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Web-based and machine learning approaches for identification of patient-reported 

outcomes in inflammatory bowel disease  

Abstract 

Background: Messages from an Internet forum are raw material that emerges in a natural 

setting (i.e., non-induced by a research situation).  

Aims: The FLARE-IBD project aimed at using an innovative approach consisting of collecting 

messages posted by patients in an Internet forum and conducting a machine-learning study (data 

analysis/language processing) for developing a patient-reported outcome measuring flare in 

inflammatory bowel disease meeting international requirements.   

Methods: We used web-based and machine learning approaches, in the following steps. 1) 

Web-scraping to collect all available posts in an Internet forum (23 656 messages) and 

extracting metadata from the forum. 2) Twenty patients were randomly assigned 50 extracted 

messages; participants indicated whether the message corresponded or not to the flare 

phenomenon (labeling). If yes, participants were asked to identify excerpts from the text they 

considered significant flare markers (annotation). 3) The set of annotated messages underwent 

a vocabulary analysis.  

Results: The phenomenon of flare was circumscribed with the identification of 20 surrogate 

flare markers classified into five dimensions with their frequency within extracted labeled data: 

impact on life, symptoms, extra-intestinal manifestations, drugs and environmental factors. 

Web-based and machine-learning approaches met international recommendations to inform the 

content and structure for the development of patient-reported outcomes.  

Keywords: Patient-reported outcomes; World Wide Web-based approach; Machine learning 
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1. Introduction 

Crohn's disease and ulcerative colitis, the two major forms of inflammatory bowel disease 

(IBD), are chronic disabling conditions characterized by flares followed by periods of 

remission. In the context of treat-to-target strategies and tight monitoring 1, early detection of a 

disease flare is the only way to change patients’ lives and disease course.  

Many indices of disease activity are available (Mayo Index, St Mark’s Index, Lichtiger Index, 

Simple Clinical Colitis Activity Index, Seo Index for ulcerative colitis) 2–6. However, these 

indices are applied by the physician (hetero-evaluation) and they were developed without 

integrating patients’ perspectives.   

Until recently, there has been no validated patient-reported outcomes (PROs) tool to measure 

the phenomenon of flare in IBD. This gap is gradually being closed: in 2018, a study developed 

and validated a Ulcerative Colitis PROs signs and symptoms diary 7. Another group  developed 

a symptoms and impacts questionnaire for Crohn's disease and ulcerative colitis 8. These two 

studies met international recommendations to ensure content validity stressed by the 

International Society for Pharmacoeconomics and Outcomes Research, the US Food and Drug 

Administration and the European Medicines Agency 9–12: 1) elicitation of key concepts using 

focus groups and/or interviews to inform the content and structure of the new PROs and 2) 

assessment of the patient’s understanding of the draft instrument using cognitive interviews. 

However, in these two studies, qualitative data were collected with experienced interviewers 

who used a semi-structured discussion guide. Therefore, discussions were minimally oriented 

by the guide and influenced by the presence of the interviewer. In other words, discussions are 

necessarily a biased material because they are not spontaneously generated in a natural setting. 

 

In the last ten years, there has been an emergence in using Internet forums as a source of 

qualitative data to explore patients’ perspectives on sensitive or intimate subjects in the field of 
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sexual medicine 13,14, depression symptoms 15,16, substance abuse 17–22, mental illness 23, women 

infertility 24, people living with HIV/AIDS and concerns about antiretroviral therapy risks, 25,26, 

postpartum depression 27, Munchausen by proxy 28, fathers’ worries during pregnancy 29, 

symptomatic pelvic organ prolapse after vaginal birth 30, the experiences parents describe when 

administering inhaler devices to their young children 31, and suicide 32,33. Exploration of Internet 

forums can also be used to try to grasp societal phenomena such as the current trend of vaccine 

hesitancy 34. In these papers, messages of interest were often researched by 1) boolean queries 

formulated directly on search engines to mix several public Internet forums, 2) relevant posts 

manually selected from a set of data, or 3) selecting all the messages posted for a particular 

thread or for a particular periodicity. To the best of our knowledge, with the notable exception 

of 2 papers using web-scraping to collect all available posts 35,36, the engineering sciences were 

not integrated in data collection.  

Our aim was to identify a PROs measuring flare in IBD via an innovative approach combining 

web-based and machine learning.  

Machine learning is considered as a subdiscipline of artificial intelligence. Machine learning 

learns from examples provided in sample data (training data) and improves its performances 

through the use of computational algorithms 37–39.  

 IBD flares can occur at any time between two outpatient visits and are unpredictable. 

International guidelines now recommend a tight monitoring of both symptoms and intestinal 

inflammation to allow early detection of IBD flares and thus early intervention, with the final 

aim of preventing disability and disease progression (bowel damage, hospitalisations and 

surgeries) 40. However, patients with IBD are seen every 3–6 months in case of active disease 

and every 6–12 months during the remission phases. Hence, tools allowing tight monitoring of 

patients with IBD outside these scheduled outpatient visits are eagerly awaited 41. 

 



4 

 

2. Materials and methods 

The FLARE-IBD project (https://clinicaltrials.gov/ct2/show/NCT04180345) aimed at using an 

innovative approach consisting of collecting messages posted by patients in an Internet forum 

and conducting a machine-learning study (data analysis/language processing) for developing 

and validating a PROs measuring flare in IBD 41. Most of the time, IBD is diagnosed in young 

people between 20 and 30 years old. Thus, collecting and analyzing perspectives of patients 

posted in an Internet forum seems of interest, particularly in a young population familiar with 

current communication media.  

Methods involved three steps: data scraping and cleaning, labeling and annotation, and 

vocabulary analysis. 

2.1.Data scraping and cleaning 

Patients’ testimonies were extracted from the Association François Aupetit (AFA) Internet 

forum (https://clinicaltrials.gov/ct2/show/NCT04180345). The AFA, with 25 000 members and 

supporters, is the unique French organization for IBD, recognized for its public utility.  

The messages from this forum, accessible without any identification, are under current public 

register and thus the content can be analyzed to generate scientific knowledge. The study was 

conducted in full agreement with the AFA. 

Messages were written in blog-style French. A data-scraping process was performed to extract 

messages posted on the AFA forum by using the Scrapy web-crawling tool combined with 

Splash, a JavaScript rendering service, all running under Python (Figure 1). The complete 

execution took less than 0.5 hour. A Readme was also available to update the dataset and cover 

periods after freezing, if needed. 

The forum architecture consists of 8 themes (gates), namely: “Live. Move” “Treatments” 

“Medical examinations”, “In the operating room”, “Parents. Children”, ‘Having children”, 

“Young”, “Friends. Lovers”. In the spring of 2020, a “COVID-19” theme was added. 
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Extracted metadata were number of posts by theme, name of the threads (plus number of posts 

by thread), pseudoname of contributors (plus number of posts by contributor).  

Because the raw data were not well structured, we cleaned the data (Figure 2) to remove 

undesirable tags and characters. Then the data were stored in a spreadsheet format, assigning to 

each post/message an identifier.  

 

2.2. Labeling and annotation 

Twenty patients, members of the AFA, were asked by mail by the AFA research department to 

be annotators in the framework of an anonymous survey. They received 50 randomly assigned 

extracted messages. Participants should indicate whether the message corresponded to the flare 

phenomenon in IBD or not (labeling, yes/no). If the message positively matched the flare 

phenomenon (yes), the annotator identified excerpts from the text they considered significant 

flare markers (annotation).  

A total of 1000 messages were distributed to participants (50 different messages per 

participant). A message could be selected for distribution if it contained the words “flare” and/or 

“crisis” at least once (no matter how the word was spelled). No further guidance was provided 

to the participants to let them freely consider all aspects they wanted about flare in IBD.  

To facilitate this step and in accordance with cognitive load theory 42,43, a Visual Basic for 

Applications interface on Excel was created to limit input errors (Figure 3).  

 

2.3. Vocabulary analysis  

 

2.3.1. Lemmatization of the messages  

The French language has a rich morphology system. The SpaCy free open-source library for 

French Natural Language Processing in Python was used for data lemmatization 
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(details: https://spacy.io/models/fr#fr_core_news_sm). Concretely, verbs were replaced by 

their infinitive form. Nouns and adjectives were returned to the masculine singular.  

 

2.3.2. Cleaning of lemmatized messages  

Cleaning consisted of removing a set of stop words (uninformative words) 44, then words 

deemed unnecessary (greetings and salutations). Spelling was then corrected. Finally, to 

homogenize the results, all punctuation was removed, as were line breaks and capitalization.  

Finally, messages are represented as a bag of words as shown in Figure 4.  

All annotations were gathered (i.e., excerpts from the text considered by patients as flare 

markers). Vocabulary groups based on every lexical field that was well represented were next 

generated. Their representation was determined according to the root of every word. Then the 

counter () function was applied.  

 

Table 1 summarizes the steps and tools we used for the web-based and machine-learning 

approach.  

 

3. Results 

3.1. Data scraping and cleaning 

In April 2019, a total of 23 656 messages were extracted and placed in a readable Excel file 

enabling metadata querying even by non-computer specialists. Among the 8 themes (gates) of 

the forum — “Live. Move” “Treatments” “Medical examinations”, “In the operating room”, 

“Parents. Children”, ‘Having children”, “Young”, “Friends. Lovers” — two themes represented 

70% of all posts: “Treatments” (45%) and “Live. Move” (25%).  
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The total number of contributors was 3645. Some patients were extremely active on the forum. 

For example, one contributor was the author of 2 386 messages (i.e., 10% of the total number 

of posts). The ten top contributors posted 32% of the messages.  

 

3.2. Labeling and annotation  

The 20 annotators were all adults with a confirmed IBD diagnosis (Table 3) and the sample was 

evenly distributed by age, sex and the two major forms of IBD.  

A total of 4 003 of the 23 656 messages contained the words “flare” and/or “crisis” at least 

once. We randomly selected 1 000 messages: 47% were labeled yes (469/1 000), meaning that 

the message concerned a flare. Therefore, words such as “flare” or “crisis” were insufficient to 

define a strategy to find relevant messages. Consequently, 469 messages were annotated 

because patients indicated excerpts from the text they considered significant flare markers 

among the yes-labeled messages. 

 

3.3.Vocabulary analysis  

After lemmatization, word cleaning and spelling correction, 73% of the annotated vocabulary 

was retained. Twenty vocabulary groups appeared to circumscribe the phenomenon of flare in 

IBD (Table 4).  

Crohn’s- and ulcerative colitis-related terms, as well as the words related to “flare” or “crisis” 

were excluded from the results presentation in Table 4. These specific terms were not 

informative enough about flare in IBD (crohn’s disease and ulcerative colitis are a diagnosis, 

and “flare” or “crisis” are general qualifiers).  
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Results in Table 4 provide a view of the most frequent to less frequent markers; that is, these 

raw data already encompassed the scope of surrogate markers for flare in IBD with, in addition, 

a weight notion for each one.  

Moreover, raw data on vocabulary groups could be classified into five dimensions (Table 5): 

impact on life, symptoms, extra-intestinal manifestations, drugs and environmental factors.  

 

4. Discussion  

Our main finding is that exploring semantic groups and their frequency within extracted labeled 

data describing a flare phenomenon in IBD shed light on the most related markers and their 

degree of importance. 

Using web-scraping to study patients’ perspectives from a source corresponding to exchanges 

in an Internet forum made all posts available without being obliged to apply an artificial 

selection criterion such a specific thread or a fixed periodicity. Moreover, these posts emerged 

spontaneously in a natural context and were not generated from an artificial situation 

(interviews and/or focus groups) to meet research needs.  

Knowledge could have been generated from metadata analysis. Metadata analysis highlights 

the over-representation of big contributors in writing posts. This situation raises methodological 

and epistemological questions in our specific case (i.e., for generating PROs items) but more 

broadly in all cases of studying patients’ perspectives from qualitative data extracted from 

Internet forums. Indeed, big contributors’ overload data (one contributor generated 10% of the 

forum messages). It is possible that those ones who write often the forum are patients with 

greater anxiety about their disease state or with associated functional symptoms. But we are not 

able to provide, at this time, a satisfactory answer on how to moderate the share of big 

contributors in data. Moreover, a considerable wealth of data (material inaccessible with 
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classical qualitative data-collection methods (i.e., interviews or focus groups) opens the way to 

numerous ancillary studies. This is all the more important because the general field of 

netnography (ethnography on internet) consisting of a qualitative research method analyzing 

the free behavior of individuals on the Internet (e-forum of course, but also social media sites, 

YouTube and many others) is advancing 45–47.    

A double evaluation for labeling and annotation process which had been achieved 

independently by 2 patients on the same material would have ensured an even stronger data 

interpretation.  

The percentage of labelled yes messages was 47% (469/1000), so the presence of significant 

words such as “flare” and/or “crisis” was insufficient to select relevant messages to the 

phenomenon of interest. Hence, this result fully justifies the involvement of the engineering 

sciences to move away from artisanal methods and toward the systematic and automatic 

interrogation of available data.  

Skills in natural language processing and knowledge discovery are still essentially research 

skills developed in engineering sciences with no or poor penetration in the field of health. In 

our study, we propose an innovative application consisting of combining a web-based and 

machine-learning approach in the field of PROs development. Messages were written in blog-

style French, but substantial data are also available in English. See for example:  

https://inflammatoryboweldisease.net/forums/ or https://crohnsforum.com/, or 

https://www.crohnscolitiscommunity.org/crohns-colitis-forum or 

https://www.ibdsupport.org.au/community-forum/ 

In our study, we used web-based and machine-learning approaches that were a rich source of 

information because we circumscribed the phenomenon of flare in IBD with the identification 
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of 20 surrogate markers from patients’ perspectives. These markers were classified into five 

dimensions with a view to allocated weight for each one.  

Thus, our data from the machine-learning process are relevant material to guide the 

development of a PROs measuring flare in IBD for 1) the vocabulary to be contained in the 

items and 2) for factors (dimensions) to include. In other words, mining the web for PROs 

development met international recommendations stressed by the International Society for 

Pharmacoeconomics and Outcomes Research, the US Food and Drug Administration and the 

European Medicines Agency 9–12 by covering the elicitation of key concepts to inform the 

content and structure of the new PROs, usually covered by individual interviews or focus 

groups, the two predominant methods to collect the perspectives of the population of interest 

48.  

The development of a PROs based on patients’ perspectives by using a combined web-based 

and machine-learning approach is an innovative method that opens great stimulating 

perspectives for scientific exegesis based on data from the web. For example, in the field of 

IBD, the study of differences in the definition of flare based on the patients' age, gender, disease 

activity. It also opens numerous methodological perspectives in the field of PROs development 

as in the completely automatized questionnaire-items generation via algorithms developed from 

Artificial Intelligence.    
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Figure legends 

Figure 1. Illustration of syntax used for data scraping 

Figure 2.: Extracted data before and after cleaning 

Figure 3. Visual Basic for Applications interface on Excel to facilitate annotation  

Figure 4. Extract from the text file containing the lemmatized and cleaned messages 
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Figure 3. Visual Basic for Applications interface on Excel to facilitate annotation  

 

 



Figure 4. Extract from the text file containing the lemmatized and cleaned messages 
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Table 1. Steps and tools used for web-based and machine-learning approach.  

Steps  Tools  Illustration Figures 

Data scraping and cleaning Scrapy web-crawling tool 

combined with Splash running 

under Python 

 

Data cleaning using a Python 

algorithm 

Figure 1 

 

 

 

Figure 2 

Labeling and annotation VBA interface on Excel Figure 3 

Vocabulary analysis Lemmatization: SpaCy free open-

source library for French Natural 

Language Processing in Python 

 

Figure 4 

 Cleaning: removing of stop words 

and unnecessary words plus 

spelling correction 

 

Vocabulary group generation 

based on every lexical field that 

was well represented  

 

 

 Application of the counter () 

function 

 

VBA, Visual Basic for Applications 
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Table 2. Thread with more than 100 posts (total posts = 23 656) 

Thread  No. of posts %  

Vedolizumab - Experience feedback 374 1.58 

How I numbed my UC 314 1.33 

Pregnancy research under Humira (adalimumab) 199 0.84 

Living your experiences without treatment 175 0.74 

Humira (adalimumab) - efficiency / timeliness? 174 0.74 

23 years old, male, CD - Very annoying anal fistula 111 0.47 

Living with an ostomy 101 0.43 

UC, ulcerative colitis; CD, Crohn's disease 
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Table 3. Description of annotators  

Age Sex Form of IBD 

Mean = 43 

 

 

Female = 12 

 

Male = 8 

 

Crohn's disease = 11 

Ulcerative colitis = 8 

Not determined = 1 
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Table 4. Vocabulary groups of significant flare marker annotations (469 annotated messages) 

Group  Lemmatized French vocabulary English translation  Occurrence* %** 

Fatigue  ‘fatig’,’crev’,’nergi’, dor’ ‘tire’,’exhaus’,’nergy’,  

’sleep’ 

118 25 

Pain  ‘doul’,’souff’ ‘pain’,’suff’ 108 23 

Toilet ‘toilette’,’wc’,’envie’,’selle’ 

 

‘toilet’,’wc’,’saddle’, 

’ride’ 

98 21 

Belly ‘ventr’,’ballon’,’estoma’,’intes’,’col

on’,’bide’ 

‘belly’, ’bloat’,’stomac’, 

‘bowel’,’colon’,’tummy’ 

86 18 

Diarrhea ‘diar’,’coliq’ ‘diar’,’colic’ 57 12 

Blood ‘sang’,’saign’,’hemo’ ‘blood’,’bleed’,’hemorr’ 55 12 

Stress ‘stress’,’angoiss’,’inquiet’ ‘stress’,’anxiet’,’worr’ 49 10 

Weight loss   ‘pert’,’poids’,’kilo’,’kg’ ‘loss’,’weight’,’kilo’,’kg’ 40 9 

Food ‘nourr’, ’appet’,’mang’, ’alim’,’reg’,’

nutri’,’faim’ 

‘food’,’appet’,’eat’,’food’

,’diet’,’nutri’,’hunger’ 

41 9 

Vomiting ‘vomi’,’naus’ ‘vomi’,’naus’ 25 5 

Joint ‘Arti’ ‘Join’ 21 4 

Mood 'humeur',’moral',’psy',’culpa',’hont'

,’enerv',’coler',’depress', ’peur' 

‘mood’,’moral’,’psy’,’cul

pa’,’’’sham’, ‘angr’, 

‘anger’, ‘depress’, ‘fear’ 

20 4 

Tobacco 'tabac', 'fume', 'cigar'  ‘tobac’, ‘smok’, ‘cigar’ 16 3 

Fever ‘fiev’, ‘tempé’, ‘fièv’, ‘temperature’ ‘fever’, ‘temperature’ 14 3 

Back ‘dos’ ‘back’ 10 2 

Cortisone ‘corti’, ‘penta’        ‘corti’, ‘penta’      8 2 

Mucus  ‘glair’,’mucu’ ‘glair’,’mucu’ 8 2 

Knees ‘genou’ ‘knee’ 7 1 

Legs ‘jambe’ ‘leg’ 5 1 

Drugs ‘med’, ‘trait’, ‘pillul’ drug’, ‘treatm’, ‘pill’ 4 1 
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*the total of the occurrence column exceeds 469 because a message can contain several vocabulary groups at 

the same time  

**the total of the percentage column exceeds 100% because a message can contain several vocabulary groups 

at the same time  
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Table 5. Vocabulary groups dimension (469 annotated messages) 

Dimension  Occurrence* %** 

Impact on life 366 78 

Fatigue  118 25 

Toilet 98 21 

Stress 49 10 

Weight loss      40 9 

Food 41 9 

Mood 20 4 

Symptoms 353 75 

Pain  108 23 

Belly 86 18 

Diarrhea 57 12 

Blood 55 12 

Vomiting 25 5 

Fever 14 3 

Mucus 8 2 

Extra-intestinal manifestations 43 8 

Joint 21 4 

Back 10 2 

Knees 7 1 

Legs 5 1 

Environmental factors 16 3 

Tobacco 16 3 

Drugs 12 3 

Drugs 4 1 

Cortisone 8 2 
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*the total of the occurrence column exceeds 469 because a message can contain several vocabulary groups at 

the same time  

**the total of the percentage column exceeds 100% because a message can contain several vocabulary groups 

at the same time 

 




