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Abstract

Celiac disease is a common systemic immune-mediated disease 
caused by an abnormal immune response to gluten proteins, a pro-
tein found in grains such as wheat, barley, and rye. The only effective 
treatment for celiac disease is a lifelong gluten-free diet. This disease 
has spread worldwide, and its prevalence in the general population 
is estimated at 1% worldwide. Celiac disease is highly heritable, and 
its pathogenesis involves gluten antigens presented on the surface of 
HLA complexes, mainly haplotypes DQ2 and DQ8. However, even if 
the genetic predisposition shown by these haplotypes is known to be 
obligatory for celiac disease, it is not sufficient to explain the overall 
predisposition to the disease. The first step to diagnosing the disease 
is usually based on serological tests and small bowel biopsy, but due to 
non-standard serological tests and inappropriate biopsies, the diagno-
sis of celiac disease is difficult. In addition, the onset of celiac disease 
includes a wide range of symptoms, which makes early diagnosis of 
celiac disease very important and vital to prevent long-term complica-
tions of these annoying symptoms. For this reason, considering the im-
portance of early diagnosis of this disease, our goal in this study was to 
apply several machine learning algorithms to train several models and 
test their performance in predicting celiac disease based on common 
features and symptoms. This study was conducted on 50 suspected 
celiac disease samples with an average age of 32 years. 70% of the 
samples were positive for the disease, and the remaining 30% were 
negative. The 10-fold cross-validation method was used for training 
the model. Finally, by using a metaclassifier and the majority vote of all 
5 models, including K-Nearest Neighbor, Support Vector Machine, Na-
ive Bayes, Decision Tree, and Random Forest, we were able to achieve 
an accuracy of 0.8, recall of 0.88, precision of 1, and f-measure of 0.88. 
The most important features were identified to optimize the prediction 
performance. The 5 most important features were age, gluten sensitiv-
ity, chronic diarrhea, abdominal pain, and lactose intolerance.
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Introduction

Celiac disease is a chronic autoimmune disorder affecting 
the digestive system. It is caused by a reaction to gluten, a pro-
tein found in wheat, barley, and rye [1]. When a patient with 
celiac disease consumes gluten, their immune system attacks 
the small intestine, damaging the lining (Figure 1) and causing a 
range of symptoms. Celiac disease was first identified by Samu-
el Gee in 1888, and the role of gluten in the root of its pathology 
became clearer in 1953 [2]. 

Figure 1: Comparison of small intestinal villi in healthy people and 
people with celiac disease.

The pathogenesis of CD includes gluten antigens presented 
on the surface of HLA complexes, mainly of haplotypes DQ2 or 
DQ8 [3]. In particular, it has been observed that 90-95% of CD 
patients express HLA-DQ2, and the remaining 5-10% express 
HLA-DQ8 [4]. DQ2 is present in the white population of West-
ern Europe, Northern and Western Africa, the Middle East, 
and Central Asia, while DQ8 is widespread in people from Latin 
America and Northern Europe [5]. Studies carried out in Middle 
Eastern countries showed that compared to Western countries, 
the spread of celiac disease is higher even in individuals who 
are not at risk. Its prevalence varies depending on geographi-
cal and ethnic variations. The highest prevalence is in Europe 
0.8% and Oceania 0.8%, while the lowest prevalence is in South 
America 0.4%. Celiac disease prevalence was 1.5 times higher in 
women than men, and approximately two times higher in chil-
dren than in adults. Breast milk, mode of delivery, and the age 
of gluten intake in infants are risk factors for developing celiac 
disease and may affect its occurrence [6].

Patients with celiac disease have a higher risk of concomi-
tant autoimmune disorders, while patients with autoimmune 
diseases, mainly those with diabetes or thyroid disease, some-
times develop celiac disease. It has been reported that there 
is a connection between CD and several rheumatic disorders. 
Juvenile Idiopathic Arthritis (JIA) is known as chronic arthritis 
with an autoimmune etiology, and CD is connected with suscep-
tibility to JIA [7]. CD prevalence has also been observed to be 
higher in patients with autoimmune liver disorders [8]. The oc-
currence of Autoimmune Thyroiditis (AT) in Celiac Disease (CD) 
is well documented in adults but less so in children. 

Celiac disease affects approximately 1% of the population 
worldwide. Contrary to increased knowledge about celiac dis-
ease, up to 95% of celiac patients still remain undiagnosed. Al-
though a number of patients have significant clinical signs of 
celiac disease, there are many undiagnosed cases even in devel-
oped countries. It is estimated that 2.5 million Americans with 

CD are undiagnosed. The diagnosis of celiac disease is difficult 
because the clinical presentation of CD varies and can differ de-
pending on age. Celiac disease can occur at any age from early 
childhood to old age. It can occur after gluten intake within the 
first 2 years of life or be seen in the second or third decade 
of life and can have a wide range of symptoms, including the 
main and common manifestations of the Gastrointestinal Sys-
tem (GIS) of celiac disease are nausea, abdominal distention, 
chronic diarrhea, vomiting, and frequent abdominal pain. In 
addition, common extra-intestinal manifestations include lack 
of growth, osteopenia, short stature, osteoporosis, chronic 
anemia, increased liver enzymes, delayed puberty, irritability, 
arthritis chronic fatigue, neuropathy, arthralgia, amenorrhea, 
and tooth enamel defects. GIS signs of celiac disease such as 
diarrhea are seen in approximately 50% of patients [9]. Chil-
dren with celiac disease who are diagnosed at younger ages 
have had fewer symptoms over the past 20 years. Generally, 
symptoms present at around 6-18 months; however, in recent 
years, generally have been presenting symptoms at a later age 
different from classical symptoms [2]. 

Diagnosis of CD relies on clinical, serological, and histological 
evidence, and the increase in rates of diagnosis can be partly 
attributed to the use of sensitive serology testing [10]. Before 
performing a serological test for celiac disease, one should pay 
attention to whether they are gluten-free in their diet or not. In 
this case, the result of the serological tests may be negative and 
the diagnosis of celiac disease may be difficult.

One of the indicators of celiac disease diagnosis is intestinal 
biopsy, but intestinal biopsy is not compatible with celiac dis-
ease in many cases. The reason for a negative intestinal biopsy 
may be due to the involvement of the small intestine mucosa, 
low gluten consumption, and inappropriate biopsy. In the diag-
nosis of CD by histopathology, upper endoscopy is performed 
with a biopsy of the duodenum (beyond the duodenal bulb) 
or the jejunum to obtain multiple (four to eight) samples of 
the duodenum. It is known that not all areas may be affected 
equally; for example, if biopsies are taken from healthy intesti-
nal tissue, the result will be a false negative. Even in the same 
bioptic fragment, the presence of different degrees of damage 
may appear. Most people with celiac disease emerge from a 
normal-looking small intestine on endoscopy before biopsies 
are examined in the lab. Lactose intolerance also occurs as a 
consequence of small bowel injury due to conditions such as vi-
ral gastroenteritis, giardiasis, celiac disease, or Crohn’s disease. 
The typical symptoms of lactose intolerance include abdominal 
pain, bloating, flatus, diarrhea, borborygmi, and less frequently, 
nausea and vomiting.

The gold standards in diagnosing CD are bowel biopsy and 
positive serological markers such as TTG-IgA and EMA-IgA. Eu-
ropean guidelines recommend that in adolescents and children 
with symptoms compatible with celiac disease, the diagnosis 
can be made without the need for an intestinal biopsy if TTG 
antibody titers are 10 times higher than the normal range [11].

A Gluten-Free Diet (GFD) is the recommended treatment for 
CD. This can be challenging, as gluten is found in many com-
mon foods. It is important to be aware of celiac disease and 
its symptoms, as undiagnosed and untreated celiac disease can 
lead to serious complications including osteoporosis, infertility, 
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and malignancies such as T-cell lymphoma. This can explain the 
increased mortality rate among patients with CD [12]. However, 
people with celiac disease can live a long life with proper diag-
nosis, following a GFD, and having a healthy lifestyle. Life-long 
adherence to a GFD can be complex and costly and will require 
considerable changes in eating habits that can be challenging 
for an individual. There are significant challenges associated 
with adherence to a GFD, including cost, availability of GF prod-
ucts, and psychological barriers. Such limitations, especially re-
strictions in social situations, can lead to dietary nonadherence 
resulting in a poorer quality of life [13].

In recent years, medical data used for clinical practice has 
been readily available in electronic form. This data informs the 
decision-making of clinicians in patient care, with the ultimate 
goal of tailoring each patient’s assessment and plan to the in-
dividual. Indeed, this is the goal of “precision medicine”: utiliz-
ing different data modalities, including genomic data, Electronic 
Medical Records (EMR), textual data (e.g. unstructured patient 
notes), and image data (e.g. CT scans, MRI, endoscopy), to opti-
mize and personalize the treatment for a patient [14].

Healthcare can be widely augmented using Machine Learn-
ing (ML) technology. One of the basic requirements of any 
ML-based model is to be able to incorporate a large amount 
of data. Electronic Medical Records (EMR) are huge and ever-
growing databases that can be used to assist physicians with 
diagnosis, management, and tailored recommendations [15]. In 
the medical field, this obviously requires training datasets se-
lected by specialized clinicians. Machine learning is an emerging 
technique in healthcare that helps predict and diagnose various 
diseases based on the symptoms that patients have. After data 
collection and preprocessing, the data is prepared for training 
machine learning algorithms. After training, we can predict the 
disease for the input symptoms by combining the predictions of 
all algorithms. Machine learning algorithms are useful in celiac 
disease and similar diseases that require extensive and continu-
ous testing to diagnose and treat patients. After the machine 
learning model is learned, different samples are given to the 
model, which, depending on the type of model used, bring bi-
nary values between 0 and 1.

Early diagnosis and management of celiac disease are cru-
cial for preventing long-term complications and improving the 
quality of life for those affected. However, celiac disease can 
be difficult to diagnose, as symptoms can vary widely and may 
overlap with other digestive disorders.

Bioinformatics is a recently developed science that uses in-
formation technology to understand biological phenomena. 
Bioinformatics is used for in silico analyses of genome sequence 
data [16,21], protein engineering [22], investigating cancer cell 
lines [2328], DNA computing [29], metagenomics [30,32]. It 
also applies Artificial Intelligence (AI) in healthcare, and recent 
studies have explored its potential in predicting and diagnosing 
different cancers and diseases. By analyzing large amounts of 
patient data and identifying patterns and risk factors, AI algo-
rithms can help identify individuals who are at high risk of de-
veloping celiac disease [33], even before they show symptoms.

In this article, we will explore the current state of research 
on AI and celiac disease prediction, including the use of ma-
chine learning algorithms and other AI techniques.

Materials and methods

Statistical society: The research included 50 celiac-diag-

nosed patients or individuals with disease symptoms referred 
from Tehran (Iran) and other parts of the country to the Clinical 
and Specialty Laboratory, as a referral lab. A questionnaire was 
filled out by every individual regarding their personal and clini-
cal characteristics.

Data collection: The studied individuals are people with 
symptoms and a high suspicion of celiac disease, as well as peo-
ple at risk, including first-degree relatives of the patient. These 
individuals were referred to the gastroenterology department 
and had either not been recently diagnosed or treated by a gas-
troenterologist were in the recurrence phase of the disease or 
had not responded to treatment. After undergoing serological 
and endoscopic tests by a gastroenterologist, they were evalu-
ated for the final investigation and confirmation of celiac dis-
ease.

First, personal characteristics such as age, gender, weight, 
reason for visiting the doctor, and bothersome symptoms (diar-
rhea, abdominal pain, bloating, constipation, weight loss, un-
explained anemia, bone pains, muscle spasms, fatigue, growth 
retardation, joint pain, convulsions, tingling in the legs, painful 
mouth sores, painful skin lesions including Herpetiformis, de-
lay in teeth development), family history, history of allergies to 
specific foods and drugs, history of certain diseases (diabetes, 
thyroid issues, rheumatism), and the results of serology tests 
were recorded in a special form.

Statistical analysis: The number of patients in this study was 
selected based on the following statistical method: 

In this formula, considering the alpha coefficient of 5%, the 
confidence interval is 95%, and the confidence level is 1.96, 
which was obtained from similar studies in geographical areas 
near Iran, the sample size was estimated to be 50 people.

The present study was performed on 50 individuals includ-
ing 16 males and 34 females. The average age was 34.75 (min: 
6 and max: 75) in males and 31.79 (min: 2 and max: 64) in fe-
males.

The importance of the studied features: Celiac Disease (CD) 
is an immune-mediated disease of the small bowel attributable 
to gluten sensitivity in susceptible patients [34]. The CD is diag-
nosed by the presence of clinical symptoms, serological mark-
ers, and histological examination of intestinal biopsies [35]. 
Histological evaluation typically shows a spectrum of disease, 
ranging from intraepithelial lymphocytosis to total mucosal 
damage characterized by atrophy and loss of villi, hyperplasia 
of the crypts, and increased apoptosis of the epithelium [3]. The 
pathogenesis of CD includes gluten antigens presented on the 
surface of HLA complexes, mainly of haplotypes DQ2 or DQ8 
[36].

Celiac disease can manifest with a diversity of signs and 
symptoms, both specific (including gastrointestinal signs, ab-
dominal pain, flatulence, weight loss, malnutrition, malabsorp-
tion, chronic diarrhea, and failure of children to grow normally), 
which begins regularly between six months and two years of 
age, and nonspecific are more common, especially in people 
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older than 2 years (such as fatigue, iron deficiency anemia, der-
matitis herpetiformis, low bone mineral density, and oral mani-
festation) [37]. It is also associated with autoimmune diseases, 
such as type 1 diabetes, Hashimoto’s, and thyroiditis [38].

Celiac disease has been reported in about 1% of the popula-
tion, but it is often underdiagnosed because numerous patients 
report either no symptoms or very few symptoms. Among 
these symptoms, the most common historically, are diarrhea 
and weight loss. Currently, Iron Deficiency Anemia (IDA) is often 
the presenting feature at diagnosis, being reported in over half 
of CD patients (including subclinical CD patients), with a higher 
prevalence in adults than in children [39]. Its prevalence in chil-
dren is 1%-8.3% and the sex distribution is similar [40]. CD re-
sults from a reaction with gluten, which is a group of different 
proteins found in wheat and other grains such as barley and rye. 
Moderate amounts of oats are regularly tolerated, as long as 
they are free from contamination with other gluten-containing 
grains. The incidence of harm may depend on the type of oats. 
The CD appears in people with a genetic predisposition. When 
exposed to gluten, the abnormal immune response may result 
in the production of many different auto-antibodies that can 
affect a number of distinct organs. In the small intestine, this 
causes an inflammatory reaction and may lead to villous atro-
phy. This affects the absorption of nutrients, often leading to 
anemia [38,41]. The associated histological alterations (i.e., at-
rophy of the duodenal mucosa) are responsible for malabsorp-
tion and multiple micronutrient deficiencies (e.g., iron, vitamin 
B12, and folic acid), which might be involved in the pathogen-
esis and morphologic features of anemia. However, nutritional 
deficiencies alone cannot explain this phenomenon in all cases 
[42].

Lactose Malabsorption (LM) is caused by the incomplete hy-
drolysis of lactose due to lactase deficiency, resulting in reduced 
expression of the lactase enzyme in the small intestine. LM may 
occur as a primary or secondary disorder due to other intestinal 
diseases. LM leads to Lactose Intolerance (LI), which is the oc-
currence of gastrointestinal symptoms after ingesting lactose. A 
lactose-restricted diet is typically recommended for symptom 
relief, although it may lead to nutritional disadvantages with 
reduced calcium and vitamin intake. The frequency of LI var-
ies according to ethnicity and has been reported as high as al-
most 100% in Southeast Asia, approximately 80% in Southern 
Europe, and less than 5% in Northern Europe [43].

The proliferation and overstimulation of autoreactive lym-
phocytes lead to diarrhea, abdominal pain, and decreased ab-
sorption of nutrients such as calcium and iron, due to the loss 
of intestinal microvilli. This mucosal damage is the main factor 
for impaired lactase production, resulting in shared symptoms 
with individuals who have Lactose Intolerance (LI). As a result, 
CD is often misdiagnosed and relapses until a correct diagnosis 
and treatment initiation are made. After correct treatment with 
a strict Gluten-Free Diet (GFD), LI- and CD-associated symptoms 
usually improve. However, if CD is not controlled, the function of 
other organs may be affected, resulting in symptoms character-
istic of other diseases, including salivary gland issues, pancreas 
problems (insulin-dependent diabetes mellitus comorbidity), 
irritating dermatological blisters known as Dermatitis Herpeti-
formis (DH), severe anemia, migraines, Thyroid Impairment (TI), 
bone mass loss, and cancer (thyroid cancer, small intestine can-
cer, and lymphoma) [44].

 Microscopic Colitis (MC) is an inflammatory condition in 
which patients suffer from chronic diarrhea with evidence of 

chronic inflammation under the microscope but show normal 
colonic morphology macroscopically [45]. 

Common oral and dental manifestations of CD include mouth 
ulcers, recurrent aphthous stomatitis (RAS), and ulcers. As first 
reported by Aine [46], dental enamel defects include delayed 
tooth eruption, angular cheilitis, atrophic glossitis, and burning 
tongue. Dental enamel hypoplasia has a reported prevalence 
ranging from 10% to 97% [47] and appears to be more preva-
lent in children, compared with adults with CD, and in patients 
with CD compared to the general population. Furthermore, it is 
thought to be secondary to nutritional deficiencies and immune 
disturbances during the period of enamel formation in the first 
seven years [12].

Internationally, celiac disease has an effect between 1 in 100 
and 1 in 170 people [38,48]. However, rates vary between dif-
ferent regions of the world from 1 in 300 to 1 in 40 [48]. It was 
also found that 1 out of every 105 blood donors carries IgA TG in 
their blood. Because of the variable signs and symptoms, about 
85% of sufferers are believed to go undiagnosed [41]. It was also 
found that the percentage of people with a clinically diagnosed 
disease (symptoms trigger a diagnostic test) is 0.05-0.27% in 
most studies [38,41].

Methodology

Overview of methodology: Identifying and diagnosing dis-
eases, which are the most important factors for the treatment 
of any disease, are very difficult in themselves. On the other 
hand, many signs and symptoms are non-specific, and this also 
makes the diagnosis more difficult. The use of machine learning 
can predict disease diagnosis based on the creation of a model 
in which the symptoms of each patient can be entered and pro-
vide a model of a specific disease.

Machine learning is a branch of computer science that has 
been successful in early diagnosis in various fields of medicine 
using computational methods.

The best way to reduce the death rate from any disease is 
early diagnosis and treatment. Therefore, to predict diseases, 
medical science is turning to new prediction model technolo-
gies based on machine learning algorithms.

There are different types of machine learning techniques 
that this paper focuses on, such as Naive Bayes (NB), Decision 
Tree (DT), K-Nearest Neighbor (KNN), Support Vector Machine 
(SVM), and Random Forest (RF) for celiac disease detection.

Machine learning algorithms:

K Nearest Neighbors algorithm (KNN): KNN is one of the sim-
plest and most widely used machine learning algorithms used 
to solve classification and regression problems. This algorithm 
gets neighbors among data using Euclidean distance between 
points of data [49]. It is a data classification algorithm that de-
tects a new item by calculating the nearest neighbor with the 
same characteristics as the item in a defined area. The value 
of K (which is fixed and defined by the user) identifies all items 
with similar existing features to the new item and surrounds all 
cases to find the new case for the same category.

Therefore, the value of k should be chosen carefully because 
if the sample size is small, it can greatly affect the selection of 
the optimal neighborhood size K, and the decrease in classifica-
tion performance is easily caused by the sensitivity of K selec-
tion [50].
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After obtaining the distances, we need to sort them and de-
termine which one is closest to the new sample. Then, we find 
the optimal k value and make a prediction.

Support Vector Machine algorithm (SVM): The SVM is a 
popular machine-learning tool that provides solutions for prob-
lems with classification and regression. This algorithm performs 
classification based on labeled data in the best way. SVM finds 
the best hyperplane by finding the points on the edge of class 
descriptors and divides the dataset into two distinct classes. 
The distance between the classes is known as the margin. The 
better accuracy is achieved when there is a higher margin. The 
far margin is measured between the extreme surface and the 
nearest data point from each set of the classified dataset. The 
data points that lie on the boundary are called support vectors. 
SVM is not only able to deal with two-class or binary classifica-
tion problems but it is also developed to solve multilayer prob-
lems using a group of hyperplanes [51]. In other words, in this 
algorithm, we will have dimensions for as many features under 
consideration.

Naive Bayes algorithm (NB): NB algorithms are considered 
one of the most popular machine learning algorithms because 
they allow each feature to participate in the final prediction in-
dependently of other features. This method has many advan-
tages, such as small training data, simple computing, and ease 
of implementation. In addition, it can handle big data and in-
complete data (missing values), and it is not sensitive to irrele-
vant features and data noise [52]. Another use of this algorithm 
is to classify documents and filter spam emails. The important 
and key components of Naive Bayes include prior, posterior, and 
class conditional probability.

If the probability value is discontinuous, it is called likeli-
hood, but if its value is continuous (decimal numbers) it is called 
probability. Whichever group in the study has a higher prob-
ability number, the probability of its occurrence is higher, and 
in other words, it is the maximum likelihood and is predicted as 
the answer.

Decision Tree algorithm (DT): A decision tree is one of the 
earliest and most outstanding machine learning algorithms 
used to solve regression and classification issues by repeatedly 
dividing data depending on a particular variable. The data is di-
vided into nodes, and the tree’s leaf represents the final deci-
sion.

The nodes of a decision tree have multiple levels, where 
the first and top-most node is called the root node. All inter-
nal nodes show tests on input variables. Depending on the test 
result, the classification algorithm branches toward the appro-
priate node where the process of test and branching repeats 
until it reaches the leaf node. Finally, the leaf or terminal nodes 
correspond to the prediction outcomes. Decision trees are very 
easy to interpret and learn, and they are a common part of 
many medical diagnostic protocols [53].

Random Forest classification (RF): The random forest is a 
collection of decision trees. To enable this model, ensemble 
classification is used, which starts by identifying a set of key 
features to grow each decision tree. Based on the feature cho-
sen as an internal node, the shape of the DT will be different, 
and their size can be small or large, and the number of their 
branches is few or many. All of these are based on the features 
that have been selected. As its name suggests, RF selects vari-
ables randomly, so different trees are created. Then each DT is 

checked, and prediction is done for each DT. Then a majority 
voting is taken from all the predictions obtained, and the final 
prediction is made [54].

Importance features selection: High-dimensional data anal-
ysis is a challenge for researchers in the fields of machine learn-
ing and data mining. Importance feature selection provides an 
effective way to solve this problem by removing irrelevant and 
redundant data, which can reduce computation time, improve 
learning accuracy, and facilitate a better understanding of the 
learning model or data. Feature selection refers to the process 
of obtaining a subset from an original feature set according to 
a certain feature selection criterion, which selects the relevant 
features of the dataset.

In this study, after deriving a set of features, we next used 
ML models to evaluate whether these features hold relevant 
information to classify individuals as celiac disease patients or 
healthy. It is likely that most of the repertoire features are not 
associated with autoimmune diseases, so a process of impor-
tance feature selection is critical for the classification task. To 
identify the features that optimize the prediction performance, 
we used a feature selection step. To select the strongest pre-
dictor features, the number of features was determined using 
the scikit-learn Python library. This function performs cross-
validated selection of the optimal number of features by re-
moving 0 to N features using recursive feature elimination and 
then selecting the best subset based on the cross-validation of 
the model. To assess model performance, we performed 20% 
sample holdout cross-validation, where the model was trained 
on the remaining 80% of the data and then scored based on the 
holdout samples after selecting the best stratification features.

Results

The features described earlier, including Skin Manifestations, 
Dental Problems, Oral Ulcers, Vomit, Weight Loss, Bloat, Ab-
dominal Pain, Lactose Intolerance, Anemia, Muscle Weakness, 
Continuous Constipation, Chronic Diarrhea, Boredom, Gluten 
Sensitivity, TTG IgG, TTG IgA, Sex, and Age, were measured in 50 
patients, and the values of these features were shown in Figure 
2. The values of the features were normalized between 0 and 1. 

The 10-fold cross-validation method was used for modeling, 
where in each step, 10% of the data were selected for testing, 
and modeling was done with the remaining 90% of the data.

In order to measure the ability of each of the K-Nearest 
Neighbor (KNN), Support Vector Machine (SVM), Naive Bayes 

Figure 2: The values of features related to celiac disease in 50 stud-
ied patients.
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(NB), Decision Tree (DT), and Random Forest (RF) classifiers, 
which were fully explained in the method section, the following 
four evaluation measures have been used.

Accuracy: The ability of an instrument to measure the accu-
rate value is known as accuracy. In other words, it is the close-
ness of the measured value to a standard or true value. 

Accuracy is also used as a statistical measure of how well a 
binary classification test correctly identifies or excludes a condi-
tion. That is, the accuracy is the proportion of correct predic-
tions (both true positives and true negatives) among the total 
number of cases examined. 

TP, FP, TN, and FN stand for True Positive, False Positive, True 
Negative, and False Negative, respectively.

Accuracy was obtained by the methods of KNN: 0.6, SVM: 
0.7, NB: 0.8, DT: 0.6, and RF: 0.6.

Precision: Precision is how close measurement values are 
to each other and, basically, how many decimal places are at 
the end of a given measurement. High precision coincides with 
a low sample standard deviation. Standard deviation is a mea-
surement of how widely spread a data set is. A sample stan-
dard deviation specifically represents the spread of data from 
a particular sample and may not accurately represent the true 
spread of data from the population. Precision is defined as fol-
lows: 

Precision was obtained by the method of KNN: 0.72, SVM: 1, 
NB: 0.86, DT: 0.57, and RF: 0.86.

Recall: Recall is a metric that quantifies the number of cor-
rect positive predictions made out of all positive predictions 
that could have been made.

Unlike precision, which only comments on the correct posi-
tive predictions out of all positive predictions, recall provides 
an indication of missed positive predictions. In this way, recall 
provides some notion of the coverage of the positive class. 

Recall was obtained by the method of KNN: 0.72, SVM: 0.7, 
NB: 0.86, DT: 0.67, and RF: 0.67.

F-Measure: In statistical analysis of binary classification, the 
F-measure or F-score is a measure of a test’s accuracy. It is cal-
culated from the precision and recall of the test. The F-measure 
is a way of combining the precision and recall of the model, and 
it is defined as the harmonic mean of the model’s precision and 
recall. 

F-measure was obtained by the method of KNN: 0.72, SVM: 
0.82, NB: 0.86, DT: 0.62, and RF: 0.75.

Finally, by using a Meta-Classifier and the majority voting 
of all 5 models (KNN, SVM, NB, DT, and RF), we were able to 
achieve higher accuracies and make final predictions. With the 

Figure 3: Prediction performance of the best classifiers. The length 
and color of the bars indicate the percentage of evaluation mea-
sures and types of classifiers respectively

Figure 4: Predicting the importance of features. The length and 
color of the bars indicate the importance and features respectively.

Meta-Classifier, the accuracy is 0.8, recall is 0.88, precision is 
1, and the f-measure is 0.88. As shown in Figure 3, the Meta-
Classifier has the highest accuracy among all classifiers. 

By collecting a questionnaire from the study subjects, which 
included common characteristics abundantly seen in celiac pa-
tients based on past studies, we experimented to create an ML-
based model to distinguish celiac disease patients from healthy 
individuals. We found that age, gluten sensitivity, chronic diar-
rhea, abdominal pain, and lactose intolerance play a more im-
portant role in the diagnosis and classification of celiac patients 
than healthy individuals (Figure 4). 

Discussion

Our study presents initial findings that suggest machine 
learning can be used as an alternative, non-invasive method for 
screening patients with suspected celiac disease. This approach 
focuses on diagnosing general and common symptoms associ-
ated with the disease. 

The aim of this research area is to assist in clinical decision-
making for the treatment of individuals with potential celiac 
disease during their initial clinical and laboratory evaluation. 
It is worth noting that most individuals with potential celiac 
disease do not progress to a fully developed disease within an 
8-year follow-up period.

Meijer et al. discovered that the risk of developing CD in chil-
dren with affected First-Degree Relatives (FDR) is much higher 
during the first 10 years of life than previously believed. While 

Number of correct predictions TP+TNAccuracy= =
Total number of predictions TP+TN+FP+FN

TPPrecision=
TP+FP

TPRecall=
TP+FN

Precision x RecallF-Measure= 2 
Precision + Recall
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it was previously assumed to be around 5-10%, their data re-
vealed that by the age of 8, this rate actually reaches 17%. This 
highlights the need for effective recommendations for early 
screening. Additionally, their research confirmed that CD tends 
to develop in children with FDR at a very young age, with the 
average age of diagnosis in their study being 4 years. As a result, 
it is important to advise high-risk children to begin CD screen-
ing earlier and more frequently than children in other high-risk 
groups. It is also worth noting that the risk of developing CD 
varies depending on the current age of the child [55].

In a study conducted by Majsiak et al. 796 patients with 
confirmed CD diagnoses in Poland were analyzed. Of these pa-
tients, 224(28.1%) were children and 572(71.9%) were adults. 
The study revealed that the average duration of symptoms be-
fore the CD diagnosis was significantly shorter in children (3.1 
years) compared to adults (9 years). The most common symp-
toms before the CD diagnosis were abdominal pain and bloating 
in children (70.4%) and chronic fatigue in adults (74.5%). These 
findings highlight the delayed diagnosis of CD, particularly in 
adults, emphasizing the need for doctors to be aware of the 
various ways CD can present itself [56].

Lemos et al. also discovered a similar profile between CD and 
LI, possibly due to changes in gut microbiota. They found that 
one-third of CD participants experienced symptoms induced by 
lactose. These symptoms may be linked to intestinal damage 
and extraintestinal symptoms, warranting further investigation. 
Out of the CD patients, 20 (58.8%) were diagnosed with LI. Con-
sidering the majority of CD patients also had LI, the researchers 
analyzed the CD and LI groups together [57].

Nimri et al. conducted a study that revealed how Microscop-
ic Colitis (MC) can result in chronic diarrhea. The diagnosis of 
MC is made through histopathology, which shows a high num-
ber of intraepithelial lymphocytes, specifically more than 20 
lymphocytes per high-power field. As a result, chronic diarrhea 
is strongly linked to CD [58]. In another study by Wang et al. 
the main clinical symptoms observed in CD patients in Xinjiang 
were chronic diarrhea, severe malnutrition, osteoporosis, ane-
mia, fatigue, and decreased BMI. BMI serves as a crucial indica-
tor for assessing and predicting CD, and diarrhea is a common 
symptom associated with the disease. The immune response 
triggered by gluten consumption in susceptible individuals leads 
to impaired intestinal absorption and osmotic diarrhea. Among 
the 21 CD patients examined in their study, the predominant 
presentation was abundant watery and fatty diarrhea. Due to 
a lack of understanding and limited diagnostic criteria for CD, 
diarrhea often becomes chronic, making the disease more chal-
lenging to manage. Consequently, most patients experience 
significant weight loss, along with anemia, iron and vitamin D 
deficiencies, and other forms of malnutrition [59].

The Ritter et al. study involved 101 participants, with an av-
erage age of 6.5 years (2.8). Of these participants, 51% were 
women. The study included 38 patients with CD, 18 patients 
with abdominal pain, and 45 healthy individuals. The sleep dis-
turbance scale scores for children were 37.4(8.7), 41.3(11.3), 
and 45.4(13.7) in the healthy control, CD, and abdominal pain 
groups, respectively (P=0.024). The study found a significant dif-
ference in arousal domain disorders (P=0.044). Furthermore, a 
trend towards improvement in the sleep disturbance scale for 
children was observed in children with CD who experienced 
abdominal pain after following a gluten-free diet for 6 months 
(P=0.07) [60]. In the study conducted by Jabeen et al. it was 

reported that 22% of cases experienced severe abdominal pain, 
while 9.2% experienced nausea. Among patients with CD, 70% 
suffered from varying degrees of diarrhea (mild, moderate, and 
severe) and reported severe abdominal pain in 22% of cases, 
while nausea in 9.2%. 70% of patients with CD suffered from 
various degrees of diarrhea (mild, moderate, and severe) [61]. 
When examining the literature, it was observed that patients 
with CD frequently experienced abdominal distension. Addi-
tionally, Thapa et al. found that over 70% of CD patients experi-
enced diarrhea [62]. 

Tavakoli et al. conducted a study in South Khorasan (Iran) 
with 110 individuals diagnosed with CD, who had an average age 
of 28.38±15.25 years. Among the participants, 78(70.9%) were 
men and 32(29.1%) were women. The most prevalent gastroin-
testinal symptoms reported were abdominal pain in 70(63.6%) 
individuals, diarrhea in 44(40%), constipation in 43(39.1%), and 
nausea in 35(31.8%) [63]. 

Comparing these findings to our own study, we also iden-
tified a significant percentage of our target population who 
experienced these common symptoms. According to Figure 4, 
some of these symptoms, in order of importance and the high-
est frequency among the studied samples, included gluten sen-
sitivity, chronic diarrhea, abdominal pain, lactose intolerance, 
TTG (IgA), and anemia. This study was conducted on 50 samples 
suspected of celiac disease. The average age of the subjects 
studied was 32 years. The minimum age was 2 years, and the 
maximum age was 75 years. 68% of the studied subjects were 
women, and 32% were men. Finally, 70% of the studied samples 
were positive for celiac disease, and 30% were negative.

Also, based on previous studies, age is considered a very im-
portant factor because early diagnosis of celiac disease in as-
ymptomatic patients leads to a better quality of life and better 
adherence. In our study, as shown in Figure 4, the age indicator 
had the highest importance. If the disease is diagnosed in time, 
and the diet is followed, less damage is done to the intestinal 
mucosa, which ultimately prevents the occurrence of other 
common and annoying symptoms. As reported, the only effec-
tive treatment is a lifelong gluten-free diet.

Therefore, due to the very high importance of early diagno-
sis of celiac disease, the aims of this study were to develop and 
verify a model based on machine learning for the early diagno-
sis and identification of suspected celiac disease samples, with 
the common features and symptoms and finally its timely pre-
vention. Machine learning can classify or predict the input data 
through statistical methods and algorithms, such as recognizing 
and specifically classifying the patient as celiac or non-celiac. 

Piccialli et al. developed a traditional multivariate approach 
to predict the natural history of potential celiac disease in a 
sample of 340 children. They used a discriminant analysis model 
to analyze clinical data collected at the time of diagnosis (time 
0). In addition to an existing follow-up dataset for Potential Ce-
liac patients (PCD), the researchers proposed Machine Learn-
ing (ML) methods to expand the analysis and identify influential 
features that can predict outcomes. The ML methods, including 
Random Forests, Extremely Randomized Trees, Boosted Trees, 
and Logistic Regression, were used to select the most impor-
tant features for predicting the outcome. This feature selection 
process effectively reduced the total number of features from 
85 to 19. The ML methods produced results with high accuracy, 
with specificity scores consistently above 75% and two methods 
achieving over 98%. The best-performing sensitivity was 60%. 
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The optimized spanning trees model was able to accurately 
classify PCD patients using the 19 selected features, with an ac-
curacy of 0.80, sensitivity of 0.58, and specificity of 0.84. This 
study successfully categorized PCD patients who are most likely 
to develop overt CD using machine learning techniques [64].

A review study conducted by Grossi et al. revealed that the 
use of Artificial Intelligence (AI) techniques for diagnosing and 
predicting gastrointestinal conditions is potentially more effec-
tive than traditional statistical methods. This finding is particu-
larly significant considering the complexity of gastrointestinal 
diagnoses and the need for invasive tests. The CD group exhib-
ited several common symptoms including irritability, edema, 
diarrhea, thin subcutaneous tissue, and weight loss. The initial 
phase of the study, which tested AI techniques, demonstrated 
that Bayesian classifiers and k-nearest neighbors could accu-
rately identify potential CD diagnoses with good sensitivity. 
Moreover, these techniques exhibited reliable specificity in in-
dicating negative CD diagnoses. Therefore, these AI techniques 
hold promise as clinical decision-support tools and warrant fur-
ther investigation in future studies [65]. 

The measurements indicate that the selected algorithm is re-
liable for identifying patients with CD. In our study, like the pre-
vious studies that were mentioned earlier, the models learned 
by machine learning algorithms were able to distinguish with an 
accuracy of over 80%, which is comparable to the gold standard 
and the physician’s impression. However, additional research is 
needed to minimize false positive and false negative outcomes. 
It is important to note that a potential diagnosis of CD that is 
not confirmed should be seen as an opportunity for further 
investigation rather than an error. Overall, this study offers a 
dependable tool for analyzing the clinical manifestations of CD.

The objective of this study like previous studies is to show-
case the potential of machine learning technology in distin-
guishing between individuals suspected of having celiac disease 
and those who are healthy. The benefits of this approach in-
clude its portability, ability to provide fast real-time results, and 
cost-effectiveness. 

Conclusion

Since 2008, when a computer-aided diagnosis of celiac dis-
ease was first published, many advances have been made to-
ward a fully automated system. Despite the important step that 
has been taken in this direction, there are still many challenges 
that need to be addressed before a computer-aided diagnosis 
system can be used in clinical practice. If public datasets are 
readily available to researchers, research progress and interest 
in computer-aided celiac disease diagnosis will grow. Artificial 
intelligence is widely used in the prediction of various diseases 
and provides various models for the prevention of various types 
of diseases. It is very helpful for researchers in developing effec-
tive health care policies and early detection of diseases and can 
reduce the risk factors. 

In this study, we used 5 classifiers: K-Nearest Neighbor 
(KNN), Support Vector Machine (SVM), Naive Bayes (NB), De-
cision Tree (DT), and Random Forest (RF). The ability of each 
classifier was measured using 4 evaluation measures: Accuracy, 
Precision, Recall, and F-Measure. Using a Meta-Classifier and 
the majority voting of all 5 classifiers, we were able to achieve 
higher accuracy and final prediction. The results of the meta-
classifier included an accuracy of 0.8, recall of 0.88, precision of 
1, and f-measure of 0.88.

In addition, using machine learning, we proposed a model 
that can predict the new sample by using the common and pre-
disposing features of celiac disease. To select the strongest pre-
dictor features, the number of features was determined using 
the scikit-learn Python library, and the 5 most important fea-
tures were age, gluten sensitivity, chronic diarrhea, abdominal 
pain, and lactose intolerance.
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