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Abstract

Various extrinsic and intrinsic factors such as drug exposures, antibiotic treatments,
smoking, lifestyle, genetics, immune responses, and the gut microbiome characterize
ulcerative colitis and Crohn's disease, collectively called inflammatory bowel disease
(IBD). All these factors contribute to the complexity and heterogeneity of the dis-
ease etiology and pathogenesis leading to major challenges for the scientific com-
munity in improving management, medical treatments, genetic risk, and exposome
impact. Understanding the interaction(s) among these factors and their effects on
the immune system in IBD patients has prompted advances in multi-omics research,
the development of new tools as part of system biology, and more recently, artificial
intelligence (Al) approaches. These innovative approaches, supported by the avail-
ability of big data and large volumes of digital medical datasets, hold promise in
better understanding the natural histories, predictors of disease development,
severity, complications and treatment outcomes in complex diseases, providing
decision support to doctors, and promising to bring us closer to the realization of
the “precision medicine” paradigm. This review aims to provide an overview of
current IBD omics based on both individual (genomics, transcriptomics, proteomics,
metagenomics) and multi-omics levels, highlighting how Al can facilitate the inte-
gration of heterogeneous data to summarize our current understanding of the
disease and to identify current gaps in knowledge to inform upcoming research in
this field.

KEYWORDS
artificial intelligence, Crohn's disease, deep learning, genes, genetics, inflammatory bowel
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INTRODUCTION

Inflammatory bowel disease (IBD) is a class of chronic inflammatory
disorders of the gastrointestinal tract characterized by heteroge-
neous phenotypes, namely ulcerative colitis (UC)* and Crohn's dis-
ease (CD)> which exhibit consistent differences in clinical
presentation and behavior, likely explained by variations in under-
lying pathogenetic mechanisms.

Over the past few decades, IBD has emerged as a global disease
with an increasing incidence worldwide associated with increased
morbidity, mortality, and substantial costs to the healthcare system.®

Various extrinsic and intrinsic factors characterize IBD, such as
drug exposures, antibiotic treatments, smoking, lifestyle, genetics,
immune responses and the gut microbiome.*"** All these factors
contribute to the complexity and heterogeneity of the disease eti-
ology and pathogenesis,’?>"*° leading to major challenges for the
scientific community in improving management, medical treatments,
estimating genetic risk, and exposome impact on the evolution of the
disease.

Understanding the interaction(s) among these factors and their
effects on the immune system in IBD patients could better explain
these complex diseases. This prompted advances in multi-omics
research?® and the development of new tools as part of system

biology”~2°

and, more recently, approaches based on artificial in-
telligence (Al) techniques. Innovations in experimental and compu-
tational methodologies along with data generated by consumer-level
technologies employed in daily life?! have ushered in a new era of
“big data” research enabling a better understanding of the natural
histories, predictors of disease development, severity, complications,
and treatment outcomes.??"2* Promoted by the availability of large
volumes of digitized medical datasets and by the advanced compu-
tational tools required for complex pattern-recognizing data, Al could
be the key in the management of complex multifactorial diseases
such as IBD. This consideration is encouraged by the promising re-
sults that Al has made it possible to obtain for other diseases,
particularly cancers?®> and immune-mediated diseases,?® where the
use has certainly been more extensive than for IBD. The concept of
Al revolutionizing medical practice is gradually gaining traction to
provide decision support to medical experts, to analyze large and
complex datasets, and to boost healthcare research, bringing us
closer to the realization of “precision medicine.”?®

The IBD emerges as one of the most studied from various omics
perspectives and with different analytical tools. Numerous genomic
studies have identified common and rare genetic variants associated
with CD and UC, although they have not yet provided definitive clues
to the etiology, pathogenesis, localization, diagnosis, or
therapy.’27-2 Consequently, scientific evidence is still lacking
regarding the feasibility of obtaining practical guidelines for diagnosis
or therapy solely through genetic evaluation independent of other
factors.>® To address this challenge, there is increasing interest in
leveraging Al as an investigative tool in IBD research. This review
aims to provide an overview of current multi-omics IBD studies in-

tegrated with computational methods, highlighting how Al can

facilitate the integration of heterogeneous data to attain greater

clinical and therapeutic benefits in the near future.

METHODS

This narrative review was conducted using the free Pubmed
database from 2010 to 2024 employing mesh terms related to the
disease under examination, such as “inflammatory bowel disease,”
“ulcerative colitis,” and “Crohn's disease,” separated by the Boolean
operator “OR” and combined with the Boolean operator “AND”

with mesh terms related to Al tools, such as “artificial intelligence,”

» o« » o«

“machine learning,” “deep learning,” “artificial neural networks,”

» o«

“random forest,” “decision trees,” and “computational methods.”
This initial research permitted the retrieval of all studies on the
understanding and prediction of IBD presence or features using Al
strategies. Additional mesh terms, such as “omics,” “genomics,”

PG

“transcriptomics,” “proteomics,” and “metabolomics,” separated by
the Boolean operator “OR,” were included. Lastly, other terms,
such as “multiomic approach,” “multiomic integration,” and “mul-
tiomics strategy” were incorporated to identify works concerning
the integrative analysis of various omics. Studies on Al applications
not related to omics and multi-omics analyses in the field of IBD
were excluded from this search, for example, studies of automatic
image analysis for endoscopic, histological, or radiographical
evaluations.

Regarding the collected studies, there were no restrictions on
the number of subjects, type of Al strategy, and type of omics

analyzed.

ARTIFICIAL INTELLIGENCE

Al is a broad and multidisciplinary field that encompasses concepts
from computer science, engineering, philosophy, and linguistics,>*
including specific subsets namely machine learning (ML) and deep
learning (DL) (Figure 1).

Its goal is to understand and design systems capable of per-
forming tasks and solving problems that typically require human in-
telligence and decision-making.3?

Al in medicine has evolved significantly since its inception in the
1950s, with notable advancements in the early 2000s due to DL, its
applications in gastroenterology, particularly in endoscopy, began
gaining traction around 2020.%°

Al holds the ambition to revolutionize medical practice, partic-
ularly in managing complex diseases influenced by numerous inter-
connected biological components and events that traditional tools
struggle to resolve.** Through Al, the analysis of big data can aid
expert physicians in decision-making and uncover insights into
multifactorial diseases.

For effective utilization, Al tools must logically acquire, store, and
organize information, characterizing relationships within the

context.®> To mimic human-comparable understanding, judgment,
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FIGURE 1 Typical graphical representation of primary concepts of artificial intelligence and their historical appearance. Al, artificial

intelligence; ML, machine learning.

and prediction, Al relies on electronically stored data and analytical
capabilities to discern patterns associated with clinical or patholog-

ical traits.

Machine learning

While “human physicians” continually improve their performance
based on acquired knowledge and previously made errors that guide
them in making clinical decisions, ML allows them to integrate in their
mental process the results stemming from models of interaction
among variables obtained from large datasets provided as input.®®
Such data or features are annotated with labels or classifications and
can include clinical findings, research results, expert measurements
conducted by physicians, and even physiological processes.

ML algorithms have the ability, based on previous experiences, to
self-improve through training, which can occur principally in three
ways: supervised, unsupervised, and reinforcement learning®¢
(Figure 2).

Supervised learning entails training ML models using human-
labeled input-output pairs to determine outputs for unlabeled in-
puts. This method often requires a large amount of labeled training
data to generate meaningful predictions.®”

With the aid of unsupervised learning algorithms, computers
autonomously recognize associations or patterns in the data without
relying on predefined labels. This method is particularly useful for
uncovering underlying patterns within the data. Due to the absence
of labels, unsupervised methods can be more computationally

complex.3®

Reinforcement learning is a learning process in which decision-
making processes are directed toward achieving a given goal
through interaction with the environment. In this framework, the
machine does not receive explicit instructions on what to do but
learns through trial and error, discerning which actions yield the
greatest reward based on the context in which it finds itself.>?

Machine learning process

A standard ML process consists of five main steps: (I) data collection
from various sources, (Il) data cleaning and feature engineering, (l11)
model assembly with the right ML algorithm selection, (IV) model
evaluation, and (V) model deployment, as shown in Figure 3.
However, several critical aspects need to be carefully evaluated
when employing Al. In particular, model selection is an essential
aspect because depending on the problem (classification, regression,
clustering, etc.) or the dataset characteristics (type and number of
features, number of instances, codependency among features, etc.), a
specific algorithm may perform better than others. The choice of the
algorithm should aim to capture the underlying patterns in the data,
avoiding the model to perform too well on the training data and to
generalize poorly to new unseen ones (overfitting) or, for the sake of
generalizability, to fail to effectively learn the patterns in the data,
thus behaving poorly in both the training and unseen inputs
(underfitting). Achieving a balance between model complexity and
performance with unseen data is crucial for the success of Al appli-
cations and the specific predictive model.*® Examples of different

algorithms will be deeply discussed in the next paragraphs.
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FIGURE 2 Classification of machine learning approaches and their common algorithms.
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FIGURE 3 The five steps in the ML workflow: data acquisition, data cleaning, model construction and training, model evaluation, and
deployment. During the construction of the model, an optimal ML algorithm is selected based on the training dataset and the problem to
resolve. This algorithm allows the model to learn and predict behaviors. After the model is trained, its performance is evaluated to test and
validate the model itself. If the predictive outcomes are not satisfactory, the model should be further improved by giving feedback in the step
“model construction and training”, which allows adjustments of some parameters/features. In some cases, it may be required to return to the
“data acquisition” step to modify the data entering the ML process. ML, machine learning.

Finally, performance evaluation is key in assessing the effec-
tiveness of Al models and various metrics, such as the area under the
receiver operating characteristic curve (AUROC), precision, recall, F1
score, accuracy, sensitivity, specificity, and mean error are commonly
used for this purpose.** Overall, careful consideration of data type,
model selection, and performance evaluation is essential to ensure
the effectiveness and reliability of Al-based solutions, being these
aspects still subjects of debate in the literature if Al tools are

intended to be used in clinical practice.*?

Deep learning

DL represents both a subset and an evolution of ML, as it emulates

neural interactions in the human brain through artificial neural

networks (ANNs) and convolutional neural networks (CNNs).*3
These computational structures are composed of multiple percep-
trons or “neurons” organized in layers, which autonomously process
input data to identify predictive factors for specific outcomes. A key
feature of DL is the development of multiple levels of abstraction,
which enhances its power. The artificial neurons incorporate
nonlinear activation functions to regulate the signals transmitted to
subsequent layers, called “hidden layers”, and finally give an output.
In this case, the entire system is the “model”. During the training
process, the model parameters are iteratively adjusted to optimize
an objective function often linked to prediction confidence.*® This
iterative adjustment involves successive transformations that
amplify essential aspects of the input data, enhancing the model
discrimination power. As a result, DL can effectively handle more

complex and intricate datasets.>' These advanced computational
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models are applied in several fields and tasks from speech recog-
nition and natural language processing to image recognition and
object detection, with common use cases including self-driving cars,
facial recognition and medical image analysis. Common neural net-
works that are typically used to perform these specific tasks are
ANNs, DNNs (Deep Neural Networks), and CNNs (Convolution
Neural Networks). ANN is a generic neural network for modeling
nonlinear relationships between inputs and outputs, DNN is an ANN
with many hidden layers to capture complex representations. CNN
is a DNN that outperforms in image and video recognition using
convolutions, while ANN is mostly used for classification and dis-

ease prediction.

Common methodologies used for IBD and their
applications

In the context of IBD, Al holds significant potential across a spectrum
of applications aimed at addressing unmet medical needs. Among
these, Al tools can ameliorate the quality of treatment procedures,
the classification among IBD, CD, UC, and non-IBD subjects, the
evaluation of histological severity and probable remission, disease
trajectory, the identification of predictive biomarkers of the pathol-
ogy and create novel patient-care approaches in IBD.2444

Various ML/DL methods have been used in IBDOmics, in
particular: algorithms of classification and/or regression, such as
linear algorithms, Support Vector Machine (SVM), k-Nearest Neigh-

N, 45-48

bors, decision trees, and AN or unsupervised learning algo-

rithms such as hierarchical clustering.#%>°

Linear regression develops a linear model function that best fits
the data around a straight line (or hyperplane), while Logistic
regression (LR) is used for classification into distinct categories using

the sigmoid function that better differentiates among categories.

Exploratory cohort

° Input layer Hidden layer

Deep learning algorithm

Output layer
Error back propogation

SVM is a supervised classification method that considers each
feature as a dimension of a dataset and finds an optimal hyperplane
(boundary) to separate all feature values to best divide a dataset
according to a classification of interest.>?

KNN is another supervised algorithm used for classification or
regression that predicts an output considering (k) most similar in-
stances (nearest neighbors).*°

Classification methods based on decision trees,*? including
techniques like Classification and Regression Trees (CART) and
Random Forest (RF), are supervised methods. While CART methods
are characterized by a single decision tree, RF methods consist of
multiple decision trees to improve accuracy and account for
randomness and missing data. Each tree of RF is generated using only
a portion of the features providing a vote (or prediction) for the
classification. The greatest number of votes determines the final
classification of the RF method.

ANNSs are particularly used for various IBD-related data types,
such as genomics, transcriptomics, proteomics, metagenomics, and
clinical data®® (Figure 4).

Unsupervised approaches include clustering algorithms that
group instances based on similarities or distance in feature space in
the absence of a predetermined number of clusters. Hierarchical
clustering iteratively group instances into larger clusters until they
are merged into a single cluster.*®

The use of Al in IBD will continue to expand. It provides solutions
to challenges in other areas such as diagnostic/clinical stratification,
endoscopy, histology, intestinal ultrasound, outcome prediction, etc.,
which are mainly based on Al-based medical imaging analysis, which
weren't of primary interest in this review. For imaging analysis in IBD,
computer-aided diagnosis (CAD) systems based on CNN and radio-
mics, a subtype of Al, are most commonly used.>*

One of the examples using CNN was developed by lacucci and
colleagues®® who had demonstrated high concordance between CAD

Testing cohort /N\

il

Input 1 i
/l\ /N\ Input 1 -
° Input 1
()
Input 1
_—

Prediction
evaluation °

model

FIGURE 4 A possible structure for an IBD neural network consists of a multi-layer stack: the first layer handles input data from different
sources, such as IBD omics elements, endoscopic images, and histological data; one or more hidden layers perform calculations complexes,
interactions and combinations of parameters; and finally, an output layer which, after receiving the signals processed by the hidden layers,
provides the results. For example, an ANN algorithm could be used to train and instruct an ML model to distinguish IBD patients from non-IBD
subjects (exploratory cohort), and subsequently be tested and validated on a separate cohort to evaluate the accuracy of the model in
classifying IBD patients from non-1BD subjects. IBD, inflammatory bowel disease.
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and human pathologists in stratifying endoscopic assessment and
occurrence of risk of flare at 1 year between UC patients with his-
tological activity or histological remission according to the PICaSSO
Histological Remission Index.

The same research team used a CNN model to distinguish be-
tween endoscopic activity and predicted histological remission and
clinical outcome from colonoscopy videos. The Al-PICaSSO model
showed a strong association between Al-assessed disease activity
and remission and the risk of adverse outcomes, consistent with
findings by human endoscopists.>®

Recently, both radiomics-based analysis and CNN-based models
have been applied to 1US for monitoring IBD and distinguishing be-
tween normal and endoscopically active inflammation (abnormal)
images. The radiomic-based classification model, using the Extreme
Gradient Boosting (XGB) classifier, accurately discriminates abnormal

from normal images with better performance than CNN.>”

OMICS IN IBD

Al models in the fields of genomics, transcriptomics, proteomics, and
metagenomics have undergone significant evolution, particularly with
the advent of DL techniques (Table 1). These models have become
more sophisticated, enabling the processing, analysis, and interpre-
tation of complex omics data. The integration of multi-omics and
clinical data has been enhanced, leading to breakthroughs in disease

diagnosis, drug discovery, and precision medicine.

Genomics

With the advent of genome-wide association studies (GWAS), more
than 240 susceptibility loci have been associated with IBD. However,
all the associated variants explain only a small portion of the disease
risks calculated at about 20%-25%. In these approaches, each vari-
ation was analyzed independently from the others, and the signal of
single nucleotide polymorphism (SNP) that was most associated was
considered for application replications or genotype-phenotype
studies.”®

One of the initial applications that simultaneously considered the
effect and possible interactions of 16 SNPs encompassing 11 genes in
CD patients was employed by our group using regularized least
squares (RLS) classifiers.’? When all the 16 SNPs were simulta-
neously employed and with a training set size of n = 225 observa-
tions, we estimated an accuracy of 62%.

Subsequently, Wei et al.® utilized Immunochip data from the
International IBD Genetics Consortium's (IIBDGC) Immunochip
project employing ML techniques. They developed a predictive model
that attained areas under the curve (AUCs) of 0.86 and 0.83 for CD
and UC as compared to healthy controls (HC), respectively.

Analyzing more recent data from 1IBDGC, Romagnoni et al.*
employed multiple ML models to predict the probability of devel-

oping CD. They observed that the performance of these models could

be influenced by factors such as quality control, missing genotype
imputation methods, and input data coding strategies.

In 2017 Giollo et al.®? presented the initial evidence of applying
whole exome sequencing (WES) data from Critical Assessment of
Genome Interpretation (CAGI) with various computational methods
and learning techniques. They utilized three datasets associated with
predicting the risk of CD, of which only one demonstrated an AUC of
up to 0.7.

Recently, Raimondi et al.%? developed a novel neural network
designed to differentiate CD from HC by utilizing exome data from
three datasets sourced from CAGI. The authors utilized feature se-
lection techniques to reduce genetic data complexity and sought to
extract a biological interpretation from the model, recognizing that
neural networks are among the most challenging DL models to
interpret.

Similarly, Wang et al.®® utilized the CAGI4 dataset as a training

set and applied a ML method, namely Analysis of Variation for As-
sociation with Disease, to extract signals related to CD and predict
CD status. They successfully identified 16% of patients in the vali-
dation set of over 3000 individuals with 99% precision with a strin-
gent cut-off, while 58% of the patients (at default cut-off) with 82%
precision.
Very recently, Stafford et al.®* employed a supervised ML clas-
sifier with a larger WES dataset to distinguish between CD and UC.
They examined three gene panels, including all available genes, an
autoimmune gene panel, and an IBD gene panel. Their analysis
underscored that the autoimmune gene panel emerged as the top
performer for CD and UC classification, achieving an AUROC of
approximately 0.7.

Transcriptomics

Investigating the downstream effects of genomic aberrations on the
transcriptome and proteome offers additional molecular insights into
unraveling IBD pathogenesis. Differential gene expression analysis
has proven instrumental in identifying key genes and pathways
involved in IBD pathogenesis.®>¢¢ Several studies have utilized
computational approaches to assess whether these additional
branches of molecular biology can predict IBD pathogenesis.

Isakov et al.**

devised an ML-based gene prioritization technique
aimed at distinguishing IBD risk genes from non-IBD genes. They
trained four distinct ML models to generate gene risk scores. An ROC
curve was generated for each of the four models, whose calculated
AUC ranged from 0.76 to 0.87 during training, while greater differ-
ences between the models emerged in the validation phase to
determine the scores between IBD and non-IBD genes, obtaining
higher AUC values (0.78-0.83). The model identified 347 genes with
high prediction scores for IBD risk, encompassing genes previously
recognized to be associated with IBD via GWAS and literature, as
well as 67 novel IBD-associated genes.

In a recent study by Khorasani et al.>° a predictive model was

developed to differentiate UC from HC utilizing multiple colonic
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TABLE 1 Summary of key studies exploring Al models applied to genomics, transcriptomic, proteomics, metagenomics and multiomics

in IBD.
Studies on Al
applied to OMICs
Genomics

D'Addabbo et al.
(2007)

Wei et al. (2013)

Romagnoni et al.
(2019)

Giollo et al.
(2017)

Raimondi et al.
(2020)

Wang et al.
(2019)

Al classifier

RLS

L1-
penalized LR

Comparison
of penalized
LR, GBT
and ANN

Regularized
logistic
model,
SVM, GBT

NN model
called
Cdkoma

Analysis of
variation for
association
with disease
(AVA,Dx)

Populations

178 patients
with CD and
127 HC

Immunochip
data from the
International
IBD Genetics
Consortium's
(IBDGC)
immunochip
project

Immunochip
data from the
International
IBD Genetics
Consortium's
(IBDGC)
immunochip
project

Whole exome
sequencing
(WES) data
from critical
assessment of
genome
interpretation
(CAGI)

Exome data
from three
datasets
sourced from
critical
assessment of
genome
interpretation
(CAGI)

CAGI4 dataset

Primary outcomes/

Clinical results

Prediction of CD
susceptibility

Prediction of CD and

UC susceptibility

Prediction of CD
susceptibility

Prediction of CD
susceptibility

Prediction of CD
susceptibility

Prediction of CD

as a training set susceptibility

(train panel
included 64
unrelated CD
and 47 HC) and
testing set (test
panel included
51 CD and

15 HCQ)

Performance
Precision Sensitivity Specificity Accuracy AUC
61% 63% 62% (with
a training
set size of
n =225
examples)
0.86 for CD
and 0.83
for UC
0.80 achieved
by logistic
regression
methods
0.86 on a very
large test set
using a
regularized
logistic model
90% for 62% for 72% for 0.70 for
CAGI3 and CAGl4, CAGl4, 60% CAGl4, 0.80
CAGI2 95% for for CAGI3, for CAGI3,
datasets, CAGI3, 61% for 0.73 for
77% for 98% for CAGI2 CAGI2
CAGl4 CAGI2
AVA, Dx
identified
16% (at strict
cutoff) of
patients with
CD at 99%

precision and
58% of the
patients (at
default
cutoff) with
82%
precision in
over 3000
individuals
from
separately
sequenced
panels

(Continues)
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TABLE 1

Studies on Al
applied to OMICs

Stafford et al.
(2023)

Transcriptomics

Isakov et al.
(2017)

Khorasani et al.
(2020)

Li et al. (2020)

Yu et al. (2023)

(Continued)

Al classifier

RF

RF, SVM with
polynomial
kernel
(svmPoly),
extreme
gradient
boosting
(xgbTree),
and GLMNET

SVM

RF, ANN

Combination
of
unsupervised
clustering
analysis and

Primary outcomes/

Populations Clinical results

Prediction of CD and
UC susceptibility

Whole exome
sequencing
(WES) from
pediatric/adult
IBD patients
(600 with CD
and 306

with UC)

Identification IBD-
risk genes

Expression data
were
downloaded
from the gene
expression
omnibus (GEO)
database. The
samples
originated from
various
intestinal
biopsies
corresponding
to 349 IBD (180
CD and 149
uQ), 94
colorectal
neoplasms, and
90 normal
tissue

Classification
between UC and HC

Expression data
were
downloaded
from the gene
expression
omnibus (GEO)
database. The
samples
originated from
subjects with
UC (in active
and inactive
state) and HC

Two sets of Prediction model of
cases and an HC UC diagnosis
containing the

UC gene

expression

profile (training

set GSE109142

and validation

set GSE92415)

were

downloaded

Four IBD-
associated
datasets,
including
GSE112366,

Prediction of IBD
susceptibility

Performance
Precision Sensitivity Specificity Accuracy AUC
77% for all 51% for all 0.57 for all
available available available
genes panel, genes panel, genes panel,
82% for the 67% for the 0.68 for the
autoimmune autoimmune autoimmune
gene panel, gene panel, gene panel,
79% for the 65% for the 0.61 for the
IBD gene IBD gene IBD gene
panel panel panel
For the For the For the For the
combined combined combined combined
model model 91%  model model 0.634
63% during the 85% during the
during the training and during the training and
training 88%during training 0.577 during
and 58% the test and 81% the test
during the during the
test test
62% for the
classification
between
inactive UC
and HC and
100% for the
classification
between
active UC
and HC
0.95
87% 86% 0.96
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TABLE 1 (Continued)
Studies on Al Primary outcomes/ Performance
applied to OMICs Al classifier  Populations Clinical results Precision Sensitivity Specificity Accuracy AUC
the XGBoost GSE3365,
feature GSE75214, and
selection the data from
method the integrative
human
microbiome
project (iHMP)
were
integrated, and
41,307 features
across 705
samples were
chosen
Zhang et al. SVM, least Ten eligible Genes discovery for Higher
(2022) absolute microarrays UC susceptibility than 0.8
shrinkage and including 387
selection patients with
operator, RF, UC and 139 HC
gradient
boosting
machine,
principal
component
analysis,
and NN
Smith et al. kNN Expression data Prediction of UC 0.85
(2020) classifier, RF, from the susceptibility
and 12- genotype-tissue
regularized expression
multinomial (GTEXx) project,
LR the cancer
genome atlas
(TCGA) pan-
cancer clinical
data resource,
and the
sequence read
archive (SRA);
45,000 samples
including ~37k
samples for
training, ~4k
samples for
validation, and
~4k samples
test sets
Wacker et al. RF Whole blood Classification among UC versus
(2023) samples of 495 UC, PSC and HC controls 0.95;
patients with UC versus
UC and 243 HC PSC 0.986

from Germany,
220 patients
with PSC (177
with a
concurrent UC
diagnosis) and
77 HC from
Norway

(Continues)
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TABLE 1 (Continued)

Studies on Al Primary outcomes/ Performance
applied to OMICs Al classifier  Populations Clinical results Precision Sensitivity Specificity Accuracy AUC
Martin et al. Hierarchical  Single-cell Prediction of Patients
(2019) clustering analysis from 11 response to anti-TNF achieving
patients with therapy in iCD durable
ileal CD (iCD) corticosteroid-
free remission
versus or not
achieving 0.69
Abreu et al. GLMNET, 37 IBD patients Prediction of 82%
(2022) rpart, that received response to
randomGLM, vedolizumab vedolizumab therapy
RF therapy in IBD
Proteomics
Ungaro et al. RSF 265 pediatric Identification of Penetrating:
(2021) CD patients biomarkers 0.79 (with 5
predictors of CD protein);
complications stricturing:
0.68 (with 4
protein)
Jongsma et al. LR 91 pediatric CD Prediction of NA NA NA NA NA
(2023) patients response to anti-
TNF-alpha or
conventional
therapies in CD
pediatric
Microbiomics
Manandhar et al. For the The Classification IBD versus IBD versus IBD versus IBD versus IBD versus
(2021) classification metagenomics  between IBD non-1BD: non-I1BD: non-IBD: non-1BD: non-1BD: 0.80;
of IBD versus data were patients and non-IBD 69%; CD 80%; CD 64%; CD 72%; CD CD versus
non-IBD: RF, collected from  subjects and between versus versus versus versus UC: 0.92
DT, EN, SVM the american CD and UC UC: 90% UC: 85% UC: 80% UC:83%
with radial gut project:
kernel, and 19,978 stool
NN; for the samples, 934
classification  samples from
of CD versus IBD patients
UC: RF and 19,044
samples from
non-IBD; 406
and 179
samples from
the participants
diagnosed with
CD and UC
Wang et al. RF 66 treatment Classification among IBD versus
(2021) naive IBD pediatric IBD HC: 0.88; IBD
pediatric patients, HC, and IBS versus
patients and 27 IBS: 0.84
HC as the
exploration
cohort, 14 early
onset IBD

patients and 48
IBS patients as
the validation
cohort
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TABLE 1

Studies on Al
applied to OMICs

Vich Vila et al.
(2018)

Zuo et al. (2022)

Ananthakrishnan
et al. (2017)

Raygoza Garay
et al. (2023)

Caenepeel et al.
(2023)

Multiomics

Lloyd-Price et al.
(2019)

Gardiner et al.
(2022)

Lee et al. (2021)

(Continued)

Al classifier

Generalized
linear models

RF

ANN model
called
vedoNet

RSF

LR, NN

Linear mixed
effect model

Comparison
of RF,
XGBoost,
SVM, k-NN
and adaboost

ANN

Populations

Stool samples
and fecal
calprotectin
from 1792
individuals with
IBD and IBS
compared

with HC

Feces samples
from 19 UC
pediatric
patients and
23 HC

85 IBD patients
(43 UC and
42 CD)

3483 healthy
first-degree
relatives (FDRs)
of CD patients

296 patients
with active IBD
(203 CD, 93
UQC) initiating
biological
therapy

2965 stool,
biopsy, and
blood
specimens from
132 IBD
patients

The data set
consisted of 25
patient
organoculture
(ex vivo) assay
data sets, the
associated
genomics/
transcriptomics
and the patient
demographic/
clinical
information

21 participants
with profiles of
proteomic,
metabolomic,
and
metagenomic
data at baseline

. Performance
Primary outcomes/
Clinical results Precision Sensitivity Specificity Accuracy AUC
Classification IBD versus
between IBD and IBS IBS: 0.93
Prediction of 0.90
pediatric UC
susceptibility
Prediction of Responder
response to versus non
vedolizumab therapy responder:
in IBD 0.87
Development of a Developed CD
microbiome risk within
score (MRS) and 1.5 years
prediction of CD versus healthy

relatives: 0.7

Prediction of 67.5% 67.6% 0.74
response to
biological therapy
in IBD
Prediction of the NA NA NA NA NA
disease activity
status
Prediction of NA NA NA NA NA
response to therapies
Prediction of 0.96 (multi-
response to omics data)

biological therapies

(Continues)
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TABLE 1 (Continued)

Studies on Al Primary outcomes/
applied to OMICs Al classifier  Populations Clinical results
Arehart et al. LR 1785 samples Prediction of IBD

(2023) from 130
individuals (103

IBD and 27 HC)

diagnosis

Ning et al. (2023) RF
metagenomic
cohorts
(N=1363
cases) and four
metabolomics
cohorts
(N = 398 cases)
of IBD patients
from different
countries or

regions
Mishra et al. RF Discovery Prediction of
(2022) cohort: 14 IBD response to anti-TNF
patients (10 UC therapy in IBD
and 4 CD); 17
IBD patients
(10UC and 7
CD), who

received first-
time therapy
with
vedolizumab
were used as

treatment
controls
Gao et al. (2023) RF 540 tissue Identification of
samples from biomarkers
30 CD active predictors of CD

patients and HC

Analysis of nine Identification of IBD
diagnostic marker

Performance

Precision Sensitivity Specificity Accuracy AUC

0.80 (multi-
omics data)

0.98 (multi-
omics data)

100% 50% 85% 0.88 (multi-

omics data)

0.96

Note: In Gardiner et al. was evaluated the predictive error using the mean absolute error (MAE) = 4.98%.

Abbreviations: Al, artificial intelligence; ANN, artificial neural network; AUC, Area under the curve; CD, Crohn's disease; DT, decision tree; EN, elastic
net; GBT, gradient boosted trees; GLMNET, regularized generalized linear model; HC, healthy controls; IBD, inflammatory bowel disease; IBS, irritable
bowel syndrome; kNN, k-Nearest Neighbor; LR, logistic regression; NA, not available; NN, neural network; PSC, primary sclerosing cholangitis; RF,

random forest; RLS, regularized least squares; RSF, random survival forest; SVM, support vector machines; TNF, tumor necrosis factor; UC, ulcerative

colitis.

transcriptome datasets from gene array expression data. They
employed an SVM classifier model using a signature of 32 genes,
many of which did not have a direct association with the IBD
phenotype. The model effectively classified active and inactive UC
from HC with an average precision of 1 and 0.62, respectively.

In a subsequent study by Li et al.,*” utilizing public expression
profile datasets, a universal molecular prognostic score (mPS) was
established based on the expression data of 30 genes. Through the
utilization of an ANN that calculated the weights of these genes with
UC and a mPS system-based classification model, they attained an
AUC exceeding 0.95 for identifying UC from HC.

Utilizing public datasets of gene expression, Yu et al.¢”

employed a
combined unsupervised clustering analysis with the XGBoost algo-

rithm for feature selection to differentiate between IBD and HC. The

authors identified a 32-gene IBD signature capable of predicting IBD
occurrence in new cohorts of IBD subjects, achieving an accuracy
of 0.86.

In a subsequent study,®® 10 eligible UC microarray datasets were
analyzed alongside 6 ML methods to identify associated genes
potentially useful for diagnosis. Initially, 87 deregulated genes were
identified, and through the implementation of ML approaches, two
genes, namely OLFM4 and C4BP, achieved an average ROC perfor-
mance higher than 0.8.

Further studies have applied Al to RNAseq obtained from public
databases or conducted experiments based on the whole blood RNA-
Seq approach. In their recent study, Smith et al.®? utilized RNAseq
data from various databases and several diseases including UC,

autoimmune diseases, and cancers, and employed several ML
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techniques. They observed that multivariate predictors surpassed
predictors based on single genes, indicating the importance of
considering multiple genes simultaneously. Furthermore, they found
that larger gene sets and the L2-regularized regression method
yielded the most effective choice for predictive analyses using tran-
scriptomic data.

In a more recent study by Wacker et al.”® transcriptional vari-
ances between UC and primary sclerosing cholangitis (PSC), a chronic
liver disease regarded as a rare extra-intestinal manifestation of IBD,
were dissected. Through RF analysis, the study achieved high accu-
racy in discriminating PSC, UC, and HC (ROC UC vs. HC: 0.95, PSC
vs. HC: 0.88, UC vs. PSC: 0.986), while showing poorer discrimination
solely for PSC and PSC/UC (ROC: 0.56).

Single-cell RNA sequencing technology, increasingly utilized in
IBD research, enables detailed analysis of various cell type pheno-
types. This is particularly crucial in IBD research because inflamma-
tory phenotypes of immune cells are often enriched in inflamed
tissues. The detection of such cell phenotypes is associated with
disease progression and therapy failure as demonstrated in a study

by Martin et al.,’t

which utilized an unsupervised ML approach to
differentiate between major cell types. This approach has the po-
tential to distinguish the cellular composition of inflamed and unin-
flamed tissue, thereby facilitating precise diagnosis, disease
localization, and therapeutic decisions.

Very recently, Abreu and colleagues’? analyzed the transcrip-
tional behavior of T Cells to predict responses to vedolizumab
therapy in IBD patients. They sorted T cells from peripheral blood
and lamina propria mononuclear cells and subsequently analyzed
them using RNA-seq. The analyses revealed that the best computa-
tional and ML models for predicting their response to vedolizumab
were RF, and random GLM, both achieving an accuracy of 82%.

Proteomics

From a proteomics perspective, numerous efforts’® have been made
although many of them have utilized traditional methods such as
regression models. In a case-cohort study utilizing a pediatric CD
inception cohort, Ungaro et al.”* analyzed 92 inflammation-related
proteins assayed in baseline plasma of individuals with inflammatory
disease (B1) behavior to predict the development of stricturing (B2) or
penetrating (B3) complications. The authors employed ML by applying
arandom survival forest (RSF) to select variables predicting B2 and B3
complications. In particular, the first analysis with 5 protein markers
predicted B3 complications with an AUC of 0.79, while using 4 proteins
it predicted B2 complications with an AUC of 0.68. These results
demonstrate greater reliability compared to serologic markers.
Jongsma et al.”® evaluated the serum immune profile of 92
proteins to predict the response to anti-TNF-alpha or conventional
therapies in pediatric CD patients using ML and statistical ap-
proaches. They identified 30 immunoproteins deregulated between
patients using anti-TNF-alpha therapy at pre- and after stages. Uti-

lizing ML approaches, the authors categorized patients into two

groups: CD-hi (higher clinical disease activity, C-reactive protein,
blood neutrophils, and higher immunoproteins at baseline) and CD-lo.
The model based on multivariate binary LR analyses highlighted that
patients belonging to the cluster CD-lo achieved the best outcomes.
Specifically, these patients maintained remission without escalation
at week 52 in 58% of IFX-treated patients compared to only 24% of
CD-hi patients.

Microbiomics

Several series of predominantly case-control studies involving pa-
tients with established IBD documented alterations in gut micro-
biome composition.”® However, these studies often fail to distinguish
whether the altered gut microbiome composition is associated with
the initiation of IBD or is a consequence of inflammation or drug
treatment. Recent advancements in sequencing technologies and
data analysis techniques have facilitated a more comprehensive
characterization of microbiota communities for IBD patients. More-
over, researchers have begun leveraging ML techniques to better
analyze metatranscriptomic data alongside clinical characteristics,
disease behavior, and responses to therapies.

Utilizing data from the American Gut Project, Manandhar
et al.”” employed five different ML algorithms to discriminate be-
tween IBD patients and non-IBD subjects as well as between CD
and UC. They utilized 50 differential bacterial taxa between the
IBD and non-IBD groups achieving an AUC of approximately 0.80.
Similar results were obtained when 500 operational taxonomic
units (OTUs), representative of groups of closely related in-
dividuals, were used instead of bacterial taxa. Additionally, they
tested whether supervised ML could differentiate between CD
and UC. One hundred and seven differential bacterial taxa or
500 OTUs were identified between the diseases. By employing
either taxa or OTUs and applying ML approaches, the research
group was able to discern between CD and UC with an AUC
exceeding 0.9.

Subsequently, an ML strategy was employed in pediatric IBD to
differentiate between IBD patients, controls, and irritable bowel
syndrome (IBS) subjects.”® The researchers utilized the top 11 OTUs
obtained from the RF model comparing IBD and HC, resulting in a
model performance with an AUC of 0.88. Furthermore, using a vali-
dation cohort consisting of 14 early onset IBD patients and 48 IBS
patients, the model achieved a performance of 0.84.

In a further work, Vich Vila and coIIeagues79 characterized the
gut microbiota composition of both disorders using shotgun meta-
genomic sequencing of stool samples from 1792 individuals with IBD
and IBS compared with controls achieving similar results. When fecal
calprotectin and biometrical data were incorporated into the model,
it achieved the highest accuracy with AUC of 0.93.

Comparable results were also observed in pediatric UC pa-
tients®C using both 165 and shotgun data, employing ML based on RF
with a large number of trees. When 500 trees were utilized, the study
was able to distinguish UC from HC with an ROC of 0.90.
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Furthermore, the inclusion of age and gender in the model did not
significantly affect this value.

To assess whether the gut microbiome could predict responses
to IBD therapy, Ananthakrishnan et al.®' conducted a prospective
study involving IBD patients initiating anti-integrin therapy. They
utilized an ANN model incorporating microbiome-related data,
including abundance and functional profiles, along with clinical data.
Their best-performing model for predicting clinical remission ach-
ieved an AUC of 0.87 when incorporating clinical data, pathway
relative abundance, and a manually curated list of 40 taxa.

Some of the most intriguing papers that focused on the compo-
sition of the intestinal microbiota and employed ML techniques
demonstrated the ability to anticipate changes in the gut microbiota
composition up to 5 years before the onset of CD,%? and the capa-
bility to predict the response to therapy with biological drugs in
patients with IBD.83

Raygoza Garay et al.®? developed a microbiome risk score (MRS)
utilizing an RSF model that incorporated microbial composition and
clinical variables from healthy first-degree relatives of patients with
CD. Their study demonstrated that the gut microbiome was associ-
ated with the future onset of CD, suggesting its critical role in CD
pathogenesis. The subjects were monitored for several years from
baseline and 73/3483 developed CD with a median time from
enrollment to CD diagnosis of about 3 years. The cohort was divided
into training and validation groups. In the discovery group, the MRS
yielded a hazard ratio (HR) of 1.58, while in the validation cohort,
patients with the highest MRS had more than twice the risk of
developing CD. Subsequently, the method was applied to predict the
risk of developing CD within 1.5, 3, and 5 years after the baseline
stool sample was collected. Similar AUCs of 0.7 were obtained at all
three time points analyzed.

Caenepeel et al.® utilized quantitative microbiome profiles of
pre-and post-treatment fecal samples to predict treatment response
to biological therapies. Using baseline data, they identified two
enterotypes of which BACT2 was found in 65.9% of dysbiotic in-
dividuals, with a significantly higher prevalence among patients with
ileal involvement (76.8%). To predict treatment outcomes, logistic
regressions with various ML approaches were employed and after
training the model, they achieved an AUC of 0.7. The best perfor-
mance was attained when the quantitative microbiome profiling
abundance was excluded from the variables, resulting in treatment
outcomes of different biologics with 73.9% accuracy. Subsequently,
the model was applied to predict the efficacy of alternative therapies
in case of nonresponse to the initially prescribed biologic. Among the
non-responders to biologics, 27.63% were predicted to respond to
second-line therapy with anti-TNF, 10.53% with vedulizumab, and
8.55% with any alternative therapy.

Al-enabled MultiOMIC

While numerous studies on the utilization of multi-omics data

analyzed into computational algorithms are documented in the

literature, many of them are characterized by small sample sizes.
Currently, tangible and satisfactory results are primarily focused on
specific areas, including predicting therapy response and anticipating
remission and relapse. Some intriguing initial applications of multi-
omics data integration, although not employing stringent ML ap-
proaches, are in characterizing dysregulated interactions between

host and environmental factors in IBD>%*

as well as in understanding
the response to medical therapy.8’

For instance, Lloyd-Price et al.® conducted extensive multi-omics
molecular profiling on 132 IBD patients. By applying a model based
on a linear mixed effect, they observed significant alterations in
microbiota composition and function based on disease activity states.

1.8 who

A further attempt was made by Gardiner L. J. et a
employed a ML workflow integrating multi-omics data (genomics and
transcriptomics), demographic information, medicinal records, and
pharmacology data derived from a preclinical human fresh tissue
assay to predict patient drug responses. They achieved the best re-
sults with a mean absolute error of 4.98, when the model was used to
predict inflammatory drug response from a combination of integrated
demographic, medicinal and SNPs on unseen patients.

Ananthakrishnan's group conducted a further study®® involving
IBD patients initiating anti-integrin therapy. They utilized an ANN
model incorporating microbiome, metabolome, and proteome data
along with clinical information to predict responses to biological
therapies. Building separate models with metagenomic, metabolomic,
or proteomic features individually, they achieved predictive values
with AUCs of 0.85, 0.77, and 0.81, respectively. Despite having only
21 participants with profiles of proteomic, metabolomic, and meta-
genomic data at baseline, they challenged an ML model with a
combination of clinical, metagenomic, metabolomic, and proteomic
features. The AUC of the model yielded the best result of 0.96.

Recently, Arehart et al®” utilized data from the Human
Microbiome Project 2 IBD multi-omic database and employed ML
approaches to develop a polygenic risk score framework across
multiple omic data types to predict IBD diagnosis. They identified
several species, pathways, and metabolites known to be associated
with IBD risk and built a model incorporating demographic cova-
riates. During the training phase, the model achieved an AUC of
0.80 using multi-omics data. However, individually, metabolomics
(AUC = 0.82) and viromic (AUC = 0.83) scores were more predic-
tive than metagenomics (AUC = 0.73) or metatranscriptomics
(AUC = 0.73) ones.

Recently Ning and colleagues® identified multi-omics bio-
markers for IBD diagnosis by analyzing 9 metagenomic and 4
metabolomics cohorts of IBD from different populations. They first
selected 31 bacterial species, 25 Kegg Ontology genes and 13 me-
tabolites, and then combined these features using ML approaches to
identify IBD patients from non-IBD subjects. They further discovered
heterogeneous results with a reduced AUC score in both intra- and
inter - cohorts, attributing such variations to geographical diversity.
However, applying the multi-omics model approach, they achieved
the best results with an AUC >0.90 in all the datasets having both

metagenomics and metabolites. In a further study,®? both RNA-seq
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and DNA methylation profiling were analyzed in IBD patients
receiving infliximab therapy to identify dynamic molecular signatures
associated with clinical remission or non-remission at weeks 14. An
integrative ML approach was used to identify and build several
models composed of distinct features. The best score was achieved in
predicting the response to CD patients when the model comprised 31
features from transcriptomics and epigenomics data, yielding an AUC
of 1. When using 87 or 14 features, AUCs of 0.93 and 0.9 were
obtained in IBD and UC, respectively. However, in the CD validation
cohort, the ROC curve of the prediction model with 31 selected
features achieved a lower AUC of 0.88. Recently, Gao and col-
leagues’® revealed possible host-microbe interactions in CD patients
by analyzing spatial omics (RNA-seq at both microbiota and tran-
scriptomics) levels, sera proteomics and fecal microbiota. They
identified several candidate interactions between host proteins and
microbes associated with CD gut inflammation. They constructed a
classification model, based on an RF classifier, for diagnosing patients
with active CD using the 5 overlapped differential proteins and 19
overlapped differential genera. The model built using the combina-
tion of protein and bacterial biomarkers achieved an accuracy
(AUC = 0.96), displaying high diagnostic capability in distinguishing
active CD patients from HC; this value was higher than that obtained
by the signature of only proteins (AUC = 0.91) and the key genera of
microbiota (AUC = 0.91).

Al LIMITATIONS AND ROADMAPS FOR CLINICAL
IMPLEMENTATION

Unfortunately, the works outlined above have certain limitations. For
instance, single-center studies, while advantageous in terms of data
uniformity regarding recruitment, may have limitations related to
geographical and racial aspects, and the sample size analyzed could
be a major issue. Conversely, cross-cohort studies, while analyzing
several subjects, may encounter difficulties in eliminating biases
related to cohort selection, sample collection, and methodological
differences.

Recent studies have contributed to bioinformatics by developing
Al-based tools that improve the reproducibility and interpretability
of models applied to omics data. For instance, new algorithms for the
integrative analysis of omics and health data, including biomedical
images, have been introduced. Moreover, Al has been instrumental in
advancing protein structure prediction and gene function prediction,
which are crucial for understanding biological processes and disease
mechanisms.

The improvements in Al models are evident in their increased
accuracy, reliability, and efficiency. They are now better equipped to
handle the vast amounts of data generated by omics technologies,
making them invaluable for bioinformatics research. The recent
contributions of Al in bioinformatics include novel machine-learning
methods for examining molecular structures and classifying biolog-
ical data, thereby pushing the boundaries of what is possible in the
field.

In addition, critical aspects may include the lack of generalization
capabilities of the Al models when applied to independent validation
cohorts, which currently represent a major limitation of ML ap-
proaches applied to multifaceted or multifactorial diseases such as
IBD. The primary limitation of the clinical applicability of Al lies
precisely in the high heterogeneity of the disease and its variations
over time, leading to inadequate reproducibility and generalizability
of predictive results and a possible overestimation of prediction
accuracy.

However, some challenges remain that require further im-
provements and a multi-faceted approach. The roadmap for imple-
mentation in clinical practice necessitates standardization, clear
study design, simplicity, performance auditing, cost-effectiveness, the
creation of international Al-working groups, and acceptance by pa-
tients and healthcare providers. In the next few years, we hope that
international data-sharing consortia initiatives, including not only
genomics, transcriptomics, proteomics, and metagenomics but most
importantly endo-histo-OMIC**?* and radio-OMIC>*>” approaches
in IBD, will help train Al tools on large, unbiased data sets that reflect
the heterogeneity and complexity of IBD patient characteristics. At
the same time, our hope is for the full acceptance of Al by both
physicians and patients, so that the patients can take advantage of
the benefits of Al for their well-being and better control these
complex and chronic conditions characterized by fluctuating periods

of active inflammation and clinical remission.

CURRENT AND FUTURE PERSPECTIVES

Inflammatory bowel disease is an unpredictable, relapsing-remitting,
and fluctuating course. Despite the significant advances in molecular
biology, metagenomics, proteomics, and metabolomics, they still
represent critical challenges for researchers involved in IBD studies,
primarily due to the biological complexity and heterogeneity of the
data, and the lack of standard pipelines dedicated to individual omics
or their integrations (Figure 5).

A wide range of artificial intelligence applications offer promising
solutions and could change our perspective on some of the unre-
solved issues, in particular, to improve personalized medicine or the
discovery of non-invasive biomarkers applied to these complex
multifactorial diseases as well as to predictors of cancer-associated
colitis.”? Currently, integrating data from individual omics relevant
to IBD is seen as an approach that could significantly enhance pre-
cision medicine (Figure 6).

This review aims to focus on recent publications in IBD from
2012 to 2023 conducted both individual omic and multi-omics
studies, where artificial intelligence has been applied.

Our work highlights critical aspects of the applicability of Al in
clinical practice. In the first reports, Al was applied to genomic da-
tabases including immunochip and WES datasets. Data from genomic
studies and Al models underscore how genetic variants can distin-
guish between CD and UC. Models using GWAS data*®>?¢° have

shown better performance compared to WES data,®*~%* likely due to
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the larger sample size in GWAS. However, many Al algorithms have
been used to develop the best-performing model by incorporating
statistically associated features such as SNPs and clinical data.
Nevertheless, in most studies, when the trained models were sub-
sequently applied to the replication cohort, their performance was
reduced.

Transcriptomics Metabolomics

. Proteomics H
Genomics

FIGURE 5 Data integration at individual OMICs (genomics,
transcriptomics, proteomics, and metabolomics) with artificial
intelligence tools could provide multi-omics analysis to decipher the
complex labyrinth of inflammatory bowel disease.
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and integration with Al

The transcriptomics studies focused on the implementation of
gene expression datasets resulting from bulk and single-cell RNA-seq
technology from mucosal gut tissues or blood. In most of these
studies, various models were built, trained, and optimized using
deregulated genes (i.e. features) that were differently associated
using traditional statistical strategies or tools based on ML-driven
regression algorithms. It was observed that the best performances
were achieved using gene expression data from microarrays, with a
relatively small number of genes (<100), to discern between UC and
HC,>%¢7%8 and between IBD and non-IBD*’ also in this case likely
due to the use of bigger sample sizes.

However, when RNA-seq data were analyzed, the most effective
model was characterized by using a larger number of genes to discern
among UC and other diseases or malignancies,®’ such as UC and PBC.”°

Single-cell RNA-seq data were also applied with Al to identify
inflammatory phenotypes. In the first study, the Al model was able to
differentiate between inflamed and uninflamed tissue,”* while sub-
sequently, the transcriptional behavior of T cells was used to predict
responses to vedolizumab therapy in IBD patients.”? Despite the
numerous studies and various gene expression approaches used,
none of them succeeded in identifying unique molecular signatures
associated with IBD or response to clinical therapy.

The state of the art in proteomics is unfortunately less advanced,
with most studies relying on more traditional statistical-based ap-
proaches rather than Al. One study attempted to use ML strategies
to predict future disease complications; however, it did not achieve
satisfactory accuracy.”*

Studies interested in evaluating the influences of the composi-
tion of the intestinal microbiota in IBD using Al technigques mainly
focus on the integration of metatranscriptomic data with clinical and
demographic parameters as well as on predicting disease progression
or response to therapies. Several studies have attempted to charac-
terize the viral communities of the mucosa using statistical and ML
techniques, resulting in different clusters. However, the results ob-
tained from each study, while characterized by good accuracy, are
not directly comparable due to differences in cohorts (e.g., UC vs. HC

Precision medicine

in IBD

Dignosis and
risk prediction

Disease
pathogenesis

Real-time monitor

Personalized therapy

Prediction of therapy
response

Disease severity

Patient with
controlled disease

Prediction of disease
outcome

FIGURE 6 Data-integration and analysis with artificial intelligence in inflammatory bowel disease: a combination of heterogeneous
information, including omics data, clinical variables, exposomes, and biometric data.
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subjects,80 pediatric IBD vs. HC vs. IBS subjects78) or variations in
feature combinations’”#° (e.g, OTUs, bacterial taxa, etc) and
therefore were conducted using non-standardized methods.

In this field, two papers emerged as intriguing: the first was able
to anticipate changes in the gut microbiota composition up to 5 years
before the onset of CD in a cohort of healthy family members of
CD,®? and the other one focused on predicting the response to
therapy with biological drugs in patients with IBD.8%

Although several studies on the utilization of multi-omics data
incorporated into computational algorithms are documented in the
literature, tangible and satisfactory results mainly focus on specific
areas, including the prediction of therapeutic response and the
anticipation of remission and relapse.

From the literature analysis emerges with clarity that, to date,
the application of Al for a more efficient multi-omics investigation of
IBD is still in the emerging and trial phase. While some initial studies
achieved promising predictive outcomes, others relied on more
traditional computational techniques.” The utilization of Al has
facilitated achieving good accuracy in predicting therapy response in
Gradinier's study,®> which involved efficient multi-omics integration.
Additionally, further studies have emerged aiming to predict treat-

k8 or the identification of biomarkers to

ment response,86 disease ris
distinguish disease activity.”®

These studies demonstrated good performance through both
individual models based on single omics and integrative models.

Despite its significant potential, there remains a notable lack of
real clinical use of Al in IBD. After a thorough review of the current
literature, it seems overly optimistic to expect Al-based multi-omics
studies to produce revolutionary advances in IBD, at least for now.
Satisfactory results in the application of Al in the field of IBD have not
currently been achieved, even though sophisticated analysis tools
have been adopted in many studies. However, these tools are typi-
cally based on biological samples obtained from single subjects at a
single point in time, reflecting only the biology at that specific
moment of the patient's life rather than capturing the complete
biology of ever-changing chronic conditions such as CD or UC. In the
near future, the Al approaches are expected to be especially valuable
in classifying already diagnosed patients into disease sub-phenotypes,
predicting disease progression, and evaluating response to treatment.
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