genes and multiple immune-related components,
including chemokines, receptors, MHC-related genes,
immunoinhibitors, and immunostimulators (Fig. 5A–E).
These observations should be regarded as exploratory
findings rather than stand-alone mechanistic evidence.

Signaling Pathways Involved in Key Genes

Next, we explored the specific signaling pathways as-
sociated with the key genes and investigated the molec-
ular mechanisms by which these genes influence dis-
ease development. According to the GSEA results,
HMG20B was enriched in the B cell receptor signal-
ing pathway, Toll-like receptor signaling pathway, Notch
signaling pathway, and other pathways (Fig. 6A,C).
HDHD3 was enriched in the Hippo signaling path-
way, MAPK signaling pathway, cAMP signaling path-
way, among others (Fig. 6B,D). GSVA analysis showed
that HDHD3 was enriched in GLYCOLYSIS, ESTRO-
GEN_RESPONSE_LATE, and other signaling pathways
(Fig. 6E). HMG20B is enriched in MITOTIC_SPINDLE
and INTERFERON_ALPHA_RESPONSE signaling path-
ways (Fig. 6F). Some key genes may influence disease pro-
gression through these mechanisms.

Key Gene-Related Non-Coding RNA Networks and
Transcription Factor Regulatory Networks

The research team then performed reverse prediction
of key genes using the mircode database and identified
32 microRNAs, making up 40 mRNA-miRNA interaction
pairs, and visualized the results in cytoscape (Fig. 7A).
The analysis identified these major genetic components
and showed that they were regulated by shared biologi-
cal processes, particularly the coordinated activity of multi-
ple transcription factors. Then, cumulative recovery curves
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Fig. 3. Colocalization analysis, reverse MR, and expression validation of key genes. (A) Overlap analysis of up-regulated candidate
genes across different omics layers. The left Venn diagram shows the intersection between up-regulated genes identified from the eQTL
and pQTL analyses, whereas the right Venn diagram shows the intersection between up-regulated genes identified from the mQTL
and pQTL analyses. (B) pQTL-GWAS colocalization analysis for HDHD3 (lead SNP: rs149599156). (C) pQTL-GWAS colocalization
analysis for HMG20B (lead SNP: rs150988102). (D) ReverseMendelian randomization analysis of the key genes HMG20B andHDHD3.
(E) Relative expression levels of HDHD3 and HMG20B in the validation dataset. * indicates p < 0.05; ns indicates p > 0.05.

(Fig. 7B) indicated that these transcription factors were
highly enriched. In the motif-tf annotation analysis of key
genes, cisbp__M0148 motif had the highest standardized

enrichment score of 7.99. We displayed all enriched mo-
tifs and their linked transcription factors for the key genes
(Fig. 7C).
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Fig. 4. Immune infiltration analysis. (A) Relative proportions of immune/cell subsets in control and disease samples. (B) Correlation
heatmap of inferred infiltration levels among cell subsets (red, positive; blue, negative). (C) Comparison of inferred cell subset infiltration
levels between the control and disease groups. * indicates p < 0.05; ** indicates p < 0.01; ns indicates p > 0.05. (D) Correlations
between the expression of the key genes (HMG20B and HDHD3) and inferred cell subset infiltration levels. Colors indicate correlation
coefficients; * indicates p < 0.05.

Relationship Between Key Genes and
Lactylation-Related Genes

In a previous study entitled “Lactylation-RelatedGene
Signature Effectively Predicts Prognosis and Treatment Re-
sponsiveness in Hepatocellular Carcinoma” [17], the au-
thors showed that lactylation-related genes were associ-
ated with disease progression and treatment responsive-
ness, highlighting the potential biological significance of
lactylation-related signatures. Based on this, we further ex-

amined the expression patterns of lactylation-related genes
in our transcriptomic dataset. Among the 20 lactylation-
related genes analyzed, several showed differential ex-
pression between the two groups. In addition, correla-
tion analysis between the key genes and lactylation-related
genes demonstrated that HDHD3 was positively correlated
with AHNAK (r = 0.850) and negatively correlated with
ARID3B (r = –0.795) (Fig. 8A).
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Fig. 5. Correlation between immune-related genes and cell subsets. (A) Correlation between chemokine-related genes and immune
cell subsets: colors represent Spearman correlation coefficients, with p values indicated by dot size. (B) Correlation between receptor-
related genes and immune cell subsets. (C) Correlation between MHC-related genes and immune cell subsets. (D) Correlation between
Immunoinhibitor genes and immune cell subsets. (E) Correlation between Immunostimulator genes and immune cell subsets. In all
panels, colors represent Spearman correlation coefficients, and dot size indicates p values. Statistical significance is indicated as *
indicates p < 0.05; ** indicates p < 0.01. MHC, major histocompatibility complex.

CMap Drug Prediction
In this study, the limma package was used to perform

differential gene expression analysis on expression data
from the two patient groups. Screening criteria for differ-
ential genes included: |logFC|>0.585 and p< 0.05, a total
of 1159 differential genes were screened out, including 743
up-regulated genes and 416 down-regulated genes. Then,
volcanomaps and heat maps were generated to visualize the
differential expression results (Fig. 8B). We divided the top
150 down-regulated differentially expressed genes into two
groups and used the Connectivity Map database to predict
the drug targeting of differentially expressed genes. The re-
sults show that the expression patterns of drug disruptions
such as linezolid, harpagoside, TG100-115, and PKCbeta-
inhibitor have significant negative correlations with the ex-
pression patterns of disease disruptions, and drugs may al-
leviate or even reverse the disease state (Fig. 8C).

Molecular Docking Results
Proteins and compounds selected by key genes were

HMG20B: Q9P0W2-Folic Acid and HDHD3: Q9BSH5-
Folic Acid. Molecular docking results indicated that the
binding energy of HMG20B: Q9P0W2-Folic Acid was –
4.07 kcal/mol, while that of HDHD3: Q9BSH5-Folic Acid
was –6.02 kcal/mol. The results showed that the binding
energy between the protein and small molecule was low,
suggesting a stable docking interaction (Fig. 9A–D).

In addition, an interaction network between the key
genes and candidate molecules was constructed (Fig. 9E,F).
In this network, each node represents a molecule, and the
edges indicate the interactions or associations derived from
molecular docking analysis. This visualization further il-
lustrates the potential relationships between the prioritized
target proteins and the candidate compounds [18,19].
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Fig. 6. KEGGpathway analysis andGSVA for key genes. (A,B)GSEA enrichment plots of KEGGpathways associatedwith HMG20B
and HDHD3, respectively. (C,D) KEGG pathway-gene networks associated with HMG20B and HDHD3, respectively. (E,F) GSVA
results for the key genes based on the Hallmark gene set; blue indicates pathways enriched in the high-expression group, and green indi-
cates pathways enriched in the low-expression group. KEGG, Kyoto Encyclopedia of Genes and Genomes; GSEA, Gene Set Enrichment
Analysis; GSVA, Gene Set Variation Analysis.
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Fig. 7. miRNA and transcriptional regulatory networks for key genes. (A) miRNA network for key genes: pink represents mRNA,
blue represents miRNA. (B) Transcriptional regulatory network for key genes: red represents key genes, green represents transcription
factors. (C) Display of all enriched motifs for key genes and their corresponding transcription factors.

In Vivo Validation Results

In H&E and safranin O-fast green sections
(Fig. 10A,B), the field of view was focused on the
posterior oblique sagittal section of the rat condyle. They
showed great variation in condylar morphology and lay-
ering. In the control group, the continuous surface, intact
tidemark, and uniform distribution of chondrocytes could
be observed. The area of Safranin O staining was large
and uniform. On the contrary, in the 2W and 4W groups,
the cartilage layer seemed to be thinner with disordered,
clustered or even vacuolated chondrocytes. They had
damaged or drifting tidemark and thickened, calcified

cartilage which invaded into the upper layer. The area
of the safranin O staining was significantly reduced, and
a large area of the section was replaced with fast green
staining.

In addition, micro-CT scanning and 3D reconstruc-
tion of the condyles (Fig. 10C) showed that the control
group exhibited a relatively intact cortical surface and
compact subchondral bone structure, whereas the experi-
mental groups showed obvious bone resorption and struc-
tural deterioration. Compared with the control group, the
2W group showed significantly decreased BV/TV, Tb.Th,
Tb.N, BMD, and TMD and significantly increased Tb.Sp
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Fig. 8. Disease association and differential analysis. (A) Top: Differential expression of disease-related genes in control and dis-
ease samples. Bottom: Correlation analysis between HDHD3 and disease-related genes. Colors represent Pearson correlation coeffi-
cients.Statistical significance is indicated as *p< 0.05 and **p< 0.01. (B) Volcano plot of differentially expressed genes. Pink indicates
upregulated genes, blue indicates downregulated genes, and black indicates genes without significant differential expression. A total of
1159 differentially expressed genes were identified, including 743 upregulated genes and 416 downregulated genes. (C) Heatmap of
differentially expressed genes. Red indicates relatively high expression and blue indicates relatively low expression. The full list of
differentially expressed genes is provided in Supplementary Table 1.
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Fig. 9. Chemical structures of the candidate compounds and the key gene–molecule interaction network. (A–D) Two-dimensional
(2D) structures of linezolid, harpagoside, TG100-115, and a PKCβ inhibitor. (E,F) Interaction network between key genes and candidate
molecules. Each node represents a molecule, and edges indicate molecular docking-derived interactions/associations between molecules.
PKCβ, protein kinase C beta.

(Fig. 10D–I; p < 0.001). Compared with the 2W group,
the 4W group showed significantly increased BV/TV (p <

0.001), Tb.N (p < 0.01), BMD (p < 0.01), and TMD (p
< 0.01), together with significantly decreased Tb.Sp (p <

0.001). Overall, these results suggest partial recovery of
trabecular microarchitecture in the 4W group.

Immunohistochemical staining showed that the per-
centages of L-lactyl lysine-positive and HDHD3-positive
cells were significantly increased in the 2W group com-
pared with the control group (p < 0.001) and significantly
decreased in the 4W group compared with the 2W group
(p < 0.01) (Fig. 11A–D). RT-qPCR further showed that
HDHD3, AHNAK, HMG20B, and IL-1β were signifi-
cantly upregulated in the 2W group, whereas ARID3B was
significantly downregulated (p < 0.001). Compared with
the 2W group, these changes were partially reversed in the
4W group (Fig. 11E–I). Overall, these findings are gener-
ally consistent with the bioinformatics predictions.

Discussion

TMJ OA is a disease with complex aetiology, involv-
ing a variety of genetic and epigenetic factors [20]. In this
study, GWAS data were integrated with three layers of QTL
resources for the first time to systematically explore po-
tential targets for TMJ OA from three biological perspec-
tives: DNA methylation, gene transcript abundance and

protein abundance using Mendelian randomization and co-
mapping analysis. We found multi-genomic evidence that
HMG20B and HDHD3 genes are involved in the develop-
ment of TMJ OA.

HMG20B is a high mobility group protein mainly lo-
cated in the nucleus. As a nuclear protein, HMG20B inter-
acts with DNA and other proteins to regulate the activity of
transcription factors and participate in cell cycle progres-
sion and proliferation regulation [21]. A study has shown
that HMG20A interacts with a variety of chromatin modifi-
cation complexes, localized to the promoter and enhancer
regions, and deletion of HMG20A results in changes in
chromatin accessibility and dysregulation of specific tran-
scriptional programs, which are key regulators of transcrip-
tional programs during stem cell differentiation into neural
crest cells and cardiomyocytes [22]. Deletion of HMG20B
also delays the completion of mitotic cell division, trigger-
ing abnormalities in this process. Most of HMG20B defi-
cient cells with cytokinesis defects can initiate groove for-
mation and invagination, but complete cell division delay
and often fail to separate. In triple negative breast cancer,
HMG20B has been reported to interact with the tumor sup-
pressor protein BRCA2 and regulate cell division during cy-
tokinesis [23].

HDHD3 is a mitochondrial hydrolase [24]. Previ-
ous animal experiments have shown that up-regulation of
HDHD3 expression can maintain the integrity of mitochon-
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Fig. 10. Morphological analysis of cartilage and bone tissue. (A) Safranin O-fast green staining for the cartilage tissue of rat. Scale
bars = 100 µm. (B) H&E staining for the cartilage tissue of rat. Scale bars = 100 µm. (C) Micro-CT images. Scale bars = 1 mm. (D)
Bone volume fraction (BV/TV). (E) Trabecular separation (Tb.Sp). (F) Trabecular thickness (Tb.Th). (G) trabecular number (Tb.N).
(H) Bone Mineral Density (BMD). (I) Tissue mineral density (TMD). ** indicates p < 0.01; *** indicates p < 0.001. CT, computed
tomography; H&E, hematoxylin and eosin.

dria in mouse hepatocytes, which is closely related to en-
ergy homeostasis. Under pathological conditions, HDHD3
was significantly upregulated in peripheral blood of pa-

tients with nonalcoholic fatty liver disease (NAFLD) and in
mouse liver models [24]. Furthermore, through screening
by machine learning algorithms (SVM-RFE/LASSO/RF),
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Fig. 11. Immunohistochemistry and RT-qPCR analyses. (A) Representative immunohistochemical (IHC) staining of L-lactyl-lysine
in tissues from the control (Con), 2-week (2W), and 4-week (4W) groups. (B) Quantification of the percentage of L-lactyl-lysine–positive
cells. (C) Representative IHC staining of HDHD3 in Con, 2W, and 4W tissues. (D) Quantification of the percentage of HDHD3-positive
cells. (E–I) Tissue RT-qPCR showing relative mRNA levels of HDHD3, ARID3B, AHNAK, HMG20B, and IL-1β. Scale bar = 100 µm
in the main image; scale bar = 15 µm in the inset, *p < 0.05, **p < 0.01, ***p < 0.001.

HDHD3 was identified as a core biomarker for NAFLD
diagnosis (AUC = 0.964) and listed as a high-risk fac-
tor in the diagnostic nomogram. HDHD3 also showed
tubulo-specific high expression in streptozotocin-induced
α-2u globulin nephropathy models [25].

Subsequently, we delved into the specific signaling
pathways associated with these key genes to elucidate the
fundamental molecular mechanisms through which they
impact disease progression. Our GSVA revealed enrich-
ment of HDHD3 in glycolysis signaling pathways. It is
well-documented that glycolysis plays a pivotal role in os-
teoarthritis pathogenesis. Within the microenvironment
and inflammatorymilieu of osteoarthritis, chondrocytes un-
dergo a metabolic shift from oxidative phosphorylation to
aerobic glycolysis [26,27]. Heightened glycolytic activity
triggers pathological alterations in cartilage structure, in-
cluding chondrocyte hypertrophy, apoptosis, and extracel-
lular matrix degradation, thereby driving osteoarthritis pro-
gression [28]. Previous investigations have demonstrated
elevated glycolytic activity in synovial tissue of osteoarthri-
tis patients [29]. Synovial macrophages have much higher
glycolytic activity in both osteoarthritis patients and mice;
too much glycolysis can kill chondrocytes and accelerate
osteoarthritis progression. Mechanical stimuli can also acti-

vate the Piezo1-STAT1 signaling pathway to promote HK2
mediated glycolysis in MSCs, thereby promoting the pro-
gression of TMJ OA [30]. On the contrary, inhibition of
glycolysis (with 3-BP) decreases bone erosion, cartilage
damage, and inflammatory cell infiltration in TMJOA [31].
IL-1β stimulation causes an increase in the glycolysis level
of OA chondrocytes under an inflammatory microenviron-
ment condition, which raises the base and maximum res-
piration rate, metabolic reprogramming, and lowers mito-
chondrial function [32]. Many studies have found that dur-
ing inflammation, pyruvate is preferentially converted into
lactate via aerobic glycolysis. This is known as the War-
burg effect. This metabolic shift leads to the accumula-
tion of lactate in the cytoplasm, which can alter cellular
function and contribute to disease progression [33]. Lac-
tate has been reported to induce PKM2 lactylation at K62
in pro-inflammatory macrophages, suppressing inflamma-
torymetabolic adaptation and promoting a transition toward
a reparative phenotype [34]. However, whether glycolysis
contributes to the progression of TMJ OA through lactate-
mediated mechanisms remains unclear.

These findings are broadly consistent with previous
TMJ OA studies showing that abnormal mechanical stress,
cartilage/subchondral bone remodeling, and metabolic dys-
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regulation are closely involved in disease progression. Lu
et al. [35] reported that multiple signaling pathways are
involved in TMJ OA pathology and that inflammation,
abnormal mechanical loading, and genetic abnormalities
contribute to TMJ OA development. In addition, recent
work has emphasized that the pathological progression of
TMJ OA involves not only cartilage degeneration but also
subchondral bone remodeling, suggesting that both tis-
sues should be considered together when interpreting dis-
ease mechanisms [36]. Previous studies have also shown
that glycolytic reprogramming and lactate metabolism con-
tribute to TMJ OA pathophysiology. For example, Li et
al. [37] demonstrated that inhibition of glycolysis by tar-
geting LDHA facilitated hyaluronan synthase 2 synthesis
and hyaluronic acid production in synovial fibroblasts of
TMJ OA, supporting the importance of metabolic alter-
ations in disease progression. Mechanical signaling has
also been implicated in TMJ OA, as Wu et al. [38] showed
that Piezo1-mediated mechanotransduction participates in
condylar degeneration under abnormal stress conditions. In
this context, our study extends the existing literature by pro-
viding multi-omics evidence that HDHD3 and HMG20B
may represent candidate genes associated with these patho-
logical processes, particularly glycolysis- and lactylation-
related alterations in TMJ OA.

Correlation analysis between key genes and lactate-
related genes revealed clear associations in their expression
levels. HDHD3 had a strong positive correlation with AH-
NAK (r = 0.850), and a notable negative correlation with
ARID3B (r = –0.795). The remaining two genes, AH-
NAK and ARID3B, have also been identified in the lit-
erature as lactate-related genes. ARID3B is a member of
the ARID (AT-rich interaction domain) protein family that
functions as a transcriptional regulator involved in gene ex-
pression and cell differentiation [39]. It also participates
in metabolic reprogramming by altering epigenetic modi-
fications. On the other hand, AHNAK is a large scaffold
protein with a molecular weight exceeding 700 kDa and is
expressed in various tissues [40]. AHNAK plays important
roles in cell membrane repair, signal transduction, and cell
adhesion. It is also involved in multiple processes, includ-
ing calcium channel regulation, cell migration, and inflam-
matory responses [41].

FMR rat models were established for 2 and 4 weeks.
Safranin O/Fast Green staining showed that glycosamino-
glycan content was lower in the FMR model group than in
the control group, indicating severe TMJ cartilage damage.
Micro-CT analysis also revealed obvious subchondral bone
resorption in both the 2-week and 4-week FMR groups,
suggesting joint destruction in the experimental rats. IHC
staining showed increased L-lactyl lysine, indicating that
lysine residues were modified through the addition of L-
lactyl groups to proteins [42]. Lactate is an important
metabolic product in vivo and participates in both physi-
ological and pathological processes. The degree of lactyla-

tion is associated with intracellular lactate levels [43]. The
results showed that, in cartilage tissue from FMR rat mod-
els, the mRNA levels of IL-1β, the key genes HMG20B
and HDHD3, and the lactate-related gene AHNAK were
increased after mechanical compression, whereas ARID3B
expression was decreased. These in vivo findings are con-
sistent with the previous bioinformatics analyses, suggest-
ing that glycolysis-associated lactate metabolism may con-
tribute to the progression of TMJ OA.

Folic acid was identified as a potential candidate com-
pound for TMJ OA based on drug screening and molecu-
lar docking analysis. As a water-soluble vitamin (vitamin
B9), folic acid is involved in multiple biological processes,
including cell growth and proliferation. However, its po-
tential relevance to TMJ OA remains unclear, and further
functional studies are needed to clarify its biological signif-
icance in this disease context.

Several limitations of this study should be acknowl-
edged. First, the MR analysis was mainly used for can-
didate gene screening and prioritization. Under the broad
multi-omics screening framework and the relatively loose
initial threshold, false-positive findings cannot be fully ex-
cluded, although we strengthened the robustness of inter-
pretation through colocalization analysis, reverseMR, tran-
scriptomic support, experimental observations, and sensi-
tivity analyses. Second, the molecular QTL datasets were
derived from whole blood, peripheral blood, or plasma,
whereas TMJ OA is a highly tissue-specific joint disease.
Therefore, these blood-based associations should be inter-
preted as supportive evidence for candidate gene prioritiza-
tion rather than direct proof of local regulatorymechanisms.
Third, the xCell-based immune infiltration analysis should
be considered exploratory because of the small sample size
and complex tissue composition of the TMJ OA dataset.
In addition, the transcriptomic cohort used for expression
validation was limited in size. Finally, although our find-
ings support a potential role of HDHD3 in glycolysis- and
lactylation-related alterations, the precise mechanistic rela-
tionships still require further functional validation.

Overall, our findings suggest that HMG20B and
HDHD3may serve as candidate genes associated with TMJ
OA. In particular, HDHD3 may be involved in glycolysis-
and lactylation-related alterations during disease progres-
sion. These findings provide supportive evidence for a po-
tential role of HDHD3 in TMJ OA and offer a basis for fur-
ther functional studies to better clarify the underlying bio-
logical mechanisms. In addition, folic acidwas identified as
a candidate compound through drug prediction andmolecu-
lar docking, and its potential relevance to TMJOAwarrants
further investigation.

Conclusion

Overall, the present study provides integrated multi-
omics and experimental evidence that helps prioritize
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HDHD3 and HMG20B for future investigation in TMJ OA.
In particular, HDHD3 may represent a biologically rele-
vant candidate associated with glycolysis- and lactylation-
related alterations. In addition, folic acid was identified as
a candidate compound through drug prediction and molec-
ular docking, and its potential relevance warrants further
evaluation.
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