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Abstract. The great flow of clinical data can be managed with efficiency
and effectiveness, improving the speed of interpretation of information,
through Machine Learning (ML) methodologies, aimed at overcoming
the barriers present in the diagnosis and treatment processes of patients,
such as those affected by Inflammatory Bowel Disease (IBD). In this paper we survey relevant ML applications used for managing the large flow
of clinical data and for overcoming the barriers present in the diagnosis and treatment processes of patients, with special focus on IBD. In
IBD settings, main data sources include cohort study data, administrative databases, e-Health applications, Electronic Health Records (EHR),
medical image data, Omics data, Clinical trial data and social media
data. Potential applications for overcoming barriers in the field of IBD
are also discussed.
Keywords: Machine Learning · Inflammatory Bowel Disease · Natural
Language Processing.

1

Introduction

Medicine needs technological revolution, which allows the identification of new
interesting markers that can’t be identified with statistical methods. Inflammatory Bowel Disease (IBD), which includes Ulcerative Colitis (UC) e Crohn’s
Disease (CD), is a complex multifactorial inflammatory disease with common
symptoms such as abdominal pain, diarrhea, rectal bleeding, fatigue, and extraintestinal manifestations of the disease [1]. Machine Learning (ML) application in IBD represents a path of research to improve patient health outcomes
since it offers patients greater opportunities to access treatment, to understand
their state of health, to evaluate prevention, and to receive early diagnoses. IBD
gave birth to new challenges that traditional scientific methods have failed to
address [2, 3]. The present paper discusses the possibility of ML applications for
the characterization of the IBD disease through the extraction of topics from
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public and private sources, such as clinical reports and clinical notes. The rest
of the paper is organized as follows. Section II presents an overview of Data
Sources and available public databases in IBD. In Section III the background
on ML approaches applied on IBD data is introduced. Finally Section IV and V
present discussion and conclusion of the paper, opening new challenges of future
works.

2

Data Sources in IBD

In the field of IBD, the use of big data has allowed medical researchers to understand the disease and the models related to it and to obtain more information that allow to progress in the clinical practice. The most important data
sources in IBD include study cohorts, clinical studies, administrations, medical
and electronic health record (EHR) databases, reported results databases, medical imaging. For example, imaging modalities such as colonoscopy, gastroscopy,
abdominal ultrasound allow the evaluation of any structural changes in the affected districts. Large data volumes collect both administrative databases and
clinical notes, representing structured and unstructured data respectively. Medical data sources include biomarker data, medical images, clinical trials registries,
electronic medical records, epidemiological studies, patient-reported health data,
omics data, biometric data, data from social media and the Internet [4, 5].
Variety of data sources will continue to grow and the challenges will increase. In
the field of IBD research data can be acquired from Administrative databases
that are the most straightforward sources. For storing data collected during
clinic, hospital, laboratory or pharmacy visits, many countries have developed
large databases [6]. Typically, EHRs include both structured and unstructured
data [7]. Data analytics in IBD is enhanced by extracting raw data that are
processed to be stored, analysed and manipulated, while structured data are in
the form of patient demographics, diagnosis codes, laboratory data, vital signs
and similar material [8].
2.1

IBD Databases

With the purpose of homogenizing data, many databases collecting a growing
number of information in the field of IBD were established. Medical and sociodemographic information from all hospital care and outpatient drug reimbursements can be extracted by Système National d’Information InterRégimes de
l’Assurance Maladı̀e (SNIIRAM) and Programme de Médicalisation des Systèmes
d’Information (PMSI) [9–12]. Numerous successful databases have been implemented at European and world level.
General Practice Research Database (GPRD) includes information about incident diagnoses, hospitalizations and surgeries, owing to incomplete records [13].
National Patient Register (NPR) contains data on specialized hospital-based
outpatient care as well as data on diagnoses of IBD [14].
Swedish Quality Register (SWIBreg) contains clinical data missing in NPR [15].
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Both SWIBreg and NPR have been validated in clinical studies related diagnoses
of IBD [16]. Table 1 shows some publicly available clinical databases.

Table 1. Open Access Public Available Clinical Database and Ontologies in IBD
Description
Database of public and private clinical trials
GWAS Catalog

Resource
ClinicalTrials.gov (1)
Genome-Wide Association Study
(2)
Genome-Phenome dataset
Database of Genotypes and Phenotypes (3)
PheWAS Catalog
GPhenome-Wide
Association
Studies (4)
Ontology related to inflammatory bowel disease
Mondo Disease Ontology (5)
Inflammatory Disease Ontology Browser
Disease Ontology (6)
(1) https://clinicaltrials.gov/ct2/results?term=gastroenterology
(2) https://www.ebi.ac.uk/gwas
(3) https://www.ncbi.nlm.nih.gov/gap/?term=gastroenterology
(4) https://phewascatalog.org/phewas
(5) http://purl.obolibrary.org/obo/MONDO0 00525
(6) http://www.informatics.jax.org/disease/612241

The availability of these data could be hampered by several factors, such
as intellectual property, fears of different conclusions, confidentiality concerns
and lack of resources [17]. When data are analysed, personal information is deidentified but the possibility of recognizing individuals still exists [18].

3

Need for Machine Learning in IBD

Computational techniques can be used to solve problems related to storage, analysis and interpretation caused by enormous amounts of omics data [19] [20].
The arrival of ML into IBD clinical research has allowed researchers to capture complex associations and to increase understanding of disease mechanisms;
therefore, ML could play an important role for improving diagnosis. ML algorithms require input data useful for training phase. In IBD input data are
those patient biological as gene expression, biomarkers of inflammation in the
tissue and blood, gut microbiota composition, endoscopic imaging and histologic
imaging [21–25]. ML uses the ability of algorithms to detect predictive patterns,
simplifying the interpretation of models at the base of complex medical conditions as IBD.
Table 2 shows some specific types of clinical technologies on IBD in which ML
approaches have been applied.
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Table 2. Machine Learning Application on IBD Clinical Setting

ML Method

PubMed ID
(PMID)
NLP of EHR data
Identification of surveillance colonoscopy in IBD 23086115 [26]
NLP of EHR data
Improving case definition of IBD in EHR using 23567779 [27]
NLP approach
Gaussian
Bayesian A probabilistic methods for classification of IBD 29048458 [28]
Network
Bayesian ML model Bayesian Machine Learning Techniques for re- 28269885 [29]
using clinical data
vealing complex interactions in IBD patients
ML using data from Predictive modeling of endoscopic remission in 29359519 [30]
clinical trial
IBD
ML model using data Advanced machine-learning technique for risk 23731541 [21]
set from IBD Genetics prediction in IBD
Consortium
ML model using EHR Prediction of outpatient corticosteroid use and 29272474 [30]
data
hospitalization
ML model using EHR Validation of a Thiopurine Monitoring Algo- 28838785 [31]
data
rithm on the SONIC Clinical Trial Dataset

4

Application

Discussion

Data Mining (DM) and ML algorithms are computational approaches with the
aim of extracting knowledge in the medical field. They are used to predict remission in patients with IBD and to analyze if remission predicted by algorithm leads
to fewer clinical events [32]. For example Natural Language Processing (NLP) is
used to identify arthralgia in electronic health records and to compare the risk
of arthralgia between patients with IBD taking vedolizumab and those receiving
anti-TNF agents [33]. There are many strengths and limitations of potential data
sources from which big data analytics could draw from, in the field of IBD. One
of the main challenges is the heterogeneity of data represented by social media
posts and unstructured electronic health record notes. Since clinical information
is spread across thousands of electronic documents, NLP approaches can reduce
the time to organize this information, by overcoming the limitations in understanding documents. Some data sources raise questions of patient privacy and of
corrupted, duplicate, missing or inaccurate data that require security solutions.
Finally, a discussion about bioinformatics and computational sciences that are
essential to adequately manage and integrate data from these components and
other sources is reported here [34–36].

5

Conclusions and Future Work

Available data sources in the clinical setting represent the input to apply different
analytical methods ranging from traditional statistical methods and advanced
methods such as data mining, machine learning, clustering, text analysis and
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image analytics, allowing to improve IBD knowledge and to fill the gaps present
in this area. IBD can benefit from ML methodologies useful to understand behavioral drivers and undertake predictive therapeutic approaches. Various ML
methods could discover the hidden nature of big data in the gastroenterology
field, helping to subtype chronic and complex diseases within the bowel diseases.
Performance improvement of NLP will be essential to organize, interpret and
recognize patterns from textual data [7], such as unstructured clinical reports.
These insights can lead to new discoveries through the extraction of information from medical records and the application of NLP techniques, in particular
Text Mining (TM) approaches that can improve the characterization of bowel
diseases. For instance, pharmacovigilance can be improved by using text mining,
to obtain data on adverse drug events from medical notes [37]. The advantage is
that in addition to the PDF format, clinical reports, including endoscopic ones,
are often available in plain text and can be processed for NLP analysis. Among
the possible future developments and challenges, we are working on the application of NLP and TM techniques to extract useful information from medical
records as well as from medical questionnaires, with the aim of a better diagnosis
in clinical practice.
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