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Abstract. The present study examines Twitter conversations around
cardiovascular health in order to assess the topical foci of these conver-
sations as well as the role of various state departments of health. After
scraping tweets containing relevant keywords, Latent Dirichlet Alloca-
tion (LDA) was used to identify the most important topics discussed
around the issue, while PageRank was used to determine the relative
prominence of different users. The results indicate that a small number
of state departments of health play an especially significant role in these
conversations, and that irregular events like ebola outbreaks also exert
a strong influence over the volume of tweets made in general by state
departments of health.
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1 Introduction

Cardiovascular disease (CVD) is the leading cause of death in the United States [6],
with contributing factors including poor health and risk factors such as obesity
and diabetes, among others [9]. While prevention is the optimal approach to-
wards reducing CVD, the potential applicability of social media communication
remains understudied. Health care professionals have increased their use of social
media to engage with the public, to increase health care education, patient com-
pliance, and organizational promotion [21]. To date, social media based health
communication research has prioritized studies of theory, message effects, or dis-
seminating interventions to end users [16]. However, state health departments’
social media communication can engage with patients to improve their care [22].

Concurrently, research using social media has advanced considerably in re-
cent years. API scrapers [1] enable the rapid collection of data from social media,
while data analysis approaches such as time series analysis of user behaviors [15]
and topic modeling through Latent Dirichlet Allocation (LDA) [14] allow large
textual datasets to be rapidly analyzed in order to draw insights for basic re-
search as well as in applied contexts, such as those related to public health care
and associated campaigns [3].



In this study, we analyzed social media activity of state health departments
related to cardiovascular disease. The objectives of this study were 1) to de-
termine the most active state health departments on Twitter with respect to
cardiovascular disease, and 2) to determine the most important topics that were
discussed and the most important terms used in those discussions.

See the next section for an overview of the proposed methodology and related
work. Section 3 presents the experimental results using real data and section 4
concludes the paper.

2 Overview and related work

In this study, we analyzed both the tweets posted by state departments of health
and the users that posted them.

In analyzing tweets, we first propose to determine the peaks of public ac-
tivity by aggregating the tweets posted by all users in the collected dataset for
each month under study. To understand the key drivers of those peaks, we then
perform a detailed analysis by identifying the most popular topics discussed dur-
ing those peaks. See Section 2.1 for a description of the topic modeling approach
used in this study. Finally, we determine and visualize the most important terms
used by the public based on a word cloud approach [10].

For the user analysis, we first examine the total number of messages posted
by state health departments since opening Twitter accounts. Then we analyze
their communications with respect to cardiovascular disease using an extension
of PageRank algorithm. See Section 2.2 for a description of the algorithm used
to identify the most important users in the collected dataset.

2.1 Towards understanding the most important topics discussed by
the public

Topic modeling in machine learning and natural language processing is a popu-
lar approach to uncover hidden topics in a collection of documents. Intuitively,
given that a document, such as a tweet, is about a particular topic, one would
expect certain words to appear more or less frequently than others. For example,
words such as ’cardiovascular’, ’heart’, and ’stroke’ will appear more frequently
in tweets on cardiovascular disease, ’congress’, ’vote’, and ’policy’ in documents
about politics, and ’the’, ’a’, and ’is’ may appear equally in both. Furthermore,
a document typically discusses multiple topics in different proportions, e.g., 60%
about politics and 40% about cardiovascular disease in a news article about
passing a bill on CVD.

Popular topic modeling algorithms include Latent Semantic Analysis (LSA) [23,
5], Hierarchical Dirichlet process (HDP) [4, 11], and Latent Dirichlet Allocation
(LDA) [13, 14]. In this project, we use LDA to uncover the most important top-
ics discussed by the public posted by or mentioning state departments of health.
The study of alternative topic modeling algorithms will be explored in our future
work.



In LDA, each document can be described by a distribution of topics and each
topic can be described by a distribution of words [8]. Here topics are introduced
as a hidden (i.e., latent) layer connecting documents to words. Note, that the
number of topics is a fixed number that can be chosen either as an informed es-
timate based on a previous analysis or via a simple trial-and-error approach. See
Section 3 for an application of LDA approach to determine the topics discussed
during the peaks of public activity.

2.2 Ranking state departments of health by social media influence

Fig. 1: User ranking based on reply rela-
tionships

With the rise of social media plat-
forms, such as Twitter, identification
of the most influential users garnered
a huge amount of interest [18]. Differ-
ent Twitter influence measures have
been proposed; some are based on
simple metrics provided by the Twit-
ter API [7], while others are based on
complex mathematical models [12].

In this study, we wanted to rank
state departments of health by so-
cial media influence. Specifically, we
wanted to identify the Twitter ac-
counts whose posts on cardiovascular
disease attracted the most amount of
attention.

Given the dataset of Twitter users
and their tweets, we built a graph
where the users serve as nodes. The
links between nodes are represented
by reply relationships, such that the direction of a link is a directed edge from
the author of the reply to the author of the original tweet that was replied to.

Given the directed graph, we can now apply a PageRank algorithm, which is
a way of measuring the importance of nodes in a directed graph such as website
pages [19]. PageRank works by counting the number and quality of the links
pointing to a page to determine a rough estimate of their importance.

See Figure 1 and the corresponding discussion in Section 3 for a visualization
of the proposed approach.

3 Evaluation using real data

In this section, we present a pilot study of Twitter communications involving
state health departments. We begin by describing the data collection process
used in this study in Section 3.1. Then we design two sets of experiments as
follows. The first set of experiments (Section 3.2) analyzes the Twitter activity of



all communication involving those departments while the second set (Section 3.3)
focuses on the communication related to cardiovascular disease.

3.1 Data collection

In this pilot study, we performed a set of experiments based on real-world data
collected from Twitter. For data collection, we used a two-step process. In step
1, we downloaded basic data about tweets containing the keywords that we are
interested in. Specifically, we used a JavaScript module called scrape-twitter1. It
allows for querying Twitter for matching tweets based on keywords. In step 2,
we used Twitter’s statuses/lookup2 feature that returns a complete set of data
for up to 100 tweets at a time.

For keywords, we used the Twitter handles of state departments of health for
each state, such as @ALPublicHealth for Alabama or @HealthNYGov for New
York. This allowed us to collect 319k tweets ranging from November 2, 2007 to
December 26, 2018 posted by 52.5k users including the 50 state departments of
health. This represents a full dataset of all tweets either posted by or mentioning
the state health departments.

For the dataset on cardiovascular disease, we filtered the full dataset based
on the keywords related to CVD as follows. We included the keywords directly
related to CVD, such as ’cardiovascular’ and ’CVD.’ We also added the keywords
related to CVD symptoms and risk factors, including ’heart failure’, ’heart dis-
ease’, ’heart stroke’, ’heart failure’, ’blood pressure’, ’atherosclerosis’, ’arrhyth-
mia’, ’cardiac’, and ’obesity.’

Fig. 2: Total number of tweets since opening accounts by state departments of health

1 https://www.npmjs.com/package/scrape-twitter
2 https://developer.twitter.com/en/docs/tweets/post-and-engage/api-reference/get-

statuses-lookup



We released both datasets as a contribution to the research community3.
These are the first published datasets that contain Twitter activity related to
all 50 state departments of health covering an 11 year period. The datasets are
provided as listings of tweet IDs in accordance with the Twitter policy4.

3.2 Analysis of Twitter activity involving state health departments

In this experiment, we analyzed the overall Twitter activity involving state
departments of health. Specifically, we aggregated the total number of tweets
posted by each department since they opened their Twitter accounts and plot-
ted the results in Figure 2.

As expected, we observed that the departments that opened their Twitter
accounts earlier have a larger number of tweets compared to the departments
that joined Twitter at a later date. However, there are recent accounts that man-
aged to generate an unusually high amount of activity despite joining Twitter
later, such as the Pennsylvania Department of Health account (@PAHealthDept)
which joined Twitter on April 28th, 2015.

Fig. 3: Monthly Twitter activity involving state health departments, 2009-2018

Next, we analyzed the monthly Twitter activity across all state health de-
partments and plotted the results in a time series graph in Figure 3. Although
we observed an overall increase of the total number of tweets over time, there
are several peaks with an unusually high amount of activity compared to other
months, such as October, 2014 and October, 2018.

To understand the key drivers of the peak in October, 2014, we analyzed the
topics discussed during that month. Using sklearn [17], we trained an LDA model
based on an arbitrarily chosen number of topics n topics = 10. For illustration

3 http://aibek.cs.ua.edu/files/sdh all ids.txt, http://aibek.cs.ua.edu/files/sdh cvd ids.txt
4 https://developer.twitter.com/en/developer-terms/agreement-and-policy



purposes, we visualized the computed topics and the most important words in
those topics using t-SNE, or t-distributed stochastic neighbor embedding [20].

Based on the visualization shown in Figure 4, we observed that ebola was an
important topic of discussion during October 2014, which is when ebola spread
outside of Africa5. For example, one topic contains keywords, such as ’says’,
’dallas’, ’test’, ’health’, and ’negative’ as discussed in the following tweet: JUST
IN: Texas Health Presbyterian says test results for a Dallas Co Sheriff’s deputy
came back negative for ebola.

Fig. 4: Visualization of topics discussed on Twitter involving state health departments
in October, 2014 using LDA model

3.3 Analysis of Twitter activity on cardiovascular disease

In this experiment, we analyzed Twitter communication on cardiovascular dis-
ease across all state health departments and plotted the results in a time series
graph in Figure 5. We observed that the largest peak of activity occurred in
February 2018. Using the tweets posted during that month, we generated a word
cloud to visualize the most important terms: see the results in Figure 6. As ex-
pected, the words ’heart’ and ’disease’ are the most important words. Similarly,
’blood’ and ’pressure’ are also significant according to this visualization.

Finally, we plotted a diagram of user rankings based on reply relationships in
Figure 1. The diagram was implemented using a JavaScript visualization library

5 https://en.wikipedia.org/w/index.php?title=Ebola virus disease&oldid=876053081



D3 [2]. Each node represents a Twitter user in the dataset, directed edges are
based on reply relationships, the color intensity is used to represent the number
of tweets containing the search keywords each user has. Lastly, the size of a node
is computed based on the PageRank algorithm as described in Section 2.2.

For visualization purposes, we added labels to the users with the highest rank-
ing scores. Based on these results, Arizona Department of Health (@AZDHS )
and South Carolina Department of Public Health (@scdhec) are among the most
important social media users on cardiovascular disease.

Fig. 5: Monthly Twitter activity on CVD,
2009-2018

Fig. 6: Word cloud using Twitter
activity on CVD in February, 2018

4 Conclusion and future work

This study demonstrates the increasing Twitter usage of state departments of
health and the role of cardiovascular disease and other health-related issues in
their communication with the public. It also demonstrates the wide disparity in
the Twitter presence of different state departments of health, with a minority of
institutions taking an especially central role in conversations about health.

More broadly, this paper demonstrates an approach to mine and analyze
social media data in order to draw conclusions about the behaviors and relative
importance of various human and institutional actors, as well as the topics that
drive conversation and the points in time at which those conversations shift.

Future research should address how individual users’ activities affect their
influence over time and how prominent actors, in turn, shape the social me-
dia conversation. Researchers should also study finer aspects of discourse about
cardiovascular disease and other health issues, such as the social structure of
conversations among underserved communities, as well as how health-related
organizations can influence those conversations to promote healthy behaviors.
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