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 CURRENT
OPINION Insights into the molecular landscape of

osteoarthritis in human tissues

Georgia Katsoulaa,c, Peter Kreitmaiera,c, and Eleftheria Zeggini b,c

Purpose of review

To provide an overview of recent developments in the field of osteoarthritis research with a focus on
insights gleaned from the application of different -omic technologies.

Recent findings

We searched for osteoarthritis-relevant studies focusing on transcriptomics, epigenomics, proteomics and
metabolomics, published since November of 2019. Study designs showed a trend towards characterizing
the genomic profile of osteoarthritis-relevant tissues with high resolution, for example either by using single-
cell technologies or by considering several -omic levels and disease stages.

Summary

Multitissue interactions (cartilage–subchondral bone; cartilage–synovium) are prevalent in the
pathophysiology of osteoarthritis, which is characterized by substantial matrix remodelling in an
inflammatory milieu. Subtyping approaches using -omic technologies have contributed to the identification
of at least two osteoarthritis endotypes. Studies using data integration approaches have provided molecular
maps that are tissue-specific for osteoarthritis and pave the way for expanding these data integration
approaches towards a more comprehensive view of disease aetiopathogenesis.

Keywords

evolution, multiomics, osteoarthritis, single-cell

INTRODUCTION

Osteoarthritis is a prevalent, debilitating and com-
plex disease affecting the whole joint organ with a
high public health burden and no curative therapy
[1]. Osteoarthritis primarily affects knee, hip and
hand joints leading to alterations in a multitude of
joint tissues. The pathophysiology of osteoarthritis is
characterized by degradation of articular cartilage,
thickening of the subchondral bone, osteophyte for-
mation, degradation of ligaments and synovitis [2].

Osteoarthritis development depends on both
environmental (older age, female sex, obesity, joint
morphology and injury) and genetic factors, with
heritability estimated to be over 50% [3]. To pin-
point the specific genes and pathways associated
with osteoarthritis, large-scale genome-wide associ-
ation studies (GWAS) have been carried out and
have identified over 140 osteoarthritis susceptibility
risk loci [4–8]. The vast majority of these variants are
located in noncoding regions, for which the effector
gene is not readily discernible. Therefore, it is impor-
tant to establish functional links between genomics
and disease-relevant alterations on multiple mole-
cular levels.

Increasing scalability and affordability of methods
to measure transcriptomic, epigenomic, proteomic
and metabolomic alterations in health and disease
have led to an increasing number of studies monitor-
ing these alterations genome-wide and combining the
different -omics levels to glean new insights into
osteoarthritis mechanisms. The aim of this review is
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to give a summary of the knowledge accumulated
within the last 20 months in relation to osteoarthritis
molecular mechanisms, primarily through using and
combining different -omics technologies.

Search criteria

We searched PubMed for studies published in any
language during the time frame 1 November 2019–
30 June 2021 for the terms ‘osteoarthritis’ AND
[(’transcriptomics’) OR (’gene expression’) OR
(’RNA-seq’) OR (’methylation’) OR (’genomics’) OR
(’genetics’) OR (’proteomics’) OR (’ATAC-seq’) OR
(’ChIP-seq’) OR (’metabolomics’)]. In this review,
we consider studies solely on human samples using
both untargeted and targeted approaches and exclud-
ing in-vitro systems. We focus on primary research
excluding purely bioinformatic analyses (Table 1).

TRANSCRIPTOMICS

Several studies have explored alterations in gene
expression transcriptome-wide utilizing RNA-
sequencing technology (RNA-seq) in osteoarthri-
tis-relevant tissues, mainly of the knee or hip joints.

Coding transcriptome

The majority of studies have focused on character-
izing changes in cartilage and synovium. The largest
study of this kind in osteoarthritis involved 115
patients and identified 2557 differentially expressed
genes between high-grade (macroscopically
degraded) and low-grade (macroscopically intact)
osteoarthritis cartilage, 409 of which also demon-
strated significant protein-level differences. Nota-
bly, this study reported 36 genes with therapeutic

potential for osteoarthritis, highlighting the down-
regulation of IL11 as a likely intervention point. The
authors additionally stressed extracellular matrix
(ECM) remodelling by chondrocytes in an inflam-
matory milieu as a fundamental molecular hallmark
during cartilage degeneration [9

&

]. The latter is also
in agreement with the hypothesis that tissue cross-
talk is a central aspect of osteoarthritis pathophysi-
ology [10]. A recent study explored this cross-tissue
interaction by monitoring gene expression changes
in subchondral bone (n¼24 patients) and cartilage
derived from knee and hip osteoarthritis joints. This
study compared subchondral bone underlying low-
grade and high-grade cartilage, thereby identifying
1569 differentially expressed genes. Of these, 305
genes were also differentially expressed with the
same direction of effect between low-grade and
high-grade cartilage samples in the same patients.
Among these genes, the authors highlight CHADL
and IL11 as potential therapeutic targets for knee
osteoarthritis [11]. Together, these studies use tran-
scriptome-profiles to indicate potential future ther-
apeutic intervention points, with IL11 being
repeatedly highlighted as a putative gene of interest.

Regulatory transcriptomics

In addition to alterations in the transcription of
protein-coding genes, an increasing number of stud-
ies have focussed on noncoding RNAs (ncRNAs).
Depending on their length in nucleotides, ncRNAs
can be divided into two subclasses: small ncRNAs
(20–30 nucleotides) and long ncRNAs (lncRNAs;
>200 nucleotides) [12]. MicroRNAs (�20 nucleoti-
des) are the most well studied among small ncRNAs
due their established role in posttranscriptional gene
silencing [13]. LncRNAs are much less studied and
their mechanism of action is unclear; however, they
can be therapeutically targeted [14]. With regard to
osteoarthritis, a recent study characterized for the
first time changes in lncRNA transcriptome-wide,
and studied the effect of lncRNA on mRNA expres-
sion in low-grade and high-grade cartilage from 98
osteoarthritis patients. This study pointed out 191
differentially expressed lncRNAs in degraded carti-
lage and demonstrated the importance of intergenic
and antisense lncRNA in osteoarthritis pathophysi-
ology. The authors also indicated P3H2-AS1 lncRNA
as a potential preclinical target through regulation of
its sense gene P3H2 [15]. Another study focused on
microRNAs and their interactions with mRNAs by
comparing the synovium between five osteoarthritis
patients and three healthy controls. This study iden-
tified 395 miRNA–mRNAs pairs and implicated
PI3K–Akt signalling in osteoarthritis pathophysiol-
ogy in synovium [16].

KEY POINTS

� The integration of molecular data in osteoarthritis-
relevant tissues has generated novel insights into tissue-
specific molecular profiles.

� Single-cell RNA-sequencing approaches have started to
shed light in the cellular heterogeneity of osteoarthritis-
relevant tissues and their communication.

� Omic approaches have successfully been utilized for
the identification of osteoarthritis subtypes.

� Potential biomarkers from accessible tissues have been
identified with the use of proteomics and metabolomics.

� Integration of multiomic data types can reveal
functional mechanisms across molecular levels and thus
improve our understanding of osteoarthritis.

Osteoarthritis
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Transcriptomics and genomics

Integrating genetics with molecular profiles can
identify molecular quantitative trait loci (molQTL).
Steinberg et al. [9

&

] provided the first molQTL map in
three osteoarthritis primary tissues: low-grade and
high-grade cartilage, and synovium. This study
identified 1891 genes targeted by an expression trait
locus (eQTL) in at least one of these primary tissues.
In addition, the authors reported 172 genetic var-
iants involved in differential regulation of gene
expression between high-grade and low-grade carti-
lage (differential eQTLs) targeting 32 genes. Closer
examinations of these genes revealed involvement
in regulation of gene expression, nervous system
development, response to stress, immune response,
cell adhesion and catabolic processes [9

&

].

Identification of osteoarthritis molecular
subtypes using transcriptomics

Osteoarthritis is a disease of high heterogeneity both
in its clinical manifestation and its molecular char-
acteristics [17]. Molecular subtyping can help disen-
tangle this heterogeneity by clustering samples with
a similar molecular profile into groups [18].

In the past 20 months, three studies have used
transcriptomics data to identify osteoarthritis
patient subgroups. The first study utilized data from
both knee and hip joint cartilage derived from 66
patients and described two osteoarthritis subtypes in
low-grade osteoarthritis cartilage [19]. The first sub-
type corresponded to high inflammation showing
upregulated chemokine signalling (CCL2, CCL3,
CCL4), while the second one demonstrated
increased expression of ECM-related components.
The high-inflammation cluster was found to be
associated with higher joint space narrowing (JSN)
scores and low osteophyte scores [19]. Following
that, a second study sought to identify osteoarthritis
subtypes considering three different tissues includ-
ing cartilage, synovium and subchondral bone from
a total of 131 osteoarthritis patients (131 osteoar-
thritis cartilage samples, four healthy control carti-
lage samples, 60 synovium samples, 65 subchondral
bone samples) [20]. The authors described four oste-
oarthritis molecular subtypes based on cartilage
transcriptome: a glycosaminoglycan metabolic dis-
order subtype (C1), a collagen metabolic disorder
subtype (C2), an activated sensory neuron subtype
(C3) and an inflammation subtype (C4). Vasculature
development was linked to clinical features includ-
ing increased osteophytes in the metabolic disorder
subtype and severe JSN in the inflammation subtype
[21]. A third study utilized data from knee joint
cartilage and synovium from a total of 113 (carti-
lage) and 90 (synovium) patients, respectively, and

was the first study to explore clusters in synovium.
In agreement with the first study [19], the authors
identified two patient subgroups in low-grade carti-
lage, which were correlated with patient clinical
characteristics. The two subgroups were different
from each other in processes relevant to inflamma-
tion (cytokine and chemokine signalling), ECM
interactions and cell adhesion pathways. The
high-inflammation cluster correlated positively
with female sex and prescription of proton pump
inhibitors. Molecular subtyping in synovium iden-
tified two clusters which differed in similar path-
ways as the two clusters in cartilage. Patient cluster
allocation in synovium and cartilage was different,
indicating tissue-specific molecular processes active
in osteoarthritis [21]. Despite differences in design
among the three studies, they all highlight a high-
inflammation molecular subtype and a subtype
related to extensive remodelling of the ECM. In
addition, the different studies also associate the
high-inflammation subtype with more severe clini-
cal symptoms including more apparent JSN.

Single-cell transcriptomics in osteoarthritis

Single-cell RNA-sequencing (scRNA-seq) has revolu-
tionized the study of complex biological systems
offering a greater view of cellular heterogeneity.
Following the first single-cell study in osteoarthritis
cartilage by Ji et al. in 2019 [22], Chou et al. [23

&

]
sought to characterize cellular and transcriptional
heterogeneity of matched cartilage and synovium to
glean further insight into the molecular crosstalk
between these tissues in osteoarthritis. Profiling of
10 640 synoviocytes and 26 192 chondrocytes from
three osteoarthritis patients revealed 12 distinct
synovial and seven distinct articular cell popula-
tions. Synoviocytes were found to produce a pleth-
ora of cytokines relevant to osteoarthritis
progression (55%) and a minority of key cytokines
were found to be produced exclusively by chondro-
cytes (16%). To this end, this study identified 31
cytokines (12 uniquely expressed in synoviocytes)
and 30 growth factors (seven uniquely expressed in
synoviocytes) associated with phenotypic altera-
tions in osteoarthritis chondrocytes. Chou et al.
replicated the identification of five chondrocyte
populations by Ji et al., and characterized two addi-
tional distinct populations: the reparative chondro-
cytes characterized by ECM signalling (COL2A,
CLEC3A, CILP and COMP) and the prefibrochondro-
cytes characterized by processes relevant to synthe-
sis of ECM components and increased expression of
IL11. These two populations were additionally
enriched in osteoarthritis cartilage along with fibro-
chondrocytes and regulatory chondrocytes (RegC)

Osteoarthritis
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[23
&

]. Increased fibrochondrocytes and RegC in oste-
oarthritis cartilage were also detected from a second
scRNA-seq study comparing osteoarthritis (5834
cells) to healthy (4401 cells) and Kashin–Beck chon-
drocytes derived from osteoarthritis (n¼5) and
Kashin–Beck (n¼5) patients, and from healthy
(n¼5) healthy controls, respectively [24]. The
authors additionally reported a novel chondrocyte
population referred to as mitochondrial chondro-
cytes. This chondrocyte population was present in
cartilage of both diseases but was absent in healthy
cartilage indicating mitochondrial dysfunction in
osteoarthritis and Kashin–Beck disease [24]. In addi-
tion to the roles played by cartilage and synovium,
meniscus degeneration and weakening are common
but much less studied in osteoarthritis [25]. A recent
study on human meniscus samples identified seven
cell populations in healthy meniscus, two of which
were described for the first time. Comparison of
healthy and degenerated meniscus pinpointed alter-
ations in three cell populations: monocyte-derived
dendritic cells, hypertrophic chondrocytes and
degenerated meniscus progenitor cells (DegP). DegP
was identified as a novel progenitor cell population
and expression of its marker genes (GAS1, RAB3B
and CD318) was associated with aberrant differenti-
ation processes taking place during meniscus degra-
dation. The authors described these differentiation
processes in a trajectory from fibrochondrocyte pro-
genitors to DegP, proposed as a marker of meniscus
degeneration and as an intervention point [26

&

].

EPIGENOMICS

Gene expression is in part regulated by epigenetic
processes, such as methylation and chromatin accessi-
bility. Epigenomics defines the whole set of epigenetic
modifications in a biological system. Characterizing
the epigenomics landscape in disease-relevant tissues
can expand our insights into osteoarthritis aetiology
beyond gene and protein expression.

One study investigated the chromatin accessi-
bility profile of chondrocytes of joint components
in one human developmental sample (59 days old)
[27

&&

]. In evolutionary analyses, knee-specific open
chromatin regions (knee elements) showed signals
for positive selection during hominin evolution and
recent constraint and genetic drift, but also over-
lapped osteoarthritis risk variants. These evolution-
ary insights allowed the formulation of a model
which suggests genetic variants that violate these
constraints may not exert a negative effect during
knee development, but may have a detrimental
influence later, for example by contributing to an
increased osteoarthritis risk. Considering this model
and overlaying regulatory knee elements with

GWAS results, enabled the prioritization of
rs6060360 for further study. This is a variant located
in the knee enhancer R4 in the osteoarthritis risk
locus for GDF5. Functional follow-up analyses
linked R4 loss and the risk allele ‘T’ of rs6060360
with lower GDF5 expression and knee shape
changes in mouse models, providing evidence in
support of a causal role in osteoarthritis. This study
shows how epigenomics data of a developmental
sample can be used to investigate evolutionary
aspects of osteoarthritis and how these insights
can be used to identify likely causal variants [27

&&

].
Epigenetic profiles of peripheral but more acces-

sible tissues might have the potential to be used as
prognostic biomarkers [28]. A recent study trained a
classifier to distinguish patients with progressing
osteoarthritis (n¼58) from nonprogressors
(n¼58). Here, progressors were patients with a con-
sistent joint space width loss in affected knees across
48 months, based on radiographic data. Models that
used DNA methylation from peripheral blood
mononuclear cells and clinical information
achieved an accuracy of 73% and outperformed
models using solely clinical information. This sug-
gests that DNA methylation can be a relevant
resource for patient stratification [28].

Chromatin–protein interactions in
osteoarthritis

Chromatin immunoprecipitation assay (Chip-seq)
can help map the chromatin regulatory landscape of
a given tissue. This has enabled the exploration of
protein–chromatin interactions with a focus on
transcription factors, and has offered a better view
of gene expression regulation. In osteoarthritis,
there has been evidence that the expression of the
transcription factor forkhead box protein O1
(FOXO1) is increased in the intermediate layers of
affected cartilage [29]. A recent study investigated
this finding further by applying Chip-seq in primary
chondrocytes of osteoarthritis patients (n¼3) to
characterize FOXO1 binding sites at a genome-wide
scale. The authors showed that osteoarthritis-linked
pathways are more frequently regulated through
FOXO1 binding to sites with a noncanonical motif,
whereas in other (ubiquitous) pathways, FOXO1
interacts with the canonical binding sequence
[30]. Follow-up analysis integrating cartilage RNA-
seq data revealed 428 osteoarthritis-relevant target
genes of FOXO1 to be differentially expressed in
osteoarthritis. These genes were enriched in osteo-
arthritis-relevant pathways including senescence,
ECM and circadian clock. This study highlights
differences in the FOXO1-regulation between
osteoarthritis-related and other pathways and
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underlines its role in transcriptional changes
during osteoarthritis.

Proteomics in osteoarthritis-affected tissues

Recent studies in osteoarthritis have monitored
alterations in protein abundance in cartilage, syno-
vium, meniscus and fat pad. Steinberg et al. reported
differences in 2233 proteins between low-grade and
high-grade osteoarthritis cartilage tissue from 115
patients. The main activated pathway among these
proteins was ECM receptor interaction [9

&

]. A further
study examined differences between osteoarthritis
and healthy menisci from 10 osteoarthritis patients
and 10 healthy donors. The largest differences were
observed for matrix metalloproteinase 3 (MMP3),
metalloproteinase inhibitor 1 (TIMP1), asporin and
versican [31]. Another recent study explored differ-
ences in the proteins secreted from cartilage, syno-
vium, Hoffa’s fat pad and meniscus from knee
osteoarthritis patients (n¼4) and compared their
abundance in the surrounding synovial fluid of
osteoarthritis patients (n¼10) and healthy controls
(n¼10). Using an untargeted mass spectrometry
approach (LC–MS/MS), the authors identified 62
proteins that were significantly increased and 234
that were significantly decreased in synovial fluid of
osteoarthritis patients compared with healthy
donors. Thirty nine out of 62 and 56 out of the
234 were detected in the secretome of synovium, fat
pad, meniscus and cartilage. The authors also
reported tissue-specific secretion for antileukopro-
teinase [secretory leukocyte peptidase inhibi-
tor(SLPI)] (highest in cartilage), MMP3 (highest in
cartilage), complement C8 alpha chain (C8A) (high-
est in meniscus) and retinoic acid receptor
responder protein 2 (RARRES2) (highest in carti-
lage). These findings stressed the differential contri-
bution of the different joint tissues to osteoarthritis-
relevant alterations in the synovial proteome of the
knee and highlighted the fat pad and meniscus as
additional important players [32].

Proteomics for biomarker discovery

The approaches described above offer an overview of
alterations in osteoarthritis-relevant tissues. How-
ever, insufficient accessibility or invasiveness of the
relevant tissues limits their utility for early diagno-
sis. Studies on blood serum or urine circumvent this
obstacle and hold great potential in the identifica-
tion of diagnostic biomarkers. The largest study of
this kind from Styrkarsdottir et al. explored 4792
plasma proteins in 39 155 individuals, of whom
12 178 had osteoarthritis. This study identified
CRTAC1 (cartilage acidic protein 1), a new potential

biomarker for knee, hip and hand osteoarthritis,
which correlates with disease incidence and predicts
joint replacement surgery [33]. Camacho-Encina
et al. [34] used a targeted proteomics approach
(nucleic-acid programmable protein arrays) to
explore the potential predictive role of autoanti-
bodies in the serum of 327 osteoarthritis-free at
the baseline participants in the development of
radiographic knee osteoarthritis during a 96-month
follow-up. The authors discovered that elevated
serum concentration of autoantibodies against
methionine adenosyltransferase 2 b can be used as
a predictive marker for osteoarthritis development
and validated their findings in an independent
cohort (n¼108) [34]. Sarkar et al. compared plasma
from healthy individuals and osteoarthritis patients
to identify differentially expressed proteins in circu-
lating blood. They highlighted 52 differentially
expressed proteins with haptoglobin, a free haemo-
globin (Hb)-scavenging protein, being the most sig-
nificantly increased in osteoarthritis plasma. This
finding, combined with lower abundance for hap-
toglobin tetramers and elevated autoantibodies
against haptoglobin b (a cleaved precursor of hap-
toglobin), indicated that increased Hb levels may be
associated with initiation of inflammation in osteo-
arthritis [35]. Xiao et al. explored urine proteomics
differences between osteoarthritis patients and
healthy individuals. This resulted in the identifica-
tion of 102 proteins that had significant differences
in their abundances (46 upregulated and 56 down-
regulated in urine from osteoarthritis patients).
Among these proteins, collagen type IV (COL-4),
matrix metalloproteinase 9 (MMP9), adiponectin
and gamma-butyrobetaine dioxygenase 1 (BBOX1)
were highlighted as potential biomarkers for early
diagnosis of osteoarthritis in urine [36].

Proteomics and genomics

There have been two studies in osteoarthritis inte-
grating genomics data with protein level abundance
to discover genetic variants affecting protein expres-
sion (referred to as protein QTLs or protein quanti-
tative trait locus (pQTLs)). Steinberg et al. [9

&

]
explored protein levels in cartilage (low-grade and
high-grade) and synovial tissue. This led to the
identification of 38 genes with a cis-pQTL effect in
at least one of the osteoarthritis-relevant tissues.
Styrkarsdottir et al. [33] studied the role of CRTAC1
variants in osteoarthritis pathogenesis. This study
identified eight CRTAC1 pQTL variants in blood
plasma which were, upon further testing, not asso-
ciated with osteoarthritis. This indicated that
CRTAC1, although a promising biomarker, is not
causally involved in osteoarthritis pathogenesis.
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METABOLOMICS

Metabolomics holds great potential for biomarker
discovery and understanding of disease mecha-
nisms. Metabolomics refers to the profiling of
metabolites in biofluids, cells and tissues [37].
Global high-throughput (untargeted) or targeted
MS-based metabolomics offer a global overview
compared with greater selectivity and specificity,
respectively [37].

Metabolomics for biomarker discovery

The majority of metabolic studies in osteoarthritis
have been performed in blood samples comparing
osteoarthritis patients to healthy controls. The largest
study of this kind sought to identify metabolic sig-
natures in the serum of 1564 osteoarthritis cases and
2125 controls using an untargeted approach (1H-
NMR-metabolomics assay) [38]. The authors explored
the association of 227 metabolites with radiographic
knee/hip osteoarthritis prevalence and progression.
They highlighted increased fatty acid chain length as
the most strongly associated factor to end-stage oste-
oarthritis independent of patient BMI. This result
indicated the presence of an altered systemic meta-
bolic state in osteoarthritis and stressed the impor-
tance of measuring systemic factors in older age [38].
Three further studies, with smaller sample sizes,
explored the metabolic changes in plasma or serum
of osteoarthritis patients compared with healthy con-
trols [39–41]. These studies identified panels of
metabolites altered in the osteoarthritis plasma
including cholesterol, lactic acid, stearic acid, alpha-
tocopherol and oxalic acid [40], succinic acid, xan-
thurenic acid and L-tryptophan [39] and in the serum
sphingomyelins, phosphatidylcholines, lysophos-
phatidylcholines, spermine, arginine and glycine
[41]. Abdelrazig et al. examined changes in urine
metabolites between osteoarthritis patients (n¼74)
and healthy controls (n¼68), and identified pertur-
bations in the tricarboxylic acid cycle, pyruvate and
amino acid metabolism. This study also highlighted
that perturbation of glutamine metabolism is associ-
ated with inflammatory osteoarthritis [42]. Together,
these studies indicate that there is a complex interplay
between chronic inflammation, oxidative stress and
collagen destruction in osteoarthritis.

Metabolomics for osteoarthritis subtyping

Metabolomics profiles in osteoarthritis can be used to
identify subgroups of patients based on pathological
factors including radiographic osteoarthritis progres-
sion, obesity, type 2 diabetes and coronary heart
disease. A recent study used a targeted metabolomics
approach (Biocrates AbsoluteIDQ p180) to identify

osteoarthritis metabolic endotypes [43]. This study
included 615 osteoarthritis patients and 237 controls
and measured a total of 186 plasma metabolites.
Three clinical endotypes of primary osteoarthritis
(knee and hip) were identified based on distinct
metabolic markers: these were characterized by mus-
cle weakness, arginine deficiency and low inflamma-
tory osteoarthritis. The clusters differed from each
other in the plasma-levels of (butyrylcarnitine) C4,
arginine and lysophosphatidylcholine. Notably,
cluster A included more patients with higher BMI
and incidence of type two diabetes, cluster B had the
highest association with coronary heart disease and
cluster C with osteoporosis [43]. Replication of the
findings in an independent sample is important for
validation of the observations.

RESOLVING GENOME-WIDE ASSOCIATION
STUDIES SIGNALS

Large meta-analyses have revealed more than 140
genetic risk variants for osteoarthritis to date [4–8],
but their impact on the molecular profile for the
most part remains elusive. Therefore, recent studies
sought to resolve GWAS risk loci and identify their
effector genes in affected tissues.

Steinberg et al. provided the first genome-wide
molQTL maps of primary osteoarthritis tissue types
(see Transcriptomics and Genomics sections). Com-
bining these maps with GWAS results for osteoar-
thritis traits using colocalization identified high-
confidence effector genes of five risk variants
(ALDH1A2 and FAM53A in low-grade osteoarthritis
cartilage, NCP1, SMAD3 and SLC44A2 in high-grade
osteoarthritis cartilage) [9

&

].
Candidate region-focussed functional follow-up

studies examined the regulatory activity of a single
genetic risk on nearby genes. Kehayova et al. showed
that the osteoarthritis risk variant rs11583641 tar-
gets COLGALT2, which encodes a transferase that
catalyses the transfer of beta-galactose to collagen,
through methylation. Specifically, the authors iden-
tified associations between rs11583641 and close
methylation sites of a COLGALT2 enhancer in carti-
lage of osteoarthritis patients (n¼137). In chondro-
cyte cell models, they found these methylation sites
to be negatively correlated with COLGALT2 expres-
sion [44].

Rice et al. demonstrated that the risk variant
rs75621460 influences TGFB1 expression in a tis-
sue-specific manner. Using chondrocyte cell models
and cartilage samples of osteoarthritis patients
(n¼319), this study revealed that the risk allele
‘A’ of rs75621460 is associated with increased meth-
ylation levels in nearby methylation sites. These
sites were correlated with TGFB1 expression and
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showed opposing direction of effect in the syno-
vium and cartilage of osteoarthritis patients [45].

Similarly, Parker et al. showed that the osteoar-
thritis risk variant rs6516886 targets RWDD2B
through methylation. Rs6516886 was found to be
associated with a nearby methylation site
(cg20220242, located upstream of RWDD2B) across
several tissues (cartilage, fat pad, synovium and
peripheral blood) in osteoarthritis patients
(n¼348). They found that the risk allele ‘T’ of
rs6516886 correlates with reduced expression of
RWDD2B, which was reversed in a chondrocyte cell
model by increasing the methylation levels of
RWDD2B methylation [46].

A previous study by Rice et al. [47] revealed
rs11780978 to be an eQTL and an mQTL for PLEC
expression and methylation in cartilage, respec-
tively. In a recent follow-up study, Sorial et al. inves-
tigated these effects in additional tissues (fat pad,
synovium, blood) of osteoarthritis patients (n¼36
in low-grade cartilage, n¼68 in fat pad, n¼81 in
synovium and n¼55 in blood). They found tissue-

specific differences in the associations between
rs11780978 and PLEC methylation (present in all
tissues, but stronger in joint tissues), between
rs11780978 and PLEC expression (present in syno-
vium in cartilage, but not in fat pad), and between
PLEC expression and methylation in synovium. This
study suggests that rs11780978 targets PLEC also in
synovium, but not in fat pad, which highlights the
tissue-specificity of these functional mechanisms
[48].

CONCLUSION

The current review covers developments in the field
of osteoarthritis molecular mechanisms through
omics approaches over the last 20 months. Multiple
lines of evidence have indicated that osteoarthritis is
a complex disease characterized by significant
matrix remodelling taking place in an inflammatory
environment as a result of multitissue crosstalk. The
majority of -omics studies have focused on the tran-
scriptome, potentially due to the cost efficiency,
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FIGURE 1. Type of -omic studies discussed and their distribution based on tissue. (a) Distribution of studies among -omic
technologies and osteoarthritis-relevant tissues. Colours denote the different -omic approaches. (b) Distribution of studies
among joint-specific tissues. (c) Distribution of studies among peripheral tissues.
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robust and high-throughput protocols associated
with bulk RNA-seq (Fig. 1). Proteomics and metab-
olomics studies have started to emerge, but larger
sample sizes are needed to gain a better understand-
ing of functionally important alterations in osteoar-
thritis. As with many complex diseases, the vast
majority of omics studies conducted in osteoarthri-
tis have focussed on European-descent populations.
There is an urgent need to increase the diversity of
study participants going forward. Although individ-
ual -omics approaches offer important insights
into osteoarthritis mechanisms, data integration
approaches across -omics levels and combination
with patient clinical data hold great promise both
for the identification of disease mechanisms and for
the discovery of potential therapeutic interventions.
In the era of single-cell sequencing, scRNA-seq
approaches have identified specific cell populations
involved in osteoarthritis pathophysiology in a
plethora of afflicted tissues (cartilage, synovium
meniscus). The next step towards this direction
would be to increase the number of cells and to
apply combinatorial -omics approaches on a single-
cell level, monitoring both expression and epige-
netic regulation. A welcome step further would be to
identify the effects of genetic variants on molecular
profiles in single-cell resolution [49].
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