
Open Access

© The Author(s) 2023. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which permits 
use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original 
author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third 
party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the mate-
rial. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:// 
creat iveco mmons. org/ licen ses/ by/4. 0/. The Creative Commons Public Domain Dedication waiver (http:// creat iveco mmons. org/ publi 
cdoma in/ zero/1. 0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

RESEARCH

Zarei et al. BMC Bioinformatics          (2023) 24:478  
https://doi.org/10.1186/s12859-023-05567-8

BMC Bioinformatics

Subtyping irritable bowel syndrome using 
cluster analysis: a systematic review
Diana Zarei1,2, Amene Saghazadeh3,4 and Nima Rezaei3,4,5* 

Abstract 

Background: Irritable bowel syndrome (IBS) is a common chronic functional gastroin-
testinal disorder associated with a wide range of clinical symptoms. Some researchers 
have used cluster analysis (CA), a group of non-supervised learning methods that iden-
tifies homogenous clusters within different entities based on their similarity.

Objective and methods: This literature review aims to identify published articles 
that apply CA to IBS patients. We searched relevant keywords in PubMed, Embase, 
Web of Science, and Scopus. We reviewed studies in terms of the selected variables, 
participants’ characteristics, data collection, methodology, number of clusters, clusters’ 
profiles, and results.

Results: Among the 14 articles focused on the heterogeneity of IBS, eight of them 
utilized K-means Cluster Analysis (K-means CA), four employed Hierarchical Cluster 
Analysis, and only two studies utilized Latent Class Analysis. Seven studies focused 
on clinical symptoms, while four articles examined anocolorectal functions. Two studies 
were centered around immunological findings, and only one study explored microbial 
composition. The number of clusters obtained ranged from two to seven, showing 
variation across the studies. Males exhibited lower symptom severity and fewer psy-
chological findings. The association between symptom severity and rectal perception 
suggests that altered rectal perception serves as a biological indicator of IBS. Ultra-slow 
waves observed in IBS patients are linked to increased activity of the anal sphincter, 
higher anal pressure, dystonia, and dyschezia.

Conclusion: IBS has different subgroups based on different factors. Most IBS patients 
have low clinical severity, good QoL, high rectal sensitivity, delayed left colon transit 
time, increased systemic cytokines, and changes in microbial composition, includ-
ing increased Firmicutes-associated taxa and depleted Bacteroidetes-related taxa. How-
ever, the number of clusters is inconsistent across studies due to the methodological 
heterogeneity. CA, a valuable non-supervised learning method, is sensitive to hyper-
parameters like the number of clusters and random initialization of cluster centers. The 
random nature of these parameters leads to diverse outcomes even with the same 
algorithm. This has implications for future research and practical applications, neces-
sitating further studies to improve our understanding of IBS and develop personalized 
treatments.
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Introduction
Irritable bowel syndrome (IBS) is a chronic functional gastrointestinal (GI) disorder that 
manifests with abdominal pain, bloating, and altered bowel habits in the absence of any 
organic disorder or biological markers [1–3]. IBS predominantly affects women [4]. The 
global prevalence based on ROME III criteria is 9.2%, whereas, based on the ROME IV 
version, it is estimated at 3.8% [5]. The burden of IBS is significant: individual patients, 
their families, society, and health care system are all affected [5]. Patients with IBS fre-
quently report lower quality of life (QoL). Particularly, those in the diarrhea-predomi-
nant subgroup have lower income because of their absence from work, and their partner 
and family are also affected by the burden of the disease because these patients might 
avoid traveling, socializing, etc.

Diagnosing and treating patients with IBS is challenging because there is no single 
cause [6]. The following possible causes have been considered: mucosal inflammation, 
mucosal immune activation, changes in intestinal permeability, alteration in the gut 
microbiome, and post-infectious changes [7]. According to the last published criteria 
(ROME IV), IBS has four subtypes [8]. However, almost one-third of patients may expe-
rience intermittent symptoms. This intermittency complicates subtyping; patients in the 
same subgroup may have suffered from different underlying mechanisms [9, 10].

To address heterogeneity in research and analysis, various approaches have been 
used, including subgroup analysis, stratification, regression modeling, and cluster analy-
sis (CA) [11–14]. CA, in particular, has been valuable in identifying distinct subgroups 
within datasets. However, it is important to choose the appropriate clustering algorithm 
to ensure reliable and meaningful results. Researchers should carefully consider the best 
approach to address heterogeneity and enhance the interpretation of their findings.

As a result, a series of researchers decided to use CA, a group of non-supervised learn-
ing methods that classifies entities or objects into different homogenous groups or clus-
ters based on their similarity [15–17]. Many algorithms have been introduced, but some 
are more frequently used [18]. CA has several benefits; for instance, it improves diag-
nostic criteria to conclude a more comprehensive and meaningful profile, interprets het-
erogeneous outcomes, and adjusts treatments [19–21]. CA has been used in hypothesis 
generation, finding a topography, data exploration, and data reduction [22–24]. CA also 
has some specific usage; it can identify a group of genes with similar biological functions 
[25] or identify a group of patients that need targeted interventions [22, 23].

CA has several advantages over other methods. It allows researchers to uncover hid-
den patterns and structures in complex datasets without making assumptions about data 
distributions making it a versatile technique [14]. However, it is important to note that 
CA is sensitive to the initial configuration, and choice of algorithm, which means dif-
ferent results can be obtained [26]. To address this, researchers should carefully select 
appropriate algorithms and validate the stability of the clusters obtained [27]. Further-
more, it is essential to understand that CA alone does not provide casual relationships or 
explanations, so, further analysis and interpretation are required. Despite these limita-
tions, CA remains a powerful tool for gaining insights into data structures across various 
fields.

However, there are challenges with using CA [28]. The sample size is calculated based 
on the variables included in the analysis and the number of identified clusters [29]. To 
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achieve sufficient power, we need to have a large sample size (greater than 200) and 
split it into two groups: one for training and one for validation [30]. The results can be 
reported when the same subgroups are obtained in multiple samples of the target popu-
lation [31]. This article reviews CA studies in IBS.

Methods
We conducted the present systematic review based on preferred reporting items for sys-
tematic reviews and meta-analysis (PRISMA) guidelines (Additional file 1).

Search strategy

We searched PubMed, Embase, Scopus, and the Web of Science from initiation until 
November 03, 2022 for relevant published articles in English without restricting the 
publication date. We used a combination of the keywords related to irritable bowel and 
cluster analysis. The Additional file  2 includes the queries used for searching in each 
database.

Selection criteria

We included studies on patients with IBS who were over the age of 17 years old and had 
not any organic GI disorder. Non-English and animal articles were excluded.

Methods of review

The study selection is a four-step process: identification, screening, eligibility, and inclu-
sion. At first, in the identification step, we gather all search records that were obtained 
from databases and removed duplicates. Then, we screened search results by title/
abstract. In the third step, we assessed the potentially eligible articles by their full text 
and included them in our systematic review if they met the inclusion criteria.

Data extraction

We evaluated the methods and results section of each included article. Specifically, we 
retrieved details on the following items: study design, participants’ characteristics, diag-
nostic criteria, the variables considered for clustering, data collection methods, data pre-
processing techniques, clustering algorithms, validation, interpretation of the results, 
number of clusters, findings, limitations, and suggestions for future studies.

Study design

Studies were eligible for inclusion in the present review if their results were obtained 
from original research. Review articles, systematic reviews, and meta-analyses were 
excluded. Cohort studies, cross-sectional studies, and case-control studies were 
included.

Participants’ characteristics

We included studies that were conducted on IBS patients, adult participants, and evalu-
ated both sexes.
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Variables

Selecting relevant variables for discriminating clusters is very important. The variables 
included were related to GI symptoms, bowel habits, pain, bloating, psychological dis-
turbances, QoL, anorectal function, colon transit time (CTT), anal pressure waves, 
cytokines levels, mast cell (MC) numbers, and microbial composition.

Data collection method

The methods of collecting participants’ data or tools for evaluating patients were 
reviewed: questionnaire, direct interview, data collection on consecutive days, a rectal 
examination tool, etc.

Data preprocessing methods

Considering that the data obtained from the studies might be different in terms of units 
or other items, we examined studies to control if they applied standardization and data 
normalization methods before CA.

Cluster analysis

CA is a group of machine learning algorithms that classify data into homogenous groups 
with the least similarity to other groups [32]. There are different types of clustering 
algorithms (Fig. 1). K-means CA and hierarchical cluster analysis (HCA) are the most 
frequently used [33]. K-means CA is preferable due to its good measurement capabil-
ity. One of the features of this algorithm is the need to calculate the number of clus-
ters before analysis under the title of K [34]. There are different methods for choosing 

Fig. 1 Clustering algorithms
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optimal cluster numbers, for example, BIC, AIC, elbow, etc., in K-means CA. The dis-
tance metric is another important feature in K-means CA, which uses Euclidian.

HCA converts a distance matrix of all items’ similarity measurements into a hierarchy 
of nested groups. In this method, two different approaches are used: agglomerative and 
divisive [34]. HCA is aiming to group similar objects together based on their attributes 
and characteristics. It involves constructing a hierarchy of clusters, where each object 
begins as a separate cluster and is progressively merged with others to create larger clus-
ters. This process continues until all subjects are consolidated into a single cluster or 
until a predetermined stopping condition is satisfied [14]. Latent class analysis (LCA) is 
another popular method that is a kind of finite mixture model (FMM). In this method, 
hidden clusters are uncovered by some predetermined multifactorial feature [35]. LCA 
estimated the probability of belonging to each latent class for each individual allowing 
researchers to understand the heterogeneity within a population. By uncovering these 
latent classes LCA provides insights into the structure and patterns of categorical data 
[36]. Principal component analysis (PCA) is a method that decreases multi-dimensional 
data before analysis [37], increases interoperability of the results, and minimizes infor-
mation bias. PCA does the analysis by using new uncorrelated variables [38].

Cluster validation

One of the most critical steps in CA is the evaluation of the clusters obtained from the 
analysis. There are some methods for this assessment, such as Silhouette and Davies-
Bouldin indexes [28, 39].

Interpretation of the results

The main goal in conducting CA studies is to obtain subgroups and relevant individ-
ual characteristics. CA is insufficient in determining the characteristics of clusters and 
assessing the relationship between different variables. So, after the analysis results are 
prepared, other methods apply to interpret the results, for instance, using Bayesian 
inference.

Results
As illustrated in Fig. 2, the database search retrieved 413 records. One hundred sixty-six 
records were duplicated. We screened 247 discrete records by title and abstract, of which 
25 appeared potentially eligible. During full-text reviewing, we excluded 11 articles due 
to not assessing outcomes of interest [40–44], not using CA [45–47], not including IBS 
patients [48, 49], and not available full-text [50]. Finally, 14 eligible articles were included 
in this article. The included articles were published between 1995 and 2021.

Study design

Eight studies were designed as prospective cohort studies [51–58]. Seven of them 
recruited two groups of participants [51, 52, 54–57], however, one of them recruited 
only one group of participants [53]. The two groups included one group of IBS patients 
and one group of healthy controls, except for [52], which recruited two independent 
groups of IBS patients. Five studies were cross-sectional [42, 59–62]. Among them, two 
studies had a group of IBS patients [42, 61]. Other studies included two groups of IBS 
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patients [59, 60], except for [62], which recruited one IBS group and one healthy control 
group. Only one of the studies conducted in 2013 was a randomized clinical trial (RCT) 
[63], which included patients and healthy controls.

Sample characteristics

Studies mostly included at least 100 participants [42, 51, 52, 55, 57, 59, 60, 62], except 
for six [53, 54, 56, 58, 61, 63]. The number of participants varied from 52 to 1533 across 
studies. Three studies did not report the percentage of participants by gender [53, 55, 
56]. In six of the other 11 studies, more than 80% of the participants were female [51, 54, 
59–62]. Participants’ age ranged from 17 [52] to 88 [57] years.

Diagnostic criteria

The included studies were conducted in different years and used different criteria for 
diagnosis. Three of the initial studies used the ROME I criteria [51–53, 57], and the next 
five studies that started in 2006 used the ROME II version [54, 55, 58, 61, 62]. Two stud-
ies used only the ROME III version [56, 63], and two of the most recent studies used 
two different criteria to identify IBS patients [59]. The most recent study conducted in 
2021 by Black et al. used both ROME III and ROME IV criteria in order to identify IBS 
patients. Han et al. used ROME II and ROME III criteria. One of the studies made the 
diagnosis based only on the opinion of doctors without any use of questionnaires [42].

Fig. 2 Study selection
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Variables

Table 1 shows that the included studies investigated a wide range of variables. Briefly, 
seven of these studies clustered patients based on clinical symptoms, QoL, etc. [42, 51, 
52, 59–61, 63]. Four of the studies investigated the anocolorectal function of patients 
and clustering based on it [53–55, 57]. Two studies evaluated immunological factors 
such as the level of serum cytokines and the role of MC in the pathophysiology of the 
disease [56, 62]. Finally, a study was conducted on the intestinal microbial composition 
of IBS patients [58].

Data collection

Various questionnaires were used to collect the necessary data in the field of clinical 
symptoms, as shown in Table  1. Specialized tools were used to collect other data; for 
instance, QuinTron  Breath  Tracker for evaluating exhaled H2 and CH4 [63], manom-
etry for anocolorectal function, Prodimed Le Plessis-Bouchard for CTT, high-sensitivity 
multiplex assays [62], immunofluorescence, and immunoassays for systemic cytokines 
and MC characteristics, RT-PCR for gene expression [56], also bioinformatics for micro-
bial composition.

Data preprocessing

Four of the studies did not mention details in this regard [51, 56, 62, 64]. Ragnarsson 
et al. transformed data to have a mean of 0 and a standard deviation of 1 [52, 53]. Explor-
atory factor analysis was used in two of the studies [60, 61]. Two other studies normal-
ized data in different ways. Bouchoucha et al. [54] normalized data by subtracting the 
pressure of the first measured point from the measured values in each experiment; how-
ever, Jeffery et al. [58] normalized data by scaling to an intensity of 1 to control for differ-
ing numbers of reads. PCA and factor analysis were used in two studies [42, 63]. Mertz 
et al. [57] standardized data and used unpaired student t-tests. One study used a t-test 
and a partially overlapping z-test [59].

Determination of cluster numbers

In four of the studies that used the K-mean CA for clustering, the number of clusters 
was determined based on Euclidian distance [42, 51–53]. Two other studies that used 
K-mean CA for clustering used pseudo-f statistic [55, 57]. Another study used succes-
sive solutions that increment the value of k by 1 [61]. Likelihood-based methods were 
used in two of the articles that were clustered by using LCA. Han et al. [60] used likeli-
hood‐based criteria and model entropy, and Black et al. [59] used the Bayesian informa-
tion criterion of the log-likelihood (BIC(LL)) to identify the number of clusters. Natural 
breaks in distance jumps were used before HCA in one of the studies [63]. The remain-
ing four studies did not mention the use of any methods to determine the number of 
clusters before clustering [54, 56, 62, 63] (Table 2).
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Clustering algorithms

K-means CA is the most commonly used algorithm. Eight articles used the K-means 
CA algorithm for clustering [42, 51–55, 57, 61]; four studies used HCA [56, 58, 62, 
63]; only two studies used the LCA algorithm for clustering [59, 60] (Table 2).

Cluster validation

Six studies used methods for cluster validation. Two studies used cross-validation 
methods. Black et  al. [59] used tenfold cross-validation and Sundin et  al. [56] used 
cross-validation by the Q2 parameter. Bennet et al. [62] used Q2. Three other valida-
tion methods were exploratory CA [61], silhouette coefficient [63], and Bonferroni 
corrected pair-wise comparisons [51].

Interpretation of results

The number of clusters varied from two to seven based on different factors. As shown 
in Table 2, different methods were used to interpret the results, and find the relation-
ship between different factors. The most prevalent methods were used is as follows: 
one-way analysis of variance (ANOVA) [51, 53–55, 59, 60, 63], Kruskal Wallis test 
[52, 53, 56, 60, 62], Mann–Whitney test [52–54, 56, 58, 62], and χ2 test [51, 57, 59, 
60]. Other methods include squared semi-partial correlation [61], spearman correla-
tion coefficient [54, 62], and Pearson correlation coefficient [51, 57, 58]. Eslick et al. 
[42] described a cluster profile that comprised the mean score per factor per cluster.

Clusters’ profile

Seven articles were based on clinical findings [42, 51, 53, 59–61, 63], four articles 
were based on anocolorectal functions [52, 54, 55, 57], two studies assessed immuno-
logical factors in IBS patients [56, 62], and one study was about microbial composi-
tion in IBS [58].

Clinical features

As Table 3 shows, seven articles that classified patients based on clinical symptoms 
are different in several ways, including study design, sample size, diagnostic criteria, 
clustering algorithms, and findings [42, 51, 52, 59–61, 63]. Some of these studies had 
similar results in terms of the number of clusters and classification of patients into 
homogenous groups based on clinical symptoms. Two of the earliest studies classified 
participants into three homogenous groups [52, 53]. They were similar in diagnostic 
criteria and clustering algorithm and had almost the same sample sizes.

The study by Ragnarsson et al. [52] was completely based on the participants’ state-
ments. There was no significant difference in the number of patients in all three sub-
groups. They also clustered IBS patients based on pain and bloating. The patients were 
divided into two groups with almost equal sample size. In the first group, the symp-
toms were low, whereas, in the second group, the symptoms were high. Guthrie and 
his colleagues [51] included patients who suffered from a more severe and chronic 
form of the disease. Most of the patients were fallen into the second group with a low 
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Table 3 Number of clusters, characteristics, and associations

Study, year [reference] Cluster’s profile Findings

Black et al. 2021 [59] Seven clusters in the ROME IV cohort group
1. (N = 161) Diarrhea and urgency with the 
low psychological burden
2. (N = 170) Lower overall GI symptom 
severity with the high psychological burden
3. (N = 165) Lower GI symptom severity with 
the low psychological burden
4. (N = 154) Diarrhea, abdominal pain, 
and urgency with the high psychological 
burden
5. (N = 31) Constipation, abdominal pain, 
bloating, with a high psychological burden
6. (N = 71) High several GI symptom severity 
with the high psychological burden
7. (N = 59) Constipation and bloating with 
the low psychological burden
The result was almost the same in the ROME 
III cohort group

Males have overall low symptoms 
and psychologic co-morbidities, 
people who have higher psycho-
logical co-morbidity suffer from a 
higher score in all psychological 
health measurements and, stool 
subtypes correlate with GI symp-
toms in each cluster

Han et al. 2019 [60] Four clusters
1. (N = 153) Low symptoms and good QoL
2. (N = 106) Low symptoms and moderate 
QoL
3. (N = 38) High symptoms with diarrhea 
and poor QoL
4. (N = 35) High symptoms with low diar-
rhea and moderate QoL

Associations: gender with cluster’s 
memberships, college degree and 
paid employment with lower symp-
toms and higher QoL, and history of 
MDD with class four membership. 
Diarrhea/urgency symptoms are 
an important component of IBS 
symptom profiles

Lackner et al. 2013 [61] Four clusters
1. (25%) High level of bowel dissatisfaction 
and pain frequency and QoL and low pain 
severity
2. (19%) Intermediate score of pain 
frequency and severity but a high score of 
bowel dissatisfaction
3. (18%) High score on all IBS-SSS
4. (37%) Low score in all dimensions except 
bowel dissatisfaction and QoL

Associations, total IBS-SSS score 
correlates with individual items of 
the IBS-SSS. Global characterization 
of IBS symptom severity was highest 
for cluster 3 patients, lowest for 
cluster 4 patients, and somewhat 
elevated for cluster 1 and 2 patients

Nevé et al. 2013 [63] Five clusters grouped in 2 subpopulations
1. High GI symptom group
(clusters 2 + 3 + 5 N = 16)
2. Low GI
symptom group (clusters 1
 + 4 N = 26)

There is no association between 
exhaled H2 and CH4 and IBS clus-
ters, a test meal containing lactulose 
can induce IBS symptoms and 
distinguish IBS from healthy controls

Eslick et al. 2004 [42] Seven clusters
1. Diarrhea (24.7%)
2. Meal-related pain (12.1%)
3. Abdominal pain (7.9%)
4. Faucal indicators (12.6%)
5. Nausea/vomiting/weight loss (14.4%)
6. Constipation (8.8%)
7. Undifferentiated (19.5%)

Almost half of IBS patients have 
diarrhea or constipation and the 
remaining have mixed symptoms
The results show we can differenti-
ate patients into upper and lower GI 
disorders

Guthrie et al. 2003 [51] Three clusters
1. (N = 15) Low distension thresholds 
and diarrhea-predominant or alternating
2. (N = 62) Low distention thresholds 
and diarrhea-predominant or alternat-
ing, moderate prevalence of psychiatric 
disorders, and low rate of childhood sexual 
abuse
3. (N = 30) Higher distention thresholds 
and constipation-predominant or alternat-
ing, lower rates of psychiatric disorders, and 
low rates of medical consultations, sexual 
abuse, and interpersonal difficulties

Rectal sensitivity does not associ-
ate with sexual abuse. There is a 
relationship between IBS patients 
with low discomfort threshold and, 
sexual abuse, discomfort threshold, 
the severity of pain, psychiatric com-
plexity, and treatment seeking
Also, there is an association 
between high consultation and 
psychiatric disorders
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Table 3 (continued)

Study, year [reference] Cluster’s profile Findings

Ragnarsson et al. 1999 [52] Three subgroups in both samples
1. (N = 31) Hard, varying consistency, and 
disturbing passage of stool
2. (N = 35) Loose stool and urgency
3. (N = 38) Normal stool and least disturbed 
passage
Two pain/bloating subgroups, one of them 
by little and the other by considerable 
pain and bloating. No relation was found 
between pain/bloating and bowel habit 
subgroup membership

The degree of pain and bloating 
does not associate with the type of 
bowel habit
No significant relation was found 
between sex and IBS subgroups

Howard Mertz et al. 1995 
[57]

Three clusters
1. (N = 30) Hypersensitivity to phasic 
rectal distention, elevated anal pressures in 
both rest and stimulation phase, younger, 
diarrhea-predominant
2. (N = 29) Normal rectal sensitivity in phasic 
distention and hyposensitivity to the ramp, 
constipation-predominant
3. (N = 32) Hypersensitivity in phasic rectal 
distention, increased rectal compliance, 
constipation-predominant, hard stool, and 
severe symptoms

Longitudinal follow-up shows an 
association between symptom 
severity and changes in perception 
thresholds
Altered rectal perception must be a 
reliable biological marker in IBS

Ragnarsson et al. 1999 [53] Three clusters were identified by cluster 
analysis of the pre-prandial manovolumetry
1. (N = 13) Increased anal canal pres-
sure, and large rectal compliance, with more 
men than women
2. (N = 18) Decreased rectal sensitivity, with 
predominantly women and the oldest age 
range
3. (N = 19) Large fluctuation in anal canal 
motility, the lowest threshold for causing 
the recto sphincteric-inhibitory reflex, and 
the least prominent maximal repetitive 
rectal contraction
Three clusters of bowel habits
1. (N = 17) Hard stools and highly disturbed 
stool
passage
2. (N = 18) Loose stool and urgency
3. (N = 17) Normal consistency stool and the 
least disturbed stool
Two clusters of pain, bloating
1. (N = 39) With a low burden of symptoms
2. (N = 13) With a high burden of symptoms

The anorectal function does not 
associate with symptoms
Changes in rectal sensitivity do not 
correlate with symptoms
Rectal sensitivity was higher in 
women and rectal compliance was 
higher in men

Bouchoucha et al. 1999 [54] Three clusters
1. Ultra-slow waves
2. Slow waves
3. Simple waves

Ultraslow waves are associated with 
high anal pressure, anal hypertonia, 
and dyschezia. Ultra-slow waves 
in IBS patients are not significantly 
different from healthy controls. 
Increased activity of anal sphincters 
associated with ultra-slow waves
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threshold of rectal sensitivity, diarrhea-predominant or intermittent, and low level of 
mental disorders.

In two studies, four subgroups were emerged. In [60], which is more recent, the sam-
ple size was much larger than in [61] and ROME II and ROME III criteria were used to 
identify patients. More than 75% of patients were classified in the first and second sub-
groups, with low symptoms and relatively good QoL.

Lackner et  al. [61], included patients with moderate to high severity of symptoms. 
They had to conduct the classification by using LCA due to the small sample size. The 
highest severity of symptoms was in the third subgroup, which included a smaller num-
ber of patients. More than one-third of the patients were labeled as fourth subgroup, 
with the lowest severity of symptoms and the highest QoL.

Based on the results of two other studies, the patients were divided into seven sub-
groups. Both of these studies had a significant sample size. In a study conducted in 2004 
[42], a quarter of the patients were classified in the diarrhea-predominant group and 
about 20% of the patients were classified in the undifferentiated group. In [59], the most 

Table 3 (continued)

Study, year [reference] Cluster’s profile Findings

Bouchoucha et al. 2006 [55] Four clusters in patients
1. (N = 170 female + 61 male) Delayed colon 
transit time in the right colon
2. (N = 223 female + 61 male) Delayed colon 
transit time in the left colon
3. (N = 107 female + 50 male) Delayed in 
rectosigmoid area
4. (N = 58 female + 21male) With no mark-
ers in plain film
Three clusters in the control
1. (N = 27 female + 16 male) Delayed in the 
right colon
2. (N = 14 female + 35 male) Delayed in the 
left colon
3. (N = 16female + 26male) Delayed in 
rectosigmoid area

IBS patients are different from 
healthy control in colon transit time, 
marker distribution of retention, and 
diffusion coefficient

Bennet et al. 2018 [62] Four clusters
1. (N = 7 HS + 18 patients) Having the low-
est level of cytokines 2. (N = 11 HS + 105 
patients) Moderate level of serum cytokines 
cluster
3. (N = 2 HS + 72 patients) Moderate level of 
serum cytokines cluster
4. (N = 0 HS + 49 patients) Having the high-
est level of serum cytokines

Systemic levels of immune activa-
tion cytokines are elevated in IBS 
patients, however, there is no strong 
association between immune acti-
vation and IBS symptoms. Also, sys-
temic cytokines are not associated 
with comorbidities in IBS patients

Johanna Sundin et al. 
2019 [56]

Two clusters in both IBS and HC
1. (N = 16 IBS + 10HC) With High MC
2. (N = 27 IBS + 10HC) With low MC

There is no association between MC 
numbers and location and patho-
physiology of IBS, IBS symptoms, 
and subtypes
There is no difference between the 
two clusters of MC groups based on 
IgE serum level

Ian et al. 2014 [58] 2 clusters
1. (N = 15) A diminished diversity with a 
median of 44
2. (N = 22) Increased diversity with a median 
of 53

Microbial composition correlates 
with IBS and is associated with 
immunological alteration and low-
grade inflammation

MDD major depressive disorder, MC mast cell
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novel study in this field, all stages of diagnosis of patients and the data collection were 
online. The second subgroup included the largest number of patients among the sub-
groups, in which GI symptoms were low, whereas psychological disturbances were high. 
There was a significant difference between different clusters in terms of age and gender. 
For instance, cluster one included mostly elderly patients, cluster five included younger 
patients, and cluster three included more men.

In 2012, an RCT was conducted [63] to assess the occurrence of symptoms after meals. 
They evaluated GI symptoms, and psychological symptoms and exhaled H2 and CH4 
after lactulose diets. They used three types of meals including 4oo ml liquid plus three 
different doses of lactulose (0–15 g–25 g). GI symptoms and discomfort were assessed 
at baseline and every 15 min after different test meals. Both lactulose-containing diets 
increased GI symptoms in IBS patients; however, the lactulose (25 gr) diet discriminated 
patients from controls more precisely. Ascending CA (wards method) was performed 
based on the response after a lactulose test meal and consequently, five clusters were 
obtained which could be divided into two subpopulations, labeled as, high GI symp-
toms and low GI symptoms. In the high GI subpopulation, both hospital anxiety and 
depression scale (HADS) and visceral sensitivity index (VSI) were high. As a result, no 
significant difference was found between GI symptoms, IBS clusters, subpopulation, and 
exhaled H2, and CH4 in any dose of lactulose.

Anocolorectal function

We reviewed four articles that evaluated the association between IBS and anorectal dys-
function [53–55, 57]. They are the same in study design, diagnostic criteria, and cluster-
ing algorithm which was K-means CA. These studies consistently identified subgroups 
based on anorectal function and associated factors. Mertz et al. [57] proved that altered 
rectal perception is a biological marker of IBS. They evaluated anal perception thresh-
olds and reevaluated 15 patients after three months to identify the correlation between 
changes in perception thresholds and symptom severity. Finally, they found three sub-
groups of IBS patients based on eight physiological parameters. Ragnarsson et al. [53] 
assessed the hypothesis that abdominal symptoms are related to anorectal function in 
IBS patients. They classified patients based on anorectal functions, bowel habits, pain, 
and distention. They investigated anorectal function by using manovolumetry before 
and 40 min after a fatty meal.

K-means CA resulted in three clusters in anorectal functions. It is similar in both 
pre- and postprandial manovolumetry, except that in postprandial, the first group does 
not have increased anal canal pressure and has large rectal compliance with no more 
men than women. In pre-prandial manovolumetry, the third group is more prevalent; 
however, in postprandial manovolumetry, the second group is more prevalent. Conse-
quently, rectal sensitivity increased after a fatty meal in somehow half of the patients 
and women are more sensitive. Ragnarsson et al. [52] have also done clustering based on 
bowel habits, pain, and distention like their previous study which was mentioned earlier 
in the clinical findings category with the same results. There was no difference between 
before and after fatty-meal manovolumetry. So, it might be possible to assume that there 
is no relation between abdominal symptoms and anorectal functions in IBS.
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Bouchoucha et  al. have done two studies in the field of anorectal function. One 
study was about anal pressure waves [57] and the other one was CTT [59]. Par-
ticipants with delays in manometry or CTT were excluded from the studies. It has 
been caused to eliminate constipation-predominant patients and is a manifestation 
of selection bias. In the first study [57], manometry has been done by a small bal-
loon tube in two states of rest and distention. Three clusters of anal pressure waves 
have resulted from K-means CA in both rest and distention states. In the distention 
state, ultra-slow waves increase in both groups; however, slow waves increase merely 
in IBS patients, and simple waves decrease in control groups. Ultra-slow waves in 
IBS patients are not significantly different neither at rest nor in the distention state. 
These waves are just a manifestation of increased activity of the internal sphincter 
[38, 39]. In the second study, the association between CTT and IBS was investigated. 
They used a previously identified technique using radio-opaque markers [40–42]. 
Three parameters were assessed, including CTT, distribution of markers, and diffu-
sion kinetics. To do this, three different parts of the colon, including the right colon, 
the left colon, and the rectosigmoid area, were assessed. They identified four clusters 
in IBS patients and three clusters in healthy controls. In both groups, cluster one has 
a delay in the right colon, cluster two has a delay in the left colon, and cluster three 
has a delay in the rectosigmoid area. In the patient’s group cluster four is defined as 
no marker seen in the plain film. In the IBS group, a higher percentage of females is in 
cluster two and the number of males was higher equally in both clusters one and two; 
however, in healthy controls, more females were in cluster two and more males were 
in cluster one. Total CTT was more in the second cluster in both sexes. Generally, IBS 
patients have longer CTT than controls, and females have longer CTT. No correlation 
was found between CTT and IBS.

Immunological findings

Two of the studies assessed the correlation between IBS and aggregation of colonic 
MCs and the level of serum cytokines. The results were diverse, with some studies 
identifying subgroups based on MC characteristics and cytokine levels.

Sundin et al. [38] intended to discover the pathophysiology of IBS. They determined 
the mucosal MC characteristics and their proximity to nerves, fecal serine protease 
activity, symptoms, visceral sensitivity, and expression of epithelial barrier genes. 
They measured the MC using a method previously published [39]. They analyzed data 
by HCA and identified two subgroups. One subgroup, MC High, has higher rates of 
MC and proximity to nerves, and, the second, MC Low, which is the opposite of the 
previous subgroup. A higher percentage of patients was classified in MC Low sub-
group. Different subgroups of IBS could not be distinguished based on symptoms, 
visceral sensitivity, gene expression, and fecal protease activity. MC numbers and 
location sound to not have any role in the pathophysiology of IBS.

The role of cytokines and their correlation with IBS was investigated by Bennet 
et al. [40], who assessed pro-inflammatory factors, including IL1B, IL8, IL6, TNF, and 
IL10 [41, 42]. They obtained four clusters. Most of the patients and controls were in 
the second cluster. The first cluster had the lowest level of cytokines, and the fourth 
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cluster had the highest level of cytokines. In all of the clusters, TNF had the high-
est level in comparison with other cytokines except in the second cluster, in which, 
IL8 had the highest level. Finally, they identified IBS patients have a higher level of 
cytokines in comparison with healthy controls. However, this issue cannot differenti-
ate patients from healthy controls and there is no correlation between cytokine levels 
and IBS symptoms.

Microbiome composition

There was one study about microbiome composition in IBS patients [58]. This study 
found IBS patients have lower microbial diversity compared with healthy controls. 
They analyzed data by HCA. The results showed less than half of the patients were 
like normal controls, and the others were classified into two subgroups. The first was 
characterized by a diminished diversity and a median of 44 species and the second by 
increased diversity and a median of 53 species. There were some associations between 
microbial composition and clinical or physiological features, immunological altera-
tions, and low-grade inflammation in IBS patients.

The CA.

Discussion
Different approaches exist for addressing the heterogeneity grouping problem, includ-
ing CA, latent class analysis (LCA), and mixture modeling. CA is advantageous in iden-
tifying distinct subgroups and providing visual representations but lacks standardized 
methods and may overlook latent factors [14]. LCA incorporates latent factors and 
allows for hypothesis testing but assumes conditional independence and requires large 
sample sizes [65]. Mixture modeling offers flexibility in distributional assumptions and 
handles missing data but requires complex model estimation and interpretation [66]. 
The choice of approach depends on the specific research question, data characteris-
tics, and the balance between interpretability and flexibility needed in the analysis. CA 
is a group of unique machine learning algorithms that identifies different homogenous 
subgroups in datasets. Due to their unique features, these algorithms are now increas-
ingly used in studies for various purposes [58]. In this review, we included 14 articles 
that used CA in IBS patients and obtained different subgroups of IBS patients based on 
different factors. The number of clusters obtained from these studies varied from two 
to seven. Seven studies were based on clinical symptoms in IBS patients. They selected 
different variables. The details of clusters are summarized in Table 3. K-means CA was 
used in four of these studies. In four of these studies, unlike in the past, the classification 
of patients was based on the severity of symptoms rather than the form of bowel habits, 
and most of the participants were in clusters with low GI symptoms severity and good 
QoL. Some specific findings and associations were obtained from these studies (Table 3). 
Men have lower symptoms in comparison with women, and GI symptoms are based 
on stool subtypes [59]. However, Ragnarsson et al. [52] found completely contradictory 
results. They identified that there is no association between sex and IBS subgroups and 
mentioned the degree of pain and bloating does not correlate with the type of bowel 
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habits. Meals can induce symptoms in IBS patients; however, there is no significant asso-
ciation between meals and IBS clusters.

Four studies evaluated anocolorectal function in IBS patients. They used K-means 
CA. None of them measured the validity of the analysis results. The study conducted by 
Ragnarsson et al. [53] sub-grouped patients based on rectal manometry results. In addi-
tion to this, they subgrouped patients based on bowel habits, pain, and, bloating. They 
identified three clusters based on manovolumetry, three clusters of bowel habits, and 
two clusters of pain and bloating. The main results of this study include: the anorectal 
function does not correlate with symptoms; changes in rectal sensitivity do not associate 
with symptoms; rectal sensitivity is higher in women; and rectal compliance is higher in 
men.

Bouchoucha et  al. [54] investigated different types of anal pressure waves in IBS 
patients. Three clusters were obtained, including ultra-slow waves, slow waves, and 
simple waves. They found that ultra-slow waves associate with high anal pressure, anal 
hypertonia, and, dyschezia. Ultra-slow waves in IBS patients are not significantly differ-
ent from healthy controls. Increased activity of anal sphincters is associated with ultra-
slow waves. Altered rectal perception is a biological marker of IBS and its change is 
associated with symptom severity [57]. IBS patients are different from healthy controls 
in CTT, marker distribution of retention, and diffusion coefficient. Most IBS patients 
have delayed CTT in the left colon [55]. We reviewed two studies in the field of immu-
nological findings of IBS patients that utilized HCA. They evaluated systemic cytokine 
levels, MC number, and location in intestinal epithelium to identify its role in IBS patho-
physiology. They found no strong associations between immune activation and IBS 
symptoms. MC numbers and location do not correlate with the pathophysiology of IBS, 
symptoms, and subtypes. A study evaluated the gut microbial composition of patients 
and found that microbial composition correlates with IBS and is associated with immu-
nological alteration and low-grade inflammation.

These studies resulted in inconsistent findings and they are not comparable. They are 
different in sample size, diagnostic criteria, methodology, etc.

The CA conducted in the studies included in this systematic review, demonstrated 
moderate consistency with clinical criteria in several aspects of irritable bowel syndrome 
(IBS). These subgroups were consistent with certain clinical criteria such as symptom 
severity, bowel habits, pain, and physiological parameters. However, there were also 
instances where cluster analysis did not show a strong correlation with clinical criteria, 
indicating the complexity and heterogeneity of IBS.

In terms of clinical symptoms clustering, some studies found consistent results, indi-
cating the presence of homogenous patient groups. However, the findings related to 
anorectal function clustering were consistently supportive, suggesting the potential for 
tailored treatments based on symptom profiles and associated factors. On the other 
hand, the immune feature clustering studies yielded inconsistent results, highlighting 
the need for further exploration and validation. Given the variability in findings, com-
bining the most clinically consistent variables may improve patient stratification and 
guide personalized treatment approaches. However, it is essential to thoroughly assess 
the reliability, validity, and generalizability of each variable before their combination.
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Table 4 Limitations and future suggestions

Study, year [reference] Limitations Suggestions

Black et al. 2021 [59] The diagnosis 0f IBS did not confirm, 
the questionnaire was online and it 
is unclear who responded to them 
or are those who answered suffering 
from IBS and whether their answers 
could be generalizable, since internet 
access is required, many could not 
participate and some people may 
have left the questionnaire in the mid-
dle. And finally, factors that affected 
the quality of life did not evaluate

Future studies need to predict underly-
ing pathophysiological mechanisms 
in each cluster and, their specific 
treatments and, collect future treatment 
trials to achieve personal treatment

Han et al. [60] Most of the participants were middle-
aged Caucasian women so, it cannot 
be generalizable, and the cause-
and-effect relationship between the 
characteristics of the patient and 
clusters could not be investigated

Future research should do the study 
based on ROME IV criteria, and asses the 
correlation between biomarkers and 
latent classes to target therapy

Lackner et al. 2013 [61] The sample size is small and limited to 
just one clinic, there are some biases 
because of self-reported data, and 
k-means classification is not opti-
mal however, there is no other choice 
because of the small sample size and 
also the symptoms intermittency 
could not assess

Future research should assess the 
biobehavioral variables and use instru-
ments to define a subgroup scheme, 
and investigate the temporality of 
symptoms by longitudinal studies

Nevé et al. 2013 [63] It cannot be generalized to all 
patients because of the small sample 
size and collect a sample from a ter-
tiary center that has more severe IBS

Future research should be done in a 
larger population, analyze gut micro-
biota composition and compare the 
lactulose challenge test with a standard 
visceral sensitivity

Eslick et al. 2004 [42] This questionnaire does not measure 
all of the diagnostic criteria, referral 
bias may be present because this phy-
sician has more IBS patients due to 
his specialty, and this study couldn’t 
compare the patients with other 
countries and show the temporality 
of symptoms

Future research should be larger and 
include more physician practices, 
including participants from different 
countries to investigate the effect of dif-
ferent cultures on functional gastroin-
testinal disorders

Guthrie et al. 2003 [51] 40% of patients refused rectal sensitiv-
ity measurements, this study cannot 
be generalized to all IBS patients 
because, it was conducted in second-
ary and tertiary centers and, in a 
severe range of patients

Future research must identify specific 
subgroups to develop target therapy

Ragnarsson et al. 1999 [52] Medication use in sample 1 might 
influence the results

Future research should conduct to iden-
tify the pathophysiological mechanism 
of these subgroups and consequently 
target therapy in different patients

Howard Mertz et al. [57] The sample size was small and 
reported symptom changes may have 
been affected by memory bias

Future studies should replicate these 
subgroups in other IBS populations, 
evaluate symptomatically correlates 
between patterns of physiologic param-
eters, and address regional autonomic 
abnormalities that might manifest by 
altered intestinal compliance, fluid, 
and electrolyte handling, and mucus 
secretion

Ragnarsson et al. 1999 [53] This study could not show the associ-
ation between pre- and post-prandial 
anorectal function and gastrointesti-
nal symptoms

Future research should enroll more men 
to assess the sex difference in different 
parameters and, this method should 
repeat to identify the etiology and 
mechanism of the disease
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Some limitations of these studies are summarized in Table 4. The major limitation was 
the small sample size. The sample size is a crucial factor in studies and as larger the sam-
ple size is, the results can be more generalizable. Also, some of the studies had selection 
bias in some way. For instance, most of the participants were related to one center and 
were in the severe spectrum of the disease, so the results cannot be generalized to the 
whole spectrum of patients. Most of the published studies applicated subjective data.

The fact that emerged from this review is that IBS is not merely a GI disorder, but 
it is a disease that affects many things. The most important effect is a psychological 
disturbance. Also, changes in the diversity of the intestinal microbiome, such as an 
increase of Firmicutes-associated taxa and depletion of Bacteroidetes-related taxa, 
and also aberrations in cytokines can be underlying mechanisms. In summary, CA 
is a type of unsupervised learning technique that eliminates the need for experts to 
spend time on manual labeling, making it a convenient method. Nevertheless, it is 
crucial to acknowledge that CA is greatly influenced by hyperparameters, includ-
ing the number of clusters and the random initialization of cluster centers. The 
arbitrary selection of these parameters can result in different outcomes, even when 
employing the same algorithm. The utilization of CA has provided valuable insights 
into the heterogeneity of IBS based on clinical features, anocolorectal functions, 

Table 4 (continued)

Study, year [reference] Limitations Suggestions

Bouchoucha et al. 1999 [54] In the present study, the use of visual 
detection of ultra-slow waves give 
little information about possible dif-
ferences be- tween the two groups 
of subjects

More studies should be conducted 
to investigate whether these groups 
overlap or whether they include differ-
ent groups of patients. The results of 
the present study must be compared 
with those of earlier studies of rectal 
slow waves

Bouchoucha et al. 2006 [55] It has a selection bias because the 
study was conducted in a high-care 
center and rectal manometry was 
performed in people with constipa-
tion, which caused us to have more 
patients in this study than the general 
population

As regards, healthy people are not nor-
mally distributed in the current study, 
in future studies, researchers should be 
careful about the participants enrolled 
in the study

Bennet et al. 2018 [62] The number of controls is very small 
compared to patients. Due to the 
nature of the study, it is not possible 
to determine whether cytokines have 
a delayed effect on symptoms or if 
they may have increased due to other 
reasons

Future research should conduct to iden-
tify the source of increased cytokines, 
cytokine cutoffs to identify immune-
activated patients, the pathophysiology 
of immune activation in IBS, and, the 
way that triggers symptoms

Johanna Sundinet al. 2019 [56] It is not able to identify the difference 
in the amount of mast cells and their 
proximity to the nerves in the large 
intestine mucosa of patients and 
controls

Future research should evaluate 
geographical differences in the patho-
physiology of IBS by using standard-
ized biopsy sampling, standardized 
inclusion, and exclusion criteria, and 
conducted in different geographical 
locations

Ian et al. 2014 [58] It could not control probiotic con-
sumption, which might theoretically 
cause confounding effects on micro-
biota composition

Future research should consider some 
antibiotic-free periods before sampling, 
and investigate microbial composition 
role in IBS
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immunological factors, and microbiome composition. Although there were vari-
ations in the clustering results, some consistent patterns emerged. However, no 
particular clustering method or k-means cluster number method consistently out-
performs others in terms of consistency with clinical criteria. Further research 
is needed to explore the optimal clustering approach for accurately capturing the 
clinical heterogeneity in IBS. Other suggestions for IBS clustering are proposed in 
Table  4. It is better to have a larger sample size, normally distributed participants 
in terms of gender and other factors, enroll participants from different geographi-
cal locations, and based on ROME IV criteria. As the symptoms are temporary, it is 
better to conduct studies that follow patients over time to identify the exact patho-
physiology of the disease by measuring biomarkers or examining the microbial com-
position of the intestines, etc., to achieve targeted treatment of the disease. These 
investigations might be able to reduce additional treatment costs and, the burden of 
the disease.

Conclusion
We conclude that unlike the previous classifications, which were based exclusively 
on bowel habits, CA focuses more on the severity of all symptoms in IBS. Overall, 
most patients have low severity of clinical symptoms and a good QoL. The cluster-
ing based on colorectal function has shown that rectal sensitivity increases in most 
patients and this can be used as a biological indicator in IBS. The level of serum 
immunological markers increases moderately in IBS and the diversity of the intesti-
nal microbiome decreases. The number of IBS clusters is variable based on different 
factors and according to the chosen methodology. As a result, we cannot express a 
definite number of clusters. Considering that, knowing the different clusters based 
on different factors would help us to know the disease more accurately, and under-
stand its pathophysiology more precisely, further studies should be done with a simi-
lar methodology to be comparable and based on the recommendations mentioned 
before. So, we hopefully will be able to treat IBS patients in a more targeted manner 
in the future.
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