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Abstract—As an instance of online communities, online dia-
betes discussion forums mirror these characteristics and seem
to track the growing impact of diabetes on individuals around
the world. In this paper, we first systematically collected texts
from online discussion forums about diabetes and then applied
supervised machine learning techniques to analyze the online
conversations. In order to analyse these online textual conver-
sations, we have chosen four domain specific models (Emotions,
Sentiment, Personality Traits and Patient Journey). As part of
text classification, we employed the ensemble learning method
by using 5 different supervised machine learning algorithms to
build a set of text classifiers by using the voting method to predict
most probable label for a given textual conversation from the
online discussion forums. Our findings show that there is a high
amount of trust expressed by a subset of users and these users
play a vital role in supporting other users of the online discussion
forums about diabetes.

I. INTRODUCTION

It has become common for people in western societies
to adopt online behaviour in their everyday life and people
are increasingly interested in conversing topics ranging from
politics to eating habits and health status. The latter has
traditionally been something very private and something that
we would only talk with our family and friends or with
a doctor. A study from 2013 shows that in USA, one of
the world’s most technologically advanced countries, 72% of
internet users have looked for health information online within
the past year [1].

Nowadays, many online communities are focussed on
health-related issues. One such health-related issue is diabetes
and diabetic patients are joining online communities to discuss
everything related to their disease, from exercise and nutrition,
to treatment and diagnosis. In a world where such communi-
ties clearly hold an abundance of information, organisations
are becoming increasingly aware of the value hidden within
these communities. However, many organisations in general,
public helath organizations in particular, are struggling with
challenges of extracting valuable insights from the data, so that
they can turn it into actionable insights. Many organisations
still only use digital and social media channels to commu-
nicate information about themselves. Research [2] shows that
organisations are not utilising social platforms sufficiently and
moreover they do not encourage patients to share personal
experiences that might benefit other users. The main challenge
for organisations is about analysing the data shared by users of
various online communities, as it tends to be unstructured and

messy. Recent literature has shown that researchers are trying
to develop ways to apply machine learning for handling social
media data [3]-[6]. Machine learning is amongst the newer
technologies used to find patterns and insights in large and
messy datasets.

In this paper, we argue that machine learning is an effective
method to process data from online diabetes conversations,
and is relevant in the application of a larger dataset to
potentially extract new insights that can benefit patients and
healthcare professionals. Furthermore, these insights, and the
models we built, can be applicable for large pharmaceutical
companies to incorporate in their holistic view of strategizing
and communicating. We believe that a better understanding
of online communities will eventually benefit organisations
with the possibility of a more relevant and better targeted
communication than before.

Type 2 diabetes was once known as adult-onset diabetes,
but those days are long gone and nowadays even young
children are diagnosed with type 2 [7]. Diabetes has become
an issue of almost pandemic proportions, and there is a need
to challenge this disease in every possible way. For patients,
healthcare systems, and pharmaceutical companies, it is of
great importance that researchers around the world develop
new ways to either prevent the disease, or at least enlighten
people about the ramifications that come with it. In this way,
people diagnosed with diabetes might have a chance for an
improved life with diabetes. Observing that the majority of
research about diabetes is either clinical or in an offline setting,
we believe there is much to learn from investigating these
online conversations.

The main focus of this paper is to explore how supervised
machine learning techniques can be applied to diabetes con-
versations and possibly to extract valuable insights from the
user-generated content. Furthermore, these insights might be
of helpful to those who are affected by diabetes, from patients
and doctors, to pharmaceutical companies and public health
organisations. Consequently, these valuable insights could be
utilised to improve the various communicational aspects that
revolve around online behaviour of patients, and therefore
relevant to the corporate communication context as well.

We are interested in investigating how healthcare sector
can leverage online forum conversations to get a better un-
derstanding of diabetes-related conversations. We believe that
conversations data from online communities can be leveraged



strategically and become an important part of an outside-in
approach to corporate communication. This could ultimately
optimise various strategic aspects of healthcare organisations
or pharmaceutical companies, and thus be relevant for patients
in their presumed pursuit of better healthcare solutions. Thus,
we believe that investigating online communities and topic-
oriented means of extracting online data can become an
essential part of learning how to improve the healthcare sector.
Our primary research question is

Which insights can be derived from online forum
conversations about type 2 diabetes, and how can
such insights be used to optimise healthcare com-
munication and services to benefit diabetes patients,
pharmaceutical companies, and healthcare organi-
sations?

To answer the research question, we investigated the following
sub-questions:

1) Which main interests and challenges may be found from
interpreting online patient conversations about diabetes?

2) To what extent can machine learning, through text clas-
sification, support or clarify qualitative insights?

3) In what way can insights from online conversations about
type 2 diabetes lead to strategic recommendations?

The rest of the paper is organised as follows. In Sec. II,
we will discuss about main theoretical concepts behind our
research work and also mention the related studies briefly.
Research methodology for this work is explained in Sec. III
and results of our data analysis will be discussed in Sec. IV.
Finally we will discuss and interpret the results and conclude
the paper in Sec. V.

II. CONCEPTUAL FRAMEWORK AND RELATED WORK
A. Corporate Communcation

Organisations have started to explore market insights and
customer relations as part of their external communications
and strategies, rather than simply pushing products onto the
market [8]. This new outside-in approach [8] focuses on prof-
iting from customers, by considering them as valuable assets
to reach new opportunities. Market insights are thoroughly
analysed data, and accurate reflections from the market are
extracted through market intelligence and analytic tools built
for the purpose [8]. With technological development, more and
more tools are made available for organisations, in areas such
as data mining, cloud services, in-depth surveys, dashboards,
statistical software, etc. These tools may be leveraged in an
outside-in approach to eliminate communication asymmetries
and employ a user-centred approach [8]. However, it is impor-
tant to emphasise that not all communication is or needs to be
performed as two-way communication. Most digital assets that
we see today do not talk with, but to customers, patients, or
users. Many of these assets, be it corporate websites, branded
content, or unbranded domains, are created to communicate to
one or more stakeholders. This one-way communication may
or may not be created based on user insights. If this is not
the case, the user might lose interest, leave, and may never

come back. Good, interesting, and strategically well-thought
content, which is built on user insights and hence users’
interest and needs, can still function as impactful one-way
communication. One-way communication may still be relevant
and can potentially lead to behavioural change. However, the
one-way communication will have to fight with other sources
of information and be interpreted in accordance with the users’
existing knowledge, interest, and contextual setting. Hence,
persuasion is still a factor to be taken seriously.

Organisations could benefit from adopting a pull-strategy
in combination with the traditional push-strategy. Merely
pushing products towards users with the expectation that the
product offered will be valuable and attractive enough for the
target audience is a challenging act in a competitive market.
Moreover, when consumers become more knowledgeable and
learn to understand the market and its offerings, organisations
may want to distinguish themselves by having a relational
approach [8]. With this knowledge, the organisation can try
to adapt their offerings and communications towards audience
needs and wishes [8]. Especially in a time when social media
has become popular, customer insights leveraged from social
media sites give organisations the opportunity to adapt their
communication to fit the needs and expectations of consumers.
This outside-in approach is what drives our methodological
choice and analytical design, as we aim to assist the health-
care sector in improving their existing communications with
diabetes patients.

B. Collective Value Creation in Online Communities

Computer-mediated communication affords new ways to
interact with technology and with other individuals. One of
the interesting aspects of this is the vast amount of digital
traces these interactions leave behind. These latent sources
of information are available via online communities and have
sparked an interest in modern researchers and marketers.
In [9] Johnson and Ambrose questioned the postmodern thesis
that individuals are individualists. Instead, they argued that
individuals are social entities that gather in fluid networks for
social interaction [9]. These types of networks have existed
throughout history, but have come to manifest themselves as
virtual communities in the postmodern society. The popularity
of online communities has emerged due to the socio-technical
fit between participants’ needs and technology’s ability to meet
these needs [9]. In the healthcare system, these communities
form to fill voids that exist due to the professional healthcare
systems’ inability to meet up the needs and necessities of
patients [9]. If patients do not get sufficient information or
support from their healthcare professionals, social platforms
can act as a substitute to fulfil this need. In recent studies [10],
Wenger et. al. investigated online communities as a common
place for learning and knowledge sharing. Wenger et al.
point out that what radically differs online communities from
traditional communities is the fact that communication is not
defined by place or by personal characteristics [10]. Online
communities are not restricted by certain points in time but
always open for action. Moreover, these communities are not



necessarily inhabited by individuals with a certain mind-set,
age, or background, but often formed by members with a com-
mon interest or need [10]. Members in these globalised online
communities may be politically, economically, and culturally
indifferent on a local level, but still unite in communities in a
quest to share information [11], and in our case to collectively
conquer their disease.

Diabetes patients is to learn how to manage diabetes through
several activities from clinical checks-up, blood sugar con-
trol, medical adherence, and lifestyle-changes. Generally, this
knowledge may be learned through dialogue with healthcare
professionals, caretakers, and disease-related materials, but
these knowledge sources may also be combined with or
followed up by knowledge-sharing in online communities [12].
As noted in a related study: Virtual communities for diabetes
health care play an important role in contributing to the
overall effect of diabetes treatment worldwide.

C. Patient adherence model

To emphasise the importance of online conversations for
patients of diabetes, we now present a medical adherence
model [13] which was originally introduced by Fisher et. al.
to show how patient adherence is dependent on three vital
elements: information, motivation, and behavioural skills.

Health behavior
information

Health behavior

Health behavior
skills

Health behavior
motivation

Figure 1. Information-Motivation-Behavioural Skills Model [13]

The model in fig. 1 depicts that adequate information related
to a patient’s personal treatment regimen is necessary for
good adherence [14]. In addition, motivational factors, such
as personal and social motivation to follow one’s treatment
regimen and the consequences of not adhering, are also signif-
icant. However, high motivation does not simply imply high
information accuracy and vice versa. Behavioural skills are
reflected in the actual performance of adherence. Behavioural
skills encompass both the objective ability and the perceived
efficacy of adhering to one’s personal treatment regimen. Thus,
the model has a direct relation between behavioural skills and
adherence behaviour, while information and motivation play a
vital part through behavioural skills, as seen by the arrows in
fig. 1 [14]. We acknowledge that the model depicted here is a
simplification of reality and that other factors such as environ-
mental changes may also impact adherence. However, we have
chosen to rely on this definition of the model as it represents
the most crucial parts of medical adherence. We believe that
accurate information and social support are fundamental in not
only adherence, but in the general well-being of patients with
diseases such as diabetes. The case study in [15] concludes that
patients discussing their difficulties, conditions, and related
problems in online communities become better at managing

their disease and coping with related issues. This research
builds on the idea that self-disclosure and social support is
effective in treating and improving patient’s self-efficacy.

We believe that the private and public healthcare system
have a lot to learn from these online communities. By learning
more about diabetes communities online, their topics, interests,
and needs, we believe that health communication, information,
and support directed towards the patients can be improved.

D. Health 2.0, support, and anonymity

Research has shown that patients use the internet more often
than they communicate with their doctors about healthcare
issues, and therfore they are increasingly interested in partic-
ipating in online communities [16]. Researchers have termed
these health communities as Health 2.0 [16] and this term
builds on the related term Web 2.0, which is broadly defined
as virtual relationships powered by social software. Likewise,
Health 2.0 leverages social software in order to give patients
new platforms to learn about their disease and get support from
other patients with diverse experiences [16]. The research done
by Greene et al. [16] shows that the conversations on the 15
most used diabetes pages on Facebook were concentrated on
information sharing and social support, which validates our
claim that online communities can be important in relation to
the information-motivation-behavioural skills model.

Recent research [15] suggests that people are more likely to
share sensitive information on Reddit compared to Facebook
and these conversations on Reddit fulfilling information and
social needs as part of the mental health discourse. It points
out that Reddit enables one-time use of throw-away accounts,
which facilitates anonymous conversations on sensitive topics,
compared to other social media platforms such as Facebook,
where user profiles usually are linked to personally identifiable
information [15].

The related category of social platforms, known as bulletin
boards and forums, has been one of the most popular sources
for researching social communities online [17]. A reason might
be that these forums afford users the ability to have a flexible
identity and uphold anonymity via a self-chosen aliases. Such
a pseudonym may be used to present the user’s online identity
when partaking in for instance disease related conversations,
which may increase the propensity of community members
to share and discuss issues, which they may find difficult to
address in a real world situation. Moreover, forums are exclu-
sive and topic specific, e.g. diabetes boards are not allowed to
discuss cricket and vice versa. This in turn minimises the risk
for condemnation and denunciation and gives the users a safe
environment to seek information and support [18].

III. RESEARCH METHODOLOGY

Our full dataset consists of 39,425 texts collected from 42
online forums, including Reddit. From this dataset, a total
of 3,309 randomly chosen texts were manually coded for 4
domain specific models (tab. I) and used as a training dataset.
The data consists of peer-to-peer conversations about type 2
diabetes, originating from domains that are either dedicated to



diabetes or which have a health related focus. All the texts are
in English and most of these originate from the US or UK, but

Label [ Definition

Model 1: Emotions [19]

Joy Feeling of well-being, often also stated as happiness.

. . . . Sadness Opposite of happiness or joy. Lowering of mood for a tempo-
also includes texts from India, Australia and other countries. raf;’ period of pDRess or oy e P
The main filter was diabetes, with focus on type 2 diabetes Trust Concerned with believing in something or a person.
and exclusion of type 1 diabetes. The dataset was collected on Disgust A feeling of revulsion or strong disapproval aroused by some-
. | . R thing unpleasant or offensive.
February 18th 2016 and the tlme-perlod is 27 months in total. Fear Fear is present when someone is trying to avoid some kind of
pain or a threatening situation.
] Anger Intense emotional state that includes feelings such as irritation,
Source Data Collection Tool | __Focus &Filters | Raw Dataset provocation or even, at the extreme. rage
Data from 42 20 . s s .

o |1 o] Dbttt | ——|| i ot dta Anticipation Anticipation is a kind of expectation towards future. The
expectation can be of a positive kind (feeling exited) or can
be of fear or in extreme cases anxiety.

LM Training Sets MUTATO Tool Classified Texts Surprise Surprise is the result of experiencing something unexpected.
Emotions, Manual coding of labels Multidimensional text 36 000 online Surprise is only momentarily.
Psychological Traits, to 3,30 conversations lal 1
i i | || cnrbinge ||| S || “iainnm Model 2: Sentiment
Positive Something is good and beneficial in a given context.
T B S i ) + Neutral Neither positive or negative.
% Vioual Analylics Negative Something is bad, hurtful or unwanted in a given context.
e —"'{ SRR G Sasearch Fludiogs Model 3: Personality Traits
Tableau Openness Open to new ideas, experiences and is related to curiosity,
. . adventure and imagination.
Figure 2. Data Analytic Process Conscientious- Someone who aims for achievements [20] and expresses a

As shown in Fig. 2, the overall process consists of three
important steps: Data collection, data processing and data
analysis. As part of data processing, we applied supervised
machine learning technique, text classification with several
algorithms (Fig. 4) to classify the online forum texts using
our in-house and custom-build tool Multi-dimensional Text
Analytics Tool (MUTATO). The overall architecture of MU-
TATO is shown in Fig. 3 and it can perform several text
analysis tasks (both unsupervised and supervised) such as text
mining, text classification and topic modeling using various
open source machine learning libraries using Python as main
programming language. As part of further data analysis we
have used a qualitative approach netnographic analysis to get
a better understanding about the general topics, interests, and
challenges expressed in the data. Finally, we used visual ana-
Iytics with help of Tableau to analyse our data and ultimately

ness propensity to be thoughtful, thorough, in control, a preference
for planning and structural living.

Extraversion Extraversion is often opposed to Introversion [20] and the
extravert is often the centre of attention, out-going, socially

comfortable, energetic and likes to talk.

Agreeableness Focused on establishing consensus to achieve social harmony.
Such individuals often conform to social norms and are usu-
ally generous, trustworthy, optimistic, caring and emotionally

supportive [20].

Neuroticism This trait is linked to emotional instability, anxiety and de-
pression [20]. Individuals labeled with neuroticism will be

vulnerable and emotionally reactive.

Model 4: Patient Journey

Undiagnosed People without diabetes, patients with pre-diabetes or gesta-

tional diabetes and factual texts about diabetes

Relatives of dia-
betes patients

People discussing topics on behalf of family/friends diagnosed
with diabetes or in the risk zone

Diagnosis Patients diagnosed with diabetes by a health care professional.
Clinical Everything related to medical treatment of diabetes. Clinical
Treatment treatment, managing, adhering to treatment.

Alternative Treat-
ment

Conversations related to alternative treatment (e.g. Ayurveda or
home remedies).

Living with dia-
betes - Lifestyle,
social & psycho-

Everything related to managing social and psychological life
related to diabetes. Topics may include how diabetes have
changed the social lifestyle or affects the patient psycholog-

communicate our findings and insights. logical ically
Living with | Includes discussions about diet, recipes and other questions
diabetes-nutrition related to nutrition.
Results Living with | Includes discussions and questions related to an active lifestyle
sa-r:n‘jn W°r: Ffleq'fencv et diabetes-exercise
d nalysis
== Table 1
. . Most Frequent Multi-label
\ Multl-dimensional Text Words, Frequency Domain Specific DESCRIPTION DOMAIN SPECIFIC MODELS FOR TEXT CLASSIFICATION
Classification Tool Distributions classified Texts
.(T:;ﬁr .;::‘:, Text Mining/Topic Collocation Keyword Analysis
documents and Modeling, / Analysis
etc) Text Classification Keyword Counts,
Most prominent

Categories

Bigrams, Trigrams
and N-grams

Natural Language

—ﬁ— Models Toolkit (NLTK), [ Topic Modeling |
P Gensim, Scikit- || Di ing Topics and Categori ||
TTart™ ’ iscovering Topics and Categories

—| learn, NumPy

Domain ini Python, ASP.Net
Experts ;::gg & ! Performance Measures
coding with

training set  Models Inter Coder Classification

Inter-rater
Agreement,
Cohen's Kappa

Accuracy, Precision,
Recall, F-Meaasure

Figure 3. Multi-dimensional Text Analytics Tool (MUTATO) Architecture

A. Models for Text Classification

In order to analyse the online textual conversations, we
have chosen four domain specific models (Emotions, Senti-
ment, Personality Traits and Patient Journey) based on their
relevance and importance to our dataset and field of inquiry. As

explained in Tab. I, the four models are: a model categorising
the data into emotional stances, a model for sentiment, a model
on personality traits, and a model categorising the data in
respect to where a given author of the conversation might be
in a diabetes patient journey, based on our interpretation of
the authors’ online expression. In order to get a deeper un-
derstanding of type 2 diabetes online discussions, the models
are combined and results are juxtaposed. The chosen eight
primary emotion labels (Tab. I) are adopted from [19] and
it primarily consists of two main characteristics: they had to
be identifiable at all phylogenetic levels and have adaptive
significance in the individual’s struggle for survival [19]. The
big five personality traits (Tab. I) are adopted from [20]. A
patient journey follows the patient from pre-diagnosis over
treatment through to a viable cure [21]. We have chosen to



conduct our own Patient Journey for two reasons. Firstly, we
were unable to find any theory or research that supports it and
secondly, we wanted to make it more specific to the exact case
and disease (diabetes) while being grounded in our dataset.
This has led us to the Patient Journey domain specific model
as shown in Tab. I. In order to achieve a good consistency of
training sets, coding of all 3309 online texts is done by the
first two authors individually and inter-rater agreement were
calculated using Cohen’s kappa coefficient [22] to make sure
that agreement between the coders is fairly accurate.

Text Classifiers

Linear SVC
Classifier

Training Set: MaiveiBayes
o Classifier

Measures

Training Data (3309) |~

% Models
I EET

Domain
Experts

Classification
leasures

SVM SGD Classifier

Accuracy, Precision,
Re

Logistic oy,
i ecall, F-Meaasu

Passive |

Classifi Classifi

with Labels

ﬂ Results
"“‘)::I::"W‘ Ensemble Classified Conversations
s Classifiers Conversations
(36000) Set | with Labels ‘
e

Figure 4. Text Classification Architecture

B. Text Classification Performance

Model 1: Emotions
Classifiers [Precision Recall [Fl-score Accuarcy
Multinomial NB .71 0.70 0.69 0.695
Linear SVC .75 0.75 0.74 0.748
Logistic Regression 0.68 0.58 0.51 0.576
Passive Aggressive 0.73 0.73 0.73 0.735
SVM SGD .66 0.61 0.58 0.613
Voted Accuracy F - - 0.706
Model 2: Sentiment
Classifiers [Precision Recall [Fl-score Accuarcy
Multinomial NB .78 0.77 0.77 0.772
Linear SVC .81 0.81 0.81 0.806
Logistic Regression 0.73 0.7 0.67 0.698
Passive Aggressive .81 0.81 0.81 0.807
SVM SGD .73 0.62 0.53 0.621
Voted Accuracy F - - 0.789
Model 3: Personality Traits
Classifiers [Precision Recall [Fl-score Accuarcy
Multinomial NB .67 0.66 0.66 0.661
Linear SVC 0.69 0.68 0.68 0.683
Logistic Regression 0.63 0.62 0.61 0.619
Passive Aggressive .69 0.69 0.69 0.691
SVM SGD .65 0.64 0.63 0.636
Voted Accuracy - - - 0.675
Model 4: Patient Journey
Classifiers [Precision Recall [Fl-score Accuarcy
Multinomial NB .84 0.84 0.84 0.843
Linear SVC 0.87 0.87 0.87 0.872
Logistic Regression 0.81 0.79 0.78 0.794
Passive Aggressive .88 0.88 0.88 0.881
SVM SGD 0.8 0.79 0.77 0.786
Voted Accuracy - - 0.865
Table 1T

PERFORMANCE MEASURES OF THE CLASSIFIERS

As part of text classification, we have used ensemble learn-
ing method [23] by using 5 different supervised machine learn-
ing algorithms to build a set of text classifiers by using the vot-
ing method to predict most probable label for a given textual
conversation from online communities. As shown in Fig. 4,
we have used 5 different algorithms for text classification: 1)
Multinomial Naive Bayes classifier (Multinomial NB) [24] 2)

Linear Support Vector Classifier (Linear SVC) [25] 3) Logistic
Regression Max Entrophy classifier (Logistic Regression) [26]
4) Passive-Aggressive classifier (Passive Aggressive) [27] and
5) Support Vector Machines with stochastic gradient descent
(SVM SGD) [28]. Text classifiers were built for these algo-
rithms based on their respective implementation using scikit-
learn [29] machine learning library in Python.

As shown in Fig. 4, classifiers were trained with using
75% of manually coded conversations as training set and the
rest 25% were used as test set to predict the performance of
the classifiers. The performance measures: Precision, Recall,
Fl-score and Accuracy of each classifier were computed
and tabulated in Tab. II. All the classifiers more or less
performed consistently with respect precision, recall, F1-score
and the voted accuracies varied in between 0.675 to 0.865,
which shows that the predictions of the classifiers was highly
accurate. Among the classifier algorithms, both Linear SVC
and Passive Aggressive performed better than the rest of the
algorithms. In respect of the models, patient journey model
received high voted accuracy which is 0.865. When once the
classifiers are trained, the rest of the conversations (36000)
were classified.

IV. RESULTS

Some of the important results are presented here.

1) High Degree of Trust in Online Forums: One of the first
topics that emerged while coding was a strong confusion about
diabetes. Many patients have unanswered questions and often
do not know how the disease will affect them and how best
to manage it. In this regard, we find that online communities
play a vital role in knowledge-sharing and general discussions
around disease-related information. Our analysis of conversa-
tions showed that people use the forum for information sharing
activities. As we can see from Fig. 5, conscientiousness is the
most prevalent personality trait among the users and when it
combined with emotions it becomes pretty clear that the trust
represent the largest share of conscientiousness posts. This
result indicates that the users have high amount of trust in
these online forums.

2) Support in the Digital Space: We have found that
online communities not only exist to fulfil information needs,
but also being supportive for patients seeking comfort and
empathy. This is especially true for patients who have been
diagnosed recently, as they often express a need for support
and motivation. It creates uncertainty when research cannot
provide a definite answer about what causes diabetes to the
people. Some are blaming obesity, some are blaming the
food habits, and others are suggesting that it is a genetic
predisposition. Instead, people in online communities draw on
each other’s experiences. In our analysis, such empathy, social
guidance, and support have been classified as agreeableness
and as shown in Fig. 5 agreeableness is the major personality
trait after the conscientiousness.

3) Perceptions of Health - Diet and Nutrition: One of the
main concerns about living with type 2 diabetes is the constant
struggle to control the body’s blood glucose levels. To keep
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Figure 5. Data Analytic Process

the blood sugar low, many diabetes patients are prescribed
metformin as part of their treatment regimen'. However, many
patients advocate that diet and nutrition can either cure or at
least slow down disease progression, and argue that monitoring
one’s blood glucose levels is a necessity. The focus on nutrition
is highly prevalent in the discussions, as majority of posts
classified in relation to the Patient Journey model are labelled
with Nutrition. The amount of Nutrition posts exceeds the
amount of any other category, which supports the idea of
people either looking for dietary advice or helping others with
their Nutrition and diets.

Furthermore, we wanted to see if there existed a high
association between Exercise and Nutrition. We filtered out all
the texts that were labelled Exercise with a probability of >
0.51, and then calculated which other labels were associated to
these. This calculation was done by counting how many times
each label had a probability of > 0.25, as this would indicate
the second highest probability, when Exercise had received >
0.51. The results confirmed our assumption that Nutrition had
the highest association with the Exercise labels.

V. DISCUSSION AND CONCLUSION

In this paper, we have used supervised machine learning
approach to analyse conversations of online communities using
five different text classification algorithms. The conversations
were analysed for the four domain specific models (Emotions,
Sentiment, Personality Traits and Patient Journey) to identify
the nature of these conversations and also important topics that
were being discussed.

Information sharing and community knowledge: It has
become clear from our analysis that forum members use
online communities as a place where they can learn and share
information on topics of interest. In addition, we have found
that informational content is highly present in the forums that
we have investigated.

Thttp://www.who.int/diabetes/global-report/en/

Void-filling communities: Through our analysis, we have
pointed out that the healthcare system is often inadequate in
delivering the necessary information and support to patients.
The existence of this void seems to create greater information
sharing between patients online, which also emphasises the
importance of the learning that can be extracted from these
communities.

Social cohesiveness: In our analysis, it became clear that
many online forum members partake in supportive acts. A
large share of members either ask directly for support or indi-
cate that they need support. Accordingly, a large percentage of
replies have a supportive answer to these requests. Our findings
about support, socialisation, and information seeking, bring us
to the information-motivation-behavioural skills model. Our
findings reveal that online communities consist of supportive
and motivational conversations along with a high degree of
disease-specific information and management posts and also
the amount of Trust exists in these forums is quite high.

The interest in diabetes among online forums seems to
mirror the continuously growing impact that the diabetes
has on individuals around the world. From our netnographic
inquiries, it became clear that online communities with relation
to diabetes have become ever more popular. The activity level
on these forums is high and dynamic, as new members join and
others leave. This is certainly true for diabetes.co.uk, which
has almost doubled the number of members from 100,000
in 2014 to almost 200,000 by 2016. While the amount of
forum members might be low compared to the most popular
social media platforms, the topic specific nature of these
forums makes them unique, as they become home to sensitive
conversations about diabetes.

To answer our research question comprehensively, the con-
clusions have been divided into answering our three sub-
questions. With our first sub-question, we wanted to investigate
which main interests and challenges may be found from
interpreting online patient conversations about diabetes. We
have found that informational posts, often expressed as nor-
mative statements, are the most prevalent type of conversation
surrounding type 2 diabetes. Moreover, individuals requesting
information and support from other forum members are also
highly prevalent in these forums. Moreover, our qualitative
assessment through netnography revealed that a large share of
members are in fact in need of information, which is leading
to extensive knowledge sharing among peers in these forums.
For the second sub question, we found that machine learning
is quite helpful in analysing huge number of textual conversa-
tions and also the findings from the text classification tallies
with the qualitative assessment made through netnography.

We have shown how online conversations can lead to
important insights and these insights however add no value
before they are acted upon. For this purpose, we have proposed
a number of suggestions and two recommendations, which
can assist in activating these insights and turn them into
strategic initiatives. This was done to provide an answer to
our third and final sub-question: In what way can insights
from online conversations about type 2 diabetes lead to strate-



gic recommendations? From a social business and outside-
in perspective, we acknowledge how data can be of strategic
value for organisations to improve products and services. We
have proposed that companies and organisations can integrate
our learnings, insights, and models to take advantage of
the knowledge pooled in online communities. By using our
supervised machine models, pharmaceutical companies can
perform repeated social media analytics on data from their
target audiences and be responsive to patients’ needs and
struggles. The models may also be used to test brand opinion
and company sentiment by applying them to new datasets.
This may lead to tactics that are set out to improve the
corporate image or brand. Companies could use their domain
specific models for text classification to study the topics of
conversations of their customers and stakeholders.

Our findings also conform that patients express the need for
more and better qualified information. This demand for infor-
mation may be due to a lack of informational supplies, which
may be a result of insufficient, inaccurate, or at times even mis-
leading information, given by some healthcare professionals
which can be seen from the number of users expressing distrust
on healthcare professionals and the healthcare system in these
conversations. As a consequence, forums become important
platforms for trusted knowledge sharing and articulation of
diverse discourses around diabetes.

The need for support of diabetes patients was evident in our
research. This was especially true with frustrated patients, who
were recently diagnosed, and relatives of diabetes patients.
These two categories also revealed a high degree of sadness,
negativity, and hopelessness in their conversations. This was
counteracted upon by other forum members who provided
positive distanced support for these members. It shows us how
forums can act as computer-mediated support platforms for
patients in need and also how technology, through the concept
of Health 2.0, empowers patients to manage their disease and
possibly increase their quality of life.
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