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Abstract. Hidradenitis suppurativa (HS) is an orphan, underdiagnosed
and painful disease of the skin that has a considerable negative impact
on quality of life and on emotional well-being. As reported by the italian
HS patients’ association (Inversa Onlus), this condition brings patients to
develop an emotional closure with the consequence that they often don’t
talk about their condition with anybody. In this paper we discuss some
results obtained by applying automatic emotion detection and social net-
work analysis techniques on the Facebook group of the Inversa Onlus
association. In particular, we analyze the patients’ emotional states, as
expressed by the post published from 2010 to 2016, and how these emo-
tions are influenced by friendships in the group, during the years.
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1 Introduction

Hidradenitis suppurativa (HS) is an orphan and underdiagnosed disease of the
skin that affects 1%–4% of the general population. The main characteristics of
HS are chronic, inflammatory, painful boils in the folds of the skin that have
a considerable negative impact on quality of life and on emotional well-being.
It is widely reported that the difficulties in obtaining a diagnosis together with
the lack of proper therapies bring HS patients to develop an emotional closure,
with the consequence that patients often don’t talk about their condition with
anybody, as reported by the italian HS patients’association (Inversa Onlus) [1].
In the last few years, with the diffusion of social media, a considerable number of
patients started to share a considerable amount of data related to their feelings.
In this paper we present the results obtained using Sentiment Analysis on Inversa
Onlus’s Facebook group for the automatic detection of the emotional state of
the patients from 2010 to 2016. In particular, this work focuses on the analysis
of how friendships in the group influence the emotions expressed by patients
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over the years. Results have been obtained using a manual annotated training
set and a seven-output hierarchical classifier system based on Parrot’s emotion
categorization (joy, love, surprise, fear, anger, sadness, and objective content) [2].

2 Related Works

Nowadays, online social networks provide more and more medical data; patients
often share personal clinical information within an online community, with the
aim of receiving emotional support. In recent years, the interest in patients’ opin-
ions and feelings expressed in web communities has considerably increased. One
of the biggest challenges is to get a clear understanding of patients’ condition.
In [3] authors identify the 15 largest Facebook groups focused on diabetes man-
agement, analyzing 690 comments from wall posts written by 480 unique users.
The work aims at identifying, with traditional manual method of content analy-
sis, the main topics of the discussions. Since this approach is not scalable when
trying to analyze huge quantities of data, it is necessary to introduce automatic
analysis, based on machine learning algorithms. In [4] authors analyze different
sources of patients’ information (social media, blog, patients networks) in order
to detect poor quality healthcare using sentiment analysis and natural language
processing. Sentiment analysis using machine learning algorithms represents an
automatic way to analyze sentiments, emotions and opinions from written lan-
guage [5–7] and it’s becoming increasingly important in the context of social
media and for business and social sectors [8]. Our approach is innovative in
joining two types of analysis:

– emotion detection applied to patients’ Facebook posts, based on a hierarchical
classifier using Parrot’s emotion categorization (joy, love, surprise, fear, anger,
sadness, and objective content) [2];

– analysis of the Facebook friendship relations among the members using Social
Network Analysis, a discipline that focuses on the structural and topological
features of the network, that can be useful in order to identify models of
participation, opinion leaders and behaviors adoption [9].

As for the tools used, hierarchical classification is widely applied to big data
collections [10–12] and in the scientific literature it is often considered an effective
approach for emotion detection [13,14].

3 Methodology

In this section we present all the tools and algorithms we used in order to analyze
and assign an emotion to the posts of each patient. According to Parrott’s socio-
psychological model, all human feelings could be partitioned with a primary
categorization composed of six emotions, three positive (joy, love, surprise) and
three negative (fear, sadness, anger). In order to obtain a performing system for
emotion detection we used stopwords and stemming algorithms to preprocess
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the data, the bag-of-words model to extract features from the sentences, the
Information Gain algorithm in order to reduce the features, and the Naive Bayes
Multinomial classifier to optimize some hyperparameters in order to achieve
better accuracy [15]. In fact, the whole system is built after a selection of the
best mechanisms and parameters, in accordance to previous experiences [13].
Each step is described below, and the execution flow is presented in Fig. 1.

Fig. 1. Execution flow

3.1 Creating the Training Set

The first problem that we have considered has been the creation of a performing
training set, to classify the patients’ emotions. Due to the lack of useful datasets
containing annotated posts of Italian patients, we have decided to create our own
training set based on supervised learning and manual annotations. For creating
the training set, we have considered the 10% of all the available posts, published
in the Facebook group in the past seven years (Table 1).

Table 1. Number of posts in the training set for each emotion.

Sentiment Number of posts in the training set

Objective 85

Love 70

Joy 80

Surprise 30

Fear 75

Sadness 85

Anger 65
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3.2 Pre-processing and Features Selection

All posts have been pre-processed, in order to preserve only the elements with
an emotional meaning. For this reason, we have used different automatic filters
to remove Italian stopwords and punctuation, encode special characters, correct
spelling mistakes, substitute contractions with their textual extension, and sub-
stitute smiles and emoticons with appropriate words. At the end of this process,
sentences have been also filtered with a Stemming algorithm, in order to reduce
inflected words to their word stem.

The last step has been the generation of features based on bag-of-words
model using the StringToWordVector algorithm, turning each string into a set
of attributes representing word occurrences. The TF-IDF function has been used
to evaluate the relevance of each word in each sentence. Finally, these attributes
have been filtered using the Information Gain algorithm, in order to extract the
most meaningful features.

3.3 Classification

In this subsection we present the approach that we have used to build the result-
ing classifier. With the aim of building a hierarchical classifier, the manually
annotated training set has been used to create four different training sets, in
which each sentence is labeled according to the task of each classifier (Fig. 2):

Fig. 2. Hierarchical classifier used

– Objectivity/subjectivity classifier: The training set used is simply the
pre-processed training set in which every post associated with an emotion
has been labelled as subjective while the remaining others, for example infor-
mation requests or communications from the patient’s association, have been
labelled as objective.
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– Polarity classifier: The training set used is the pre processed training set in
which all of the posts previous labelled as subjective are divided into positive
and negative.

– Positive classifier: The training set used is composed of the previous posts
labelled as positive, divided into love, joy and surprise.

– Negative classifier: The training set used is composed of the previous posts
labelled as negative, divided into anger, fear and sadness.

3.4 Optimizing Classifiers’s Parameters

For each classifier used to build the seven-output hierarchical classification sys-
tem, a preliminary analysis was performed. In this phase, we have selected the
Naive Bayes Multinomial algorithm for implementing each classifier, as it pro-
duces the best results. Moreover, we have optimized some parameters, considered
relevant for the training phase. In particular, we have searched at the same time
for (i) the optimal length of N-grams to be used as features, and (ii) the number
of features to select through the Information Gain algorithm. We have used a
grid search, which is simply an exhaustive search through a manually specified
subset of the parameters hyperspace of a learning algorithm, in order to select a
grid of configurations using cross-validation to estimate the quality of classifiers
configured according to them. Results are shown in Table 2.

Table 2. Parameters optimization results

Classifier N-Gram (max) Features

Sub/Obj 3 100

Pos/Neg 2 250

Fear/Sadness/Anger 3 340

Love/Joy/Surprise 2 100

4 Results

After having classified the emotions in patients’ posts, in a period of seven years,
we have performed further analysis. In this section we present the results, which
may provide valuable hints for better understanding the Hidradenitis Suppura-
tiva disease and its impact on patients’ lives.

4.1 Distribution of Emotions

In this subsection we present the results obtained by analyzing the distribution
of emotions for each month of the analyzed year. Looking at the distributions
for each year (Fig. 3), and in particular the average distribution (Fig. 4), it is
possible to note that the month in which patients are most active in the group is
usually September, and to a lesser but considerable extent, January and April-
May. These results could be read in different ways, but these three time frames
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Fig. 3. Distribution of emotions in 2010, 2012, 2014, 2016.

Fig. 4. Average distribution of emotions between 2010–2016.

have in common the fact that they follow holidays. In particular, the most active
month (September) follows the traditionally long summer holidays. According
to the negative impact of this disease [16], the prevailing emotion is sadness.
Summing up the posts conveying negative emotions, they constitute the major
component of the available posts. Despite that, the second prevailing emotion
is joy, and in particular at the beginning of the group in 2010 it was the most
present. This juxtaposition could be read in different ways, but it seems that in
the group there are some influencers which express positive emotions in reaction
to other negative posts. We will discuss this aspect later, analyzing the results
concerning the social network analysis.
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4.2 Social Network Analysis

After retrieving information about friendships on Facebook among the group
members and classifying posts written by each patient in the group for each
year, it is possible to analyze the established social network in the group and
its evolution over the years (Fig. 5). In particular, at the beginning of the group
activities, in 2010, there were few members, with many Facebook friendship
relationships, expressing a variety of emotions. During the following years, the
number of members in the group has constantly increased. At the same time,
the differences about the emotions expressed by isolated members and connected
members have grown.

2010 2012 2014

2015 2016

Fig. 5. Social network in 2010, 2012, 2014, 2015, 2016.

4.3 Friendship Relations and Expressed Emotions

The first result presented in this section is obtained analyzing how the emo-
tions expressed by patients are correlated with their own degree in the social
network (i.e., the number of friends in the group). Members are classified in four
categories, according to the number of friendship relations in the group:

– Zero Relationships
– Weak: from 1 to 5 Relationships
– Moderate: from 6 to 19 Relationships
– Strong: 20 or more relationships.

The results obtained analyzing posts and social network in 2016 and in the
period between 2010 and 2016 are presented in Fig. 6. It is worth noting that,
for the nodes with higher degree, the predominant emotion is joy, while all
the negative emotions decrease. As a possible interpretation, this result may



276 G. Lombardo et al.

represent an evidence of the positive influence of the group. Figure 6, for example,
shows that all the patients that have developed many relationships with other
peers in the group express positive emotions.

Fig. 6. Relationships between number of friendships and feelings expressed only in
2016

4.4 Changes of Emotions During the Years

Looking at the network between 2014 and 2016, it is clear that the major part of
the active members don’t have relationships with each others and they express
mostly negative emotions. Despite that, analyzing in an anonymous way each
patient, we have discovered that, in particular in the period from 2014 to 2016,
members that used to express fear or anger emotions, but that were in connec-
tion with others, started to develop and express joy emotions. This result has
been further analyzed, by calculating a matrix of transitions among emotions,
considering the changes of emotions expressed by members with at least three
relationships inside the group (Table 3). Observing the matrix, it is possible to
note that transitions from anger or fear emotions to joy are more frequent than
the transitions from sadness to joy. This result is important to understand that
angry and worried members are more easily influenced by the rest of the social
network. Instead, sadness appears to be the most static emotion. This essentially
means that members who express sadness continue to express sadness, regardless
of their own friendships in the group. At the same time, positive emotions as
a whole are the most static class of emotions. In fact, transitions from positive
to positive emotions are more frequent (53%) than transitions from positive to
negative emotions (47%).

According to this multi-faceted analysis, it is thus possible to observe a sig-
nificantly positive evolution of the group. However, while these analytical results
were quite hoped by the group representatives, they were not obvious before this
work. Thus, they also highlight the importance of the research and development
of this kind of software tools. In future, it would be important to verify if this
kind of social and psychological dynamics is common to similar online commu-
nities. In fact, to compare more data and possibly generalize our understanding



Dynamics of Emotions and Relations in a Facebook Group of Patients 277

of the phenomenon, we plan to continue this line of research and perform similar
analysis in other online groups of patients, of different diseases.

Table 3. Matrix of transitions among emotions

Joy Love Anger Fear Sadness

Joy 48% 11% 15% 4% 22%

Love 29% 0% 29% 13% 29%

Anger 29% 7% 14% 14% 36%

Fear 25% 17% 17% 8% 33%

Sadness 18% 3% 12% 6% 61%

5 Conclusion

The advent of social networks has led to new ways of expression for a support
group composed of people who share the same disease or trouble. To date, it
is still an open challenge of technology to provide tools suitable for a deepened
analysis of these online communities and their influence over their participants.
In this paper we have reported the results of an investigation of the dynamics
of emotions and relations in a Facebook group of patients with hidradenitis
suppurativa, who have been studied from 2010 to 2016.

We have detected the emotions of the members’ posts by applying a hier-
archical classification system, and then we have calculated the emotion of each
member of the group and correlated it with his/her degree of relations in the
group, that is the number of his/her friendship relations with other members of
the community. This type of analysis has been performed for each year of the
considered period.

The results have shown some interesting correlations among the decrease
of negative emotions and the increase of the degree of relations among mem-
bers. More generally, as the time progresses, it is possible to observe a positive
dynamics of the members’ emotions.

These results, though hoped, were not so obvious to the group representa-
tives. In our opinion, such results highlight the importance of the research and
development of this kind of software tools. In future researches, we plan to per-
form a similar analysis in other online groups of patients, of different diseases.
This way, we will be able to compare the different results and verify if this kind
of social and psychological dynamics is common to such online communities.
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