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ABSTRACT

Background: Contents published on social media have an impact on
individuals and on their decision-making. Knowing the sentiment towards
diabetes is fundamental to understanding the impact that such information
could have on people affected with this health condition and their family
members. The objective of this study is to analyze the sentiment expressed in
messages on diabetes posted on Twitter.

Method: Tweets including one of the following terms (“diabetes”, “t1d”, and/or
“t2d”) were extracted for one week using the Twitter standard API. Only the
text message and the number of followers of the users were extracted. The
sentiment analysis was performed by using SentiStrength.

Results: A total of 67421 tweets were automatically extracted, of those 3.7%
specifically referred to T1D; and 6.8% specifically mentioned T2D. One or
more emojis were included in 7.0% of the posts. Tweets specifically
mentioning T2D and that did not include emojis were significantly more
negative than the tweets that included emojis (-2.22 vs. -1.48), p<0.001.
Tweets on T1D and that included emojis were both significantly more positive
and also less negative than tweets without emojis (1.71 vs. 1.49; and -1.31 vs.
-1.50 respectively), p<0.005. The number of followers had a negative
association with positive sentiment strength (r = -0.023, p<0.001) and a
positive association with negative sentiment (r = 0.016, p<0.001).
Conclusion: The use of sentiment analysis techniques on social media could
increase our knowledge of how social media impact people with diabetes and

their families and could help to improve public health strategies.



INTRODUCTION

Sentiment analyses are natural language processing techniques that use
computational algorithms to extract subjective information from written text
and that can identify the strength of the positive and negative tone of the
message [1-3]. These techniques have been used to analyze and predict
people’s behaviour regarding elections; to analyze the launch of new products
or services [4, 5]; and have also been used in the health field [6-8].

The use of sentiment analysis in healthcare could help us to better
understand how people talk about and feel with respect to specific health

topics or health conditions.

However, analyzing mood is not a simple task, as emotions often are mixed or
ambivalent. It is possible to describe mixed emotions as the simultaneous
experience of different combinations of opposing emotions, and positive and
negative emotions can occur more or less simultaneously [9]. This may
represent a challenge when analyzing the emotions expressed in texts.
Recent studies have analyzed the sentiment expressed in text language
including emojis [10-15]. ‘Emoji’ is a Japanese word defined as “small digital
image or icon used to express an idea or emotion” [16]. Emojis help users to
better express their views and emotions by using graphics (i.e.; facial
expressions; people; animals and nature; food and drink; activities; travel and

destinations; objects; symbols; and flags) [10].

Sentiment analysis techniques examining both text and emojis can provide an

overview of the moods communicated through specific topics, and also have



the advantage of covering larger populations, and providing immediate results
[7]. The use of sentiment analysis is especially relevant in a social media
context, as social media have become a natural environment where people
can share and seek health information [17-19]. Social media contents have an
impact on individuals and on their decision-making [20-23], not only due to the
type of information that can be found [24] but also for the expressed tone (i.e.

emotions) or the connotations of the message.

Currently there are few publications studying the use of sentiment analysis
related to diabetes [25-30]. Knowing the sentiment expressed by social media
users towards diabetes is fundamental to understanding the impact that such
information could have on people affected with this health condition and their
family members. The objective of this study is to analyze the sentiment

expressed in messages specifically focusing on diabetes posted on Twitter.

METHODS

Data collection

Aiming to use a sentiment analysis on tweets related with diabetes, we
defined “diabetes”, “t1d”, and “t2d” as search terms. The term “diabetes” was
chosen because it was the most commonly used term by the lead healthcare
authorities and diabetes organizations in their Twitter profiles, such as the
American Diabetes Association; CDC Diabetes; or the International Diabetes
Association, among others. The terms “t1d” and “t2d” were chosen because

they were very popular hashtags on Twitter referring to the two different types



of diabetes. At the time of the study, and according to the Twitter API, the
hashtag “t1d” had over 230 tweets daily; while “#t2d” had over 560 tweets.
For one week (from May 23, 2018 to May 30, 2018), tweets containing at least
one of these three keywords were collected using the standard API provided
by Twitter. An API is a software that acts as intermediary between to
applications allowing the communication between them. The standard API of
Twitter provides a subset of the current tweets and their metadata. However it
has several limitations compared with the premium one. Basically, the data
obtained for every tweet is limited (i.e. replies to a tweet cannot be obtained
with the standard API), the tweets obtained are a sample of the total tweets,
the number of requests per minute is limited to 180, among other limitations.
However, for this study the standard API functionality was considered
adequate as the information retrieved and number of tweets retrieved was

sufficient to conduct our study.

A software was developed to collect tweets using the scripting programming
language PHP. This PHP software requests from Twitter, using Twitter API,
the last tweets that contain one of the three keywords. These requests were
done every 15 minutes for one week. For each tweet we retrieved: 1) The text
of the tweet, including any emojis; and 2) the number of followers of the user
that posted every extracted tweet. This information was stored in a MySQL

database for sentiment analysis.

Tweets including any of the following words in the text were classified as

referring specifically to T1D: “T1D”; “Type 1 Diabetes”; “Type 1”; or



“Type1Diabetes”. While tweets including any of the following words: “T2D”;

“Type 2 Diabetes”; “Type 27; or “Type2Diabetes” were identified and classified

as tweets referring to T2D.

Anonymity and privacy

The data (i.e. tweets) used in this study had been made publicly available by
being published openly on the Internet. Nevertheless, we wanted to take into
consideration the privacy of the tweet emitters. Due to the impossibility of
obtaining informed consent from all the tweet emitters -many of which did not
use their actual name- we decided to extract only non-identifiable data. This
means that no data identifying the emitters of the tweets was extracted or
analyzed. The data that was analyzed was done so through the use of an
automated process and thereafter aggregated, which further protected the

privacy of the tweet emitters.

Analysis of tweets

The sentiment analysis of the extracted tweets was performed by using
SentiStrength [2, 31, 32]. SentiStrength is a popular open-source software
based on nonspecific messages designed to estimate the strength of positive
and negative sentiment in short informal texts. Validation tests have shown
that SentiStrength can detect positive emotion with 60.6% accuracy and
negative emotion with 72.8% accuracy [2]. This tool has been widely used for
Twitter analysis [2, 33-37]. The tool analyzes text and emoji independently.
Firstly, the text contained in the tweet is analyzed using the lexicon sentiment

and the sentiment values (positive and negative) of the sentence are



calculated. The emoji sentiment is then added to the value derived from the
sentiment lexicon, not exceeding -5 points as maximum (+5 in case of positive
sentiment). Therefore, including a “negative” emoji in a tweet will impact on its

overall negative sentiment value.

Statistics

Descriptive statistics were used to summarize absolute numbers, frequencies,
means, and standard deviations (SD). Independent t-tests were used to
compare the average positive and negative sentiment in tweets specifically
referring to T1D; to T2D; and including or not including an emoji. Correlation
analysis was used to examine the relationship between the sentiment and the
number of followers. The data were analyzed with SPSS 25 for Mac (IBM

Corp.).

RESULTS
A total of 67421 tweets were automatically extracted. Among these, a total of
2512 (3.7%) tweets specifically referred to T1D, and 4585 (6.8%) specifically

mentioned T2D. At least one emoji was included in 4720 (7.0%) of the tweets.

The analysis of the negative sentiment value showed that the negative
strength of tweets specifically mentioning T2D was significantly more negative
than the tweets not mentioning T2D (-2.20 vs. -1.65), p<0.001. Tweets
referring to T2D without any emoji were significantly more negative than the
ones including an emaoji (-2.22 vs. -1.48), p<0.001. On the other side, analysis

of the positive sentiment value showed that the positive strength of tweets on



T2D was significantly lower when the tweet included any emoji, than when no
emoji was included (1.39 vs. 1.57), p<0.001. Tweets on T1D including emojis
had the highest positive strength (1.71) and also the lowest negative strength
(-1.31), as compared to tweets on T1D without emojis. The sentiment analysis

of the whole sample and by categories is reported in Table 1.

Regarding the users’ number of Twitter followers according to the sentiment,
the analysis of the whole sample showed a significant negative association
between a positive sentiment strength and the number of followers, r = -0.023,
p<0.001 (See Figure 1); and a significant positive association between a
negative sentiment and the number of followers, r = 0.016, p<0.001 (See
Figure 2). Tweets explicitly referring to T2D had a significant negative
correlation with the number of followers, r =-0.042, p<0.005; but there was no
significant correlation with negative sentiment.

No significant correlation was found between positive or negative sentiment
tweets and the number of followers in the subsample of messages including

emojis; nor in the subsample of tweets specifically mentioning T1D.

DISCUSSION

Main findings

This could be one of the first studies analyzing the sentiment expressed and
emojis on social media posts focusing specifically on diabetes. Tweets
specifically mentioning T2D were the more negative, especially the ones that
did not include any emoji. Tweets on T1D including emojis had a higher

positive strength, and also a lower negative strength (when compared to



tweets without emojis). Users posting tweets with a more neutral sentiment

(less positive and less negative) had the highest number of followers.

Type 2 Diabetes on Twitter: the most negative sentiment

Tweets on T2D were significantly more negative than those on T1D. We do
not have a good explanation of why so many of the tweets on the topic of
diabetes were identified as communicating negative sentiment (i.e. emotion)
or why this was more pronounced for T2D than for T1D. However, one
explanation may be that the Twitter community could be posting more
negative sentiment messages on T2D as the disease often is perceived as
lifestyle-related. This means that some users affected with T2D could have
negative feelings such as shame or guilt and therefore express themselves
with negative sentiment. Other Twitter users could be blaming or shaming
those affected by T2D by posting negative messages.

Prior studies have also shown that many health-related tweets contain a
message that may be perceived of as negative [22, 23, 38]. In some
instances, the negative content or sentiment may be explained by a misuse or
misappropriation of the disease-term, for instance by its inclusion in a joke or
some ironic expression (‘| will get diabetes if | eat this’). Many tweets on
health-related issues are jokes [38]. Tweets that could be classified as jokes
based on their tone and nature have been included in the analyzed sample.
Most of them contained negative words and sometimes they also included
negative emojis. Therefore, many of those tweets were associated with a
negative sentiment. Although those tweets typically were inappropriate, many

of them used sarcasm, which is not detected by SentiStrength. Additionally,



the use of emojis complicated the sentiment analysis because emojis may
express a different sentiment or emotion that the text itself. This may
introduce emotional ambiguity, which is probably a desired effect in many

tweets - for instance in cases of double entendre, irony or sarcasm.

Tweets including emojis are more positive and also less negative

While emojis can express both positive and negative moods or ideas, our
results show that tweets including emojis are linked to both a more positive
sentiment strength and to a less negative sentiment strength. In that sense,
the use of emojis seems to increase the sentiment strength of the tweets. Our
results are in accordance with the findings from a previous study [39] that
analyzed the sentiment of tweets on two events, one positive and one

negative.

Positive emotions are linked to a more cooperative behavior and better
decision-making [40]. In our case, we found that tweets on T1D including
emojis were especially positive. This could mean that users posting these kind
of tweets could be individuals affected by T1D themselves, or love someone
who has T1D, and their positivity could benefit the Twitter community that
discusses diabetes. Emotions are contagious and likely to be modified, and
this also applies to emotions expressed in social media [41-43]. Our study
found that T2D in Twitter was mostly linked to a negative sentiment, but we
also found that tweets containing emojis were more positive and less
negative. Therefore, the Twitter content with a negative sentiment related to

T2D could potentially be counteracted by increasing the number of posts with

10



a positive tone, and by including emojis.

The closer to neutral sentiment, the more followers

In a previous publication, Berguerisse-Diaz et al [44] found that 9 of the top 10
authorities ranked were institutional accounts (3 stockmarket-listed
commercial ventures; 3 national or international diabetes associations; 3 non-
profit organizations funded by people who have experienced T1D) and the
remaining one belonged to an individual blogger with T1D involved with a
number of diabetes advocacy organizations. All of the top 10 authorities
posted messages frequently related to health information (public health
messages; links to articles, blogs and studies about risks, treatments and
cure; population health fears; publicity about outreach and awareness events
and activities; advice about diabetes management and diagnosis; lifestyle,
diet and cookery tips, news and links; life stories and experiences; dangers of
sugar, sugar replacements and/or soda). Messages related to those themes
were largely irregular and variable over time [44]. In a previous study that
analyzed tweets on T1D it was found that non-governmental organizations,
communication media, and people with T1D were the users with the highest
number of followers and that the tweets posted by the patients were the most
retweeted [45]. The analysis of tweet contents posted by a diabetes patients’
organization found that almost half of the messages were on diabetes
awareness (recipes, celebrations, celebrities, jokes, etc.) [46]. Despite the
variability, many of these themes may be treated using neutral tweets,

contrasting with our findings.
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Our findings have implications for public health interventions as we showed
that neutral tweets on diabetes were associated with a higher number of
followers. Public health promoters and other stakeholders on Twitter that aim
to increase their number of followers and the impact of their promotion should
consider posting messages that have a neutral sentiment, i.e. that do not

express strong emotions.

Limitations and future directions

Our study has several limitations. Although we extracted a large amount of
tweets focusing on diabetes, this is a random one-week sample and might
therefore not be representative. We might have missed relevant messages by
limiting our search strategy to the words “diabetes”, “t1d”, and “t2d”. Further,
not all tweets were indexed or made available via the standard API| search
interface. Tweets were collected in a small time window since they were
published, due to the standard API limitations, which prevented us from
performing analysis of likes or retweets. Additional research could consider
including other words related to this health condition, expand the search by
including other languages, include further social media channels, and analyze
the users’ profiles. We used SentiStrength to analyze the sentiment of tweets
on diabetes. This tool has not yet been validated for use in the health domain.
However, the tool was created using posts on "MySpace", and therefore it has
a good performance with informal texts, such the ones that can be found on

Twitter.

CONCLUSIONS

12



The use of sentiment analysis techniques helped to identify that tweets on
diabetes type 2 more often had a negative sentiment; while posts on type 1
diabetes more often were associated with a positive mood, especially if they
included emojis. Tweets on diabetes closer to neutral sentiment were
associated with a higher number of followers. These observations might be
relevant for developing better public health strategies and for promoting a
positive and constructive attitude among people that read and discuss about

the illness on social media.
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TABLES AND TABLE LEGENDS

Table 1. Average sentiment of the tweets

Sentiment analysis Positive Negative
Mean (SD) Mean (SD)
Tweets specifically mentioning T1D*
Yes (n=2512) 1.51 (0.7) -1.48 (0.8)
No (n=64909) 1.47 (0.7) -1.70 (0.9)
Tweets specifically mentioning T1D**
Including emoji (n=219) 1.71 (0.8) -1.31 (0.7)
Without emoji (n=2293) 1.49 (0.7) -1.50 (0.8)
Tweets specifically mentioning T2D*
Yes (n=4585) 1.56 (0.8) -2.20 (1.2)
No (n=62836) 1.46 (0.7) -1.70 (0.9)
Tweets specifically mentioning T2D*
Including emoji (n=126) 1.39 (0.7) -1.48 (0.7)
Without emoji (n=4459) 1.57 (0.8) -2.22 (1.2)
Tweets including emoji*
Yes (n=4720) 1.62 (0.8) -1.36 (0.8)
No (n=62701) 1.46 (0.7) -1.72 (0.9)
Whole sample 1.47 (0.7) -1.69 (0.9)

(n=67421)

* t-test, p<0.001; **p<0.005
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FIGURES AND FIGURES LEGENDS

Figure 1. Positive sentiment and number of followers
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Pearson correlation r = -0.023, p<0.001

Figure 2. Negative sentiment and number of followers
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Pearson correlation r = -0.042, p<0.005
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