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Abstract

Inflammatory bowel diseases (IBD) remain a therapeutic challenge due to their heterogeneous nature and the absence of clinically actionable
biomarkers to guide precision treatment. While multi-omics studies have advanced our understanding of the disease, meaningful translation into
practice has been hindered by lack of validation and a need to move from association to a more generalizable signal. Epigenetics, particularly DNA
methylation, offers a promising lens to capture disease-relevant regulatory states that reflect both genetic predisposition and environmental
influences. However, the path to clinical adoption has been limited by persistent computational hurdles. Here we synthesize the current landscape
of IBD biomarker discovery and highlight the conceptual advantages of epigenetic signatures. We outline the main obstacles that have limited
clinical translation to date, including data heterogeneity, batch effects, and the challenge of distinguishing functional “driver” from non-functional
“passenger” epigenetic changes. We then discuss how recent advances in computational methodology—spanning data harmonization, integrative
modeling, and interpretable machine learning—can help bridge the gap between complex datasets and reliable, deployable biomarkers. Finally,
we propose a forward-looking roadmap for study design and validation aimed at moving the field toward routine clinical implementation, thereby
realizing the full potential of epigenetics in IBD.
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1. Introduction continues to grow, clinicians face increasing difficulties in
selecting the most appropriate and beneficial treatment strate-
gies for individual patients.’ This highlights the urgent need for
clinical biomarkers that can guide evidence-based decisions
regarding both medical and non-medical treatment options
in IBD.

One fundamental shortcoming of current treatments is the
lack of evidence that the specific mechanisms or pathways tar-
geted by these drugs are contributing to chronic intestinal
inflammation in individual patients.*’ The significant variation
in phenotypes and disease behavior among patients classified
under the same condition suggests strongly that multiple, dis-
tinct molecular mechanisms may contribute to disease devel-
opment and persistence in IBD. This variability probably

The number of medical treatments available to physicians man-
aging patients with inflammatory bowel disease (IBD) contin-
ues to grow rapidly. Most, if not all, of these treatments target
various aspects of the immune system. However, existing treat-
ments are effective in only up to 60% of cases, with many drugs
failing to benefit the majority of IBD patients.! Furthermore,
even treatments that initially induce a strong response, includ-
ing those leading to deep remission, often fail to prevent chronic
inflammation from relapsing.’

A critical challenge in IBD treatment is the absence of reliable
biomarkers that can predict which patients will benefit from a
particular drug at a specific point in their disease course.
Without such markers, and as the number of available therapies
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explains why efficacy can differ substantially even among
patients with apparently similar clinical phenotypes.

Identifying patient-specific molecular mechanisms is there-
fore expected to facilitate the development of more targeted
therapies and to provide guidance on the optimal use of existing
drugs. Even in the absence of clear disease-causing mechanisms,
molecular profiling of disease-relevant tissues or cell types
offers the opportunity to discover patterns that vary among
patients with similar clinical phenotypes. Such molecular clas-
sifiers can form the basis for clinical biomarkers, provided they
are shown to be robustly associated with disease definition,
long-term disease outcomes, or responses to specific treatments.°

However, developing reliable biomarkers has proven com-
plex and challenging, as decades of research and several
high-profile failures have demonstrated. Key obstacles include
the need for sufficiently large patient cohorts with long-term
follow-up, careful selection of tissues and molecular read-outs,
and the analytical challenges associated with high-dimensional,
heterogeneous data.’ The last of these challenges is becoming
increasingly acute as multi-omics and digital health data con-
tinue to expand at scale. While rapid advances in machine
learning and artificial intelligence (Al) offer powerful tools to
interrogate these datasets, their clinical impact remains funda-
mentally constrained by unresolved computational and analyt-
ical bottlenecks.

Among the molecular mechanisms being increasingly inves-
tigated in IBD are epigenetic modifications, such as DNA meth-
ylation (DNAm).” Epigenetic mechanisms are known to
regulate gene transcription and cellular function, with alter-
ations increasingly linked to the development and chronic
inflammation seen in IBD. DNAm, one of the most stable epi-
genetic marks,® has garnered particular interest due to its poten-
tial as a biomarker. The existence of robust protocols for
genome-wide profiling has led to a growing number of studies
exploring the use of DNA methylation profiles as diagnostic
and prognostic biomarkers in IBD.

However, despite the excitement in this area of research,
substantial challenges remain. In this review, we provide a con-
cise overview of the existing evidence for the use of DNAm as
a clinical biomarker in IBD. While biomarker research spans
multiple domains, we focus primarily on predictive and prog-
nostic biomarkers, where treatment decision-making and trial
stratification needs are most pressing. We then highlight the
computational challenges that currently limit translation, par-
ticularly as Al-enabled methods become increasingly common.
Finally, by introducing computational approaches that bridge
clinical intent and analytical implementation, we aim to sup-
port more effective communication between clinicians and
computational scientists, and provide practical recommenda-
tions and future opportunities based on our experience in

this field.

2. Biomarkers in IBD

Biomarkers are essential tools in modern medicine, serving as
measurable indicators that associate with clinical outcomes,
such as hospitalization, relapse, or treatment response.” Unlike
clinical outcome metrics that reflect how patients feel and func-
tion, biomarkers act as surrogate measures to stratify patients
based on outcomes and inform intervention strategies.'’
Broadly, biomarkers can be categorized into diagnostic (to
identify disease presence), predictive (to forecast response to
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therapy), and prognostic (to predict disease course).!! In keep-
ing with the pressing translational focus, here we review diag-
nostic biomarkers briefly for context, while placing primary
emphasis on prognostic and predictive biomarkers that support
patient stratification and treatment selection.

An ideal biomarker must be tailored to the disease in ques-
tion, offering high specificity, sensitivity, cost-efficiency, and
practicality for clinical application.'” Biomarkers exist in var-
ious forms, spanning simple clinical measurements to complex
molecular multi-omics signatures. However, despite decades of
research, no molecular biomarkers for patient stratification are
clinically implemented beyond standard inflammatory mark-
ers.” In this section, we review the current efforts in IBD bio-
marker development across different molecular modalities. We
summarize findings, and highlight limitations and key chal-
lenges that could be addressed through computational
approaches (Figure 1). Rather than providing an exhaustive
survey of non-epigenetic biomarkers, we focus on representa-
tive landmark studies and recurrent translational barriers that
motivate the need for epigenetic biomarkers.

2.1. Clinical and serological biomarkers
Clinical and serological biomarkers are among the earliest tools
developed for disease stratification and management. Their
routine use in clinical practice allows for the study of large
patient cohorts in a cost-effective and non-invasive manner,
offering relatively easy applicability in prospective studies.

The RISK cohort, a prospective pediatric study, identified
age at diagnosis, African-American ethnicity, and isolated ileal
disease location as predictors of disease progression, defined
by the need for biologics or surgery.'* It also highlighted fibro-
genesis in patients unresponsive to anti-tumor necrosis factor
o (anti-TNFa) therapy, with the model showing a high negative
predictive value (95%) but a limited positive predictive value
(14%). Another prospective STORI cohort demonstrated that
serum inflammatory markers, including C-reactive protein
(CRP) and interleukin-6 (IL-6), were associated with relapse
risk during infliximab withdrawal.':'* However, the findings
were complicated by inconsistent relapse definitions, and failed
validation in the independent SPARE cohort.!” Similarly, the
PROTECT cohort study associated increased hemoglobin and
lower disease severity at diagnosis with treatment escalation in
pediatric ulcerative colitis (UC), though long follow-ups and
attrition limited assessment of long-term outcomes.'®

Despite their potential ease of clinical application, these bio-
markers represent systemic inflammation, hence lacking tissue
and disease specificity, primarily reflecting late-stage pro-
cesses.!” Furthermore, they often fail to provide the specificity
and sensitivity needed to detect early, localized changes, mak-
ing them unsuitable for assessing patient responses to interven-
tions. Overall, clinical and serological data alone are insufficient
for patient stratification and must be integrated with other
biological signatures to inform clinical decisions.

2.2. Multi-omics biomarkers

Molecular multi-omics data have revolutionized our under-
standing of disease by providing deeper insights into the molec-
ular mechanisms underlying IBD.'*?° In contrast to clinical
data, these biomarkers quantify molecular activity at various
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Figure 1. (A) Overview of inflammatory bowel disease (IBD) cohort studies that profile patients’ molecular signatures and correlate them with clinical
outcomes to identify diagnostic biomarkers for IBD, prognostic biomarkers for disease progression, and predictive biomarkers for treatment response.
(B) Summary of the major challenges hindering IBD biomarker development and computational strategies that offer potential solutions.

omics levels, such as genomics, transcriptomics, epigenomics,
and microbiomics.?' While these approaches often require spe-
cialized sample processing and interpretation, and incur higher
costs, they offer novel opportunities to uncover disease-specific
patterns and interactions. Here, we review studies aimed at
identifying more robust biomarkers, mainly focusing on prog-
nostic and predictive markers, that can further support the
development of actionable therapeutic targets.

2.2.1. Genomic biomarkers

Genomic biomarkers, driven by genome-wide association stud-
ies (GWAS), have been instrumental in identifying genetic loci
linked to IBD susceptibility and disease progression. These
biomarkers are particularly advantageous for their ability to
reveal stable, heritable factors that influence disease risk across
generations.

Over 200 genetic loci have been identified in IBD to date.
Notably, NOD2 variants have been associated with a higher
risk of surgery due to stricturing Crohn’s disease (CD) pheno-
type.”> This genetic marker highlighted pathways central to
IBD pathogenesis, including epithelial barrier function and
microbial defence.”” Similarly, a retrospective analysis of the
UK IBD Genetics Consortium cohort identified FOXO3 and
IGFBP1 variants, associated with indolent CD that does not
require early treatment escalation.”* Beyond prognosis, genomic
markers have informed treatment strategies. The prospective
PANTS study identified increased anti-drug antibodies against
anti-TNF therapy in adult patients carrying the HLA-DQA1*05
haplotype and recommended pre-treatment genetic screening
to predict biologic response.”*® Likewise, TPMT variants,
known for their role in thiopurine metabolism, were shown to

predict hematologic adverse drug reactions during thiopurine
treatment.”’

While being the most stable and heritable marker, challenges
persist for their clinical application. Most IBD-associated single
nucleotide polymorphisms (SNPs) are located in intergenic
regions, making their biological significance and target genes
difficult to resolve.?® Because many risk variants act in a tissue-
and cell-type-specific manner, linking a given locus to the most
relevant cell types or intestinal segments further complicates
functional interpretation. Additionally, many discovery studies
have been carried out in relatively homogeneous populations,
limiting genetic diversity and hindering validation in indepen-
dent ancestries. The binary nature of SNPs, combined with the
low frequency of some risk alleles, also limits statistical power
to detect small effect sizes.”” In this respect, polygenic risk
scores (PRSs) offer one way to aggregate these modest effects.
For example, a recent PRS for UC has been shown to predict
susceptibility to immune checkpoint inhibitor-mediated coli-
tis.** However, the optimal way to deploy PRSs in routine IBD
care remains unclear, and their added value beyond existing
clinical predictors has not yet been firmly established. As such,
although genomic biomarkers can define specific patient sub-
groups with distinct prognosis or treatment response, their
overall generalizability and routine clinical use remain limited
due to modest effect sizes, incomplete functional understand-
ing, and the need for validation across diverse populations.

2.2.2. Transcriptomics biomarkers

In recent decades, large-scale gene expression profiling has gen-
erated vast RNA sequencing data, revealing both whole-tissue
or single-cell gene expression changes associated with IBD.3!*



Transcriptomic biomarkers offer the advantage of capturing
dynamic changes in gene activity, reflecting both disease states
and response to treatment.

The UK-led PROFILE trial is a key prospective,
biomarker-stratified study that evaluated whether a peripheral
blood CD8* T-cell transcriptional signature could predict dis-
ease course and guide early treatment strategy in newly diag-
nosed CD.*>*** While promising in the discovery cohort, the
PROFILE trial demonstrated the challenges of translating
molecular risk stratification into clinical decision-making, as
modifying treatment strategy based on the CD8* T-cell tran-
scriptional signature did not result in improved patient out-
comes in the prospective trial setting.>’ The prospective MSCCR
cohort study derived molecular inflammation scores, engi-
neered from transcriptomic profiling of intestinal biopsies and
blood samples, to predict responses to infliximab and vedoli-
zumab.?® These scores achieved an AUROC (area under the
receiver operating characteristic curve) of 0.73, though vari-
ability across biopsy sites and demographic differences limits
their consistency. Another prospective study identified 15 dif-
ferentially expressed transcripts, including S100A12 and
ANOSI, as biomarkers for predicting clinically active pediatric
IBD.?” Similarly, a retrospective study observed downregulation
of the TREM-1 transcript in whole blood among non-responders
to anti-TNFa therapy.*®

Despite current efforts, it has been difficult to translate tran-
scriptional biomarkers into clinical practice. The dynamic and
context-dependent nature of gene expression makes it highly
variable across tissue types, regions, disease stages, and inflam-
matory status, complicating standardization and reproducibil-
ity. RNA degradation during sample collection and processing
further limits data quality, and whole-tissue transcriptomes
may obscure differences in cell type proportions.*” Although
single-cell sequencing offers a solution, its high cost hinders
scalability in clinical settings.** As such, the use of transcrip-
tomic biomarkers in IBD remains underdeveloped.

2.2.3. Microbiomics biomarkers

Although the precise cause of IBD remains unknown, bacterial
dysbiosis is widely recognized as a hallmark of the disease.***
Assessing gut health through the microbiome or metabolome
of fecal samples has become an increasingly common,
non-invasive technique for disease monitoring and biomarker
discovery.*’ Such a method reflects the complex relationship
between gut health and environmental factors like diet and
smoking that contribute to IBD pathogenesis.**

The prospective 1000IBD cohort study identified 12 micro-
bial species and 16 microbial functional pathways as prog-
nostic biomarkers for therapy intensification.*® While the
discovery cohort demonstrated an AUROC of 0.75, the small
sample size and variability in microbiome studies limited
external validation. Similarly, the PRISM cohort study iden-
tified 40 microbiome compositions and functional pathways
as predictive biomarkers for response to anti-integrin therapy
(vedolizumab).*” The model achieved an AUROC of 0.87
among refractory IBD patients, while the extended sample
collection period during long-term follow-up reduced statis-
tical power. Metabolomics provides an alternative by ana-
lyzing metabolites produced by gut bacteria as indicators of
dysbiosis. For instance, patients with IBD presented with
reduced levels of short-chain fatty acids (SCFAs) in fecal
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matter, representing depletion in SCFA-producing bacte-
ria.*®* Additionally, a prospective study identified fecal bile
acids as predictive biomarkers for response to anti-TNF
therapy.’®

Overall, quantifiable links between the microbiome and dis-
ease outcome remain weak. Microbiome and metabolome
compositions vary greatly by diet, medications, and sampling
methods, and between individuals and over time, reducing their
reproducibility as predictors.’' Additionally fecal samples often
fail to capture the regional-specific nature of the microbiome
along the gastrointestinal tract.

While significant progress has been made in developing bio-
markers for IBD, each modality presents unique challenges.
Clinical and serological biomarkers, while accessible, lack spec-
ificity and mechanistic resolution. Multi-omics approaches
offer greater potential but are often prone to high variability
and require sophisticated modeling. These challenges have
motivated growing interest in epigenetic biomarkers. DNAm
in particular offers molecular signatures that, at specific loci,
can be relatively stable over time and across sample types, while
still reflecting cumulative environmental exposures such as diet,
medication, and microbiome composition. In the next section,
we review current efforts in epigenetic studies in IBD, with a
focus on DNAm.

3. Epigenetics in IBD

Despite advances in understanding the genetic and
immune-mediated mechanisms of IBD, reliable clinical bio-
markers for patient stratification and therapeutic management
remain elusive. Recent research has increasingly emphasized
the importance of epigenetic markers—chemical modifications
to DNA or chromatin that influence gene expression without
changing the DNA sequence. Among these, DNAm has
emerged as a particularly attractive biomarker candidate.
DNAm profiles are mitotically heritable and highly cell-type
specific, encoding an “epigenetic memory” of developmental
origin and long-term environmental exposures. Large-scale
methylation atlases in humans and mice have shown that pat-
terns cluster by cell type rather than by individual, highlighting
their stability within a given lineage.®*>*° At the same time,
DNAm patterns change systematically with age, underpinning
widely used “epigenetic clock” measures of biological aging®™
and illustrating their dynamic nature. Sustained inflammatory
signaling, dietary patterns, and medications can also modify
DNAm at specific loci, particularly in regulatory regions,
providing a molecular record that integrates stable develop-
mental programming with re-written signatures driven by
disease-relevant exposures.*’

DNAm markers therefore provide several practical advan-
tages. They can be measured in a range of clinically accessible
sample types (including blood, tissue biopsies, and
patient-derived organoids), often display long-term stability
within the same cell types, and may predict disease progression
or response to therapy. In the following sections, we first review
how DNAm biomarkers have already demonstrated significant
clinical utility in other disease domains. We then discuss emerg-
ing evidence supporting DNAm-based biomarker discovery in
IBD. Finally, we address the current challenges and limitations
associated with applying DNAm biomarkers in the IBD con-
text, setting the stage for computational solutions that may
accelerate their clinical translation.
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3.1. DNAm as successful biomarkers across other
disease domains

DNAm biomarkers are well-established in the oncology field,
highlighting their potential in early diagnosis. In colorectal
cancer (CRC), two DNAm-based tests, Cologuard and Epi
proColon, have received FDA approval. Cologuard, a multi-
target stool DNA test, employs methylation biomarkers
(NDRG4 and BMP3) combined with fecal immunochemical
testing (FIT), achieving superior sensitivity (92.3%) for CRC
detection, compared to FIT alone.’® Epi proColon detects
SEPT9 promoter hypermethylation in plasma, achieving
approximately 68% sensitivity for CRC detection, offering a
non-invasive screening option.’” In neuro-oncology, MGMT
promoter methylation serves as a predictive biomarker for ther-
apeutic response in glioblastoma.’**” The presence of MGMT
methylation predicts better responsiveness and survival out-
comes following alkylating chemotherapy with temozolomide,
making it the standard care to guide clinical decisions.®
Similarly, methylation profiling of GSTP1, APC, and RASSF1
genes in ConfirmMDx tests has shown potential for prostate
cancer diagnosis, achieving promising sensitivity (74.1%) and
specificity (60%) in an African-American cohort.®** Beyond
diagnostics, DNAm profiling has transformed central nervous
system (CNS) tumor classification, with the Heidelberg classi-
fier now incorporated into the WHO CNS4 framework as a
recommended tool to support accurate tumor sub-typing.**

Beyond oncology, DNAm biomarkers in autoimmune dis-
eases have revealed significant correlations with disease activity
and therapeutic response. Rheumatoid arthritis patients display
hypomethylation in immune-regulatory genes such as TRIM68,
TNFSF11, and TNFSF13B, correlating with disease severity.®
Similarly, in systemic lupus erythematosus, extensive DNAm
alterations, notably hypomethylation of interferon-regulated
genes like IFI44L, have been strongly linked to active disease
states.’®®” Likewise, the methylation status of key genes such
as ZCCHC14 and KLF11 has been explored as a potential
early indicator of type 1 diabetes, often preceding clinical symp-
toms.*® Collectively, these examples illustrate the growing
importance of DNAm biomarkers, driven by their stability and
detectability across diverse sample types and their ability to
capture disease-specific changes.

3.2. DNA methylation in IBD

Recently, a growing body of evidence supports the utility of
DNAm-based biomarkers for monitoring disease activity and
therapeutic response in IBD. Epigenome-wide association
studies (EWAS) in peripheral blood consistently reported wide-
spread methylation changes, with the largest cohorts identify-
ing thousands of differentially methylated CpG sites (Table 1).
In contrast to many oncology settings, IBD-associated changes
are predominantly hypomethylations and often map to
immune-related genes. Across pediatric and adult cohorts,
methylation at loci such as VMP1/MIR21, TRAF6, HLA
regions, and RPS6KA2 distinguishes IBD patients from con-
trols, indicating a robust systemic epigenetic signature.®7"7¢
At the same time, these findings highlight the confounding
impact of immune cell heterogeneity and inflammatory status
on blood-based measurements.

Longitudinal blood studies show that much of this signal is
dynamic rather than a fixed patient trait. In pediatric CD,
methylation signatures present at diagnosis largely normalize

after treatment-induced remission and closely track CRP and
disease activity indices, but do not reliably predict later com-
plications.”” In adult IBD, the majority of CpG sites (~60%)
exhibit poor intra-individual stability over 7 years, with only
a minority remaining highly stable.”* These observations
emphasize that the timing of sampling is critical: a single blood
draw may mainly capture current inflammatory burden, treat-
ment, and shift in cellular composition, rather than long-term
prognosis.

Despite this, recent work has strengthened the clinical poten-
tial of blood DNAm, especially for predicting therapeutic
response. In the EPIC-CD study, pre-treatment methylation
panels were developed to predict response to biologic thera-
pies.”” Models for vedolizumab and ustekinumab achieved
promising discrimination in the discovery cohort (area under
the curve [AUC] ~0.87-0.89) and moderate performance in
independent validation (AUC ~0.75), improving the post-test
probability of response compared with standard clinical pre-
dictors. Building on such findings, a multi-center trial
(OMICROHN) is now under way for the first time to test a
clinical blood DNAm assay guiding biologic choice in CD. The
outcome of this trial will be pivotal in determining whether
DNAm biomarkers can move from associative research to
improving prospective treatment decisions. In contrast, an
adalimumab signature was not validated, underlining that pre-
dictive DNAm patterns may be therapy-specific and influenced
by prior drug exposure. Complementary longitudinal work
during infliximab induction has shown that early on-treatment
methylation changes (within the first 2 weeks) can accurately
predict remission and optimal drug dosage at 14 weeks,
whereas baseline methylation alone performs poorly.”>”* Taken
together, these studies suggest that blood DNAm offers a fea-
sible route to non-invasive prediction of biologic response,
provided that disease context and sampling schedule are care-
fully considered.

While blood-based assays capture systemic immune activa-
tion, the intestinal mucosa is the primary disease site, and tissue
DNAm may more directly reflect local pathology. Mucosal
profiling in pediatric IBD has revealed thousands of differen-
tially methylated regions in active UC.”® Many UC-associated
methylation changes in colonic biopsies are accompanied by
concordant gene expression differences in immune pathways
and revert to a near-normal state with clinical remission, indi-
cating that they are largely inflammation-driven. By contrast,
methylation patterns in purified intestinal epithelial cells (IECs)
show more stable, region- and disease-specific features.
IEC-focused studies have identified segment-specific signatures
in terminal ileum versus colon that discriminate IBD subtypes
with high accuracy, and many of these markers are stable over
time and retained in patient-derived organoids.””** Larger epi-
thelial datasets further show that disease-associated CpGs are
enriched in distal “open sea” regions and lie closer than
expected to IBD GWAS loci, pointing to convergence between
genetic risk and epithelial epigenetic remodeling.®

Mucosal DNAm profiling has also yielded candidate prog-
nostic markers for disease behavior. In ileal CD, lesion-specific
hypomethylation of genes such as MUC1 has been associated
with penetrating complications and higher disease activity,
suggesting that tissue methylation at selected loci can mark an
aggressive phenotype.’' Organoid-based studies in pediatric
CD have identified a stable hypomethylation signature in
MHC class I pathway genes, including NLRCS5 and HLA loci,



Table 1. Summary of published DNA methylation studies in IBD.

Journal of Crohn's and Colitis, 2026, Vol. 20, No. 5

Study Cohort Tissue Key findings
Adams Pediatric discovery: 18 CD vs 18 Pediatric: peripheral 65 differentially methylated positions (DMPs) and 19 differen-
et al. 2014%°  controls; replication: 18 CD vs 18  blood leukocytes. tially methylated regions (DMRs) identified, predominantly
controls. Adult validation: 20 CD  Adult: whole blood. hypomethylated in CD. Methylation changes were enriched near
vs 20 controls; extended: 87 CD IBD/CD GWAS loci. The strongest signal was at VMP1/MIR21,
vs 85 controls. with increased MIR21 expression. A simple 2-CpG blood
classifier achieved AUC of up to 0.98 in the pediatric cohort.
McDermott Adult: 149 IBD (88 CD, 61 UC) Adult: PBMC. 3196 DMPs in CD and 1481 in UC (=45% overlap). TIFAB was
etal. 20167 vs 39 controls (PBMC). Subset: 79  Pediatric: colonic mucosa  among top hypermethylated genes; TRAF6 was hypermethylated
active vs 70 inactive IBD. Pediatric biopsies. with reduced mRNA expression. 7 CD-specific and 2 UC-specific
validation: 24 IBD vs 22 controls DMRs found, notably at TRIM39-RPP21. In pediatric colonic
(colonic tissue). tissue, TIFAB and TRAF6 showed opposite methylation patterns
to blood, indicating tissue/age-specific regulation.
Ventham Adult discovery: 240 IBD (121 Adult: whole blood 439 genome-wide significant DMPs in IBD vs controls. Five
etal. 2016 CD, 119 UC) vs 191 controls. leukocytes (with subset robust DMRs were replicated (eg, VMP1/MIR21, ITGB2,
Replication: 240 IBD vs 98 analyses in sorted CD4*T, WDRS, TXK). TXK was hypermethylated specifically in
controls. Sub-analyses: sorted CD8*T, CD8*T-cells with corresponding reduced gene expression.
immune cells (7=60); WGBS on CD14*monocytes). Unsupervised clustering of methylation separated IBD subgroups
subset (6 IBD vs 3 controls); gene associated with risk of surgery/hospitalization, though this was
expression (17=68). not independent of cell composition and other covariates.
Somineni Pediatric (RISK cohort): 164 CD  Pediatric: periph- 1189 DMPs distinguished CD patients at diagnosis (82%
etal. 20197 vs 74 controls at diagnosis; eral blood. hypermethylated). Methylation changes were enriched in
longitudinal follow-up 1-3 years. immune/inflammatory pathways (TNF, JAK-STAT, IL-17) and
correlated with clinical inflammation indices (CRP, PCDAI).
Treatment drove most abnormal CpGs to revert toward healthy
levels, suggesting these blood methylation changes reflect
dynamic inflammatory burden rather than fixed traits. Only 3
CpGs showed any evidence of causal association with disease,
and none could predict progression to stricturing complications.
Mishra Adult anti-TNF initiation cohort: ~ Adult: longitudinal ~85700 DMPs associated with remission and ~58 300 with
etal. 2022° 14 IBD (10 UC, 4 CD) treated peripheral blood samples  non-remission after infliximab induction. Early during therapy
with infliximab, vs 17 IBD (10 (DNA methylation at (within 2 weeks), emergent methylation changes in 31 genes
UC, 7 CD) on vedolizumab baseline, 2 weeks, (linked to differentially expressed genes) yielded a strong
(therapy control); serial samples at 6 weeks; RNA-seq at all blood-based predictor of 14-week remission (training AUC
baseline, 4h, 24h, 72h, 2 weeks,  time-points). 1.00; validation AUC 0.88, accuracy 85%). This early-change
6 weeks, 14 weeks (multi-omics). model outperformed baseline methylation or clinical markers.
Replication: 23 IBD on infliximab Pathway analysis of therapy-responsive DMPs highlighted
(baseline, 2 weeks, 6 weeks). immune activation pathways. No robust baseline methylation
External validation: 20 CD on signature predicted anti-TNF response, emphasizing the
infliximab (expression data). importance of time-point selection.
Joustra Adult longitudinal stability Adult: peripheral blood 194391 DMPs exhibited significant methylation changes over
etal. 20237 cohort: 46 IBD patients (36 CD, leukocytes (paired samples time within individuals (“time-associated DMPs”), alongside
10 UC) with paired blood samples ~7years apart). shifts in cell-type composition. An estimated 60% of CpG sites
~7 years apart (no major clinical showed poor intra-individual stability (ICC<0.5) across years,
changes between time-points). whereas ~14% loci were highly stable (ICC=0.75). Stable
methylation loci were enriched in genes for cell-cell signaling,
adhesion, and neurogenesis. Notably, a minority of previously
reported IBD-associated methylation sites remained stable over
time (22 CD-associated, 11 UC-associated, 24 IBD-general
loci), underscoring that many blood DNAm markers of IBD are
temporally dynamic.
Lin Adult (PANTS study): 385 Adult: peripheral blood. 4999 DMPs after anti-TNF therapy exposure (infliximab/
et al. 2024  anti-TNF-naive IBD patients (198 adalimumab), with enrichment in immune system processes such
on infliximab, 187 on adalim- as JAK-STAT signaling. While baseline methylation profiles had
umab); blood collected at baseline limited ability to predict primary non-response, they were more
and weeks 14, 30, and 54 of effective in predicting drug pharmacokinetics (anti-TNF drug
therapy. concentrations at week 14). This suggests DNAm may inform
dose optimization even if direct response prediction is modest.
Noble Pediatric multi-cohort analysis: Pediatric: periph- 384 DMPs identified in pediatric IBD, with top hits at ZBTB16
et al. 2025¢ UK1—36 CD vs 36 controls; eral blood. and IFNAR1. A 4-CpG blood methylation classifier

UK2—86 IBD (33 CD, 31 UC, 22
IBD-U) vs 30 controls; UK3—90
IBD (60 CD, 30 UC/IBD-U) +
parents (trios); external validation
in RISK cohort.

(RPS6KA2, VMP1, CFI, ARHGEF3) distinguished IBD
patients from controls with high accuracy (AUC ~0.91 in UK2,
~0.93 in RISK validation). Additionally, children with IBD
showed significant epigenetic age acceleration at diagnosis
(median + 3.5 years vs chronological age), highlighting the
systemic impact of pediatric IBD.

(Continued)
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Table 1. Continued.
Study Cohort Tissue Key findings
Joustra Adult (EPIC-CD study): Adult: peripheral blood Identified distinct blood methylation signatures predictive of
et al. 202577 Discovery—183 IBD patients (pre-treatment samples). therapy response for each biologic: 18 CpGs for adalimumab,
starting biologics (57 on 25 for vedolizumab, 68 for ustekinumab. In the discovery
adalimumab, 64 vedolizumab, 62 cohort, methylation-based models achieved promising
ustekinumab) from Amsterdam; performance (AUC 0.86-0.89) for vedolizumab and
Validation—90 IBD patients (32 ustekinumab response, and these generalized moderately in
adalimumab, 25 vedolizumab, 33 validation (AUC ~0.75). The vedolizumab/ustekinumab models
ustekinumab) from Oxford. improved positive response probability by 20%-24% over
current clinical predictors. Notably, predictive accuracy
declined in patients previously exposed to anti-TNF,
suggesting therapy-specific methylation patterns.
Harris Pediatric: 14 IBD (10 CD, 4 UC) Pediatric: colonic mucosal 3365 DMRs distinguished treatment-naive UC from controls,

et al. 20147

Howell
et al. 20187

Agliata
et al. 2020%°

Li et al. 2021%

Denison
et al. 20247

vs 10 controls; Validation—10
IBD vs 12 controls; also 2 UC
patients re-biopsied in remission.

Pediatric: 66 IBD (43 CD, 23 UC)
vs 30 controls; total 236 intestinal
biopsies from terminal ileum (TT),
ascending colon (AC), sigmoid
colon (SC). Longitudinal subset:
repeat endoscopies in 23 patients
(~1year apart).

Pediatric & adult: 285 intestinal
biopsies (204 IBD patients vs 81
controls) from multiple segments
(terminal ileum, ascending colon,
sigmoid colon).

Adult case-control: 7 CD patients
with penetrating ileal disease vs 7
non-IBD controls. Verification: 25
CD (penetrating) vs 7 controls by
pyrosequencing; comparisons also
made between penetrating and
non-penetrating CD.

Pediatric: 95 IBD (72 CD, 23 UC)
vs 73 controls; total 312 intestinal
epithelial organoid cultures
derived from biopsies (duodenum,
terminal ileum, sigmoid colon).

biopsies.

Pediatric: purified
intestinal epithelial cells
(IECs) isolated from
mucosal biopsies; subset
of patient-derived colonic
organoids.

Pediatric & adult: purified
intestinal epithelial cells
from mucosal biopsies.

Adult: ileal mucosal
biopsies (for CD patients,
from the center of the
penetrating lesion and
adjacent

non-penetrating area).

Pediatric: intestinal
epithelial organoids from
DUO/TI/SC mucosal
biopsies.

while 182 DMRs distinguished CD from controls. In UC,
methylation changes were correlated with transcriptional
changes: ~120 differentially expressed genes overlapped UC
DMRs, enriched for immune response and antigen
presentation functions. Strikingly, the colonic mucosal
methylation profile in active UC reverted to a normal-like state
in remission (follow-up biopsies).

Genome-wide methylation of IECs revealed gut
segment-specific patterns in IBD. In the sigmoid colon, an
11-CpG methylation panel distinguished IBD from controls
with AUC 0.94, while a 9-CpG panel in terminal ileum IECs
distinguished CD from UC (AUC 0.92). Many
disease-associated IEC methylation marks were stable over
~1year and persisted ex vivo in cultured organoids. These
findings suggest epithelial methylation differences are inherent
to disease subtype and gut location, and not merely reactive to
transient inflammation.

4205 significant DMPs identified in IECs of IBD patients, the
majority showing hypermethylation. IBD-associated DMPs
were non-randomly distributed in the genome—depleted in
CpG islands and enriched in open sea regions—and were
enriched in pathways related to TGF-f signaling and hemosta-
sis. Notably, methylation changes in IECs were located
significantly closer to IBD GWAS loci than expected by chance,
supporting a model whereby genetic risk factors and inflamma-
tory environmental exposures both shape the gut epithelial
methylome in IBD.

~5200 DMPs (~2978 hyper- and 2222 hypomethylated)
distinguished penetrating-CD lesions from healthy ileum.
Additionally, ~3237 CpGs differed between penetrating and
non-penetrating CD mucosa. Pathway analysis indicated
penetration-associated hypomethylation in genes for apoptosis,
IL-8 production, and extracellular matrix-receptor interactions.
The most pronounced CD lesion-specific change was
hypomethylation at MUC1, which correlated with disease
activity (r=-.50, P=.01); consistent with MUC1 upregulation
in more aggressive CD.

CD-derived intestinal epithelial cells showed stable hypometh-
ylation of MHC class I pathway genes (notably NLRCS and
HLA loci) in the TT and SC, but not in DUO. This MHC-I
signature was associated with increased gene expression of
antigen presentation machinery and correlated with more
severe phenotypes (perianal disease and need for earlier
therapy escalation). From these data, a 28-CpG methylation
risk score was derived, which achieved AUC ~0.72 for
predicting aggressive disease course in pediatric CD. This
highlights the prognostic potential of gut-specific DNAm
patterns for disease severity.

Abbreviations: IBD, inflammatory bowel disease; CD, Crohn’s disease; UC, ulcerative colitis; IBD-U, inflammatory bowel disease unclassified; DMP,
differentially methylated position; DMR, differentially methylated region; DNAm, DNA methylation; GWAS, genome-wide association study; PBMC,
peripheral blood mononuclear cells; WGBS, whole-genome bisulfite sequencing; RNA-seq, RNA sequencing; TNE tumour necrosis factor; AUC, area
under the curve; ICC, intraclass correlation coefficient; CRP, C-reactive protein; PCDAI Paediatric Crohn’s Disease Activity Index; TI, terminal ileum;
AC, ascending colon; SC, sigmoid colon; DUO, duodenum; IECs, intestinal epithelial cells; CpG, cytosine-phosphate—guanine dinucleotide; MHC, major
histocompatibility complex; JAK-STAT, Janus kinase-signal transducer and activator of transcription; IL-17, interleukin-17; TGF-, transforming growth

factor beta.



in ileal and colonic epithelium of patients who later develop
complicated disease.” This signature underpins a multi-CpG
risk score with moderate accuracy (AUC ~0.72) for predicting
severe course and earlier treatment escalation and remains
detectable ex vivo, consistent with an intrinsic epithelial pro-
gram rather than a transient inflammatory imprint.

Together, these studies highlight the promise of DNAm as a
versatile biomarker modality in IBD capturing both systemic
inflammatory activity in blood and local tissue-level reprogram-
ming in the gut mucosa. However, as with any emerging bio-
marker field, several obstacles must be addressed before
DNAm-based tests can be integrated into routine clinical practice.

3.3. Current challenges and limitations

Despite the promising data on DNAm biomarkers, the path
toward clinical translation in IBD is complicated by both gen-
eral challenges in biomarker development and DNAm-specific
hurdles. From a broader standpoint, IBD biomarker research is
often constrained by small patient cohorts and heterogeneous
disease definitions, which hamper reproducibility and validation
across independent studies. Well-powered longitudinal cohorts
are scarce, making it difficult to capture dynamic changes in
molecular profiles over the course of disease and treatment.
Moreover, clinical endpoint measures in IBD, including remis-
sion, relapse, or surgical intervention, vary widely across stud-
ies, impeding direct comparisons of biomarker performance and
complicating meta-analysis. Batch effects arising from differ-
ences in sample preparation, storage, or sequencing protocols
further limit data integration across centers.

On the epigenetic front, additional technical complexities
arise. Current sequencing methods rely mostly on bulk tissues
where cell-type composition may skew methylation signals.
While single-cell DNAm sequencing holds promise for dissect-
ing heterogeneous cell populations, such technologies are still
maturing and remain expensive and low-throughput.
Additionally, interpretation of intergenic methylation and CpG
density-dependent regulation can be challenging, especially if
the biological function of these methylation events is not clearly
defined. Platform-related issues such as the balance between
coverage and depth in array-based methods versus genome-wide
screening technologies also influence data consistency. Finally,
DNAm changes do not always correlate linearly with gene
expression, highlighting the need for integrated multi-omics
analyses to fully understand the functional relevance of
observed methylation patterns.

Addressing these challenges will primarily require method-
ological advances in study design. Recently, however, advanced
computational approaches have been developed and applied
to tackle these issues. In the next section, we review the com-
putational frameworks and methods that have been employed
to overcome these obstacles, with an emphasis on how they
can accelerate the development of clinically actionable DNAm
biomarkers for IBD.

4. Computational approaches for the
development of biomarkers

In recent years, the development of robust clinical biomarkers
has been accelerated by advances in computational and
data-driven methods. For IBD, these approaches are not an end
in themselves but a means to solve very concrete problems:
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how to design adequately powered trials in small, heteroge-
neous patient populations; how to distil reproducible, mecha-
nistically informative signatures from noisy multi-omics data;
and how to build models that can genuinely assist treatment
selection at the bedside. New methods have emerged to address
these challenges at different stages of the biomarker discovery
pipeline, from feature selection and patient stratification to
outcome prediction and external validation (Figure 2).

Traditional statistical approaches remain a foundation of
biomarker research, particularly when datasets are of moderate
size. Methods such as differential analysis,** linear or logistic
regression,* and survival modeling® provide interpretable
frameworks for hypothesis-driven studies and for deriving sim-
ple risk scores. However, these approaches may not fully cap-
ture the complex, high-dimensional relationships characteristic
of omics data and may struggle to generalize across centers and
platforms without additional regularization or integration
strategies.

Network-based methods and machine learning (ML) extend
these capabilities. Weighted gene co-expression network anal-
ysis (WGNCA), for example, groups genes into co-regulated
modules that can be linked to clinical traits and used to derive
module-based biomarkers.®” Patient similarity networks stratify
individuals into subgroups based on molecular and clinical
profiles, highlighting system-level interactions relevant to dis-
ease heterogeneity.*®** ML algorithms are well suited to
high-dimensional settings, enabling the integration and selec-
tion of informative features from thousands of CpG sites.”>!
Deep learning (DL) approaches extend this capability by learn-
ing hierarchical, non-linear representations of omics data.’>”’
These methods have already been used in IBD cohorts to derive
multi-modal risk signatures and to predict treatment response,
and they are increasingly being embedded into the design of
prospective studies and clinical trials.

Lastly, foundation models have recently emerged as a poten-
tial game changer. Borrowed from advances in natural language
processing, these approaches involve pre-training algorithms
on large multi-disease datasets before fine-tuning them for
IBD-specific tasks.” While still nascent in the multi-omics
space, they hold the promise of leveraging existing knowledge
to overcome sample-size limitations, thereby making sophisti-
cated computational models more accessible for biomarker
research in IBD. In the following sections, we discuss how these
computational strategies are being harnessed to address key
challenges in biomarker development for IBD, both at the gen-
eral multi-omics level and specifically for DNAm data.

4.1. General molecular biomarker development
challenges—IBD and beyond

4.1.1. Small sample sizes and high data dimensionality

In IBD and many other complex diseases, molecular studies
often involve small patient cohorts but hundreds of thousands
of measured features, often described as the “large P, small N”
problem.” In this setting, it is easy to identify patterns that fit
the current dataset but do not hold in new patients. To reduce
this risk, several families of methods are used.

First, dimensionality reduction methods such as principal
component analysis (PCA), t-SNE, and UMAP compress
high-dimensional omics data into a smaller number of com-
posite variables.””® This helps to highlight broad biological
patterns while suppressing random noise.””!” Second,
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Figure 2. Overview of the major challenges hindering inflammatory bowel disease (IBD) biomarker development and computational approaches that
offer potential solutions. The top panel summarizes general, cross-omics challenges and the corresponding computational strategies outlined in section
4.1. The bottom panel highlights DNA methylation-specific limitations and the suggested solutions described in section 4.2. WGBS, whole-genome

bisulfite sequencing.

statistical resampling approaches (eg, bootstrapping,
cross-validation) repeatedly re-fit models on resampled versions
of the data to test how stable the selected features or biomarker
scores are.'"51%2 Third, data augmentation and transfer learning
help when only a few patients are available. Data augmentation
generates realistic synthetic samples from existing data. For
instance, simulated epigenetic datasets have been shown to
improve the detection of meaningful signal changes while
reducing false positives.'** Similarly, an application in medical
imaging has produced high-quality synthetic magnetic reso-
nance imaging scans that enhance model training and support
more reliable clinical interpretation.'* Transfer learning allows
a model that has already learned general molecular patterns
from large public datasets to be adapted to much smaller,
disease-specific cohorts.’»!%%1% In practice, this means the
model needs only a “few examples” from the target disease to

achieve state-of-art performance. This approach helps over-
come data scarcity and enables more reliable biomarker dis-
covery in rare or hard-to-collect patient groups.

Clinical takeaway: By filtering out irrelevant or redundant
data and testing models with different sample sets, these meth-
ods can help ensure that the identified methylation candidate
biomarkers are less likely to be false positives and increase the
chance to be reproduced in other IBD patient groups. This is
important before spending resources on clinical validation or
using candidate biomarkers for trial stratification.

4.1.2. Understanding disease over time: overcoming
limitations of longitudinal studies

Longitudinal cohorts are essential to understand how biomark-
ers change during flares, remission, and treatment. In practice,
however, follow-up is often irregular, patients miss visits, and
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some timepoints are not sampled at all. Naively comparing a
few timepoints can therefore give a misleading picture of dis-
ease trajectories.

Newer approaches address this by explicitly modeling time
as a continuous variable. Methods such as MEFISTO allow
patient samples collected at different clinical timepoints to be
placed along a shared disease trajectory, helping to capture
gradual changes in disease activity and progression over time.'"”
In parallel, imputation methods tailored to longitudinal clinical
and multi-omics data, such as DeepIDA, can infer missing mea-
surements by learning patterns from patients with more com-
plete follow-up.'” This allows all patients to contribute to
trajectory analyses, even when their sampling is sparse.

A complementary strategy uses ordinary differential equa-
tions to describe how biological quantities change over time.
For instance, inflammation-related cell populations can be
modeled as dynamic systems, so that static snapshots from
biopsies or blood are mapped onto inferred disease course.'*%!1?
These approaches make it possible to link isolated timepoints
to an underlying trajectory of worsening or improving disease.

Clinical takeaway: Methods that treat time as a continuous
variable and fill in missing data can allow us to make better
use of imperfect follow-up. This means that, in future, clini-
cians may be able to use just one or a few biomarker measure-
ments to estimate a patient’s risk of flare, like disease course
or need for treatment escalation, even when real-world sam-
pling is irregular.

4.1.3. Heterogeneous disease definitions and clinical
outcome measures

Complex diseases like IBD often consist of multiple heteroge-
neous sub-phenotypes or endotypes with different underlying
biology and treatment responses. Yet, patients are often
grouped using broad clinical labels (eg, “CD” vs “UC”), which
can hide important molecular differences and dilute biomarker
signals.

Unsupervised clustering and related approaches address this
by grouping patients directly on the basis of their molecular
profiles rather than pre-defined labels.!"""!'3 Hierarchical clus-
tering and more advanced methods such as similarity network
fusion create patient-similarity networks from multi-omics data
and identify clusters of patients who share common molecular
patterns.''* Graph-based methods such as MOGONET go a
step further by combining information across several omics
layers.'"> These data-driven clusters can then be related back
to clinical features such as complication rates or treatment
response, revealing more homogeneous subgroups that may
benefit from different management strategies.

A second, closely related problem is the lack of standardiza-
tion of clinical outcomes. Definitions of “response,” “remis-
sion,” or “treatment failure” often vary between studies,
making it difficult to compare or pool biomarker results. Other
fields have demonstrated that consensus outcome sets greatly
improve reproducibility: for example, EuroHeart has standard-
ized cardiovascular endpoints, and perioperative medicine has
harmonized definitions of complications, with clear benefits
for trial comparability."'®'"” Similar efforts in IBD (eg, stan-
dardized endoscopic and composite endpoints, harmonized
ancestry and outcome descriptors) are essential if biomarkers
are to be evaluated across centers and incorporated into
guidelines, 512!

Journal of Crohn's and Colitis, 2026, Vol. 20, No. 5

Clinical takeaway: Using unsupervised, data-driven methods
to group patients, together with standardized outcome defini-
tions, can reveal clinically meaningful IBD subtypes. This may
improve interpretability and facilitate comparison across cen-
ters by anchoring biomarker signals to shared disease categories
with more predictable clinical trajectories and treatment
responses.

4.1.4. Suboptimal biomarker performance

A frequent complaint is that biomarkers discovered in one
study often show limited predictive performance or fail to rep-
licate in independent cohorts. This inconsistency arises primar-
ily due to statistical overfitting, disease heterogeneity, and
reliance on individual molecular markers that lack robust pre-
dictive power.

To address this, many groups now move from single-molecule
markers to network- or module-based biomarkers. Methods
such as WGCNA construct a gene co-expression network (how
strongly genes correlate across patient samples) and identify
modules of genes whose activity rises and falls together across
patients.’” Module-level scores, rather than individual genes,
are then related to outcomes such as disease severity or treat-
ment response. Because these modules capture whole pathways
or cellular programs, they tend to be more stable across data-
sets and platforms. !>

In parallel, feature selection algorithms help identify a
smaller, more robust set of variables that carry most of the
predictive information. Approaches like recursive feature elim-
ination have been used, for example, to prioritize microbial
biomarkers from very high-dimensional microbiome data.'*
Finally, multi-omics integration methods, including DL frame-
works such as GLUE, combine methylation, transcriptomic,
and other data into a joint representation of a cell or patient
state.'?*!?” This can improve biomarker robustness by ensuring
that signals are supported across several molecular layers.

Clinical takeaway: Network-based and multi-omics methods
prioritize pathways and coordinated molecular programs
rather than single markers, which can improve robustness
across cohorts. However, these approaches mitigate, but cannot
fully eliminate, technical variation, and must be paired with
standardized laboratory workflows and prospective
multi-center validation.

4.1.5. Batch effects and data integration

Differences between laboratories, protocols, platforms, and
sequencing runs introduce batch effects that can easily over-
shadow true biological differences. In multi-center studies and
meta-analyses, failing to correct these effects can lead to spu-
rious biomarkers that simply reflect technical variation.

A range of methods now exists to harmonize datasets before
biomarker discovery. Mutual Nearest Neighbours and
Harmony, originally developed for single-cell integration, align
samples or cells across batches by finding those with similar
molecular profiles and adjusting embeddings accordingly.'?%!%’
Probabilistic modeling approaches such as scVI and more clas-
sical tools like ComBat explicitly model batch-specific technical
factors alongside true biological variability.!?*!! Lessons from
single-cell atlas studies emphasize the importance of careful
quality control and integration if combined datasets are to be
used for downstream biomarker work.!3?
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Clinical takeaway: Methods for correcting variations
between different labs, machines, and timepoints can ensure
that biomarker scores mean the same thing wherever and
whenever the test is performed. This consistency is crucial for
turning omics-based research assays into reliable diagnostic
or stratification tools that can be used in routine clinical
practice.

4.2. DNAm data interpretation challenges in IBD

DNAm biomarkers hold significant promise as indicators of
disease state and trajectory. However, their interpretation is
complicated by the complexity of methylation biology and
technical limitations of current measurement platforms. DNAm
is typically quantified as B-values, representing the fraction of
DNA molecules methylated at a specific locus (ranging from 0
to 1). While conceptually straightforward, p-values exhibit
unequal variance across their range: sites that are fully meth-
ylated (B=1) or unmethylated (B=0) tend to have lower vari-
ability, whereas intermediate values (B=0.5) often display
greater variability across samples.® Accurately determining the
significance of B-value changes and their biological relevance
at specific CpG sites requires advanced computational
approaches to account for variance, normalize data, and refine
interpretation, especially when longitudinal stability varies
between loci.

4.2.1. Interpreting genomic context and regulatory functions
of CpG methylation

Assigning functional interpretation to DNAm changes depends
strongly on genomic context. Historically, methylation at CpG
islands within promoters has been straightforwardly linked to
gene repression.® However, interpreting CpG methylation in
intergenic or distal regulatory regions—such as enhancers,
silencers, insulators, or “open sea” regions—remains challeng-
ing. Despite their distance from known transcription start
sites, methylation changes in these regions are known to
impact gene expression, potentially contributing to multiple
diseases.!3%13*

To address this, several enhancer-to-gene (E2G) and
causal-linking frameworks have been developed. They com-
bine DNAm with transcriptomics and chromatin conforma-
tion data (eg, Hi-C) to link methylation changes at distal
regulatory elements to their most likely target genes.'?>'3* For
example, the “activity-by-contact” model integrates epigen-
etic marks with physically chromatin contacts to identify
enhancer—-promoter pairs,’””” and studies have shown that
methylation changes in these regions can alter CTCF binding
and three-dimensional genome architecture that plays a
central role in transcriptional regulation.”® In parallel,
methylation-adapted gene set enrichment analyses correct for
uneven CpG probe distribution and probe multiplicity, allow-
ing pathway-level interpretation that is less biased by array
design. 124138

Clinical takeaway: E2G and methylation-adapted enrich-
ment methods connect changes in DNAm in non-coding
regions to specific genes and pathways. These integrative meth-
ods can allow us to make sense of CpGs that were previously
considered “uninformative.” This may help turn complex data
into meaningful insight about etiology and potential therapeu-
tic targets, ultimately improving the usefulness of methylation
testing in practice.

n

4.2.2. Functional relevance of methylation changes

Not every alteration in DNAm observed in disease contexts
represents a functional or causal change that can be directly
translated to clinical biomarkers. Many simply reflect con-
founding factors such as aging, altered cell-type compositions,
or secondary effects of inflammation, without directly contrib-
uting to disease progression. A critical challenge is therefore
differentiating between biologically relevant “driver” methyl-
ation changes, which actively influence gene regulation or phe-
notypic outcomes, from non-functional “passenger” events.
Integrative computational approaches have become central
in addressing this challenge by linking DNAm data to other
molecular and phenotypic datasets. For instance, integrating
methylation with transcriptomic profiles enables identification
of methylation-driven regulatory events.'3*!*° ML models that
predict clinical features or genomic alterations from DNAm
can further highlight sites with strong predictive value.'*!!#
Correlation network analysis offers additional approaches to
discerning meaningful methylation signatures by identifying
co-methylated CpG modules. Distinct co-methylation mod-
ules linked to biologically relevant traits have been success-
fully characterized in multiple contexts, emphasizing their
value in understanding methylation-driven processes.”'*
Clinical takeaway: Focusing on CpG sites where methylation
changes directly affect gene activity or important clinical fea-
tures can help identify biomarkers that are truly linked to the
disease. This makes it more likely that a methylation pattern
will be stable, will be biologically meaningful, and may be
useful for tracking treatment responses or predicting relapses.

4.2.3. Multi-omics integration with DNAm

DNAm biomarkers are valuable in isolation, but their inter-
pretability and predictive power often improve when integrated
with complementary molecular layers. Multi-omics integration,
however, is inherently challenging because each data type has
distinct data distributions, dynamic ranges, and sources of
technical artefacts,'** but several frameworks have been devel-
oped to address this.

Factor analysis methods such as MOFA identify latent fac-
tors that capture shared biological variation across omics lay-
ers.'” In chronic lymphocytic leukemia, MOFA has been used
to link coordinated changes in DNAm, gene expression, and
mutations to distinct biological programs and clinical risk
groups.'*>'*” Other frameworks, such as similarity network
fusion, construct separate patient-similarity networks for each
omics type and then fuse them into a consensus network that
better reflects overall disease state.''*'*S Approaches like
IntegrAQO and iCluster build on this by accommodating par-
tially incomplete datasets and enabling joint clustering across
modalities, ensuring that integrative analyses remain robust
even with real-world data gaps.'*'*° More recently, methods
such as iPANDDA extend multi-omics modeling further by
identifying combinations of molecular alterations that act
together to drive disease, allowing therapeutic targets to be
prioritized in pairs rather than as isolated markers.

Clinical takeaway: Combining methylation with genetics,
gene expression, and other data in integrated models can link
biomarker signatures directly to druggable pathways and cel-
lular programs. This may help clinicians move from simple risk
scores to practical markers that not only stratify patients but
also suggest which therapies, such as anti-TNF or anti-integrin
agents, are most likely to benefit a given molecular subgroup.
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4.2.4. Platform-related issues and limited interpretability in
bulk and single-cell DNAm data

DNAm profiling traditionally employed either array-based
approaches—such as the Illumina EPIC BeadChip, which
assays a predefined subset of CpGs biased towards CpG-rich
regions'’'—or sequencing-based approaches, like whole-genome
bisulfite sequencing (WGBS),'">!5* offering comprehensive but
uneven genomic coverage. These platform differences introduce
significant technical biases, complicating cross-platform com-
parability and biomarker discovery. For instance, methylation
arrays exhibit probe-specific biases and artifacts, including false
intermediate beta values arising from genomic deletions.
Computational pipelines address these issues by implementing
quality-control pipelines and normalization algorithms, which
leverage out-of-band probe signals to identify hybridization
failures and mask unreliable probes.'**!** In WGBS, coverage
variability poses a substantial analytical challenge, as sparsely
covered CpG sites yield noisy or missing data. Computational
tools have been developed to mitigate this to impute methyla-
tion levels at low-coverage sites based on patterns learned from
higher-quality samples.'*"5” Through such imputation strate-
gies, WGBS data become more robust, enabling improved
cross-sample comparability and more reliable biomarker
identification.

A second limitation is that bulk DNAm profiles average sig-
nals across many cell types, masking cell-type-specific changes.
Single-cell DNAm sequencing (eg, scWGBS, scRRBS, and
snmC-seq) has emerged to address this, but current methods
remain technically challenging, expensive, and sparse. As a
practical alternative, computational deconvolution methods
infer cell-type contributions from bulk methylation data.
Pioneering approaches, such as Houseman’s algorithm, utilize
known methylation reference profiles from purified cell popu-
lations to estimate cell-type proportions.”®!** More recent
reference-free methods simultaneously infer the number and
methylation profiles of constituent cell types directly from bulk
data.’®®e! Alternatively, new methods leveraging complemen-
tary single-cell RNA-sequencing data to infer tissue-specific
methylation references have identified differentially methylated
regions linked to specific cellular subsets.!®?

Clinical takeaway: Cell-type deconvolution methods esti-
mate how different cell types (eg, T cells or epithelial cells)
contribute to overall methylation signals, without requiring
complex single-cell assays. This can enable development of
biomarkers focussed on clinically relevant cell populations,
potentially improving the accuracy and usefulness of tests that
can be performed on standard biopsy or blood samples.

5. Further outlook

The evolution of epigenetic biomarker research in IBD is poised
to benefit from transformative advances at the intersection of
computational science, multi-omics integration, and digitally
enabled clinical care. While IBD remains a complex,
multi-factorial condition with only limited understanding of
its underlying mechanisms, fast developing computational tech-
nologies applied to multi-omics analyses offer an exciting
opportunity to dissect complexity and identify new relevant
correlations and/or mechanistic insights.

Future efforts will probably pivot from retrospective analyses
towards real-time, dynamic monitoring of disease progression
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through longitudinal, high-resolution datasets. In this context,
several key avenues stand out:

Moving beyond isolated molecular layers, the field is set to
adapt integrative frameworks that combine epigenetic profiles
with genomic, transcriptomic, proteomic, and metabolomic
data. The advent of robust multi-modal data fusion
techniques—ranging from advanced network analyses to prob-
abilistic and deep learning models—will enable the construc-
tion of comprehensive disease models. These models are
expected to reveal novel regulatory circuits and critical driver
events, thereby enhancing our ability to predict disease trajec-
tories and therapeutic responses.

Emerging ML paradigms, such as transfer learning, promise
to overcome current limitations imposed by small cohorts and
heterogeneous data sources. By leveraging pre-trained models
on large-scale public datasets and incorporating privacy-
preserving algorithms, these approaches can facilitate cross-
institutional data sharing and collaborative research without
compromising patient confidentiality. Moreover, the integra-
tion of time-series analysis methods will further capture the
dynamic interplay between environmental factors and epigen-
etic modifications.

The convergence of digital health with molecular biomarkers
offers an additional layer of opportunity. Integrating DNAm
signatures with electronic health records, patient-reported out-
comes, imaging, and wearable sensor data could support “dig-
ital twin” frameworks, in which computational models
simulate individual patient trajectories and forecast the impact
of different treatment strategies. In such a setting, DNAm bio-
markers would serve not as standalone tests but as one com-
ponent of a broader decision-support ecosystem.

From a practical perspective, translating DNAm biomarkers
into clinical use will require several concrete steps. First,
pre-analytical variables (tissue type, handling, storage) and
platform-specific biases must be standardized and transparently
reported. Second, candidate signatures should be evaluated
using pre-specified statistical analysis plans in independent,
prospectively collected cohorts, with careful attention to cali-
bration and clinical utility relative to existing tools. Third,
regulatory-grade assays, such as targeted methylation panels
derived from epigenome-wide discovery studies, need to be
developed. Finally, successful implementation will depend on
close collaboration between clinicians, statisticians, and com-
putational scientists to ensure that biomarker models remain
interpretable, align with realistic clinical workflows, and
address questions that matter to patients.

In summary, epigenetic biomarkers in IBD are transitioning
from the discovery phase toward a period of systematic vali-
dation and early clinical testing. Large prospective studies such
as EPIC-CD demonstrate that DNAm-based predictors of treat-
ment response are no longer a theoretical possibility but an
emerging reality. To realize their full potential, future work
must combine rigorous study design, advanced computation,
and thoughtful clinical integration, with the overarching goal
of enabling truly personalized treatment strategies for patients
with IBD.
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