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Visualizing Health Tweets over Regions and Timestamps
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Abstract—Social media has become one of the major data
sources for social studies through users’ expressions, such as
significant moments in their daily life or their feelings and
perceptions toward specific discussion topics. In health care, social
media is thoroughly used to study people’s discourse on ailments
and derive insights into the impact of ailments on patients’ quality
of life. Recently, there has been an increasing interest in applying
machine learning algorithms to enhance the prediction of ailments
through users’ social media data. In this study, nearly 800 million
posts were retrieved from Twitter through preprocessing and
running the time-aware ailment topic aspect model (T-ATAM) to
predict diseases, symptoms, and remedies for two chronic
conditions, namely sleep apnea and chronic liver diseases. The
study was conducted on English tweets emitted during 2018, most
of which were from European countries and the United States. The
data were processed using T-ATAM by regions, timestamps, and
treatment, namely continuous positive airway pressure (CPAP), to
see the differences in the distributions of top diseases along with
the top symptoms and remedies in different regions; timestamps;
as well as before, during, and after CPAP was introduced. Based
on approximately 331,000 tweets related to liver diseases and 1
million tweets on sleep apnea, various visualizations of statistics
are displayed, including world maps, word clouds, and
histograms. Results of this study indicate that depression and
drinking are the leading symptoms of liver diseases; meanwhile,
lack of nighttime sleep and overworking are considered the main
factors of sleep apnea.

Keywords—Social Media, Topic Models, Visualization, Health
Data, Data Analysis.

. INTRODUCTION

Social media plays a vital role in providing information
about people in their daily life through the large-scale analysis
of their posts, representing their activities and perceptions on
various topics. Social media has been used in many studies for
multiple purposes, including exploring trends and discussing
global events such as political perspectives [1]-[3], daily news
[4], [5], and natural disasters [6], [7]. Twitter, an interesting
example of social media with millions of tweets posted daily,
has become an essential source of data for transition detection
and prediction [8], [9] in health care [10], [11]. A large body of
work relies on tweets in investigating ailments, including
cancer [12], [13] and infectious diseases [7], [14].
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Even though each message on Twitter provides little value,
the combination of all messages can be processed to generate
valuable knowledge and derive essential insights. For instance,
users of Twitter can express their situation by posting a
message such as “I’ve just caught a cold today” or “I feel my
back hurts. What should I do?”. This information might not be
compelling as it is mainstream for everyone; however, at an
aggregate level, combining such posts can provide important
statistical information and help monitor the symptoms of
ailments in time and space. This practice has been implemented
in the United Kingdom [15], [16], and the United States [17],
[18]. Studying the symptoms of ailments in tweets can help
measure an illness’s risk factors and promote health campaigns
in different regions and at different periods. In addition,
studying treatments of ailments in tweets can help gauge the
effectiveness of a given treatment, viz., continuous positive
airway pressure (CPAP) leads to a change in discourse in tweets.

The use of social media in comprehending people’s
perspectives on their ailment conditions and detecting
discussion topics and symptoms has been studied in numerous
prior research. However, the study and visualization of tweets
based on regions and timestamps remain uncovered,
particularly in sleep apnea and chronic liver diseases. This
paper implements a developed model, the time-aware ailment
topic aspect model (T-ATAM) [8], to predict diseases,
symptoms, and remedies of sleep apnea and chronic liver
diseases by region and time.

Il. METHODS

A. Dataset

A subset of tweets emitted in 2018 was extracted using the
Twitter API. This study focuses on tweets from English
countries, the majority of which are in the United States and
European countries. The content includes the timestamp of the
tweets along with their geographical attributes. In addition,
health dataset information for liver diseases and sleep apnea,
including diseases, symptoms, and remedies, were extracted
from health care websites with a combination of manual and
automatic methods using Beautiful Soup, a Python package for
web-scraping and parsing HTML and XML documents in
Python. Table I displays the number of diseases, symptoms,
and remedies for chronic liver diseases and sleep apnea in the
keyword dataset. The data used in this study were obtained
from publicly accessible sources, namely Twitter API. The
tweets and user data from the database were anonymized to
ensure users’ privacy.

B. Data Preprocessing

The collected tweets were input into the preprocessing steps
shown in Fig. 1. The raw tweets were primarily extracted with
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Raw tweets

Clean tweets (remove URLs, retweets,
hashtags, usernames)

L

Filtered tweets according to chronic liver
diseases/sleep apnea keywords

JL

Filtered health-related and non-health-
related tweets in exceptional cases (done
using SVM classifier)

JL

Health-related tweet data (chronic liver
diseases/sleep apnea)

Fig. 1 Data preprocessing diagram.

TABLE |
NUMBER OF DISEASES, SYMPTOMS, AND REMEDIES
IN THE KEYWORD DATASET

Ailment Type Diseases Symptoms | Remedies
Chrpnlc liver 61 169 290
diseases
Sleep apnea 15 175 117

the attributes of places, timestamps, and tweet texts and fed into
another step to remove URLs, retweets, hashtags, and
usernames. After the clean tweets were obtained, they were
filtered by the chronic liver diseases and sleep apnea keywords,
including diseases, symptoms, and treatments, to ensure that
the tweets were specifically related to these two diseases. In
addition, a list of stop words was also used to filter unnecessary
words (viz., subjects, prepositions, articles, or general words)
from the tweet data. The filtered tweet file was then joined with
the clean health and non-health-related file and converted into
a LIBSVM format. With the Octave support, classifying tweets
based on health and non-health-related tweets was conducted
using MATLAB. The final output of the preprocessing was the
predicted label file, which was used with the tweet file to
generate the final health file for the input to the T-ATAM model
for both liver diseases and sleep apnea.

C. Data Processing on T-ATAM

1) Review of Time-Aware Ailment Topic Aspect Model (T-
ATAM): In this study, the previously proposed time-aware
model, T-ATAM [8], was implemented to predict health-
related tweets, using time as a variable drawn from a
multinominal distribution from the corpus. To begin, the data
of mapping tweets to documents with different timestamps and
geographical attributes were presented. According to the
dataset, a set of posts P = {p1, pa,..., pn} is considered, where a
post is the unit update of user activity on social media, such as
Twitter. In a post, there are several attributes, including place

identity, timestamp, and post content. Moreover, G = {g1, g2,---,

gn} is considered as the geographical attributes for each post.
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Fig. 2 Time-aware ailment topic aspect model (T-ATAM).

F, is regarded as the group of posts originating from region g €
G. Additionally, variable T = {t,, t;, ..., t,} represents the
temporal attributes to divide the posts to run T-ATAM and
obtain the result by month. 7 refers to the set of posts in P
originating from the region g during period t. Finally, D =
{D;* . D2, ..., Dy} is used to define all sets of the documents
representing the aggregated tweets from region g for different
timestamps t;. The description of the terms is described below.

P . Posts

G Regions

T : Timestamp

P . Postsinregion g during timestamp ¢

Dé : Documents mapping the posts p € Pgt to
document.

T-ATAM is a time-aware model where the timestamp t of
each post is treated as a random variable [4]. Before the tweet
document was generated, those filtered health-related words
associated to a unique disease, including liver cancer, central
sleep apnea, or cirrhosis were generated word by word in the
document. The word can also be the symptoms or remedies of
the disease; back pain and surgery, for example, belong to the
symptoms and remedies for liver cancer. During the process,
two random variables £ and x were chosen to identify whether
the word was a general-purpose word or background word.
Then, the word could be drawn from the vocabulary
distribution common to the whole corpus or generated from the
distribution topic z. When the word was health-related (case £
= 1; x = 1), another random variable ¢ allowed to choose
whether this word was aspect-neutral (case ¢ = 0), a symptom
(case ¢ = 1), or a treatment (case ¢ = 2). Finally, words were
inferred from the diseases associated with the document.
However, it is noticeable that in T-ATAM, a timestamp is
generated for each document depending on the ailment
associated with the considered tweet obtained from the
database. As timestamp is an observed random variable,
generating one time-distribution per ailment {y, a € A} to
generate a timestamp for a given tweet is necessary.
Subsequently, the timestamp according to a multinomial
distribution with parameter ¥, which was obtained from the
Dirichlet distribution defined by the vector u specifically for
each ailment, was generated depending on the ailment a
connected to the document. The process of the model is
illustrated in Fig. 2.
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Fig. 4 Data processing on T-ATAM by timestamps.

2) Data Processing on T-ATAM by Regions: This part
discusses the prediction of diseases, symptoms, and remedies
in each region of the tweet dataset. First, the tweet posts p were
grouped and divided by their region g before providing each
data into T-ATAM to generate the distribution vectors of the
diseases in each region. In this case, the top ailment in each
region with the highest distribution was selected along with
other information, including symptoms and remedies. The
process is shown in Fig. 3.

3) Data Processing on T-ATAM by Timestamps: In this case,
the changes in diseases, symptoms, and remedies in different
periods are observed. The periods from January to December
2018 were set. The tweet posts p were grouped and separated
according to their timestamp t. T-ATAM was run to generate
diseases, symptoms, and remedies for each month. The
summary of the process is displayed in Fig. 4.

4) Data Processing on T-ATAM by Treatments: One
essential aspect of analyzing health-related tweets is the ability
to answer questions related to what happened before and after
a given treatment. For instance, the patients’ condition after
they receive the CPAP treatment. CPAP is a mode of
respiratory ventilation used to treat sleep apnea. In this study,
the result of the changes in the diseases, symptoms, and
remedies was observed from before and after CPAP was
introduced. To address those questions, the dataset was split
into three main categories for each region: PRE (before CPAP
is mentioned in the tweets), DURING (three months after
CPAP is first mentioned), LONG-TERM (later than the three
months from when CPAP is first mentioned). Then, T-ATAM
was applied to obtain sets, as shown in Fig. 5.

D. Data Visualization

After running T-ATAM, the output data were used for
visualization in different ways. Fig. 6 illustrates the
visualization process of health-related tweets. The output data
from the model were used for visualization. After the data had
been filtered, the output files were produced with different
regions and timestamps. The D3.js was used for various

Bonpagna Kann: Visualizing Health Tweets over ...

= Illustrate the histogram for
Display the word o e
coa the frequency of mentions of |
cloud of diseases,
p the symptoms and remedies
of each discases (liver
diseases or sleep apnea) in
each region/timestamp

Display the information of top
diseases, p and
remedies in each region

remedies by
timestamps

Fig. 6 Visualization process of health-related tweets.

purposes, such as displaying the ailment information in each
region on the map, word clouds, and histograms. In order to
have proper input data to implement the visualization, a form
was created in the front end to ensure that the visualization
worked on demand and more interactively. The constraints
were divided into spatial, temporal, before/after treatment, and
type of diseases requested. The different types of displays are
described as follows.

1) Data Visualization on a Map: The output data from T-
ATAM by region, including the top ailment with its distribution,
symptoms, and remedies, are shown on a map.

2) Word Cloud: The output data by region, timestamp, and
before/after treatment can be selected to generate a word cloud.

3) Histogram: The output data based on spatial and
temporal granularities can be used to generate the histogram
upon user selection, including diseases, symptoms, and
remedies.

IIl. RESULTS

After preprocessing the tweet data, the health-related tweets
were obtained with respect to chronic liver diseases and sleep
apnea. According to the number of tweets in each step shown
in Table II, nearly 800 million tweets were retrieved, with
approximately 331,000, and 1 million health-related tweets
were collected for liver diseases and sleep apnea, respectively.
Additionally, after running T-ATAM and generating the output
data, thirteen diseases were generated for liver diseases and
eight for sleep apnea, as shown in Table Il1.

In the sleep apnea section, the study is focused on the use of
key terms. It was found that users had different ways of
expressing the word “snoring” and “CPAP” in their tweet posts;
the number of mentions of these words was not significantly
high since users might mention more simple words in daily life.
According to the dataset, the word “snoring” appeared in 1084
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TABLE Il
NUMBER OF TWEETS IN EACH STEP OF PREPROCESSING

Preprocessing Number of Tweets
Steps Liver Diseases Sleep Apnea

Retrieved tweet data 797,703,079 797,703,079
Clean tweet data 374,709,349 374,709,349
Filtered tweet data

by keyword datasets 3,474,225 7,545,953
Health-related tweet

data (support-vector 331,479 1,063,445
machine classifier)

TABLE Il

THE DISEASES OF CHRONIC LIVER DISEASES AND SLEEP APNEA

. Cirrhosis

. Hepatocellular carcinoma
10. Metastatic liver cancer
11. Portal hypertension

12. Acute alcoholic hepatitis
13. Nonalcoholic fatty liver

6. Non-Cheyne-Stokes
breathing central
sleep apnea (CSA)

7.CSA

8. Emphysema

Sleep Apnea Chronic Liver Diseases
1. Chronic bronchitis 1. Alcoholic Liver Disease (ALD)
2. COPD 2. Hepatitis B
3. Mixed sleep apnea 3. Gallstones
4. Obstructive sleep 4. Liver cancer
apnea 5. Hemochromatosis
5. Positional sleep 6. Primary biliary cholangitis
apnea 7. Hepatic encephalopathy
8
9

tweets in 395 regions while “CPAP” in 55 tweets in 41 regions.
The study on the impact of CPAP on the users’ tweets was also
conducted in order to observe the changes in the diseases,
symptoms, and remedies of sleep apnea in each region. The
different terms which have a similar meaning to “snoring”
include “snore”, “snores”, “snored”, “snoring”, “wheeze”,
“wheezing”, and “wheeze”. At the same time, words that are
similar to “CPAP” and its related therapy include “mask”,
“masks”, “positive airway pressure (PAP)”, “Philips”,
“compliance”, “humidifier”, and “therapy”.

A. Data Display on the Map

1) Data Display by Months: The output data were
monitored for the changes in the diseases of sleep apnea by
months. Fig. 7 depicts the changes in sleep apnea diseases in
California in January and July. According to the figure, it can
be clearly seen that chronic bronchitis was the most popular
conversation topic on Twitter in January. Meanwhile, the
discussion turned to mixed sleep apnea six months later.

2) Data Display by Seasons: To enhance the observation of
the changes in diseases by timestamp, the study of the data
based on different seasons, including spring, summer, autumn,
and winter, was also conducted. The input data had been
separated similarly by months, but the data were grouped by
seasons, using the months during the season before inputting
into T-ATAM to generate the output.

Additionally, in Fig. 8, for sleep apnea in Nevada, chronic
obstructive pulmonary disease (COPD) was mainly tweeted by
users in winter. In contrast, central sleep apnea was more
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Fig. 7 Data visualization on a map for sleep apnea by months, in (a) January
and (b) July.

commonly mentioned during the summer with more symptoms
of heart attack and breathing problems. Furthermore, for liver
diseases, it was also found that more users tweeted about
Hepatitis B during winter in California. In comparison, more
users talked about alcoholic liver disease (ALD) during the
summer of 2018. Due to the reason that most people were
talking about drinking alcohol in winter, the result in the
summer can be the consequences of the symptoms mentioned
in the previous season.

B. Data Display by Word Clouds and Histograms

1) Data Display by Months: Running T-ATAM by months
is very important as it can provide significant information
regarding the changes of diseases of both chronic liver diseases
and sleep apnea in different months. For example, in Fig. 9,
sleep apnea, obstructive sleep apnea, mixed sleep apnea, and
emphysema were the most frequently discussed diseases on
Twitter in January. Meanwhile, positional sleep apnea and
central sleep apnea showed a significant increase six months
later. On top of that, tiredness, lack of night sleep, and heart
attack remained the top symptoms of sleep apnea in January
and July, with snoring was more common in January. Surgery,
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Fig. 8 Data visualization on a map for sleep apnea by seasons, in (a) summer
and (b) winter.

sleeping at home, the right diet, and quitting smoking stay the
top remedies suggested in social media, while CPAP was
mentioned more often in January than in July.

2) Data Display by Seasons: Apart from visualizing the
results via word cloud, the results are also displayed via
histogram to provide more specific quantitative output data.
Based on Fig. 10, ALD, hepatitis B, and nonalcoholic fatty liver
were the most common diseases involved in the conversation
on social media, with more than 9% in spring; meanwhile,
nonalcoholic fatty liver replaced ALD in winter.

According to Fig. 11, drinking was the most mentioned
symptom on Twitter related to chronic liver diseases, followed
by fever and depression. These top three symptoms of chronic
liver diseases had the combination of almost 40% of the total
percentage of the symptoms. Then, sleep apnea, obstructive
sleep apnea, mixed sleep apnea, and positional sleep apnea
were the most popular discussion in social media during the
spring. Meanwhile, there was a significant increase in the
number of mentions of chronic bronchitis in winter.

Besides heart attack, lack of night sleep, and tiredness, which
were the most common symptoms in both seasons, it is also
noticeable that more people stated about snoring or breathing
problems with problems in their throat in winter. Meanwhile,
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Fig. 10 Histogram of diseases for chronic liver diseases in spring.

as can be inferred from Fig. 12, more tweets mentioned
depression and falling in summer.

3) Data Display Before/After CPAP: There are several
changes in diseases with their symptoms and remedies in each
period. In Fig. 13, Fig. 14, and Fig. 15, there is a change in the
disease in Tacoma, from chronic bronchitis in PRE and
DURING with the symptoms of sleepiness, drugs, as well as
nose and throat problems to emphysema in LONG-TERM with
the symptoms including fatigue, heart attack, and morning
sleepiness. At the same time, no symptom related to breathing
problems such as throat or nose problems. Hence, it is
interesting to see the changes in the distributions of diseases in
each region after CPAP was mentioned in the tweet to see the
effectiveness of the treatment and the development of the
diseases after one treatment was introduced.

IV. DISCUSSION AND LIMITATIONS

Social media can be used for symptom diagnosis as users
describe their conditions in their own words without much
hesitation. However, it is also essential to take into
consideration that the information on social media is from five
different perspectives and limited backgrounds. Hence, it
cannot be ensured that the information shared on social media
is truthful as it is unverified, short, and unstructured.
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Fig. 11 Histogram of symptoms for chronic liver diseases in winter.
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Fig. 12 Histogram of symptoms for sleep apnea in winter.
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Fig. 13 Data displays before CPAP.

Although geographic coverage is limited due to low internet
penetration in some regions, social media also allows users to
share and collect information conveniently. According to the
collection of tweets, it can be clearly seen that more people
have shared information on sleep apnea than on liver diseases.
The previous study has mentioned that people who are in the
primary steps of liver disease do not feel any difficulties; hence,

they might not notice any symptoms or signs of the disease [19].

In addition, sleep apnea is a more common disease and directly
affects the daily life of people. For example, when people feel
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Fig. 15 Data displays after CPAP.

sleepy or exhausted, they may post on social media to merely
share their conditions or seek someone to discuss their
problems with. Moreover, although drinking is a well-known
cause of liver diseases, depression is a more discussed issue, as
shown in Fig 12. It can be inferred that depression can be the
hidden root of other problems, including drinking alcohol, fever,
and weight loss, which contribute to liver diseases. Furthermore,
the study showed that the lack of night sleep was actively
discussed on social media as one of the main symptoms of sleep
apnea leading to other complications, including heart attack and
morning sleepiness. According to a previous study with student
subjects, college students had the shortest sleep duration and
even irregular sleep patterns compared to other adults [20].

V. CONCLUSION

By using the T-ATAM to predict diseases, symptoms, and
remedies from tweet posts, helpful information on liver
diseases and sleep apnea can be obtained by region and
timestamp so that changes can be observed in particular areas
as well as a period. In addition, it is also implemented to
examine the effect of some treatments and the development of
diseases, where data can be filtered and analyzed according to
the period before/after the use of that treatment. As a result, this
information can be used to understand better the perceptions
and experiences of people with diseases and treatments. Even
though there are limitations, the outcome of this study can be
an advantageous starting point for further studies to better
understand and develop technology in the health care sector.
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