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This paper focuses on celiac disease (CD), an autoimmune disorder characterized by small intestinal enteropathy and gastrointes-
tinal symptoms. The prevalence of CD is rising, and there is a need for prompt and accurate diagnosis. The paper discusses the
challenges in classifying CD and the consequences of delayed diagnosis, including increased morbidity and mortality rates. It also
highlights the Marsh classification, which categorizes CD based on histological characteristics. However, this classification has
limitations, which can lead to misdiagnosis. The emergence of multiomics data and artificial intelligence (AI) is presented as a
potential solution to improve CD diagnosis and management. Multiomics data integration enables a more precise diagnosis, while
AI and machine learning (ML) techniques facilitate the identification of clinically relevant patterns and the development of
diagnostic models. According to the findings, the integration of AI and multiomics data holds transformative potential for the
diagnosis and management of CD, facilitating early diagnosis and personalized treatment strategies. AI-assisted methods, includ-
ing video capsule endoscopy (VCE) analysis, have shown sensitivities exceeding 90%, enhancing diagnostic accuracy while
reducing invasiveness. As novel biomarkers are identified, individualized management approaches can evolve, leading to improved
patient outcomes, though further efforts are needed to standardize these technologies in clinical practice.

Keywords: artificial intelligence; CD; diagnosis; gluten-related disorders; machine learning; multiomics; precision medicine

1. Introduction

Celiac disease (CD), a type of autoimmune disorder, is charac-
terized by small intestinal enteropathy, immunological activa-
tion, gastrointestinal symptoms related to malabsorption, and

the presence of autoantibodies to tissue transglutaminase
(tTG). As CD ismore understood and detected through testing,
its prevalence has been rising recently. Additionally, despite
disease identification, increased prevalence is due to an actual
rise in this immune-based disease [1]. Initially, CDwas thought
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to be a condition that only affected children. Still, it has recently
been discovered that this condition frequently appears in adult-
hood, even in the seventh and eighth decades of life [2]. The
incidence of CD is estimated to be between 0.5% and 1% in the
general population, making it one of the most prevalent auto-
immune diseases [3]. The prevalence rate is 1.4% according to
results from serologic tests and 0.7% based on information
obtained from biopsy [4]. This finding demonstrates that the
diagnostic evaluation via the biopsy test is correct in only
approximately half of the cases, compared to those obtained
with serologic tests. Gastroduodenoscopy is the gold standard
for CD diagnosis and the most citable way for detecting CD,
and this highlights that celiac misdiagnosis is a severe issue.

Recent advancements in artificial intelligence (AI), a field
that encompasses machine learning (ML) and deep learning
techniques, have revolutionized medical diagnostics [5, 6]. AI-
powered tools, such as ML and deep learning models, are
increasingly being applied to analyze complex datasets,
enhance diagnostic accuracy, and predict disease progression.
Nowadays, AI has a promising effect on clinicians’ workflow,
accurate diagnosis, and disease management for patients [7].
For instance, AI has demonstrated remarkable success in med-
ical imaging and diagnostics, enabling early detection of con-
ditions like cancer and neurological diseases through pattern
recognition in radiological and histological data [8]. Notably, in
thyroid cytopathology, quantitative nuclear analysis using AI
has successfully distinguished between papillary thyroid carci-
noma and benign nodules with high accuracy by objectively
measuring subtle morphological features (nuclear area and
elongation) that are challenging for human observers [9]. These
techniques show particular promise for resolving indetermi-
nate thyroid nodule classifications, where AI has demonstrated
improved accuracy and standardization of cytological diagno-
sis [10]. These technologies could address current challenges in
CD diagnosis, such as reducing reliance on invasive procedures
and improving the interpretation of serologic and biopsy
results.

Omics refers to a comprehensive and systematic approach
that encompasses various biological layers, including genomics
(the study of an organism’s complete set of DNA), transcrip-
tomics (the analysis of RNA transcripts), proteomics (the iden-
tification and quantification of proteins), metabolomics (the
study ofmetabolic profiles), andmicrobiomics (the exploration
of microbial communities) [11]. By integrating these diverse
omics data, researchers can obtain a holistic view of biological
processes and disease mechanisms, enabling the identification
of potential biomarkers and therapeutic targets [12].

Precision psychiatry, pharmacology, tumor grading, and
management, such as in the fields of lung, breast, and glioma,
are some areas where AI and multiomics data have made sig-
nificant impacts [13–16]. The integration of AI andmultiomics
data has become a significant strategy in precision medicine. A
ML model analyzing multiomics data from pancreatic ductal
adenocarcinoma patients revealed a high accuracy rate in dis-
ease survival prediction [17]. Additionally, various ML and
deep learning models utilized multiomics data to predict leu-
kemia with an accuracy rate of over 95%, indicating the high
potential of these novel models in patient management and

care [18]. Recently, researchers have utilized new ML and
deep learning models to study CD, which are trained on mul-
tiomics data. The results demonstrate a hopeful future for novel
management and treatment options [19, 20].

Therefore, this review aims to elucidate the challenges
inherent in current CD diagnostic practices, including classifi-
cation difficulties and the consequences of delayed diagnosis,
while highlighting the transformative potential of innovative
methodologies. By emphasizing the integration of multiomics
and AI technologies, we aim to pave the way for personalized
medicine approaches that can significantly improve patient
outcomes in CD management (Figure 1).

2. Methodology

We conducted a literature review using databases such as
PubMed, Scopus, and Google Scholar to identify relevant stud-
ies published up to December 2023. Keywords included “celiac
disease,” “multi-omics,” “artificial intelligence,” “machine
learning,” and “gluten-related disorders.” The inclusion criteria
encompassed peer-reviewed articles, clinical trials, and meta-
analyses that focused on integrating multiomics data with AI
technologies to enhance diagnostic accuracy and treatment
outcomes in CD. Additional articles were identified by search-
ing the reference lists of the included studies.

3. Results

3.1. The Classification Obstacles in CD. From a single perspec-
tive, CD is a subgroup of gluten-related diseases (GRDs) that
encompasses CD, wheat allergy, and non-celiac gluten sensitiv-
ity (NCGS). With a predicted global incidence of nearly 5%,
these subgroups have emerged as a significant epidemiological
phenomenon. Despite the fact that they share comparable clin-
ical signs and specific pathogeneticmechanisms that contribute
to their development, it might be difficult to differentiate
between them [21]. In celiac, gluten-derived peptides cause a
T-cell mediated autoimmune response, and this event occurs in
the small bowel and results in the characteristic enteropathy
and malabsorption syndrome (Figure 2A) [22].

HLA-DQ2 heterodimer is expressed by nearly all (95%) of
CD patients, and HLA-DQ8 is present in the majority of the
remaining cases [23]. Indeed, in 95% of cases, the diagnosis of
CD can be ruled out by their absence. Besides this, the HLA
DQ2 and/or DQ8 genes may be present in up to 50% of NCGS
patients. Additionally, approximately 30% of healthy indivi-
duals exhibit these types of HLAs; therefore, these genes cannot
be used as a distinguishing characteristic between different
types of GRDs [24]. In the absence of CD or WA, patients
with NCGS typically report a range of intestinal and extrain-
testinal symptoms that appear soon after consuming
gluten-containing foods. The current belief is that there is a
nonautoimmune, nonallergic process, even though the patho-
genetic mechanisms triggering the beginning of NGCS are still
far from being fully understood [25]. In patients with CD, the
consumption of gluten can trigger a T-cell-mediated immune
response against tTG, an extracellular matrix enzyme, which
can damage themucosa and ultimately lead to intestinal villous
atrophy [21]. Researchers are still looking at the histologic

2 Analytical Cellular Pathology



Celiac disease

Gluten related diseases

Autoimmune

Allergic

Not autoimmune not allergic

Celiac disease

Gluten ataxia

Dermatitis herpetiformis

Wheat allergy

Gluten sensitivity

1.4% prevalence based on blood tests
0.7% prevalence based on biopsy results

ðAÞ

Celiac mechanism

Gluten

Deaminated
gluten peptides

HLA-DQ2/8

IL-15

Epithelial damage

Gluten and tTG
antibodies

IFNγ, IL-21

B cell

IEL

APC

CD4+

T cell

Lumen of small intestine

Lamina propria

ðBÞ
FIGURE 1: Continued.

Analytical Cellular Pathology 3



features of NCGS, which include reports of what appears to be
regular histology and a modest increase in T cells in the super-
ficial epithelium in normal villi [24]. Opposed to CD, the diag-
nosis of NCGS still faces a significant problem due to the
absence of defined biomarkers; clinical symptoms are vague
and could be mistaken for those of other illnesses, such as
IBS [26]. Recent studies about NCGS’ pathogenesis indicate
that there is a need to find more effective ways of managing
gluten sensitivity-related diseases. The gluten-free diet has
almost no effect on patients’ symptoms, which means the diag-
nosis and management of NCGS should be entrusted to new

methods [27]. Along with these difficulties, it can be quite
challenging for pathologists to make an accurate and timely
diagnosis of CD categorization. An early CD diagnosis is cru-
cial to lowering the risk of cancer, preventing cumulative mor-
bidity and premature death, in addition to improving the
quality of life for patients [28].

3.2. Delayed Diagnosis and Its Consequences. The majority of
research demonstrates a slight increase in morbidity and mor-
tality rates following a clinical CD diagnosis. Patients with CD
have higher standardized mortality ratios, based on both
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FIGURE 1: Schematic representation of key concepts covered in the review. (A) Disease overview and epidemiology, (B) molecular pathogene-
sis, (C) histological classification, and (D) recent advances in multi-omics and artificial intelligence.
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clinical and histological evidence [29]. There was a 2.8-fold
higher risk of death in people with type I diabetes with a con-
comitant diagnosis of CD compared to those who had the
diagnosis for more than 15 years without CD [30]. Addition-
ally, we can mention the benefit of gluten-free diets for auto-
immune thyroid disease accompanied by CD; this means that a
delayed diagnosis of CD may cause delayed benefit of the
gluten-free diet [31]. There are statistical analyses that demon-
strate the prevalence of undiagnosed CD, such as those from
the US cohort research [13], where, surprisingly, 83% of the

cases in this group of people with positive serology had not
been previously diagnosed with CD. According to these figures,
the vastmajority of CD patients in theUS remain undiagnosed.
In addition to this, a recent study from Sweden found that the
median duration from the onset of symptoms to diagnosis was
9.7 years, and the median time from the patient’s first visit to
the doctor to diagnosis was 5.8 years [32]. Some authors have
hypothesized that the long-term dietary consumption of gluten
is a risk factor for developing cancer [33]. This risk is more
significant for gastrointestinal cancers, such as non-Hodgkin

Type 1: infiltrative lesion Type 2: hyperplastic lesion

Type 3: destructive lesion
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Type 4: atrophic lesion

Enterocyte Glandular element CD4+ T cell IEL B cell Plasma cell APC

ðBÞ
FIGURE 2: Different aspects of CD pathology. (A) The Immune Response to gluten in CD. It begins with the incomplete digestion of gluten in
the lumen of the small intestine. Gluten peptides then interact with tissue transglutaminase (tTG), which deaminates them, increasing their
affinity for HLA-DQ2/8 on antigen-presenting cells (APCs). This interaction occurs in the lamina propria, a layer of connective tissue under
the intestinal epithelium. The activated APCs present the deaminated gluten peptides to CD4+ T cells via the T-cell receptor (TCR),
activating these T cells. Subsequently, the activated CD4+ T cells proliferate and produce proinflammatory cytokines, such as IFN-γ and
IL-21. These cytokines contribute to the epithelial damage observed in CD and the production of autoantibodies against gluten and tTG. (B)
The progressive stages of intestinal damage in CD. The histological changes in the small intestine associated with CD are classified into four
types of lesions. Type 1 is an infiltrative lesion characterized by increased intraepithelial lymphocytes (IELs) but with normal villous
architecture. Type 2, the hyperplastic lesion, shows increased IELs and crypt hyperplasia. Type 3, the destructive lesion, exhibits a more
pronounced increase in IELs, crypt hyperplasia, and villous atrophy. Lastly, Type 4, the atrophic lesion, is marked by total villous atrophy and
crypt hyperplasia. The different cell types involved in the immune response, such as enterocytes, glandular elements, CD4+ T cells, IELs, B
cells, plasma cells, and APCs, are color-coded and listed at the bottom for reference.
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lymphoma and small bowel carcinoma [34]. Moreover,
patients with CD who remain untreated are more likely to
develop lymphoma [35]. In combination, these results under-
score the importance of early diagnosis for enhanced patient
management in CD. A precise puzzle-like reconstruction of the
clinical, serological, genetic, and histological aspects is neces-
sary for a proper diagnosis of CD [36].

3.3. Marsh Classification. Based on histological characteristics,
CD is split into different diagnostic groups using the Marsh
classification. FollowingMarsh’s initial definition, the spectrum
ofmucosal pathology in CDhas undergone several revisions by
Oberhuber, Corazza, Villanaci, and eventually Ensari [37]. The
most popular approach is the Marsh-Oberhuber classification;
however, no method is used universally [38]. The Marsh-
Oberhuber classification outlines five distinct types of small-
intestinal mucosal injury associated with CD: Type 0 is charac-
terized by normal mucosa with fewer than 30 intraepithelial
lymphocytes (IELs) per 100 enterocytes. Type 1 features nor-
mal villous architecture with increased IELs (≥30 per 100
enterocytes). Type 2 combines infiltrative changes with crypt
hyperplasia, alsomaintaining normal villous architecture. Type
3 is the destructive type, subcategorized into three groups based
on the severity of villous atrophy: Type 3a displays mild atro-
phy, Type 3b shows marked atrophy, and Type 3c indicates
total atrophy. Finally, Type 4 represents a rare atrophic pattern
with only a few crypts and near-normal IEL counts, typically
associated with more severe conditions like refractory sprue or
enteropathy-associated T cell lymphoma (Figure 2B) [36, 39].
Similar to other categorization, this one has issues such as the
failure to adequately explain the condition of the majority of
patients, who frequently come with milder lesions lacking of
“atrophy.” In fact, pathologists may easily ignore small mucosal
abnormalities, and when they are discovered, they may be
connected to various disorders in addition to CD [37]. Since
the diagnosis of theMarsh classification depends on the pathol-
ogists’ final decision, and they may have differing perspectives
on the same results, the possibility of misdiagnosis is extremely
high. For instance, a study revealed that different pathologists
within the same department hadmore agreement about biopsy
evaluation than other pathologists from separate hospitals.
These results highlight the impact of local procedures on the
accuracy of the pathological diagnosis and also show that
pathologists may arrive at different conclusions based on the
same information across different centers. Therefore, it can be
extremely useful to apply a method that minimizes human
error or interpretation differences by also using today’s knowl-
edge of multiomics data and AI.

3.4. The Emergence of Multiomics and AI. The data sets com-
ing from several omics analyses can be grouped during the
analysis step and analyzed jointly. This concept is generally
referred to as “multiomics.” Genomics, transcriptomics, meta-
bolomics, proteomics, microbiomics, and radiomics are the
most commonly applied omics groups in multiomics studies.
Each group of omics data often provides a list of categories
related to the different conditions. These findings can be
used to identify illness-related biological pathways or processes
as well as to shed light on how the disease and control groups

differ from each other [40, 41]. These groups of omics can
provide a better understanding of the image signals of the
tumor microenvironment, [42] the function of genes, and their
relationship with various diseases [43], as well as metabolic
pathways that can be manipulated for health benefits [44].
According to research findings, the development of CD
requires both a genetic susceptibility and the effects of gluten
consumption, but neither alone is sufficient to induce CD [45].
This suggests that exposure to other environmental factorsmay
also be necessary for the development of CD, which can alter
gene expression and subsequently protein levels (through tran-
scription and translation effects). Multiomics provides a plat-
form to consider all these factors simultaneously.

In addition to thismultiomics approach, which can provide
more focused data for a more precise diagnosis, AI, a general
term that denotes the use of computers to model intelligent
behavior, can minimize the need for human intervention [5].
AI affects three levels of medicine. First of all, clinicians can
have a rapid image interpretation and diagnosis. Then, patients
can access all the data that they need to improve their health
condition. Also, the health system’s workflow improves [7]. AI
and ML are both able to identify clinically relevant patterns,
which will lead to the stratification of patients and provide a
pathway for care, estimation of diseases, diagnosis, and man-
agement of illnesses. Due to the complex nature of data man-
agement in ML, it can be applied in biomedical research,
precision medicine, and computer-aided diagnosis to enhance
the global healthcare system [46].

The emergence of multiomics technologies has enabled
researchers to access multilayered information about the
genome, proteome, transcriptome, metabolome, and micro-
biome. These multidimensional data can be processed by AI
in a health system, such as the cancer field, to develop precision
medicine [12]. The role of ML in proteomics studies is becom-
ing increasingly significant, which means an improvement in
the quality and reliability of proteomics analysis [47]. Recent
studies have demonstrated the advancement of radiomics anal-
yses using AI, which leverages computed tomography (CT)
scans, magnetic resonance imaging (MRI), and positron emis-
sion tomography (PET) scans. The integration of radiomics
and AI can help radiologists predict a patient’s future condition
[48].

Hence, integrating AI and multiomics data analysis can
enhance the clinician’s ability to comprehend and manage dis-
eases like celiac.

3.5. AI and Multiomics Trace in CD. AI has revolutionized the
field of medical diagnostics, bringing significant changes to the
ever-changing landscape. This technological advancement has
had a particularly transformative effect on complex diseases,
such as CD (Figure 3 and Table 1).

Traditionally, diagnosing CD has been challenging, requir-
ing invasive upper digestive endoscopy and histological assess-
ment of duodenal biopsies. These procedures not only cause
discomfort and carry risks for patients, but they also add an
additional task to the already laborious diagnostic process.
However, the adoption of capsule endoscopy (CE) has led to
a paradigm shift in the diagnostic journey for CD. By providing
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high-quality, magnified images of the small bowel mucosa, CE
offers a noninvasive alternative to traditional methods. Several
computer-assisted systems are utilizing neural convolutions to
analyze images from endoscopes, aiming to improve the speed
and accuracy of diagnosing CD. This approach has the poten-
tial to transform diagnostic processes, offering both time-
saving and risk-reducing benefits. The development of these
systems began in 2008 and has since seen over 50 publications
exploring various techniques, such as spatial, transform, scale-
invariant, and spatio-temporal methods [69]. However, the real
game-changer emerged when AI, ML, and deep learning were
integrated, tapping into the immense computing capabilities of
graphics processing units to process the massive volume of
digital images and medical records produced in the medical
imaging field [70].

For example, the study by Ciaccio et al. [49] aimed to
classify video CE (VCE) images to distinguish between CD
patients and controls using quantitative image analysis. The
AI models employed included a threshold classifier and an
incremental learning classifier, both based on grayscale bright-
ness and texture features extracted from 10× 10-pixel subi-
mages. The dataset consisted of 11 celiac patients and 10
controls, with 200 images per videoclip analyzed across five
small intestinal regions. Validation was performed using a split
of exemplar (training) and test sets, achieving sensitivities of
80%–88% and specificities of 80%–96%. Key limitations
included the small sample size, exclusion of clips with excessive
fluid/bubbles during training, and the manual selection of

features and classifiers. Heterogeneity in CD presentation
(e.g., patchy villous atrophy) may also affect generalizabil-
ity [49].

Furthermore, the study of Wang et al. [50] proposed a
novel block-wise channel squeeze and excitation (BCSE) mod-
ule integrated into ResNet50 and Inception-v3 for CD diagno-
sis using VCE images. The dataset comprised 2140 images
(1040 CD, 1100 controls) from 12 patients and 13 controls,
which is relatively small and may limit generalizability. Valida-
tion used 10-time 10-fold cross-validation, demonstrating high
accuracy (95.94%) but with potential overfitting risks due to
limited patient-wise diversity [50].

Also, a group of researchers trained a ML model using the
cases of biopsy-proven CD patients to measure the severity of
CD. The MLA was trained on 334,080 frames from 35CD
patients and validated on 63 patients. The MLA showed strong
agreement with experts (Krippendorff’s α >0.8). Overall, the
variability among experts in assessing CD severity, based on
years of experience, highlights the need for a standardized
diagnostic and monitoring ML model [51].

Another groundbreaking study has revealed an innovative
approach for diagnosingCD. Stoleru and colleagues proposed a
non-deep learning approach using modified Sobel and custom
filters to detect CD from VCE images, focusing on texture
analysis and artifact detection (e.g., mucosal atrophy and
cracks). The dataset comprised 109 videos (45 healthy, 65
CD) from the PillCam SB3, split into 51 training, 51 test, and
seven real-time validation videos. Validation used standard

Genomics

EpigenomicsMetagenomics

Metabolomics

Proteomics

Transcriptomics

Samples Multiomics and AI AI algorithms Precision medicine

CD patients

Systems
biology

FIGURE 3: Artificial intelligence and multiomics in CD. The process of integrating multiomics data and artificial intelligence (AI) to advance
precision medicine, particularly in the context of celica disease (CD) patients. Biological samples, such as blood, are collected. These samples
undergo various types of “omics” analyses, which include genomics, epigenomics, transcriptomics, proteomics, and metabolomics. The
interconnections among these omics-based techniques are depicted, emphasizing a systems biology approach. This multiomics data is then
processed and analyzed using AI, shown as a computer performing complex analyses. The AI algorithms are visualized as a network of
interconnected nodes, which represent the machine learning process. This may involve clustering or classifying patients based on the omics
data. The output of the AI algorithms is used in precision medicine. A group of people is shown, with some individuals highlighted,
representing the identification of CD patients from a larger population. This stratification leads to personalized treatment pathways, as
indicated by the different pills and their corresponding matches to the patients.
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performance metrics, achieving 94.1% accuracy with linear
SVM. What is even more remarkable is that this level of accu-
racy rivals that of more complex algorithms, proving that
computer-assisted diagnosis of CD is possible without the
need for costly equipment or lengthy processing [52].

In another investigation, a ResNet-50-based deep learning
model was developed to classify CD from duodenal biopsy
slides (gold standard). The dataset comprised 1230 whole-slide
images (from 1048 patients), split into 1018 training images
and 212 test images. The model achieved high accuracy (95.3%
for CD) but was trained on single-center data (Dartmouth-
Hitchcock Medical Center), risking bias. Limited samples for
nonspecific duodenitis (64 slides) reduced performance for this
class (F1:81%) [53].

The study by Koh et al. [54] aimed to automate the detec-
tion and classification of CD using duodenal biopsy images
graded by Marsh scores. The researchers employed conven-
tional ML techniques, including Random Forest, SVM, KNN,
Adaboost, Bagged Trees, andDiscriminant Subspace classifiers,
combined with Steerable Pyramid Transform for feature
extraction. The dataset consisted of 120 biopsy images (82
fromCeD patients and 38 controls) acrossMarsh I-IIIC grades.
Validation was performed using 10-fold cross-validation. The
model achieved strong performance with 88.89% accuracy for
H&E stained images, 82.92% for RGB images, and 72% for
multiclass classification [54].

Additionally, Syed et al. [55] developed a convolutional
neural network (CNN) to differentiate duodenal biopsies
from children with environmental enteropathy (EE), CD, and
healthy controls. The dataset included 3118 images from 102
patients, with 10-fold cross-validation used for model evalua-
tion. The CNN achieved 93.4% case-detection accuracy and a
false-negative rate of 2.4%, with most misclassifications occur-
ring between CD and healthy biopsies. A deconvolutional neu-
ral network (DNN) was paired with the CNN to identify
microlevel features, such as secretory cell alterations, aiding
in disease differentiation [55].

The study by Gruver et al. [56] aimed to develop
pathologist-trained ML classifiers to objectively quantify CD
features (villus blunting, IELs, and crypt hyperplasia) in duo-
denal biopsies. The dataset size was limited (116 biopsies total,
with only 10 used for training), and class imbalance was noted
(e.g., few Type 2/3c cases). Validation relied on correlation with
manual Marsh scores and paired pre- and post-diet biopsies,
achieving 96.4% alignment in response assessment. However,
the DenseNet2 CNN model’s performance was influenced by
biopsy orientation and sample quality, and the weakest corre-
lation was observed for crypt hyperplasia (p¼ 0:1369), mirror-
ing known challenges in manual scoring [56].

Beyond imaging, advancements in AI are extending to
serological or genetic diagnosis. For instance, Choung et al.
[57], employed a fluorescent peptidemicroarray platform com-
bined with ML models (random forest and support vector
machines [SVM]) to identify immunogenic epitopes of the
tTG-DGP complex for CD diagnosis and monitoring, using
serum samples from 90 CD patients and 79 healthy controls
in the discovery cohort and validating findings in 82 newly
diagnosed CD patients and 217 controls. Through principal

component analysis (PCA) and hierarchical clustering for fea-
ture selection and SVM modeling for classification, the study
demonstrated that tTG-DGP neoepitopes achieved exceptional
diagnostic accuracy (99% sensitivity, 100% specificity), signifi-
cantly outperforming traditional serologic tests (tTG-IgA/
DGP-IgA), while also revealing a strong correlation between
antibody-binding intensity and disease activity, with the high-
est levels in untreated CeD (32.5Æ 16.4 units) suggesting these
neoepitopes could serve as novel biomarkers for both diagnosis
and monitoring of mucosal healing [57].

Shemesh et al. [58] investigated the stratification of CD
patients and healthy controls by analyzing naïve B-cell receptor
repertoires. The study employed logistic regression with ran-
dom forest for feature selection, focusing on CDR3 sequence
clusters and biophysicochemical properties. The dataset
included 92 samples (48 CeD patients and 44 controls) of naïve
BCR heavy and light chains. Validation was performed using a
20% holdout approach with 1000 iterations. The model
achieved an F1-score of 85% when combining data from
both heavy and light chains. The research identified disease-
associated BCR clusters with enriched V and J genes (such as
IGHV1-18 and IGHJ3) and distinct 3-mer motifs, suggesting a
possible genetic predisposition component in the development
of CD through BCR-encoding genes [58].

In a study by dos Santos et al. [59], the goal was to develop
an automated, observer-independent approach for classifying
IgA endomysial antibody (EmA) test results for CD using ML,
thereby addressing the subjectivity and labor intensity of man-
ual evaluation. The researchers employed an SVM model with
AdaBoost ensemble learning, utilizing a multiscale, rotation-
invariant co-occurrence local binary pattern feature descriptor
to analyze 2597 high-quality EmA test images classified into
four categories: positive, negative, IgA deficient, and equivocal.
The dataset was validated through expert evaluation and
10-fold cross-validation, with supplemental random under-
sampling to address class imbalance. The primary model
achieved a sensitivity of 82.84%, specificity of 99.40%, accuracy
of 96.80%, and AUC values ranging from 99.61% to 100%
across classes, with a mean processing time of 16.11 s per
image. Limitations included class imbalance (e.g., only 0.5%
IgA-deficient samples) and dependence on image quality [59].

The study by Carreras [60] aimed to predict andmodel CD
using an autoimmune discovery gene panel and AI techniques,
with a focus on identifying pathogenic genes such as BTLA.
The research employed multiple ML and neural network mod-
els, including C5, logistic regression, Bayesian networks, dis-
criminant analysis, KNN, LSVM, random trees, SVM, Tree-AS,
XGBoost (linear and tree), CHAID, Quest, and C&R tree, as
well as a multilayer perceptron neural network. The dataset
consisted of gene expression profiles from 48 duodenal biopsies
(26CD patients and 22 controls) obtained from the publicly
available GSE164883 dataset. Validation was performed
through conventional bioinformatics, gene set enrichment
analysis (GSEA), and immunohistochemical confirmation of
BTLA protein expression in an independent series of 16CD
patients and 16 controls. The AI models achieved high predic-
tion accuracy (95%–100%) in classifying CD, with key findings
including the identification of immune checkpoint and
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immuno-oncology-related genes such as CASP3, CD86,
CTLA4, FASLG, GZMB, IFNG, IL15RA, LAG3, and BTLA.
The study also validated BTLA overexpression in CD at the
protein level, linking it to inflammatory cells in the lamina
propria [60].

Multiomics represents a comprehensive domain in bio-
medical research that covers a broad spectrum of biological
levels, ranging from genomics to advanced layers such as pro-
teomics and metabolomics, along with the intricate interplay
between these levels. The fundamental feature of this expansive
area of study is its intellectual intricacy, underscoring the
importance of streamlining complexity to comprehend biolog-
ical systems better. The development of advanced computa-
tional methods for managing multiomics data has opened up
a new realm of research possibilities. These cutting-edge meth-
ods have not only fueled fundamental biological investigations
but also hold promise for potential use in drug development
and molecular systems engineering, particularly in complex
conditions such as cancers. These advancements have paved
the way for the realization of personalized medicine [71].

Numerous initiatives have been undertaken in multi-omics
analysis concerning CD. Through an ongoing prospective
study and multiomics analysis, researchers aimed to thor-
oughly investigate the impact of genetic and environmental
risk factors on the longitudinal development of gut microbiota
in infants who are at risk for developing CD. This includes
examining potential triggers, such as gluten, before introducing
solid foods. These analyses have revealed a range of microbial
species, functional pathways, and metabolites, some of which
have been linked to inflammation or immune system issues,
while others are newly reported and may be specific to CD.
This groundbreaking study provides unprecedented insights
into significant taxonomic and functional shifts in the evolving
gut microbiota of infants at risk of CD, establishing links
between genetic and environmental risk factors and detrimen-
tal immunomodulatory and inflammatory effects throughmul-
tiomics analysis [45]. Additionally, a longitudinal multiomics
analysis of irritable bowel syndrome (IBS) diseases, encompass-
ing CD patients, sought to explore the microbiome, metabo-
lome, and epigenome of the subjects. The data identified a
consistent elevation of the bacterial metabolite tryptamine in
all IBS patients, stimulating colonic mucosal secretion and
immune activation through inflammatory-related pathways
[72, 73].

Classifying immune-related genes with different ML mod-
els has demonstrated the appropriate drug option for each
group of celiac patients. Dysregulated immune-related genes,
such as MR1, CCL25, and TNFSF13B, have been identified in
CD using ML algorithms. Then, another artificial neural net-
work (ANN) was designed to assess the diagnostic validity of
these hub-immune-related genes. Comprehension of the exact
pathway of celiac-related gene expression has led to the discov-
ery of potential therapeutic options [20].

The integration of AI with multiomics data presents trans-
formative potential that extends beyond improved diagnostics
to fundamentally reshape treatment paradigms [74]. These
technologies enable a precision medicine approach by identify-
ing distinct patient subgroups based on molecular signatures,

predicting individual treatment responses, and uncovering
novel therapeutic targets [75]. For instance, ML analysis of
genomic, proteomic, and metabolomic profiles could guide
dietary modifications beyond gluten-free diets or identify can-
didates for emerging therapies like tight junction regulators or
transglutaminase inhibitors [76].

For instance, a recent study applied ML to predict clinical
outcomes in potential CD, advancing precision medicine
approaches. In this study, four ML models were trained to
predict the grade of villus atrophy based on serological and
molecular markers. Anti-transglutaminase IgA, HLA-DQ2,
and HLA-DQ8 were the primary positive markers. IL-2, IL-
12, IL-21, and anti-endomysial antibodies were also used to
train the ML models. Family history of thyroiditis and height
of villi in the first biopsy were taken into account. The accuracy
rate of all models was above 75% which indicates the high
predictive potential of integrating multiomics and ML[77].

The multiomics analysis of CD offers a more comprehen-
sive understanding of the pathways dysregulated in this condi-
tion. Therefore, the clinicians and pharmacologists could work
on better therapeutic interventions than a gluten-free diet. Pro-
lyl endopeptidases (PEP) are the enzymes that detoxify dietary
gluten. Sphingomonas capsulate PEP (SC PEP) is one of the
peptidases that was redesigned using ML and physical param-
eters in Xiao’s study to be a more effective therapeutic option
for CD patients. M-24 and EP-B2 combination with SC PEP is
a new mutant of SC PEP designed by a ML model considering
the environmental conditions of the digestive system and
patients’ HLA DQ2 or HLA DQ8 positive antigen-presenting
cells to help CD patients [19]. More studies evaluating the
redesign of enzymes and proteins using multi-omics and AI
can yield promising results for treatment.

4. Conclusions

The integration of AI and multiomics data holds transforma-
tive potential for CD diagnosis and management. As these
advancements continue to progress, their integration into per-
sonalized tools, early diagnosis, novel drug development, treat-
ment customization, and long-term complication prediction,
like osteoporosis and lymphoma, will likely shape a future
where individuals with CD can lead healthier, more resilient
lives. Our review highlights substantial advancements in both
diagnostic accuracy and patient care, driven by innovative ML
and deep learning techniques applied to multiomics profiles.
Notably, AI-assisted methods, such as VCE analysis, have
shown sensitivities exceeding 90%, facilitating more timely
diagnoses while reducing the invasiveness associated with tra-
ditional biopsy procedures. Studies demonstrate that AI can
significantly enhance the interpretation of complex datasets,
leading to precise identification of CD and stratification of
patients based on their response to gluten exposure. Further-
more, the emergence of novel biomarkers through multiomics
analysis underscores a promising shift towards a more individ-
ualized approach to CD management. These biomarkers not
only aid in diagnosis but also enable monitoring of disease
progression and response to dietary interventions, ultimately
improving patient outcomes.
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While AI and multiomics hold great potential for improv-
ing CD management, significant challenges must be overcome
before these approaches can be widely adopted in clinical prac-
tice. One major obstacle is the difficulty of integrating these
technologies into routine healthcare workflows, as many med-
ical centers lack the necessary infrastructure to handle large-
scale genomic data or AI-based analysis tools. For clinicians to
adopt these methods, the systems must be user-friendly and
compatible with existing electronic health records. Cost is
another critical factor, as healthcare institutions, especially
those with limited resources, will need clear evidence that these
technologies provide sufficient benefits to justify their expense.
Data privacy and security remain pressing concerns, particu-
larly when handling sensitive genetic and health information,
which requires strict adherence to regulations such as the Gen-
eral Data Protection Regulation (GDPR) and the Health Insur-
ance Portability and Accountability Act (HIPAA).

Additionally, regulatory frameworks for AI-driven diag-
nostics are still evolving, and more straightforward guidelines
from agencies such as the Food and Drug Administration
(FDA) and the European Medicines Agency (EMA) will be
necessary to ensure these tools meet clinical standards. Stan-
dardization is another key challenge, as differences in data
collection, analytical methods, and interpretation across plat-
forms may lead to inconsistent results between institutions. To
address these barriers, collaboration among researchers, clin-
icians, policymakers, and industry will be essential to establish
reliable protocols, demonstrate real-world effectiveness, and
ensure these innovations can be confidently integrated into
patient care.

Nomenclature

AI: Artificial intelligence
ANN: Artificial neural network
BTLA: B and T lymphocyte-associated
CD: Celiac disease
CDSS: Clinical decision-support system
CE: Capsule endoscopy
CNN: Convolutional neural network
CT: Computed tomography
DGP: Deamidated gliadin peptides
EmA: Endomysial autoantibody
GRDs: Gluten-related diseases
GSEA: Gene set enrichment analysis
H&E: Hematoxylin and eosin
IBS: Irritable bowel syndrome
IEL: Intraepithelial lymphocyte
ML: Machine learning
MRI: Magnetic resonance imaging
NCGS: Non-celiac gluten sensitivity
PEP: Prolyl endopeptidases
PET: Positron emission tomography
RGB: Red-green-blue
SC PEP: Sphingomonas capsulate PEP
tTG: Tissue transglutaminase.
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