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INTRODUCTION

Irritable bowel syndrome 
(IBS) and inflammatory bowel 
disease (IBD) are prevalent 
gastrointestinal disorders that 
share overlapping symptoms [1]. 
A differential diagnosis between 
IBD and IBS poses significant 
challenges and represents one of 
the unresolved issues of modern 
gastroenterology. Differentiating 
between the two conditions 
is  fraught with challenges 
due to similar symptoms, the 
limitations of current diagnostic 
methods, and the complexity 
of the pathophysiology of each 
condition [2].
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ABSTRACT

Background & Aims: Differential diagnosis between irritable bowel syndrome (IBS) and inflammatory 
bowel disease (IBD) represents a major challenge in modern gastroenterology due to overlapping symptoms, 
limitations of traditional diagnostic methods, and the complexity of their pathophysiology. This review 
examines the application of artificial intelligence (AI) and machine learning (ML) methods to improve 
accuracy and efficiency in the differential diagnosis between IBS and IBD.
Methods: The review encompasses seven recent studies employing various AI/ML techniques, utilizing clinical, 
genetic, microbiomic, and imaging data. 
Results: AI-based models exhibit high sensitivity and specificity, with remarkable performance by algorithms 
such as logistic regression, random forest, neural networks, and support vector machines. Highlighted 
biomarkers include long non-coding RNA molecules, DNA methylation profiles, and diverse compounds 
from gut microbiota.
Conclusions: Although AI/ML methods show significant potential for distinguishing IBS from IBD, existing 
studies present limitations, including small sample sizes, data heterogeneity, and generalizability challenges. 
The development of standardized protocols and extensive multicenter studies is recommended to clinically 
validate these models, facilitating their integration into current medical practice.

Key words: irritable bowel syndrome − inflammatory bowel diseases − artificial intelligence − machine 
learning − biomarkers − differential diagnosis.

Abbreviations: AI: artificial intelligence; IBS: irritable bowel syndrome; IBD: inflammatory bowel disease; 
ML: machine learning.

Both IBS and IBD present digestive symptoms such as 
abdominal pain, diarrhea, and bloating. Moreover, many 
patients with IBD may exhibit typical symptoms of IBS during 
remission periods [3]. The presence of minimal inflammation 
in IBD can mimic the symptoms of IBS [4]. Additionally, the 
clinical presentation of IBD can vary significantly among 
patients, with some experiencing mild symptoms while 
others may present severe manifestations [5]. Psychological 
factors can further blur the boundaries between the two 
conditions [6].

Current biomarkers used to differentiate one disease 
from another, such as fecal lactoferrin and calprotectin, have 
demonstrated variable sensitivity and specificity [7]. Being a 
multifactorial syndrome and in the absence of biochemical 
or imaging criteria for diagnosis, the use of validated tests in 
the diagnosis of IBS is limited [8]. Thus, a study showed that 
10% of patients with IBD receive an incorrect diagnosis of IBS 
before being correctly diagnosed [9]. Moreover, traditional 
diagnostic methods rely heavily on clinical parameters, 



AI in IBS vs. IBD Diagnosis� 511

J Gastrointestin Liver Dis, December 2025 Vol. 34 No 4: 510-514

endoscopy, and biopsy, which can be invasive, expensive, and 
time-consuming [10].

The inherent difficulty in distinguishing IBS from IBD 
underscores the need for novel, objective diagnostic tools. 
Artificial intelligence (AI) and machine learning (ML) 
techniques offer a promising avenue for improving diagnostic 
accuracy and efficiency in this context [11].  

This literature review examines the application of AI/ML 
methods in differentiating IBS from IBD, focusing on the 
strengths and limitations of various approaches.

METHODS

A systematic review following PRISMA 2020 guidance 
was conducted. The following databases were searched for 
relevant studies: PubMed/MEDLINE, Web of Science Core 
Collection, Scopus, and Google Scholar. The search was limited 
to studies published up to December 31, 2024.  A systematic 
search strategy was employed, incorporating combinations 
of controlled vocabulary and keywords: “irritable bowel 
syndrome,” “inflammatory bowel disease,” “machine learning,” 
“artificial intelligence,” “diagnosis,” “classification,” “biomarker,” 
and “differential diagnosis.” 

Peer‑reviewed, English‑language human studies that: 1) 
applied AI/ML methods to differentiate IBS vs IBD; 2) used 
clinical, laboratory, imaging, microbiome, transcriptomic/
epigenetic, or other biosignal data; and 3) reported performance 
metrics (AUC, accuracy, sensitivity/specificity) for the IBS–IBD 
discrimination task were included. Editorials, letters without 
primary data, non‑English articles, studies not performing 
differential diagnosis between IBS and IBD, and works without 
ML/AI methods were excluded.

Initially, a broad search was conducted to identify a 
large pool of potentially relevant studies. Subsequently, two 
reviewers independently screened titles/abstracts, followed 
by full‑text assessment. Titles and abstracts were screened to 

exclude studies that did not meet the inclusion criteria. Full-
text articles of the remaining studies were reviewed to assess 
their methodological quality and relevance. Disagreements 
regarding study inclusion were resolved through a discussion 
among the reviewers. 

The following information was collected for each 
study: study design, sample size, population and patient 
characteristics, data types used (clinical features, imaging 
data, genomic data), ML algorithms employed, model type 
and training/validation approach; performance metrics (AUC/
ROC, accuracy, sensitivity, specificity); and key findings.

RESULTS

A total of 7 studies met the inclusion criteria and were 
included in this review. The studies employed a variety of AI/
ML techniques to differentiate between IBS and IBD, utilizing 
different data types and model architectures. A detailed 
summary of the included studies is provided in Table I. 

The expression levels of five long non-coding RNAs 
(lncRNAs) in tissue and plasma extracellular vesicles (EVs) 
of patients with active inflammatory bowel disease (IBD) 
compared to those in remission and healthy controls was 
investigated by Heydari et al. [12]. Among the lncRNAs 
studied, H19 was found to be significantly upregulated in 
both tissue and plasma EVs of active IBD patients. Due to an 
obtained area under the curve (AUC) of 0.97 the study suggests 
that circulating EV-lncRNA H19 exhibits promising potential 
as a diagnostic biomarker to differentiate active IBD from IBS.

A genome-wide DNA methylation analysis to identify 
potential biomarkers capable of distinguishing between IBS, 
IBD, and celiac disease was conducted by Mahurkar-Joshi et 
al. [13]. They analyzed genome-wide DNA methylation data 
from peripheral blood mononuclear cells of 315 participants, 
including 148 IBS patients, 47 IBD patients, 34 celiac disease 
patients, and 86 healthy controls (HC). To develop classifiers 
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Fig. 1. PRISMA 2020 flow diagram for study selection.
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capable of differentiating these conditions, the team utilized 
penalized generalized linear models with double cross-
validation. The performance of these classifiers was evaluated 
using AUC. The classifier distinguishing IBS from IBD achieved 
an AUC of 0.80 (95%CI: 0.70–0.87, p<0.001), indicating good 
discriminatory ability. These findings indicate that blood-based 
DNA methylation biomarkers, when analyzed through ML 
methods, show promise for distinguishing between chronic 
gastrointestinal disorders with overlapping symptoms. 

Wang et al. [14] developed a diagnostic model using a 
random forest algorithm to differentiate pediatric IBD from 
irritable bowel syndrome (IBS) based on fecal microbiota 
profiles. They conducted 16S rRNA gene sequencing on fecal 
samples from 14 PIBD and 48 IBS patients. The model achieved 
an AUC of 0.84, indicating good discriminatory power in 
distinguishing pediatric IBD from IBS.

Another study was presented at the United European 
Gastroenterology Week in 2023 and proposed the use of an 
artificial neural network to distinguish between IBD and IBS 
based on multiple clinical data points (presence of constipation, 
loose stools, diarrhea syndrome, extraintestinal and perianal 
manifestations, and various laboratory tests) [15]. Out of the 
1,006 patients examined, 32% were patients with IBS, and 68% 
had IBD. The multilayer perceptron showed excellent results 
in differentiating the two diseases, achieving a sensitivity of 
95% and a specificity of 90%.

A prospective study based on DNA sequencing of stool 
samples from 165 individuals highlighted differences in 
the relative abundance of three species: Faecalibacterium 
prausnitzii, Akkermansia muciniphila, Methanobrevibacter 
smithii, along with Bacteroidetes and Escherichia coli, when 

comparing patients with IBS to those with IBD [1]. Based 
on these results, a non-invasive computerized algorithm was 
developed, capable of diagnosing IBS and distinguishing it 
from IBD. The resulting tool, called RAID-Dx, is an algorithm 
based on the combination of abundances of the eight identified 
fecal microbial biomarkers.  The combination of the relative 
abundance of these eight functional species resulted in a 
sensitivity of 88% and a specificity of 94%. RAID-Dx also 
reports higher sensitivity and specificity values compared to 
fecal calprotectin in differentiating the two diseases.

In a related study, Presti et al. [17] performed fecal and 
intestinal mucosal microbiota profiling and used linear 
discriminant analysis to differentiate IBS from IBD based on 
microbial signatures. The relative abundance of bacteria and 
bacterial diversity were determined through fecal and mucosal 
microbiota analysis based on 16S ribosomal RNA sequencing. 
In fecal and mucosal samples, microbiota richness was 
characterized by a progressive reduction in microbial diversity, 
starting from the control group to IBS and then to IBD, which 
exhibited the lowest bacterial diversity. β-diversity analysis 
showed a clear separation between the two diseases, but no 
significant separation between IBS and the control group. 
Additionally, β-diversity demonstrated a clear distinction 
between mucosal and stool samples across all groups. 
Erysipelotrichi was identified as a potential biomarker for IBS, 
while Gammaproteobacteria, Enterococcus, and Enterococcaceae 
were identified as biomarkers for IBD.

A notable study conducted by Aggio et al. [16] utilized a 
gas chromatography-based analysis system with sensors to 
analyze stool samples from patients with IBS and IBD.  The 
gas chromatography sensor system detects volatile compounds 

Table I. Characteristics of the included studies

Study (year), 
reference

Data type ML algorithm Sample size Key findings

Heydari et al. 
(2023), [12] 

Plasma extracellular 
vesicle lncRNA H19

Logistic regression 22 active IBD, 14 IBS 
patients

Area under the curve  = 0.97 for 
distinguishing active IBD from IBS

Mahurkar-Joshi et 
al. (2024), [13]

Genome-wide DNA 
methylation of peripheral 
blood mononuclear cells

Penalized generalized 
linear models

148 IBS, 47 IBD patients The area under the curve for IBS-IBD 
classification was 0.80.

Wang et al. (2021), 
[14]

Fecal microbiome (16S 
rRNA gene sequencing)

Random forest 14 pediatric IBD and 48 
pediatric IBS patients 

The diagnostic model successfully 
differentiated pediatric IBD from IBS with 
an area under the curve of 0.84 

Bakulin et al. 
(2023) [15]

Clinical symptoms, 
anamnesis data and 
laboratory tests

Artificial neural network 
(multilayer perceptron)

1006 (32% were patients 
with IBS and 68% with IBD)

The sensitivity was 95.8% and 
the specificity was 90.2% for the 
differentiation between IBD and IBS

Aggio et al. (2016) 
[16]

Gas chromatography-
sensor pipeline

Feature selection - two 
random forest models. 
Samples classification - 
Support vector machine 
with polynomial kernel

152 Inactive IBD vs IBS: accuracy (86%, CI 
84–87%), sensitivity (89%) and specificity 
(80%)

Lo Presti et al. 
(2019) [17]

Fecal microbiome (16S 
rRNA gene sequencing)

Linear discriminant 
analysis

38 IBD amd 44 IBS patients Erysipelotrichi emerged as a 
potential biomarker for IBS, while 
Gammaproteobacteria, Enterococcus, 
and Enterococcaceae were associated with 
IBD.

Rami-Pujol et al. 
(2020) [1]

Clinical parameters and 
genomic DNA extracted 
from faecal samples

RAID-Dx 52 IBS and 52 IBD patients RAID-Dx outperformed fecal calprotectin 
in both sensitivity and specificity for 
distinguishing between IBS and IBD.

ML: machine learning; IBD: inflammatory bowel disease; IBS: irritable bowel syndrome; CI: confidence interval.
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present in biological samples. It generates a profile of sensor 
resistance over time, describing how the abundances of volatile 
compounds change in time. Sensors with resistance patterns 
that differed the most between IBS and IBD were selected using 
two algorithms based on random forests. A support vector 
machine with a polynomial kernel was used as a machine 
learning technique to classify unknown samples based on the 
selected sensors. The results, after double cross-validation, 
indicated an accuracy of 86% for differentiating inactive IBD 
from IBS, with a sensitivity of 89% and a specificity of 80%.

DISCUSSION

This review demonstrates the growing application of AI/
ML in improving the differential diagnosis of IBS and IBD. 
Several studies have shown promising results using various 
ML algorithms and data types, all demonstrating the potential 
of different biomarkers in conjunction with ML for improved 
diagnosis.

The misdiagnosis can lead to significant clinical 
complications, affecting patient management and therapeutic 
decisions. One of the most critical issues is the possibility 
of delayed diagnosis of IBD and inadequate treatment [1]. 
Such delays can worsen the disease, as IBD often requires 
early interventions to manage inflammation and prevent 
complications such as strictures or fistulas. Misdiagnosis can 
also lead to unnecessary tests and diagnostic procedures. 
Physicians may request additional imaging or endoscopic 
evaluations to rule out IBD in patients initially diagnosed 
with IBS, increasing healthcare system costs [8]. This also 
exposes patients to potential risks associated with invasive 
procedures. The psychological impact of misdiagnosis should 
not be underestimated either. Patients with IBD often face 
anxiety and depression related to their chronic condition [18]. 
The confusion between the two diseases can exacerbate these 
issues, as patients may feel frustrated with their symptoms 
and the lack of a clear diagnosis. Misdiagnosis can also lead to 
inaccurate prognostic assessments. This may affect long-term 
therapeutic strategies and patient counseling. 

Current differential diagnosis methods primarily rely on 
serological markers, imaging studies, and invasive procedures 
such as colonoscopy. Fecal calprotectin (FC) has emerged as 
a prominent non-invasive biomarker for differentiating IBD 
from IBS. Elevated levels of FC are indicative of intestinal 
inflammation, making it a valuable tool in clinical practice. 
Studies have shown that FC can reliably rule out active IBD, 
with a high negative predictive value [19, 20]. However, while 
FC is useful, its sensitivity and specificity can vary, leading to 
potential misclassification of IBS patients as having IBD [7]. 
A meta-analysis has confirmed that while FC is effective in 
distinguishing between these conditions, it is not infallible, 
emphasizing the need for complementary diagnostic methods 
[7]. Serological markers such as C-reactive protein (CRP) 
and erythrocyte sedimentation rate (ESR) are also utilized in 
clinical settings. These tests can indicate inflammation but lack 
specificity, often resulting in false positives in IBS patients [21]. 
Moreover, the invasive nature of colonoscopy, which is often 
employed to confirm IBD diagnosis, poses risks and can be 
burdensome for patients [22]. 

These challenges highlight the need to improve diagnostic 
methods, welcoming AI techniques and multi-omics analyses 
to enhance the accuracy of differentiating between these two 
conditions. Recent advancements in genomic and microbiomic 
research have opened new avenues for distinguishing IBD from 
IBS. For instance, studies utilizing DNA methylation profiles 
have shown promise in identifying disease-specific biomarkers 
that could facilitate non-invasive diagnostics [13]. Additionally, 
alterations in gut microbiota composition have been linked to 
both conditions, suggesting that microbiome analysis could 
serve as a potential diagnostic tool [23, 24]. 

The studies included in our review have shown promising 
results using various ML algorithms and data types, all 
demonstrating the potential of different biomarkers in 
conjunction with ML for improved diagnosis. The integration 
of these novel methods could enhance diagnostic accuracy and 
patient management.

However, current research on AI/ML for distinguishing 
IBS from IBD still faces notable limitations. A significant 
methodological challenge is the small sample sizes in all 
studies. Although some studies have reported promising results 
using AI techniques, the cohorts involved are often limited, 
raising concerns about statistical power and result reliability. 
Data quality is also a major challenge. The heterogeneity 
of data sources, including variations in diagnostic criteria 
and patient demographics, can affect the performance of AI 
models. Mortensen et al. noted that differences in extracellular 
matrix turnover profiles between IBD and IBS patients could 
complicate result interpretation when AI is used to analyze 
such biomarkers 25. Additionally, the presence of confounding 
factors, such as overlapping symptoms and comorbidities, may 
blur the distinctions between IBS and IBD, making it difficult 
for AI models to achieve high specificity and sensitivity. 
Furthermore, the generalizability of AI models is often limited. 
Many studies focus on specific populations or geographic 
regions that may not reflect the entire patient population. 
This lack of generalization could hinder the implementation 
of AI tools in clinical practice, as healthcare providers may 
be reluctant to adopt models that have not been validated in 
diverse contexts. Integrating AI into clinical workflows also 
remains a challenge. The complexity of AI systems can lead to 
difficulties in interpretation and acceptance among clinicians, 
who may prefer traditional diagnostic methods. It is essential 
to have clear guidelines and training on the use of AI tools to 
facilitate their adoption in routine clinical practice.

Future research should focus on developing standardized 
protocols for data acquisition, preprocessing, and model 
evaluation, as well as conducting large, multicenter studies 
to validate the clinical utility of AI/ML models in real-world 
settings. Addressing these limitations will be crucial for 
translating AI/ML-based diagnostic tools into clinical practice 
and improving patient care.

CONCLUSIONS

Artificial intelligence and ML systems showed consistently 
promising discriminatory performance for IBS vs. IBD 
differentiation across multiple data sources. Across the included 
studies, reported metrics spanned AUC 0.80–0.97, sensitivity 
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approximately 86–96%, and specificity approximately 80–94%. 
At present, these systems are best considered adjunctive 
decision‑support tools to complement clinical assessment 
and established biomarkers (e.g., FC), rather than standalone 
diagnostics. To enable clinical adoption, priorities include: (i) 
multicenter, prospective studies with predefined endpoints; (ii) 
external validation and calibration reporting; (iii) adherence 
to TRIPOD‑AI/STARD‑AI guidelines; and (iv) impact and 
cost‑effectiveness evaluations within real‑world workflows. 
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