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Abstract

Inflammatory bowel disease (IBD) is usually
classified into Crohn's disease (CD) or ulcerative colitis
(UC). Inconclusive cases are diagnosed with IBD
unclassified (IBD-U). In 2018, IBD patients shared their
disease history on Twitter and signed their tweets with
#MyIBDHistory. In this research, we analyzed those
tweets and built a logistic regression classifier that
predicts patients' IBD type. We constructed tabular
classification features and assessed their importance
using the regression coefficients and association rules.
We identified key features that distinguished CD from
UC and used the classifier to predict the disease type of
IBD-U patients. Our results correlated with IBD-
related research. The two most prominent features that
tilted the classification towards CD were suffering from
fistulas or nutrient deficiencies. We identified gender
differences in disease perspective prior to diagnosis.
The research shows that the personal information
shared by patients on Twitter can enhance existing
medical knowledge regarding their disease.

Keywords: Twitter, IBD, Data Analysis, Logistic
Regression, Association Rules.

1. Introduction

Inflammatory bowel disease (IBD) is a chronic
inflammation condition of the digestive system
characterized by flares and remission states. The two
primary diseases identified with 1BD, Crohn's Disease
(CD) and Ulcerative Colitis (UC), are usually diagnosed
in young patients (in the age range of 15-30 years)
(Cosnes, Gower—Rousseau, Seksik, & Cortot, 2011,
Loftus, 2004). Distinguishing between CD and UC is not
trivial as their symptoms and effects may overlap. When
the disease features are inconclusive and do not enable a
particular diagnosis of CD or UC, patients are diagnosed
with IBD Unclassified (IBD-U) (Kirschner, 2022;
Winter et al., 2015; Zhou, Chen, Chen, Xu, & Li, 2011).
The incidences of IBD are rapidly increasing, and it has
evolved into a global disease (Kaplan, 2015).
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There are no medications or surgical procedures
that can cure IBD. Treatment options can only help with
symptoms, affecting each patient differently. They
involve prescription drugs and lifestyle-related
solutions, such as diets and therapies. Symptoms include
abdominal pain, diarrhea, and fatigue; severe cases may
result in hospitalization or surgical interventions
(Norton, Thomas, Lomax, & Dudley-Brown, 2012;
Rubin et al., 2010). As chronic bowel diseases, both CD
and UC require routine drug consumption and special
nutrition care.

Patients describe IBD as an embarrassing disease
that causes immediate disruption of daily activities. They
experience difficulties adjusting to the changes IBD
entails and consider themselves different from their
peers. Since IBD is identified with frequent bowel
movements, people do not hasten to share their disease
with others (Devlen et al., 2014; Norton et al., 2012).
IBD patients attribute part of the embarrassment to a lack
of public awareness. Outsiders cannot see that a person's
stomach hurts or his bowels are scarred. The disease is
invisible, and others might doubt it exists (Frohlich,
Dennis Owen, 2016; Kemp, Griffiths, & Lovell, 2012).

The embarrassment caused by IBD and the need to
confide in people who undergo similar experiences help
explain the creation of IBD-related communities on
Twitter. By overcoming space and distance, Twitter
users form a community that disregards physical
boundaries or immobility. A sense of common ground
can help break down barriers and enable conversation,
increasing a person's willingness to share (Becker, 2013;
Wiese et al., 2011). It may be easier to consult other
patients who can relate and better understand the
situation based on personal experience. One can identify
more closely with users' stories similar to one's own and
embrace their advice more easily (Paek, Hove, Ju Jeong,
& Kim, 2011). When people disclose health information
on Twitter, they expose themselves to various opinions
and reduce uncertainty about their disease (Lin, Zhang,
Song, & Omori, 2016).

The hashtag #MyIBDHistory was first initiated in
2018 by a Twitter account promoting IBD-related
discussion called @bottomlineibd. The account's
manager is the IBD patient and advocate, Rachel
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Sawyer, founder of The Bottom Line (IBD). Sawyer
challenged her fellow IBD patients to write their own
IBD medical history in a single tweet and sign it with the
hashtag #MyIBDHistory.

This research aimed to analyze patients' tweets
containing the hashtag #MyIBDHistory and to determine
the disease type of an IBD patient based on their
symptoms and treatments. We constructed a list of
classification features and used LASSO logistic
regression to predict whether a patient suffered from CD
or UC. We identified key features and further
investigated the connections between the features using
association rule learning. The results of both models
correlated with IBD-related research. To adhere to
ethical norms and maintain user privacy, we only publish
aggregated results that do not reveal the specific users.
Sawyer herself gave her informed consent to be
mentioned in this study.

The rest of the paper is organized as follows: in
Section 2. Related work, we explore related research
regarding health and IBD on Twitter; in Section 3.
Methods, we describe in detail the methods used in this
research; in Section 4. Results, we review the results of
our research, and in Section 5. Discussion, we discuss the
implications of the results and suggest future research.

2. Related work
2.1. Health mentions on Twitter

The study of social media in the context of health
and wellbeing continues to position Twitter as a new
medium for disseminating health-related information.
Topics of health-related tweets range from simple
toothache to more severe and chronic diseases such as
diabetes, asthma, or cancer (Chulis, 2016; Heaivilin,
Gerbert, Page, & Gibbs, 2011). Advances in automated
data processing, machine learning, and natural language
processing (NLP) present the possibility of utilizing this
great data source for health research (Paul et al., 2016).

During the past years, text mining and social
network analysis have been used to detect mentions of
health on Twitter (Luo, Wang, & Mo, 2022; Yin,
Fabbri, Rosenbloom, & Malin, 2015) or to track the
spread of the covid-19 pandemic and its symptoms
(Jahanbin & Rahmanian, 2020; Lopreite, Panzarasa,
Puliga, & Riccaboni, 2021). Regarding chronic
conditions, previous research has focused on analyzing
patients' tweets and uncovering their Twitter community
(Beguerisse-Diaz, McLennan, Gardufio-Hernandez,
Barahona, & Ulijaszek, 2017; Gabarron, Dorronzoro,
Rivera-Romero, & Wynn, 2019; Sugawara et al., 2012).
While much research was dedicated to diabetes or
cancer, Twitter research on IBD is only starting to
consolidate.

2.2. Inflammatory bowel disease on Twitter

IBD patients are the most common type of users
who talk about IBD on Twitter (Khan et al., 2018;
Rowe, Rowe, Silverman, & Borum, 2018). They use
Twitter to share their own experiences and to seek social
support. They exchange thoughts about symptoms and
medications and recommend treatments to one another
(O'Neill, Shandro, & Poullis, 2020; Roccetti, Casari, &
Marfia, 2015). By sharing their life experiences with the
disease on Twitter, patients fight disease invisibility and
raise public awareness about IBD (Frohlich, Dennis O.
& Zmyslinski-Seelig, 2016).

Pérez-Pérez et al. explored the IBD community on
Twitter and identified the types of users who talk about
the disease and the key topics they discuss. They
categorized users based on their Twitter profiles by
analyzing their screen names and profile pictures
(Pérez-Pérez, Pérez-Rodriguez, Fdez-Riverola, &
Lourenco, 2019). Stemmer et al. constructed a classifier
that distinguishes IBD patients from other users who
tweet about IBD based on their communication patterns
and the content of their tweets (Stemmer, Parmet, &
Ravid, 2022). Unlike these two previous studies, in our
research, we address a set of users who openly declared
their IBD on Twitter and try to distinguish CD patients
from UC patients.

2.3. Association rules for healthcare data

Association rule mining is a machine learning
technique that aims to discover interesting patterns and
relations between variables in a database of transactions.
Each transaction is a binary vector defined over a set of
binary attributes called items. Positive attributes within
the same transaction mean they occurred together
(Agrawal, Imielinski, & Swami, 1993; Kotsiantis &
Kanellopoulos, 2006).

In recent years, there has been a growing interest in
using association rule mining for healthcare data. When
applied to health-related data, one usually tries to assess
the correlation between two phenomena by considering
experimental subjects as transactions (Held et al., 2016;
Sartyer & Ocal Tagar, 2020). Lakshmi and Vadivu
(2017) combined association rule mining with NLP to
uncover connections between diseases and their
symptoms from medical transcription files (Lakshmi &
Vadivu, 2017).

In this research, we extract a set of IBD
characteristics from patients' tweets and use association
rule mining to identify connections between them.
Stilou et al. conducted a similar study on diabetes but
used clinical data (a database containing records of
diabetic patients) rather than social media data (Stilou,
Bamidis, Maglaveras, & Pappas, 2001).
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3. Methods

3.1. Data collection and preparation

On September 29th, 2021, we used Twitter
academic API to collect all tweets containing the hashtag
#MyIBDHistory. We performed a full-archive search of
tweets in English and excluded retweets. 206 tweets,
written by 140 different users, were collected. 125 users
were IBD patients telling their IBD stories. Others were
engaged spectators who did not contribute a story of their
own. Patients mentioned their age at diagnosis, the
medications they have tried over the years, whether they
underwent any surgeries, and more. Some patients
described their history in minute detail, insisting on
fitting everything into several tweets; others wrote in
general and focused on milestones. We were interested
in transforming the heterogeneous data written by
patients into fixed categorical features, so we could
analyze the data using statistical algorithms.

We carefully read all patients' tweets and processed
them into a tabular framework containing categorical
features. We did not decide on the features in advance;
we derived them from the information the patients shared
in their tweets. With every new tweet we read, we added
features to our framework or updated the existing ones
based on the data it contained. Each author performed
their own assessment, and we constructed the features
upon agreement. The only feature we added that was not
mentioned in the tweets was gender.

We deduced each patient's gender by manually
looking into their Twitter profile and investigating their
full name and profile picture. Notice that this process can
be done automatically as Pérez-Pérez showed (Pérez-
Pérez et al., 2019). We also investigated their user
description (bio) since many users explicitly mentioned
how they should be addressed (e.g., she/her) or used
informative phrases (like father/husband) in their bio.
The combination of full name, profile picture, and bio
was enough to determine the gender of 118 patients —
eighty females and thirty-eight males.

We were unable to determine the gender of seven
responders. Two of them tweeted from social enterprise
accounts that did not reveal personal details regarding
their authors. The other five accounts were no longer
available on Twitter, and we did not want to specify their
gender only based on their screen name. We marked the
gender of these seven users as Unknown.

The first feature we derived from the tweets was the
type of the disease — whether the patient was diagnosed
with CD, UC, or IBD-U. Thirty-three patients did not
mention their disease type in their tweets, and we
searched their Twitter profiles for the information. We
determined the disease type of all thirty-three patients
based on their previous tweets and Twitter bio. Seventy-
six patients had CD, forty-three had UC, and six had
IBD-U. They were all clinically diagnosed with IBD.

The second feature we derived from the tweets was
the patient's age at diagnosis. Only sixty-seven patients
mentioned their age at diagnosis, and we left the feature
blank for all other patients. A logistic regression
classification model ignores all records with missing
values. Hence, we had to forfeit the entire feature or drop
half the records in our dataset. Since IBD patterns in
childhood differ from adult-onset disease and
distinguishing CD from UC in children differs from the
equivalent task in adults (Bousvaros et al., 2007; Day,
Ledder, Leach, & Lemberg, 2012), we were unwilling to
give up the age feature.

Based on previous literature (Crohn's & Colitis
Foundation of America, 2014; Trivedi & Keefer, 2015),
we considered three age groups that are meaningful to
the outburst of IBD: under 15 years old (y/o0), between
15 y/o and 35 y/o, and over 35 y/o. We transformed the
continuous age feature into one categorical feature,
indicating whether the patient belonged to one of the
three age groups. Thirteen patients were under 15 y/o,
forty-five patients were between 15 y/o and 35 y/o, and
nine were over 35 y/o. The other fifty-eight patients who
did not mention their age at diagnosis did not belong to
any age group.

Based on the diverse types of drugs known to treat
IBD (Crohn's & Colitis Foundation of America, 2014;
Pithadia & Jain, 2011; Wehkamp, Gotz, Herrlinger,
Steurer, & Stange, 2016), we created six binary features
to describe the patients’ medical treatments: anti-
inflammatory meds, steroids, antibiotics, biologic meds,
immune system suppressors, and other meds. We
considered each med feature positive if the patient
explicitly mentioned they had tried at least one
medication from that specific drug class. A negative
value meant that the patient either had tried the drug class
but failed to mention it or explicitly mentioned they had
not. Fifty-eight tried anti-inflammatory meds, seventy-
seven tried steroids, fourteen tried antibiotics, seventy-
six tried biologic meds, seventy-six tried immune system
suppressors, and thirteen tried other types of medication.

We constructed another two binary features:
whether the patient received a different diagnosis at first
and whether they had a fistula. Twenty-two patients
wrote that they were initially misdiagnosed, thought to
have a different type of IBD or just irritable bowel
syndrome (IBS). IBS is a gastrointestinal disorder that
manifests similar symptoms to IBD but without a clinical
diagnosis. Seventeen patients wrote that they had
suffered from a fistula. We considered the features
positive for the relevant patients and negative for the rest.

We constructed three categorical features: whether
the patient underwent any weight changes, whether they
changed their diet as a mandatory or preventive action,
and whether it took a long time to confirm their
diagnosis. Thirteen patients emphasized losing weight or
being extremely underweight, while only one mentioned
gaining weight with medications. Eleven patients
experienced forced diet changes, resorting to a liquid diet
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or even tube feeding, and four patients mentioned their
diet as a way of controlling their disease. Thirty-five
patients said they had suffered for a long time before
eventually being diagnosed, and three patients
mentioned that their diagnosis was part of emergency
surgery. We considered each of the three categorical
features unavailable whenever a patient did not explicitly
mention one of its values.

We extracted one ordinal variable from the text:
whether the patient was ever hospitalized or even had
surgery. Eighty-five patients underwent at least one
surgery, fifteen patients were hospitalized but have not
had surgery, and six explicitly wrote they have never
been hospitalized. We considered those who did not
regard hospitalization in their tweets as those who said
they were never hospitalized.

We transformed each categorical or ordinal feature
into a set of binary features based on the number of
categories it contained. Table 1 summarizes the features
we gathered from the tweets by showing each feature and
the presence of its values in our dataset. The right column
of the table explains how we eventually used the features
in our classification model.

Our study was based solely on publicly available
Twitter data and did not perform any clinical
intervention. The patients voluntarily provided all the
information in their tweets or profile description.

3.2. Logistic regression

We wished to predict the type of IBD based on the
patient's symptoms and the treatments they received. We
tried several classification algorithms that showed
consistent results and decided to demonstrate them using
logistic regression because of the simplicity and
interpretability of the model.

We considered the disease type as the dependent
variable and the rest of the features as independent
variables. Then, we used logistic regression to predict
whether the patient suffered from CD or UC. We
excluded the six patients suffering from IBD-U from our
dataset and considered them unlabeled new
observations. We used the seventy-six patients suffering
from CD and the forty-three patients suffering from UC
to train and validate our model.

We used the scilkit-learn (sklearn) package in
python (Pedregosa et al., 2011) to split our dataset into
training (80%) and test (20%) sets and to build a LASSO
logistic regression model. We used L1 regularization
since we had twenty-one explanatory variables and a
relatively small dataset. The LASSO logistic regression
would help eliminate unnecessary independent variables
(Tibshirani, 1996). To calibrate the hyperparameter c, we
used five-fold cross-validation on our training data. We
evaluated different regularization values (c €
{0.1,0.5,1,10}), and c=1 was the best. Then, we trained
a LASSO logistic regression model with the best

regularization value on the entire training set. We applied
the obtained classifier to the test set to evaluate its
performance and estimated feature importance by
investigating the regression coefficients.

Finally, we trained our model on all 119 records of
CD and UC patients and used the obtained classifier to
classify the IBD-U patients.

Table 1. Classification features — description and

values.

Feature Name

Description and Values

Type and Model Use

Binary, dependent: CD

Disease type ICB?D-7U6 éJC: 4, or UC
) IBD-U as new data
Unique Twitter screen String, unique identifier
User -
name For internal use only
Females: 80, males: 38, -
Gender unknowns: 7 Two binary features
Under 15: 13, 15-35: 45,
Age group over 35: 9, unknowns: Three binary features
58
Meds: anti- . . .
inflammatory Yes: 58, no: 67 Binary
Meds: steroids Yes: 77, no: 48 Binary
Meds: antibiotics | Yes: 14, no: 111 Binary
Meds: biologics | Yes: 76, no: 49 Binary
Meds: immune Yes: 76, no: 49 Binary
suppressors
Meds: others Yes: 13, no: 112 Binary
Wrong diagnosis | Yes: 21, no: 104 Binary
Fistula Yes: 17, no: 108 Binary
. Lost: 13, gained: 1, .
Weight neither: 111 Two binary features
Diet Mandatory: 11, lifestyle: Two binary features

4, neither: 110

Pre-diagnosis

Prolonged suffering: 35,

(Prior to Emergency surgery: 3, Two binary features
diagnosis) neither: 87

Surgery: 85,
Hospital hospitalized: 15, neither: | Two binary features

25

3.3. Association rule mining

We wished to use association rule mining to

discover interesting connections between our 1BD
features. Unlike the logistic regression model, a rule
model enables the exploration of connections within the
entire set of features, not just between the target variable
and its predictors.

To apply association rules to our data, we addressed
the patients as transactions and the extracted features as
items. The purpose was to identify features that patients
tend to have together. We had 119 transactions —
patients who suffered from CD or UC and twenty-two
items — the twenty-two binary features described in
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Section 3.1. Data collection and preparation, including
the type of the disease (CD or UC).

We used an association rules implementation from
the mixten package in python (Raschka, 2018). Since
our database was relatively small, we used minimum
support of 0.1 to determine the frequent items and a
confidence threshold of 0.2 to obtain the association
rules. l.e., we only considered pairs of features that at
least 10% of the patients mentioned together and only
addressed rules where the consequent feature had at
least 20% chance of accompanying the antecedent
feature.

We obtained a set of rules indicating correlations
between the features in our database and used Gephi
software to visualize the rules and illustrate the
connections. The features were the nodes, and each rule
was a directed arc connecting the antecedent feature to
the consequent feature. Each arc was colored on a scale
from green to red based on the influence of the
antecedent on the consequent, with green representing a
strong positive correlation and red representing a strong
negative correlation. The sizing of the nodes reflected
the number of times the features appeared in our
database: the more times they appeared, the larger their
nodes were. The rules' confidence values determined the
thickness of the arcs they represented.

We further investigated rules containing CD as the
consequent feature. We evaluated the rules based on the
lift measure, which is calculated as the ratio between the
rule's confidence and the consequent's support. The lift
value indicates how strongly the consequent feature is
associated with the antecedent feature. A lift value of
one means that the two features are independent. A lift
value greater than one implies that seeing the antecedent
increases the probability of seeing the consequent. A lift
value smaller than one implies that seeing the
antecedent decreases the probability of seeing the
consequent.

4. Results
4.1. Logistic regression

Table 2 shows five classification metrics evaluating
the performance of our regression model. It shows the
evaluation of the model on the test set (when trained on
the training set) and the evaluation of the model when
trained on the entire dataset (for predicting the class of
IBD-U patients). Table 3 shows the confusion matrices
of both cases. We can see that while our model
successfully identified the CD patients, it had difficulty
identifying the UC patients.

Figure 1 demonstrates the importance of the features
in our model by showing the regression coefficient of
each feature. We can see that the most vital feature was

Fistula tilting the classification in favor of the CD class.
Indeed, in our dataset, none of the patients with a fistula
had UC; sixteen had CD, and one had IBD-U. Another
essential feature favoring the CD class was a mandatory
diet change. Out of the eleven patients who mentioned
changing their diets due to nutritional deficiencies, ten
had CD, and one had IBD-U.

Table 2. Regression model evaluation results.

Evaluation Evaluation Data
Measure Test Set Entire Dataset
Accuracy 0.75 0.7563
Precision 0.7273 0.7527
Recall 1.0 0.9211
F1 0.8421 0.8284
ROC AUC 0.625 0.6931

Table 3. Confusion matrices for the regression

model.
. Predictions
Evaluation Data Predicted UC | Predicted CD
True UC 2 6
Test Set True CD 0 16
Entire Ture UC 20 23
Dataset True CD 6 70
BARPLOT SUMMARY OF FEATURE IMPORTANCE
Female
Male [ ]

Age group: under 15
Age group: 15-35
Age group: over 35 [ ]
Meds: anti-inflammatory [ ]
Meds: steroids [ ]
Meds: antibiotics
Meds: biologics [ ]
Meds: immune suppressers
Meds: others
Wrong diagnosis [ ]
Fistula I
Weight: loss [ ]
Weight: gain
Diet: mandatory |
Diet: lifestyle
Pre-diagnosis: emergency surgery
Pre-diagnosis: prolenged suffering [ ]
Hospital: surgery ]
Hospital: hospitalization 1

-05 00 05 10 15 20
Coefficient

Figure 1. Barplot of feature importance based on
regression coefficients.

Nine features turned out to be unimportant and were
omitted from the regression model: Gender: female, Age
group: under 15, Age group: 15-35, Meds: antibiotics,
Meds: immune suppressors, Meds: others, Weight: gain,
Diet: lifestyle, and Pre-diagnosis: emergency surgery. In
Figure 1, we can see that their coefficients were shrunk
to zero by the LASSO algorithm. Another insignificant
feature was Hospital: hospitalization with a coefficient
close to zero (0.04). Gender: male had the second
smallest absolute coefficient of 0.125.

Table 4 presents the features and predictions for the
six IBD-U patients. Though five of them were classified
as CD patients, we can see that for only three of them,
the classification probability was greater than 0.6. The
classification was done with great confidence
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(probability greater than 0.99) for only one IBD-U
patient. The probabilities of the other three predictions
were close to 0.5 (between 0.4 and 0.6), meaning that the
classification between CD and UC was inconclusive.
The results in Table 4 are highlighted with a grayscale
based on the strength of the classification.

Table 4. Features and predictions for IBD-U

they have suffered for a long time before their diagnosis
(rules 8-9) or that they were initially misdiagnosed (rules
18-19). Indeed, in our data, twenty-eight out of eighty
females (35%) suffered extensively prior to their
diagnosis, and sixteen females (20%) were wrongfully
diagnosed. The equivalent percentages for the males
were only 10.5% and 18.4%, respectively. The results
also show that having a fistula correlates with surgery

patients. - : L
Eeaturel Satient (rule #10) and biologic medications (rule #17).
Prediction IBD1 | IBD2 | IBD3 | IBD4 | IBD5 | IBD6 o o
Gender: female 0 1 1 0 1 1 Table 5. Twenty most S|gn|f|gant association rules
Gender: male 1 0 0 1 0 0 by descending lift value.
Age group: under15 | 0 0 1 0 0 0 # | Antecedents | Consequents |Support | Confidence| Lift
Age group: 15-35 0 0 0 1 0 0 . ey
Age group: over 35 1 0 0 0 1 0 1 miﬁ)sibtics :\:ﬁg?ﬁr?]rz]ittlory 0.1008 0.9231 1.9271
Meds: anti- onti -
inflammatory AP - 1 2105 | 1.9271
infl " : ° ° ° ! 0 2 :\:ﬁgfm:gtlory gﬂfﬁ)slotlcs 0.1008 0.210 92
Meds: steroids 1 0 1 1 1 0 -
Meds: antibiotics 0 0 1 0 0 0 3 | Fistula CD 0.1345 1.0000 1.5658
Meds: biologics 1 0 1 1 1 1 4 |CD Fistula 0.1345 | 0.2105 | 1.5658
Meds: immune - -
suppressors 1 0 1 0 0 0 5 xii(f)si;)tics L\)/ilcf:jos.ics 0.1008 0.9231 1.5256
Meds: others 0 0 0 0 0 0 Meds?
Wrong diagnosis 0 0 0 0 0 0 Meds: anti- . )
Fistula 0 0 1 0 0 0 6 inflammatory Isr:[:BlrJ:sZors 0.3866 0.8070 1.2978
Weight: loss 0 0 1 0 0 0 :
Meds: .
Weight: gain 0 0o oo 0o 7 | immune Meds:antl | 03866 | 06216 | 12078
e mdtoy 0 |6 H 110 8 1ol | gm0y
let. Tirestyle Pre-diagnosis: .
Pre-diagnosis: ol 1 1ol ol ol o 8 |prolonged | SoNCer 02353 | 08235 | 12895
emergency surgery suffering emale
Pre-diagnosis: ; T
] 1 0 0 0 0 0 . Pre-diagnosis:
prolonged suffering g | Gender. prolonged 02353 | 03684 | 1.2895
Hospital: surgery 0 1 female suffering
Hospital: ol
hospitalization 1 0 0 0 10 | Fistula :J?,ZE?;I' 0.1176 0.8750 1.2698
Probability 0.622 | 0.567 | 0.994 | 0.603 | 0.428 | 0.589 Wron
Class 1 1 1 1 0 1 e ngsis CD 0.1429 | 0.8095 | 1.2675
Wrong
. .. 12|CD X ; 0.1429 | 0.2237 | 1.2675
4.2. Association rule mining diagnosis
Pre-diagnosis:
— . . 13| prolonged CD 0.2269 0.7941 1.2434
The association rule learning model created ninety- suffering
eight rules overall, including inverted rules where the Pre-diagnosis:
antecedent and the consequent were in reverse order of 14| CD prolonged 0.2269 | 0.3553 | 1.2434
other existing rules. Figure 2 shows the rules' network, e suffering
illustrating the connections between our features. 15 inﬂan;matory Meds: steroids | 0.3697 | 0.7719 | 1.2413
Table 5 presents the twenty most valuable 16| Meds: steroids | Meds: anti- 03697 | 05048 | L2413
associations ranked by descending lift value. Twelve of 6as: SIETOIES | inflammatory | - ' :
them co_ntai(] distin_ctfeatures, and the_othersare_iqverted 17| Fistula t';/ilgldoS:ics 01008 | 07500 | 1.2396
rules. Highlighted in grey are associations containing the Wrong Gen dger_
dependent variable of the regression model —whether the 18] diagnosis female 01345 | 0.7619 | 1.1930
patient has CD. We can |den_t|fy three_features that 1g| Gender: Wrong 01345 | 02105 | 11930
increase the probability of having CD: Fistula, Wrong female diagnosis
diagnosis, and Pre-diagnosis: prolonged suffering. o0 | Meds: anti- | Meds: 03445 | 07193 | 11888
inflammatory | biologics

While the regression model only captured the
relations between the explanatory variables and the
response variable (disease type), the association rules
enabled the exploration of the correlations between one
"explanatory" variable and another. The results in Table
5 indicate that females are more likely to mention that
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Age group: 15-35
Gender: male

Pre-diagnosis: prolonged suffering

Meds: anti-il v Meds:

_
b

Meds: immune suppresors \
Meds: biologjcs ;ﬂ
Medsrantibiotics

Hospital: surgery

Fistula

Gender: female

‘Worng diagnosis

Figure 2. Visualization of feature connections.

5. Discussion

This section discusses the study's principal findings,
describes its strengths and limitations, and suggests
future work.

5.1. Principal findings

In this study, we collected and analyzed tweets
containing the hashtag #MylIBDHistory, where IBD
patients described their disease history in just one tweet.
We transformed the natural language text of the tweets
into a tabular database with binary features indicating the
symptoms and the treatments the patients experienced.
Then, we trained a LASSO logistic regression model that
predicts the type of the disease, CD or UC, based on
these binary features. We analyzed the importance of our
classification features and used the classifier to predict
the disease type of patients with IBD-U. We further
investigated the connections between our features using
association rule learning. To the best of our knowledge,
this is the first study to use the #MyIBDHistory hashtag
to scientifically draw conclusions for IBD, a vital
contribution of this research.

The feature importance analysis and the prediction
of disease type for IBD-U patients showed the
complexity of distinguishing between CD and UC. In
some cases, the distinctive characteristics of CD helped
identify it. In other cases, the prediction probabilities
were approximately 0.5, indicating the ambiguity of the
classification.

The two key features that helped distinguish CD
from UC were having a fistula and resorting to
mandatory diet changes due to nutrient deficiency. These
findings align with IBD-related literature since suffering
from fistulas or malnutrition is common with CD but
seldom occurs with UC (Ashton, Gavin, & Beattie, 2019;
Cosnes et al., 2011; Forbes et al., 2017; Lichtenstein,

Hanauer, Sandborn, & Practice Parameters Committee
of the American College of Gastroenterology, 2009).
The IBD-U patient, who was classified as a CD patient
with great confidence, also suffered from a fistula and
malnutrition.

The classifier ignored the female indicator entirely,
and the male indicator had the second smallest absolute
coefficient. Overall, our data contained more females
than males, even though there are more male Twitter
users than female users (Aslam, 2018; Noyes, 2021).
Moreover, the prevalence of CD is similar between the
two genders, and the prevalence of UC is geographically
dependent (Greuter et al., 2020). Both facts explain why
the gender features did not contribute to the
classification.

The age features showed little, if any, contribution
to the classification. Age groups "under 15" and "15-30"
were omitted entirely, and the age group "over 35" had a
small coefficient. Even after our efforts to maintain
available age information, the age at diagnosis was still
unknown for almost half the patients (58 out of 125).
This fact explains the lack of importance of the age
feature in the final model.

The association rule analysis emphasized the
importance of the fistula feature and showed that having
a fistula significantly increases the probability of having
CD. The connection between Fistula and CD was one of
the strongest connections in our model and the strongest
one containing CD. The analysis also highlighted the
connections between CD and receiving a wrong
diagnosis and between CD and prolonged suffering prior
to diagnosis. According to the association rules analysis,
these two phenomena increased the probability of having
CD. They also increased the probability of having CD in
the regression model, though they did not have the
strongest coefficients. Therefore, our two models
showed coherent and complementary results.

The generated association rules identified gender
differences in disease courses before diagnosis,
reinforcing the need for gender-specific medicine. The
prevalence of reporting extensive pre-diagnosis
suffering or misdiagnosis was higher in females than
males. The findings were consistent with IBD-related
research indicating differences in coping strategies and
quality of life perception between males and females
(Sainsbury & Heatley, 2005; Sarid et al., 2017).

5.2 Impact on health-related research

Twitter is becoming an online space for health-
related conversations where patients share personal
experiences on a global scale (Pérez-Pérez et al., 2019;
Yin et al., 2015). The platform is available for patients
anytime, allowing them to get support from others
sharing their disease. It constitutes a massive database of
personal health information that can enrich traditional
medical data.
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Twitter research enables collecting data from
substantial amounts of patients simultaneously and
performing personal and aggregative analyses. Hence,
such research may derive personalized insights and
global comprehension regarding the disease.

This study demonstrates how findings from Twitter
research on IBD patients correlate with existing medical
knowledge regarding the disease. The presented methods
can also help to explore other medical conditions.
Therefore, further mining Twitter for health-related data
may complement and enhance healthcare research.

5.3 Limitations and Future Work

We focused our research on Twitter and manually
processed #MyIBDHistory tweets. Therefore, our patient
dataset was small and contained only 125 patients.
Enriching the dataset by identifying more patients on
Twitter or expanding the search to other social media
could improve the classifier's performance and precise
classification. In a previous study, we identified 337 IBD
patients who actively discussed their disease on Twitter
(Stemmer, Parmet, & Ravid, 2021). In future research,
we intend to add these patients to our model after
determining the values of the classification features by
mining the patients' Twitter timelines.

Our limited data were also imbalanced: we had 76
CD patients and only 43 UC patients. Nonetheless, we
used a 0.5 classification threshold such that any
probability greater than 0.5 indicated a CD prediction.
This threshold could explain the bias of our model
towards the CD class. Future research should consider
balancing the groups by adding more UC patients or
changing the classification threshold in favor of UC.

The limited dataset and its imbalance were inherent
in the information available on Twitter. We did not filter
the data other than excluding retweets and focusing on
tweets written in English. We used all tweets containing
the hashtag #MyIBDHistory that met these criteria. We
did not oversample our data to adjust imbalanced
features, such as gender. We had twice as many women
in our data as men. This fact stresses the need to
investigate the predilection of each gender to share
personal information on social media.

When constructing the classification features, we
were dependent on the availability of information
provided by the patients. Features such as Fistula, Wrong
diagnosis, and Meds were considered positive if the
patients explicitly mentioned they had experienced them
in their tweets. A negative value meant that the patients
either failed to mention they had experienced them or
explicitly mentioned they had not. Hence, the
heterogeneity of the negative values may have impacted
the results. Moreover, we only constructed binary
features, representing the existence or inexistence of
phenomena. We did not consider the progression of the
disease or the frequency of its symptoms.

Though both having a fistula and undergoing
surgery had significant coefficients, the two features
were correlated since surgery is usually necessary for
treating fistulas (Vavricka & Rogler, 2010). Association
rule #10 captured this correlation showing how having a
fistula increased the probability of having surgery.
Future research should better differentiate between these
features by using the surgery feature to indicate bowel
surgeries or other procedures rather than fistulotomy.

In this research, we analyzed the patients' tweets but
did not investigate their possible social connections.
Another direction for future work would be to explore
the patients' social networks on Twitter and assess their
tendency to follow one another.

5.4 Conclusions

In the era of personalized medicine and patient-
centered care, it is essential to derive insights reflecting
patients' perspectives, as manifested in social media.
Collecting and analyzing patients' data on Twitter shows
that CD and UC are not easily distinguishable and
highlights two key features that help identify CD from
UC. Italso points out insignificant features for separating
the two. The findings provide an additional foundation
for existing medical knowledge regarding IBD.

This research suggests that there is room for
collaboration between physicians and engineers
regarding understanding chronic diseases. The personal
information shared by chronically ill patients on Twitter
can be used to understand better the disease and how it
affects patients' lives. Although such analysis should not
strive to replace physicians or draw conclusions of
clinical nature, it may provide complementary
recommendations for healthy lifestyles based on the
wisdom of the crowd.
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