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ARTICLE INFO ABSTRACT

Article history: Objectives: To disentangle the molecular heterogeneity of knee osteoarthritis (OA) through the classification
Received 4 February 2026 and characterization of transcriptomic clusters in multiple joint tissues, and to uncover distinct biological
Received in revised form 26 June 2026 pathways that will facilitate improved patient stratification.

Accepted 13 August 2026 Methods: We analyzed RNA sequencing data from 330 knee OA patients across low- and high-grade OA

knee cartilage, synovium and infrapatellar fat pad tissues. We used unsupervised machine learning to

Keywords: identify distinct transcriptomic clusters and subsequently performed cluster-specific differential expression
gl;fer:;lrri;)r’itgz and pathway enrichment analyses. We applied multi-omics factor analysis in low-grade cartilage to con-
Stratification struct a gene expression-based classifier for subtype prediction, which we validated in an independent knee
Clustering OA RNA sequencing dataset.

Knee osteoarthritis Results: We identified robust clusters across all four joint tissues. In low-grade cartilage, we identified two patient
Inflammation groups separated by differences in inflammation and transcriptional regulation. A gene classifier distinguished

these groups with a cross-validated accuracy of 94.5% (95% Cl 91.1-96.6%). We also reproduced these subtypes in
an external cohort in which the same axis similarly separated the subgroups. In high-grade cartilage there were
three distinct clusters, characterized by inflammatory, neuroactive receptor-signaling, and housekeeping-tran-
scriptional programs. Both synovium and infrapatellar fat pad showed two distinct subgroups. Despite the his-
tological differences between these two tissues, subgrouping was based on shared biological functions related to
immune activation, alongside disease tissue-specific ones.
Conclusions: Our findings identify gene expression-based patient clusters in different primary joint tissues
and point to shared and disease tissue-specific molecular programs in OA, thus setting the foundation for
transcription signature-based patient stratification.
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Key messages
What is already known on this topic:

® Osteoarthritis (OA) is a complex and highly hetero-
geneous disease that exhibits significant variability in its
molecular landscape, influenced by differences between
tissue types and disease stages.

® Previous studies using clustering algorithms provide in-
sights, but with limited clinical outcome.

What this study adds

e We carried out the largest multi-tissue transcriptomic
study of knee OA heterogeneity to date, significantly
increasing sample size compared to previous studies.

® We provide the first investigation of infrapatellar fat pad
heterogeneity and identify for the first time discrete
molecular subgroups in late-stage degeneration car-
tilage.

e We demonstrate that the subgroups identified in low-
grade cartilage, together with their continuous mole-
cular axis, are reproducible in an independent cohort.

How this study might affect research, practice or policy

® These findings provide a basis for the translation of mo-
lecular subgroups into clinical research and precision
medicine in osteoarthritis.

Introduction

Osteoarthritis (OA) is a highly-prevalent degenerative disease
characterized by the gradual deterioration of articular cartilage. It
affects 606 million individuals, leading to chronic pain and disability,
and its global burden is expected to impact 1 billion individuals by
2050 [1]. Among the different joints in which OA can occur, knee OA
is the most common subtype [2]. In addition to age, obesity and
mechanical stress, genetic predisposition plays a fundamental role in
disease development and progression [3]. Transcriptomic and
genomic studies have advanced our comprehension of OA aetiology
through genome-wide association studies and molecular quantita-
tive trait locus analyses [4-8].

OA is widely recognized as a clinically and molecularly hetero-
geneous disease, which involves diverse mechanisms that differ
across patients [2]. This heterogeneity is not only reflected by the
phenotypic variability of the affected individuals with respect to
pain severity, joint involvement and disease progression, but also
includes major differences at the molecular level. Such distinct
patterns arise from differences in gene expression, immune sig-
naling and extracellular matrix remodeling across patients and tis-
sues [9]. Due to this complexity, traditional classification methods
such as radiographic grading or symptom severity scores, have been
unable to adequately disentangle the biological diversity of OA that
would enable us to move away from therapeutic approaches that
only offer symptom relief and no disease modification [10,11]. To
tackle this issue, there is an increasing acknowledgement of the need

to stratify OA patients into biologically homogeneous subgroups that
may reflect distinct disease endotypes [12]. A first study, by Fer-
nandez-Tajes et al. [13], identified a high-inflammation chondrocyte
subset in articular cartilage, which was extended by Soul et al. [14] in
a 60-patient RNA-sequencing study cohort. Subsequent efforts with
increased sample size further helped to resolve these subtypes. Yuan
et al. [15] analyzed 131 cartilage samples, and described a distinctive
activated-sensory-neuron subtype enriched for neural and synaptic
genes, while Steinberg et al. [16] profiled cartilage and synovium
from 113 patients, providing the first molecular subgrouping of OA
synovium and a gene classifier of cartilage heterogeneity.

Such efforts make use of transcriptomic and other omics-based
data to define reproducible molecular subtypes, with the goal of
enabling more targeted treatment strategies and improving trial
design [14,16]. However, thus far, stratification efforts have focused
primarily on cartilage and synovial tissues, leaving the infrapatellar
fat pad underexplored, despite its established roles in joint in-
flammation and metabolic regulation [17].

In this study, we identify molecular subtypes across four primary
tissues from up to 330 osteoarthritis patients, leveraging the largest
transcriptomic OA cohort to date to improve statistical power for
patient stratification. We evaluate the role of infrapatellar fat pad
transcriptional heterogeneity in patient stratification.

Materials and methods

i) Patient samples and tissue collection:
The patients and sample collections have been previously de-
scribed [6]. Briefly, we recruited patients with osteoarthritis
undergoing total knee replacement surgery and collected car-
tilage, synovium and infrapatellar fat pad tissues. Cartilage
samples were categorized based on their degeneration stage
using the ICRS scoring system: scores of 0-1 denote "low-
grade" OA, and scores of 3-4 denote "high-grade" disease. A
subset of this same cohort was also analyzed from Steinberg
et al. [16] that included 106 patients (after QC), out of which 87
were low-grade and 95 high-grade cartilage. It also contained
77 synovium samples. All participants provided informed
consent prior to the collection of their samples. Tissue samples
were obtained under regulatory approval from the National
Research Ethics Service (references 15/SC/0132 and 20/SC/0144)
and with authorization from the Human Tissue Authority (li-
cense number 12182) via the South Yorkshire and North Der-
byshire Musculoskeletal Biobank (University of Sheffield, UK).
ii) RNA sequencing and preprocessing

RNA extraction, library preparation, sequencing, and processing
were performed as previously described [6,8,16]. Briefly, RNA
was extracted using the Qiagen AllPrep RNA Mini Kit. Library
preparation followed standard Illumina protocols (TruSeq RNA
Sample Prep v.2), with SMART-Seq used for low-input samples.
The samples were sequenced across five batches using Illumina
HiSeq 2000/4000 and NovaSeq6000 platforms, generating a
median of ~80.8 million reads per sample.

Alignment to Ensembl GRCh38 (release 105) genome was per-
formed using STAR v2.7.9a [18], with gene quantification via
featureCounts [19] and RSEM (https://github.com/broad-
institute/gtex-pipeline/blob/master/rnaseq/src/ag-
gregate_rsem_results.py) [20]. Optical duplicates were marked
using Picard (Broad Institute, Picard Toolkit) and dupRadar [21],
and extensive QC was conducted using RSeQC [22]. Samples
were excluded if they failed any of the following criteria: RNA
integrity number (RIN) < 5, < 70% uniquely mapped reads, < 40%
reads mapping to genomic features, >30% reads mapping to
intronic regions or rRNA, >30% strandness failure in RSeQC, or
<10 million total reads. Gene-level QC and sample outlier
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detection were performed separately for each tissue type.
Lowly expressed genes were filtered using the filterByExpr
function from edgeR [23]. After quality control, we retained
data for 493 cartilage samples, comprising 271 low-grade and
222 high-grade samples (16,991 genes), as well as 98 infra-
patellar fat pad samples (15,726 genes) and 287 synovium
samples (15,628 genes), resulting in a total of 878 samples
across all tissues. Full processing details and data sources are
available in the original publications [6,8].

Molecular subgroups:

After quality control, gene counts were normalized using the
Trimmed Mean of M-values (TMM) method through edgeR
(v4.0.16). For downstream analysis, the data were transformed
into log, counts per million (CPM). After batch correction, the
expression matrix was used as input for ConsensusClusterPlus
R (v1.68.0) [24]. The optimal number of clusters was de-
termined using consensus cumulative distribution function
(CDF) plots, proportion of ambiguous clustering (PAC) values,
and average silhouette scores.

Differential expression analysis between the identified clusters was
done with edgeR generalized linear model (GLM) framework. We
filtered the lowly expressed genes with filterByExpr. TMM nor-
malization factors and dispersions were estimated, and we fitted
negative binomial GLMs with contrasts evaluated by likelihood
ratio tests (gImLRT). As significantly differentially expressed genes
we defined those with FDR <0.05 and llog,FCl > 0.58 (1.5-fold) to
balance biological relevance and statistical stringency. To define
distinct gene signatures in high-grade cartilage, we performed
pairwise differential expression analysis across all combinations of
the three clusters identified (i.e., Cluster 1 vs. Cluster 2, Cluster 1 vs.
Cluster 3, and Cluster 2 vs. Cluster 3), and extracted genes uniquely
upregulated in each group.

Functional enrichment analysis was performed using Con-
sensusPathDB (CPDB) (Release 35) [25] and Signaling Pathway
Impact Analysis (SPIA) (v2.54.0) [26] using the sets of significantly
upregulated genes per cluster as input. CPDB was used for the over-
representation analysis (ORA) across major pathway databases
(WikiPathways, Reactome, KEGG) and Gene Ontology (GO) cate-
gories of level 4 and 5. For these analyses, we required a minimum
overlap of two genes between our list and the genes of each term
and categories with a g-value <0.05 were considered for further
interpretation. SPIA complemented this analysis by assessing
pathway perturbation significance, with results reported as FDR-
adjusted p-values.

Molecular heterogeneity and gene classifier

To further categorize the molecular heterogeneity beyond dis-
crete clustering, we applied Multi-Omics Factor Analysis
(MOFA) (v1.12.1) [27], to capture the major axes of variation
within the samples. To check whether the primary factor se-
parated the molecular subgroups we performed Welch'’s t-test
(mean difference with 95% CI). To confirm this separation was
due to biological variation, we re-tested it by linear regression
adjusting for library size and number of expressed genes. For
reproducibility, we independently performed clustering and
MOFA on a publicly available RNA-seq dataset [14] and tested
whether its primary factor likewise separated its subgroups.
We then constructed a classifier using Prediction Analysis for
Microarrays (PAMR; v1.57) [28] on the low-grade cartilage da-
taset, by selecting a minimal gene signature that could distin-
guish the molecular subgroups. The shrinkage threshold was
based on the one-standard error rule, retaining the smallest
gene set whose error was within one standard error of the
minimum. The performance of the classifier was estimated by
10-fold cross-validation, with 95% confidence intervals, in-
cluding area under the ROC curve with bootstrap 95% Cls.

v) Cross-study replication of cartilage subgroups

To compare the molecular subgroups we identified in cartilage
with previously reported osteoarthritis subtypes, we evaluated
their overlap with the cartilage signatures from Soul et al. [14] and
a panel of previously reported inflammation markers [13,14,16]. For
each subgroup, we tested for enrichment of its upregulated genes
(FDR < 0.05, llog,FCl > 0.58) within the corresponding Soul et al.
subtype signature using a one-sided hypergeometric test, re-
stricting the gene universe to genes present in both datasets. One-
sided tests were used because the objective was to assess positive
enrichment as evidence of cross-study concordance. As a specificity
control, we also tested the mismatched pairings (each subgroup
against the opposite Soul subtype). We then tested whether in-
flammation-associated marker genes reported by Fernandez-Tajes
et al. [13] and Soul et al. [14], as compiled by Steinberg et al. [16],
showed the same direction of change in our data, at FDR < 5%.

vi) Within-patient concordance

To better characterize the patients who contributed samples
from more than one tissue, we assessed whether molecular
subgroups co-occur within individuals across tissues. For each
of the six pairwise combinations, we used patients sampled for
both tissues and tested using Fisher’s exact test whether their
subgroup assignments were related. We quantified the strength
of the association by Cramér’s V. For tissue pairs showing sig-
nificant associations, we identified the subgroup combinations
contributing most strongly to the association using standar-
dized Pearson residuals. P-values for multiple comparisons
were adjusted using the Benjamini-Hochberg procedure.

vii) Associations with demographic variables

viii

—

We examined associations between the identified molecular
subgroups and demographic variables (BMI, height, weight, sex,
age, and smoking status). For continuous variables, we per-
formed either a parametric test (Welch’s t-test) in case of
normal distribution, or a non-parametric test (Wilcoxon rank-
sum or Kruskal-Wallis for high-grade cartilage) for non-normal
distribution, based on the distribution of their quantile-quan-
tile (QQ)-plots. Categorical variables were compared using chi-
square tests. The covariates were tested as separate hypotheses
with a significance threshold of p < 0.05.

Statistical Analysis

This study is exploratory and hypothesis-generating. The pro-
posed subgroupings should be interpreted as candidate mole-
cular states, requiring further validation rather than established
disease endotypes. The statistical approach specific to each
analysis is described in the corresponding section. Across all
analyses, assumptions of data distribution were based on QQ
plots. For continuous comparisons, all effect estimates are re-
ported with 95% confidence intervals, and p-values were ad-
justed by the Benjamini-Hochberg procedure where we tested
the multiple hypotheses. All analyses were performed in R
version 4.4.1; package versions are reported at first mention,
and receiver-operating-characteristic analysis used pROC
v1.18.5.

Results

Following quality control, we analyzed the transcriptomic pro-
files of 878 tissue samples from a total of 330 patients.

Differential OA clusters in cartilage, synovium, and infrapatellar fat pad
tissues

After applying consensus clustering and evaluating cluster sta-
bility, we identified robust gene expression profile clusters, within
each of the studied tissue types. Low-grade cartilage, synovium and
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Consensus clustering across four osteoarthritis tissues. A) Synovium (k = 2), B) Infrapatellar Fat Pad (k = 2), C) Low-Grade Cartilage (k = 2), and
D) High-Grade Cartilage (k = 3). Left: Consensus matrices showing sample co-clustering stability (blue = high consensus). Right: Cluster-wise
consensus scores across different values of k. Optimal cluster number was selected based on cluster stability and biological interpretability.

the infrapatellar fat pad were each found to be segregated into two
transcriptionally distinct clusters, and high-grade cartilage was di-
vided into three clusters (Fig. 1). The resulting clusters were sup-
ported by cluster stability (silhouette score > 0.85, consensus values
> 0.8, Supplementary Table 31). We performed differential expres-
sion analysis (DEA) between clusters to identify differentially ex-
pressed genes defining their transcriptional differences (Fig. 2,
Supplementary Figures 1,2). Full differential expression results can
be found in Supplementary Tables 25-30.

The pathway- and GO-level enrichment of the DE genes revealed
that the main biological axes separating the clusters involved shared
inflammatory and extracellular matrix remodeling signatures, as
well as tissue-specific patterns that reflect the differences in cellular
stress, transcriptional and metabolic regulation, neuroactive sig-
naling, and immune modulation (Fig. 3, Table 1). Complete GO-term,

Synovium: subgroup 2 vs subgroup 1

Bold: genes in Results. FDR < 0.05, |log2FC| > 0.58
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pathway enrichment and SPIA pathway perturbation results across
all tissues, can be found in Supplementary Tables 1-24.

Low-grade cartilage

Unsupervised clustering analysis revealed two stable clusters.
One cluster showed an inflammatory-catabolic state, whereas the
other showed a non-inflammatory state, characterized by tran-
scriptional and metabolic-regulatory activity. Specifically, the first
subgroup showed elevated cytokine-cytokine receptor interaction
(FDR = 3.6 x 104), chemokine signaling (FDR = 1.4 x 10-3) and Toll-
like receptor signaling (FDR = 1.9 x 10-2), pointing to an activated
inflammatory program, together with enrichment in lysosomal
membrane (q = 1.1 x 10-3) and lytic-vacuole membrane (q = 5.3 x
10-%), indicating a lysosomal, degradative state. Representative
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Volcano plot of differentially expressed genes between synovium clusters. The x-axis shows log, fold change (cluster 2 vs. cluster 1), and the y-
axis shows -logo(P-value). Each dot represents a gene. Genes with llog,FClI > 0.58 and false discovery rate FDR < 0.05 are considered
significantly differentially expressed and are color-coded accordingly: red (significant in both FDR and log,FC), blue (significant by FDR only),
green (significant by logoFC only), and grey (not significant). Labelled genes comprise those named in the Results (bold) together with the most

significant differentially expressed genes on each side.
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Tissue-Specific Enrichment Analysis
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Bubble plots showing the top 10 significantly enriched Gene Ontology (GO) terms (A) and biological pathways (B) (g < 0.05) that distinguish

molecular clusters within each tissue type (high-grade cartilage, low-grade cartilage, infrapatellar fat pad, and synovium). Each bubble re-
presents an enriched term, with its size reflecting statistical significance (-log1o g-value) and its color indicating the number of genes included in
the enriched term. Pathway and GO enrichment were derived from over-representation analyses using ConsensusPathDB across Reactome,
KEGG, WikiPathways, and GO levels 4-5. The results highlight both the shared and tissue-specific molecular programs underlying patient

stratification.

upregulated genes included the matrix regulator IGFBP5, the cyto-
kine IL11 and the cell-cycle regulator CCND1. The second cluster was
enriched in transcriptional and metabolic programs such as regula-
tion of cellular metabolic process (q = 1.2 x 10™*), polysomal ribo-
some (q = 1.3 x 10~) and macromolecule biosynthetic process (q =
1.7 x 10™), while also having stress and cell-cycle signatures (reg-
ulation of cell cycle q = 6.0 x 1073, cellular response to heat q = 3.2 x
10-2), indicating a low-inflammatory state characterized by tran-
scriptional and metabolic regulation (Table 1).

We applied Multi-Omics Factor Analysis (MOFA) to identify
continuous axes of variation across samples. Factor 1 accounted for
the largest share of transcriptomic variance (47.5%) and was asso-
ciated with the separation between clusters (mean difference 1.95,
95% CI 1.54-2.35; Welch t = 9.47; p = 1.2 x 10°17), a separation that
remained significant after accounting for sequencing depth (ad-
justed p = -1.88, 95% CI -2.28 to -1.48; p = 1.3 x 10-17). To examine
the robustness of this axis, we repeated the clustering and MOFA
analysis independently in an external low-grade cartilage RNA-seq
dataset (Soul et al.; n = 60) [14]. Factor 1 in the external dataset
explained 12.7% of variance and again separated the two subclusters
(mean difference 2.02, 95% CI 1.68-2.36; t = 11.84; p < 2.2 x 1071°),
supporting the reproducibility of this primary molecular axis in an
independent cohort.

Lastly, we trained a PAMR classifier on the low-grade cartilage
dataset. PAMR identified a 14-gene signature that effectively dis-
tinguished between the two subtypes (Supplementary Table 32) at
94.5% cross-validated accuracy (95% CI 91.1-96.6%). This gene set
includes several with known roles in cartilage biology, such as
NR4A1, a transcription factor involved in inflammatory signaling and
chondrocyte apoptosis [29], MAGED1, a gene that putatively con-
tributes to OA progression [30], CBX4, a chromatin regulator with
roles in senescence and epigenetic modulation in OA [31], and the
long non-coding RNAs SNHG12 and SNHG1, which exert opposing
effects on cartilage inflammation [32,33].

High-grade cartilage

In high-grade cartilage, we identified three patient clusters, each
reflecting a unique molecular profile: inflammatory matrix remodeling,
neuroactive receptor-signaling and housekeeping transcription (Table 1).
To characterize cluster-specific profiles, we performed pairwise differ-
ential expression analysis across all cluster combinations and defined, for
each cluster, the upregulated genes relative to the other two groups. One
cluster was characterized by immune activation and matrix remodeling
signatures, with pathway analysis identifying cytokine-cytokine receptor
interaction (FDR = 5.5 x 10717, extracellular matrix receptor interaction



0.S. Stergiou et al. / Osteoarthritis and Cartilage xxx (XXXX) XXX—XXX 7

Tissue Type

Proposed Clusters

Enriched Pathways, GO terms

Cluster 1: Inflammatory, ECM remodeling, complement activation

Synovium 2 ’
v Cluster 2: RNA processing and methyltransferase
Fat Pad ) Cluster 1: Vascular, endothelial, axon guidance

Cluster 2: Innate immune activation with chondrogenic gene program

Cartilage:
Cluster 1: Housekeeping transcription with mild cytokine engagement

High Grade 3 Cluster 2: Neuroactive, GPCR, ion-channel, hormone signaling
Cluster 3: Inflammatory, ECM remodeling, migratory
Cluster 1: Inflammatory, catabolic, lysosomal

Low Grade 2 U v

Cluster 2: Low-inflammatory, transcriptional/metabolic regulation

Table 1 Osteoarthritisand Cartilage

Overview of defined patient clusters across four osteoarthritis joint tissues, including the number of clusters identified per tissue and re-
presentative enriched biological signatures. Enrichment results reflect intra-tissue comparisons based on differential expression analysis be-
tween clusters, followed by pathway and Gene Ontology (GO) term over-representation analysis.

(FDR = 1.7 x 10-%) and chemokine signaling (FDR = 1.3 x 10-) as elevated,
alongside upregulation of genes such as TNF and the matrix remodeling
enzymes LOXL2 and TIMP3. Another cluster was associated with a neu-
roactive and ligand-receptor profile, as indicated by GO terms such as
receptor ligand activity (q = 4.3 x 10#), hormone activity (q = 2.0 x 10-3)
and ion-gated channel activity (q = 5.5 x 103), and enrichment of the
neuroactive ligand-receptor interaction pathway (q = 8.6 x 1073). Key
genes here included multiple neuroactive families, like the thyrotropin-
releasing hormone (TRH) and the cannabinoid receptor CNR2. The third
cluster was enriched in pathways related to metal-ion and nucleic-acid
binding (metal ion binding q = 1.3 x 10-3; DNA binding q = 1.4 x 1073),
with cytokine—cytokine receptor interaction (FDR = 3.3 x 10-3) as its only
significant pathway.

Synovium

In synovial tissue, we identified two transcriptional clusters showing
the previously reported inflammatory axis (Table 1) [16]. One cluster
exhibited strong immune activation together with an extracellular ma-
trix signature. Enrichment analysis pointed to extracellular matrix or-
ganization (q = 7.5 x 10-23), humoral immune response mediated by
circulating immunoglobulin (q = 7.6 x 10°) and complement activation
through the classical pathway (q = 2.7 x 107®), while pathway analysis
also identified extracellular matrix-receptor interaction (FDR = 2.0 x
10°), complement and coagulation cascades (FDR = 3.3 x 10®) and cy-
tokine-cytokine receptor interaction (FDR = 9.1 x 10°) as elevated. Re-
presentative upregulated genes include the macrophage receptor MRC2,
the interleukin-11 receptor, IL11RA and complement factor I (CFI). In
contrast, the second cluster was enriched in RNA-metabolic and me-
thyltransferase processes (RNA metabolic process q = 2.5 x 10, me-
thyltransferase activity q = 2.9 x 104, RNA methylation q = 6.4 x 10~*). No
pathways in this cluster were significantly elevated.

Infrapatellar fat pad (IPFP)

Our study introduces the first transcriptomic stratification of the
infrapatellar fat pad (IPFP), revealing two distinct patient subgroups
characterized by divergent immune, chondrogenic and vascular sig-
natures (Table 1). One cluster combined an innate-immune program
with a chondrogenic signature, enriched in myeloid leukocyte activation
(q = 3.3 x 107°), neutrophil degranulation (q = 4.7 x 107) and in-
flammatory response (q = 3.2 x 10#), and pathway analysis identified
osteoclast differentiation (FDR = 1.29 x 10-%), lysosome (FDR = 2.9 x 10)
and cytokine-cytokine receptor interaction (FDR = 3.8 x 10#) as elevated.
The chondrogenic part was reflected in upregulation of the chondro-
genic regulator SOX5 and the cartilage matrix gene PRG4. The second
cluster displayed a vascular and neural-guidance signature. This group
was enriched in blood vessel morphogenesis (q = 2.0 x 10-°) and vas-
culature development (q = 2.0 x 1071°) and pathway analysis identified
axon guidance (FDR = 1.2 x 10°) and extracellular matrix-receptor in-
teraction (FDR = 3.3 x 10-°) as elevated, with representative genes such as
the endothelial transcription factors ERG and TAL1, as well as the VEGF
receptors FLT1 and FLT4.

Cross-study replication of the low-grade cartilage subgroups

The subgroup we labeled as inflammatory-catabolic significantly
overlapped with the high-inflammation cartilage signature of Soul
etal.[14] (378 of 451 genes; p = 2.3 x 10-22), while the transcriptional
and metabolic subgroup overlapped with their non-inflammatory
signature (102 of 262 genes; p = 4.6 x 1077). The mismatched pairings
were non-significant (both p = 1.0). Of nine inflammation markers
tested, six (KYNU, PLEK, LY96, LAPTM5, COL1A1 and AQP1) were
concordantly upregulated in our inflammatory-catabolic subgroup
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(FDR < 5%), two (ITGAM, GPNMB) showed the same direction without
reaching significance, and one (LCP2) was not detected.

Within-patient concordance of subgroup membership across tissues

For patients contributing more than one tissue, subgroup mem-
bership co-occurred significantly only between low-grade and high-
grade cartilage (n = 196; adjusted p = 1.0 x 1013; Cramér’s V = 0.54).
The strongest association was found between the transcriptional-
metabolic low-grade subgroup and the neuroactive high-grade one
(47 patients; adjusted standardized residual +7.3). The remaining
tissue pairs showed no significant association.

Molecular subgroupings and demographic characteristics

We detected no significant associations between the subclusters
identified and demographic characteristics, including age, sex, BMI,
and smoking status (p > 0.05), across the different tissues.

Discussion

We have conducted the most extensive analysis of osteoarthritis
transcriptional subtypes to date, consisting of 878 samples across low-
grade and high-grade cartilage, synovium, and, for the first time, the
infrapatellar fat pad. Across these tissues, the previously-outlined het-
erogeneity points to a consistent structure. An inflammatory axis re-
curred as a defining feature of every tissue, in accordance with previous
studies in cartilage and synovium |[13,14,16], while each also had a
tissue-specific second axis. Previous studies have proposed several mo-
lecular endotypes, mainly the inflammatory, low-repair, metabolic and
bone-remodeling states [34,35].

In low-grade cartilage, the inflammatory pole of the axis corre-
sponds to the inflammatory endotype of osteoarthritis, the most
clinically advanced of the proposed endotypes and the one con-
sistently linked to pain and progression [35]. Enrichment in in-
flammatory pathways is consistent with the inflammatory
chondrocyte phenotype that single-cell atlases have resolved in
degraded cartilage [36]. The second subgroup is defined by the ab-
sence of this inflammatory-catabolic signature. Such a non-in-
flammatory subtype has similarly emerged from single-cell data
stratification [36]. A further study on blood biomarkers has identi-
fied a low tissue turnover endotype, and showed that disease was
less likely to progress in these patients [34]|. Whether this is genu-
inely protective cannot be resolved from bulk transcriptomics data
alone, and will require single-cell resolution and linkage to clinical
outcome data [35]. The robustness of the axis itself is supported by
its reproducibility in an independent knee OA cohort [14] and by a
classifier that distinguishes the subgroups with high accuracy.

In high-grade cartilage, we resolved three stable clusters, a
within-grade stratification not achieved in earlier studies [16]. The
existence of distinct transcriptional states indicates that chon-
drocytes do not converge into a single degenerative profile, but re-
tain transcriptional heterogeneity between patients. Among the
three subgroups, we defined a neuroactive state. A neural-associated
subtype was also previously reported by Yuan et al, which they
linked to pain [15]. The independent emergence of neural-related
signaling in osteoarthritic cartilage points to it as a recurring axis of
disease heterogeneity. This matters because pain, even though it is
the dominant clinical burden of osteoarthritis, cannot be explained
by structural damage alone [35]. Among the neuroactive receptors
marking this state are the a2-adrenergic receptors ADRA2A, ADRA2B
and ADRA2C, which we find coordinately upregulated in this sub-
group. Notably, a2-adrenergic signaling has been recently shown to
drive chondrocyte hypertrophic differentiation, and its inhibition is
proposed as a cartilage regeneration strategy [37].

Our study provides the first molecular stratification of the in-
frapatellar fat pad in osteoarthritis. Although this tissue is con-
sidered an active player in joint inflammation ([38], its
transcriptomic features have only recently begun to be system-
atically studied [8,39]. In our analysis of nearly 100 infrapatellar fat
pad samples, we identified two subgroups: one combining innate-
immune activation with a chondrogenic signature, and a second
defined by vascular and neural-guidance programs. The chondro-
genic pairing is biologically plausible: the fat pad is an established
reservoir of mesenchymal progenitors with chondrogenic potential
[40], while cartilage-matrix genes including PRG4 have been re-
ported in a single-nucleus RNA sequencing study of osteoarthritis
fat-pad fibroblasts [38]. The vascular-neural subgroup is consistent
with the dense innervation and vascularization of the fat pad, fea-
tures that have also been implicated in osteoarthritic knee pain [41].

Across the four tissues, a shared immune-inflammatory program
was evident in osteoarthritis, alongside tissue-specific signatures:
neuroactive and metabolic-regulatory states in cartilage, RNA-pro-
cessing and methyltransferase activity in synovium, and vascular-
neural and chondrogenic programs in the fat pad. Within patients,
subgroup assignments were correlated between low- and high-
grade cartilage but not across other tissues. These molecular en-
dotypes appear to be properties of individual joint tissues rather
than of the patient as a whole. This highlights the need to consider
the local tissue microenvironment when designing biomarkers or
developing targeted interventions for OA [42], since these differ-
ences most likely reflect their unique cellular architecture, exposure
to mechanical stress, and the degree of vascular and immune system
involvement [43,44].

While this study expands our understanding of osteoarthritis
heterogeneity, some aspects may limit immediate clinical transla-
tion. Because samples were collected at a single surgical timepoint,
we could not follow how subgroup membership relates to disease
progression, and the variables available to us were demographic
rather than clinical, showing no association with subgroup mem-
bership. Therefore, we are unable to establish whether these dis-
tinctions track with clinical outcomes or treatment responses. This
would require longitudinal phenotyping, ideally through minimally
invasive samples such as synovial fluid or blood. Validating these
subgroups with external, independent datasets across all tissue
types will be essential to assess their robustness and generalizability.

Bulk RNA sequencing averages over cell types, so states such as
the fat-pad chondrogenic program cannot be assigned to specific cell
populations. The increasing number of single-cell studies in cartilage
and synovium [45,46] provide promising opportunities to decon-
volute or validate these bulk-defined axes of heterogeneity. In-
tegrating further data layers, including proteomics, spatial profiling,
and epigenetic marks, will refine these classifications, and advance
more precise, tissue-aware management of osteoarthritis.
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