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Social media platforms are widely used by people to report, access, and share information during outbreaks and
epidemics. Although government agencies and healthcare institutions in developed regions are increasingly
relying on social media to develop epidemic forecasts and outbreak response, there is a limited understanding
of how people in developing regions interact on social media during outbreaks and what useful insights
this dataset could offer during public health crises. In this work, we examined 28, 688 tweets to identify
public health issues during dengue epidemic in Bangladesh and found several insights, such as irregularities
in dengue diagnosis and treatment, shortage of blood supply for Rh negative blood groups, and high local
transmission of dengue during Eid-ul-Adha, that impact disease preparedness and outbreak response. We
discuss the opportunities and challenges in analyzing tweets and outline how government agencies and
healthcare institutions can use social media health data to inform policy making during public health crises.
CCS Concepts: • Human-centered computing → Social networking sites.
Additional Key Words and Phrases: public health crisis; dengue; epidemic; outbreak; Twitter; blood donation;
health policy; HCI4D; Bangladesh
ACM Reference Format:
Farhana Shahid, Shahinul Hoque Ony, Takrim Rahman Albi, Sriram Chellappan, Aditya Vashistha, and A. B.
M. Alim Al Islam. 2020. Learning from Tweets: Opportunities and Challenges to Inform Policy Making During
Dengue Epidemic . In Proceedings of the ACM on Human-Computer Interaction, Vol. 4, CSCW1, Article 65
(May 2020), 27 pages. https://doi.org/10.1145/3392875

1

INTRODUCTION

Governments and healthcare organizations worldwide are increasingly using social media to gain
insights about various infectious diseases, such as influenza [8, 49, 59], Zika virus disease [71, 97],
dengue [61], and Ebola [38, 41]. Most previous and current efforts have utilized social media data
for early prediction of disease outbreaks [7, 14, 17]. However, the early epidemic forecast models
are rarely evaluated during or after the event due to lack of proper guidance, communication, and
consultation among different stakeholders involved in outbreak management [30, 39].
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Instead of developing epidemic forecast models, we aim to explore how social media can provide
useful insights for disease surveillance, outbreak response management, and public health policy
as outbreaks unfold. Although HCI community has well-studied the use of social media during
humanitarian crises [64, 117], natural calamities [76, 100, 101], and man-made disasters [21, 48],
there is a dearth of research on how people interact on social media during the critical moments
of disease outbreaks and epidemics [44]. This shortage is more acute in low- and middle-income
countries with emergent social media practices and crippled public health systems.
To address the existing gaps in literature and examine how social media can inform policy
making during public health crises, we take the case of recurrent dengue outbreaks in Bangladesh.
In particular, we focus our attention on the 2019 dengue epidemic in Bangladesh which resulted
in over 101,000 infections and 179 deaths, making it the worst dengue epidemic in the last 20
years [115]. The small-scale government surveys failed to capture the urgency of the situation as
they reported only sporadic cases of dengue within the capital [84, 98]. Moreover, poor quality
of government health data and lack of data accessibility made it difficult to elicit meaningful and
actionable insights to control transmission and manage the epidemic [30, 114]. This brings us to
question how government agencies and healthcare institutions can use social media platforms, such
as Twitter, to discover insights that inform policy making during dengue outbreaks? Specifically,
we sought to answer the following research questions:
RQ1: What can dengue related tweets reliably tell us about the public health issues in Bangladesh?
RQ2: How Twitter data can guide public health policy for dengue epidemic in Bangladesh?
To answer our research questions, we extracted 28, 688 dengue related tweets in Bangladesh and
developed biterm topic models (BTM) to discover the topics that captured public attention. We
also compared the insights obtained from tweets with the data present in government reports and
examined how these two datasets complement each other. In response to RQ1, we found several
interesting insights about public health issues in Bangladesh. For example, many people shared
mismanagement in dengue outbreak response, such as lack of testing facilities and high costs of
treatment for dengue, on Twitter. The insights obtained by analyzing tweets indicated shortcomings
in government-reported dengue statistics. We also discovered interesting patterns, for example,
more deaths of women, new outbreaks around Eid-ul-Adha, and higher demand for Rh negative
blood groups for platelet transfusion of dengue patients, during the epidemic. In response to RQ2,
we provide a set of recommendations on how government agencies and healthcare institutions
can leverage social media health data to improve disease surveillance, monitor policy violations,
capture early-stage infections, take proactive measures for expected outbreaks, and streamline
outbreak response. In this work, we make three contributions. First, we demonstrate the usefulness
of Twitter in discovering public health issues and uncovering useful insights during an epidemic.
Second, we show how various social, cultural, geographical, and epidemiological factors impact
response to dengue outbreak in Bangladesh. Third, we provide actionable recommendations on how
government agencies and healthcare institutions can use Twitter to inform health policy during an
epidemic.
In the paper that follows, we first discuss related work at the intersection of social media,
disease surveillance, and public policy. We then describe our datasets, quantitative methods, and
findings. Our discussion offers pragmatic challenges in analyzing tweets and recommends how
government agencies and healthcare institutions can tap on Twitter to improve outbreak detection
and mitigation strategies.
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RELATED WORK

We now situate our research in a body of related work examining how social media platforms
and human-centered approaches are used for improving disease surveillance and informing public
policy during a public health crisis.
2.1 Social Media based Disease Surveillance
Early prediction of outbreaks, based on web and social media data, is well-studied for various
diseases [8, 25, 72, 106]. For example, Chunara et al. [27] used data from news media to study
the epidemiological pattern of the 2010 Haitian Cholera outbreak. Yuan et al. [123] developed an
Influenza epidemic monitoring system based on the search queries from Baidu. Even in case of
dengue, several models have been developed to monitor and forecast the epidemic based on Google
search queries [22] as well as Wikipedia access logs and category links [90].
Apart from web, many researchers have utilized social media data as sensors to provide early
warnings of disease outbreaks [7, 58]. For example, researchers have used geo-tagged tweets to
model the spread of infectious diseases [56, 60, 80, 92, 102]. However, the acute shortage of geotagged tweets [56, 107] as well as associated security and privacy risks make this approach less
appealing [95]. In lieu of geo-tagged tweets, researchers have also relied on user-provided locations
during registration as a proxy for geo-tags [67]. However, user-provided locations often have high
variance due to human movements and are too high-level to be of use [99]. In addition to challenges
in building these models, researchers have also struggled in evaluating these models due to a lack
of proper guidelines and collaboration among different stakeholders [30, 39]. While more research
is required to build better epidemic forecast models and evaluation techniques, in this work, our
goal is to elicit new insights from dengue related public tweets posted during an epidemic.
For example, prior work have examined how human movements due to socio-cultural norms
amplify transmission of infectious diseases [18, 40, 66, 104, 118], often by relying on cell phone
records [20, 65], geo-tagged tweets [60], or search queries [122]. Our work contributes to this line
of research by conducting spatio-temporal analysis of dengue cases reported in tweets to examine
how large-scale human movements during Eid impact dengue outbreak.
2.2

Human-Centered Approaches to Examine Public Health Crisis

Epidemiological methods for monitoring disease outbreaks often fail to capture social nuances,
affective relationships, and other human-centered factors and concerns [11]. Recently, several
researchers have used a human-centered lens to design interventions for predicting and analyzing
disease transmission. For example, Ghosh et al. [41] developed an automated tweet categorization
system to fulfill the information needs of different stakeholders during an epidemic.
Many researchers have also explored how social media platforms are used by people during
public health crises. For example, Kannan et al. examined how Malaysians use social media to
obtain dengue related information [54]. Gui et al. investigated how individuals turned to social
media during Zika outbreak for information gathering, social learning, and travel-related decision
making [44]. Some researchers have also designed new social media applications to enable people
to access, report, and share information. For example, Lwin et al. designed “Mo-buzz”, a social media
application which predicts dengue outbreaks and allow users to post pictures of breeding sites of
mosquitoes [62]. In addition, some researchers have used Twitter to analyze public sentiments,
frustrations, and opinions related to disease treatment and outbreak mitigation plans [43, 74, 96].
Our work extends this body of research by examining how people in Bangladesh use Twitter to
share information and highlight shortcomings in dengue outbreak response.
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Prior work have also examined how people use social media platforms to organize resources
and cope with public health crisis. For example, social media users are increasingly using these
platforms to post and share messages requesting blood donations [1, 6]. In response to this emergent
behavior, Mathur et al. developed a model to classify the tweets requesting urgent blood donation
to improve discoverability and reach of these time-sensitive requests [69]. Since the demand for
platelet and fresh frozen plasma rises exceptionally high during dengue outbreaks [108], we explore
how demand varies across different blood groups by analyzing personal blood donation requests
on Twitter during dengue epidemic in Bangladesh.
Recently, several researchers have studied the propagation of rumors and misinformation on
social media platforms during outbreaks of infectious diseases, such as Ebola virus disease [38,
79, 86], Zika virus disease [42, 97], and H1N1 influenza [26]. For example, Luque and Bau studied
how anti-vaccine activists manipulated information on social media questioning the efficacy and
safety of a vaccine [35]. Such rumors can influence public confidence in vaccines [55] and severely
undermine public health policies [35]. Because of concerns around propagation of misinformation
and rumors during outbreaks, public health specialists have mixed feelings about the potential
of social media platforms in informing public health policy [52]. Although we do not directly
contribute to the discourse on social media misinformation during disease outbreaks, our work
reports the reluctance of government agencies and healthcare institutions to engage with social
media.
2.3

Social Media and Health Policy

Despite the presence of rumors and misinformation, many studies have highlighted the potential
of social media in supporting and improving public health infrastructure [25, 93, 109]. For example,
Yeung argued that social media find diverse pathways to understand public health attitudes and
identify key cultural components to promote health and well-being [121]. Charalambous discussed
how social media can influence cancer policy by disseminating information, shaping public opinion,
encouraging participation, and establishing connection among different stakeholders [24]. Broniatowski et al. studied how Twitter-based influenza surveillance can provide actionable information to
policymakers working at the municipal, national, and health agencies [19]. Yaya et al. utilized social
media to empower women with health related knowledge to prove the utility of these platforms in
making health policy related to malaria elimination program [120]. Our work extends this literature
by showing how policy makers can use tweets to improve disease surveillance, monitor policy
violations, discover new outbreaks, and streamline outbreak response.
Prior studies have underscored the importance of understanding how different factors and
their relationships impact sustainability and efficacy of policies to manage dengue outbreaks. For
example, Fonseca and Zicker conducted a longitudinal evaluation of dengue research networks and
found structured and organized collaborative efforts between central institutions to be prominent
in the success of dengue response efforts [29]. Spiegel et al. advocated integrating ecological and
societal complexities as well as perspectives of various stakeholders to improve the prevention
and control efforts [103]. Our work contributes to this literature by examining social, cultural,
geographical, and epidemiological dimensions of dengue epidemic in Bangladesh and their effect
on outbreak response efforts. Our work provides actionable recommendations on how government
agencies and healthcare institutions can use health information and reports on social media to
strengthen health infrastructure in Bangladesh.
3

METHODOLOGY

We now present our methods to analyze dengue outbreaks in Bangladesh. We first curated multiple
datasets to analyze public responses on Twitter and reports published by the government. We used
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Table 1. Different keywords and locations used to
retrieve dengue related tweets in the context of
Bangladesh.

Keywords
dengue
#fever
aedes
#blood
aegypti
#hospitalized
#bangladesh
#dead
#denguefever
#infected
#mosquito
#prevention
#epidemic
#infection
#outbreak
#treatment
#dengueoutbreak #hospital

Location
Dhaka
Chittagong
Khulna
Barisal
Sylhet
Rajshahi
Rangpur
Mymensingh
...
Fig. 1. Local distribution of 268 geo-tagged tweets
related to dengue in Bangladesh.

topic modeling to identify the breadth of topics present in the dengue related public tweets. We
then conducted different statistical analyses on the data available from tweets and government
reports to examine how much they complement each other.
3.1

Datasets: Data Collection and Pre-processing

3.1.1 Twitter. We used TweetScraper [91] to curate dengue related public tweets published from
July 2010 to September 2019. We chose three initial keywords (dengue, aedes, and aegypti) as
used in the previous work [7, 43, 67, 80] and performed one-step snowball sampling following the
method described in [73, 78] to find more hashtags. We included all the hashtags that were relevant
to dengue (as rated by three medical students) and had frequency > average frequency of all the
hashtags. We then paired each keyword with dengue (e.g., ⟨dengue, #outbreak⟩, . . . ) to retrieve
dengue related tweets. We also used the names of 8 divisions and 64 districts with these keywords
to filter the tweets relevant to the incidences of dengue in Bangladesh. Table 1 shows the list of
keywords and locations we used in our search queries.
We collected 28,688 tweets (excluding retweets) related to dengue outbreak in Bangladesh.
Nearly 80% of these tweets were generated in 2019, the year Bangladesh faced its worst and most
dangerous dengue epidemic [36]. Our dataset is much smaller than similar datasets curated in
Brazil [43, 67, 73], Philippines [28], and Indonesia [92]. This is because Bangladesh has much lower
Internet penetration and is a lower tweet-density area [53, 107].
We found 354 tweets (1.23% of tweets in our sample) with geo-tags, comparable to the proportion
found in other studies [56, 107]. Nearly 75% of these tweets were generated in Bangladesh and 53%
were generated in the capital city Dhaka. Figure 1 plots geographic distribution of these tweets,
indicating availability of tweets from all eight divisions of Bangladesh. Due to low availability of
geo-tagged tweets, we used LNEx [3, 4] to extract location names from the text of our tweets. We
found 6, 204 (21.6%) tweets that mentioned a location in Bangladesh. Using the list of hospitals in
Bangladesh [32, 116], we also extracted tweets that mentioned healthcare institutions. We found 31
hospitals (25 public, 6 private) listed in our tweets, which we used for analysis in Section 4.2.
Next, we used R toolkit UDPipe to identify the reported cases of dengue from the tweets. We
found 1, 778 (6.2%) tweets that report the number of people infected, hospitalized, or dead due
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to dengue. We observed that multiple tweets mentioned the same cases of dengue. For example,
consider the following two tweets with different sentence structures: (1) “Bangladesh #dengue
cases reach nearly 25, 000 as nationwide outbreak continues unabated" and (2) “Dengue outbreak in
Bangladesh continues unabated. Number of people infected with dengue almost 25000." Both tweets
were posted on the same day by different users. To prevent double counting, we measured similarity
among all pairs of tweets by using Jaccard similarity [45], and counted only once that reported the
same incidence. We considered two tweets to report the same incidence if their Jaccard similarity
is greater than 0.5, they report same number of dengue cases, and they are posted within a 24-hour
interval. Finally, we obtained 1,440 tweets that were used with the location names extracted by
LNEx for spatio-temporal analysis presented in Section 4.2 and 4.4. Moreover, we used Twitter
API to extract profile descriptions of 7, 480 unique Twitter users in our dataset to assess their roles
during dengue epidemic as reported in Section 4.5.
Since many dengue patients undergo blood transfusion, we used regular expressions [1] to
find tweets that mentioned blood groups and the amount of blood required for dengue patients.
We found 1, 105 (3.9%) tweets that requested for voluntary blood donation for dengue patients in
Bangladesh. We also examined which blood groups were in high demand during dengue epidemic
compared to the non-epidemic period. Using TweetScraper and blood groups as keywords1 , we
found 95, 170 public tweets looking for volunteer blood donors during non-epidemic period (from
2008–2019). Of these, 642 (0.6%) tweets originated from Bangladesh or listed hospitals in Bangladesh.
We used these two sets of tweets (i.e., 1, 105 tweets during dengue epidemic and 642 tweets during
non-epidemic period) for our analysis on blood donation requests presented in Section 4.6.
There is an active debate on ethics of analyzing publicly available Twitter data [111]. For example,
Zimmerman argued that publicly posted tweets may not imply consent to analyze these tweets [124].
Maddock et al. outlined ethical challenges in analyzing deleted tweets, since deletion indicates
participant’s desire for those tweets to be forgotten [63]. Other researchers have suggested best
practices when working with such publicly available data. For example, Bruckman advocated
making slight modifications in verbatim content to make it difficult to tie it back to content
author [51]. In our IRB-approved study, we followed such best practices to protect the identity
of Twitter users in our sample. For example, we made slight modifications to example tweets
presented in our paper. We also replaced all personal identifiable information, such as phone
numbers, addresses, and names, with pseudonyms before analyzing the datasets. Although we
wanted to discard deleted tweets in our dataset, we struggled to identify such tweets because of
technical complexity and lack of required resources [63].
3.1.2 Government Reported Dengue Statistics. We used government reported dengue statistics to
compare the insights obtained from analyzing Twitter data. While Directorate General of Health
Services (DGHS) in Bangladesh publishes daily dengue statistics [31], we could collect reports only
from August 2019–September 2019 . This is because DGHS website often discards old reports while
publishing the latest ones. From these reports, we collected the number of people hospitalized and
dead due to dengue both at district and hospital levels. These health bulletins report dengue cases
for 8 public and 18 private hospitals in Bangladesh.
We also collected monthly dengue status reports from Institute of Epidemiology, Disease Control
and Research (IEDCR) in Bangladesh that report total monthly cases of dengue for the whole
country from 2008–2019 [83]. However, for our research, we considered the most recent time frame
from 2015–2019, as this period has been least studied in contemporary research work [33, 50, 75, 77].
Besides, 98% of our dengue related tweets are from 2015–2019.
1 ABO

blood group: A, B, AB, O. Rh antigen: +, -, +v, -v, +ve, -ve, pos, neg, positive, negative (each antigen keyword was
used as-is, within () and [], e.g., +, (+), [+].)
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Table 2. Overview of our collected datasets.

Dengue related tweets
in Bangladesh (28,688)
2010–2019
Blood donation tweets from
non-epidemic period (95,170)
2008–2019
Daily dengue statistics
from DGHS, Bangladesh
Aug–Sep, 2019
Monthly dengue reports
from IEDCR, Bangladesh
2008–2019

n (%)
Geo-tagged tweets: 354 (1.23%)
Location names: 6,204 (21.6%)
Dengue cases: 1,440 (5.02%)
Blood donation: 1,105 (3.9%)
Blood donation requests in
Bangladesh: 642 (0.6%)
Dengue cases at district and
hospital levels
Monthly total dengue cases
for the whole country

1.0
0.8

Similarity

Data

Inter−topic
Intra−topic

0.6
0.4
0.2
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Fig. 2. Intra-topic and inter-topic similarity for
different number of topics obtained using BTM.

We also collected data from two DGHS surveys conducted to measure the density of Aedes
vector population in different areas of Dhaka city [81, 82]. In the first phase, DGHS inspected 100
sites of 98 wards in 2 city corporations of the capital [81]. In the second phase, they surveyed 14
different public places in Dhaka from July 31–August 4, 2019 [82]. We combined data from these
two surveys and compared it with our Twitter dataset for the analysis presented in Section 4.4.
Table 2 summarizes details of the datasets used in our analyses.
3.2

Analyses

We first examined which aspects of the dengue epidemic and its consequences were at the forefront
of public attention. We then conducted additional analyses on these emergent themes to identify
how dengue related tweets provide additional insights to inform public health policy.
3.2.1 Topic Modeling. To discover dominant themes from dengue related tweets, we used biterm
topic model (BTM) [119]. We chose BTM instead of conventional topic models (e.g., LDA [16] and
PLSA [47]) since it works well on the sparse short texts of tweets [119]. We did not use Ailment
Topic Aspect Model as it is more suitable to uncover aspects across multiple diseases [87, 89].
We first tokenized the tweets and annotated each token with its corresponding universal parts
of speech using UDPipe. After removing all the stop words, punctuation, and other symbols, we
built BTM to extract different topics from dengue related tweets. We developed multiple biterm
topic models for different values of the number of topics (𝑘). For each model, we set symmetric
dirichlet prior probability of a topic, 𝛼 = 50/𝑘 and symmetric dirichlet prior probability of a word
given the topic, 𝛽 = 0.01. We chose these values of 𝛼 and 𝛽 as they have been used previously to
build aggregated topic models to increase social media topic coherence [15] and to mine health
topics from Twitter [88]. We performed 4, 000 iterations of Gibbs sampling to build each model.
We chose the number of topics (𝑘) for our model based on intra-topic and inter-topic similarity,
since these measures have been used previously to assess topic quality in tweets while developing
dengue outbreak detection models [73]. For each model, high intra-topic similarity indicates good
topic coherence and greater inter-topic similarity indicates poor separation. Therefore, for optimal
number of topics we need both high intra-topic similarity (good coherence) and low inter-topic
similarity (good separation). Figure 2 shows that intra-topic similarity is highest (0.336) and intertopic similarity is low (0.26) at 𝑘 = 6. Therefore, we used six topics to explain emergent themes on
dengue related tweets in Bangladesh.
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3.2.2 Statistical Analyses. To answer RQ1, we performed different statistical analyses on the
emergent themes and examined how insights from tweets complement the data obtained from government reports. We used parametric tests for data that follow normal distribution and performed
non-parametric tests otherwise. To control false discovery rate for multiple hypothesis testing,
we applied Benjamini-Hochberg error correction [70] on all the results. Finally, to answer RQ2,
we examined how these insights can inform policy making approaches for dengue epidemic in
Bangladesh by efficient real-time reporting of dengue prevention and mitigation efforts.
4

FINDINGS

Our analysis of dengue related public tweets in Bangladesh identified six major topics. Table 3
shows these topics, top 20 keywords, example tweets, and frequency of tweets measured using
the method described in [51]. We now examine each topic closely and analyze social, cultural,
geographical, and epidemiological aspects of dengue epidemic in Bangladesh to answer our RQ1.
4.1

Incidences of Dengue

Nearly 16% tweets in our sample discussed incidences of dengue. People tweeted about being
infected with dengue and posted the sufferings of family and friends due to dengue fever. We also
found many educational tweets where people posted infographics about causes, symptoms, and
treatment of dengue. People also shared resources, for example, android applications for dengue
information, with each other. Many tweets contained memes or mnemonic devices to make it
easier for others to recognize symptoms. These findings indicate that Twitter quickly emerged as a
platform for peer-training and peer-sharing of health information.
“#Dengue symptoms have changed. Doctors say the virus of this fever is stronger now.
There are 4 types of dengue virus. To date, people used to be infected with virus one but
nowadays they are being infected with virus two and three . . . "
“Symptoms, prevention, and treatment of dengue fever: apk download for Android http://***”
We found a surprising trend related to deaths reported on Twitter. Of the 777 tweets reporting
dengue related deaths, 109 (14%) mentioned deaths of women, 20 (2.6%) of men, 26 (3.3%) of children,
15 (1.9%) of girls, 1 (0.1%) of boys, and 35 (4.5%) of doctors. This shows six times more deaths
of females than males. While our dataset did not reveal reasons for this unexpected trend, we
corroborated this finding with media reports that confirmed more deaths of women during 2019’s
dengue epidemic [68].
Next, we examined how the deaths reported by the government agencies compare with the
deaths reported on Twitter. For this analysis, we used the DGHS dataset and compared the number
of deaths from January 2019 to September 2019. DGHS reported 100 deaths in 21 districts, whereas
tweets indicated 67 deaths in 23 districts. We found a medium size correlation between deaths
reported by the government and by Twitter users (𝑟𝜏 = 0.40, 𝑝 < .01). Figure 3a and 3b plot
geographic distribution of reported deaths in different districts in Bangladesh. Compared to the
government data, Twitter data reported more deaths in five districts and non-zero deaths in eight
new districts, indicating its potential as a tool to reflect ground realities. One tweet mentioned:
“Red tape hides actual #dengue death figures in #Bangladesh http:// www.newagebd.net/
article/ 82679/ red-tape-hides-actual-dengue-death-figures”
We also found some obvious insights, for example, high number of deaths in densely populated
cities like Dhaka, suggesting that the government should strengthen its prevention and mitigation
efforts in such regions. Some tweets also discussed how external factors, such as floods and poor
infrastructure, deteriorated government’s response to dengue outbreak. Twitter users expressed
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Table 3. Six topics from biterm topic model (BTM) of dengue related tweets along with relative topic frequency,
top keywords, and snippets of example tweets.

Topics and top 20 keywords
Incidences of dengue (15.58 %):
fever, die, dengue, doctor, kill,
mosquito, flood, symptom, suffer, toll,
treatment, woman, student, viral, road,
cause, place, accident, bear, people
Cases of hospitalization (17.47 %):
dengue, patient, number, fever, admit,
increase, hour, die, hospital, bed,
people, year, case, country, suffer,
outbreak, rise, day, record, death
Dengue diagnosis and treatment (15.65 %):
dengue, test, hospital, free, treatment,
fever, government, cost, clinic, patient,
private, medical, kit, capital, bill,
center, country, fee, diagnostic, case
Spread of dengue (21.51 %):
dengue, mosquito, country, people,
fever, Eid, control, body, water,
prevent, spread, government, epidemic,
emergency, panic, measure, disease,
bite, spray, chemical
Dengue prevention (17.92 %):
dengue, prevent, awareness, mayor,
campaign, fever, control, minister,
program, rumor, mosquito, meeting,
papaya, medicine, leaflet, bleach,
rally, failure, initiative, clean
Blood donation (11.87 %):
dengue, blood, need, patient, fever,
emergency, bag, positive, ve, b,
suffer, negative, old, brother, baby,
year, save, help, urgent, critical

Examples
1. A woman dies of dengue fever at Dhaka Medical
College Hospital #Dengue #Bangladesh.
2. #Dengue hits new heights due to floods. Vast
number of deaths & sufferings are waiting for people.
1. Dengue cases are still surging across the country
as 1,649 more new people were hospitalised with the
mosquito-borne deadly virus in 48 hours #Bangladesh
2. More and more patients are now suffering from
#dengue fever in Rangamati General Hospital.
1. Bangladesh Army to provide free dengue
diagnosis and treatment.
2. Additional bills for dengue treatment across the
country, the Consumer Rights Protection Department
is coming to the grounds for inquiry.
1. Dhaka dwellers beset by mosquitoes, rain poses
risk of Dengue
2. #Beware of #Dengue mosquitoes from dawn
till dusk ! Dengue carrying Mosquitoes usually bite
on the legs in day time and have black and white
stripes on their body. #Dengue #Epidemic #Bangladesh
1. Dhaka Mayor has said conspirators are spreading
rumors about dengue.
2. According to Director General of Health and quoted
by News Media #dengue cases in #Bangladesh
stand more than 24,500. @BDRCS1 with the support of
@ifrc continues #awareness campaign all over
the country through its volunteers network.
1. Urgent B(+) positive blood needed for a critical
dengue patient at Dhaka. Cell: 01*********
2. My relative is suffering from dengue. Is there
anyone who is willing to donate blood for her? We
need AB+ blood donor who is currently in Dhaka.

their concern in poor management of dengue, monsoon floods, road accidents, and other concurrent
events that added to citizens’ plight. One user tweeted:
“Outrageous situation for dengue epidemic, Aedes mosquitoes, flood, rumors, rape, road
accidents, killings - Who is responsible for this? #Bangladesh #NoneToSee #BehindDevelopment"
Apart from this, similar to another study in Brazil [73], we found that many people posted
humorous tweets sharing their personal experiences with dengue and mosquitoes. For example, a
user tweeted:
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(a) Cases of death from government reports.

(b) Cases of death from tweets.

(c) Cases of hospitalization from government reports.

(d) Cases of hospitalization from tweets.

Fig. 3. District-wise distribution of dengue cases from January–September, 2019 as per government reports
and tweets. Only the districts where the number of reported death cases and hospitalized dengue patients
are greater than the third quartile (𝑄 3 ) of the corresponding cases are labeled with names. Color scales of the
districts are presented in the logarithm of the reported cases.

“#Bengali_sentiment: O mosquito, you are the culprit! Give me back my blood. Who gave
you the right to bite me? You won’t be pardoned . . . "
4.2

Cases of Hospitalization

About 18% tweets in our sample discussed the cases of hospitalization due to dengue. We first
analyzed how much these tweets complement the data from government reports. DGHS health
bulletins reported the total number of dengue patients hospitalized from January 2019–September
2019 for all 64 districts. On the contrary, dengue related tweets reported cases of hospitalization
for 52 districts. A Wilcoxon signed-rank test showed that the reported cases of hospitalization in
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Fig. 4. District-wise anomaly in cases of hospitalization as per government reports and dengue related tweets.
To facilitate visualization the cases are reported in log scale. Here, the straight line passes through the origin.
Table 4. Cases of dengue in different hospitals in Bangladesh from January–September, 2019.

Hospital
type
Public
Private
Total

Cases from government reports
N Admitted (N) Dead (N)
8
81
48
18
40
84
26
121
132

N
25
6
31

Cases from tweets
Admitted (N) Dead (N)
236
20
33
0
269
20

dengue related tweets significantly lag behind than that of the cases reported by the government
(𝑊 = 115.5, 𝑍 = −6.18, 𝑝 < .001, 𝑟 = 0.54).
Figure 3c and 3d show spatial distribution of hospitalized dengue patients in different districts
based on government reports and public tweets, respectively. Both datasets reported the highest
number of hospitalized dengue patients in Dhaka (𝑁𝑔𝑜𝑣 = 20, 100 𝑎𝑛𝑑 𝑁𝑇 𝑤𝑖𝑡𝑡𝑒𝑟 = 15, 350), followed
by Jessore (𝑁𝑔𝑜𝑣 = 2, 646 𝑎𝑛𝑑 𝑁𝑇 𝑤𝑖𝑡𝑡𝑒𝑟 = 2, 117). However, the ordering for the next three districts
differed between the two datasets. While government data reported most cases in Barisal (𝑁 =
2, 411), Mymensingh (𝑁 = 1, 414), Manikganj (𝑁 = 1, 412), Twitter data pointed to most cases in
Sylhet (𝑁 = 1, 687), Faridpur (𝑁 = 818), Kushtia (𝑁 = 810). Even though the ordering differed
slightly, we found a medium size correlation between the cases of hospitalization reported by the
government and by Twitter users (𝑟𝜏 = 0.46, 𝑝 < .01).
To investigate further, we plotted the number of hospitalized dengue patients for each district in
Figure 4. The districts that are close to the straight line or on it have little discrepancy in the Twitterand government-reported cases of hospitalization (e.g., Dhaka, Jessore, Faridpur, Sunamganj). The
districts that are below the line have underreported Twitter data (e.g., Bandarban, Brahmanbaria,
Bairsal, Chittagong). The districts that are above the line (i.e., Habiganj, Dinajpur, and Sylhet)
have less number of hospitalization cases reported by the government than by Twitter users. To
investigate the reason behind this discrepancy, we manually examined 37 tweets that reported
cases of hospitalization in Habiganj (𝑁 = 7), Dinajpur (𝑁 = 18), and Sylhet (𝑁 = 12). We found
that 31 tweets were shared from the Twitter accounts of local or national news agencies and the
remaining were citing these news reports, implying shortcomings in government reports. These
findings indicate potential of mining Twitter data to address the gaps in government reports.
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Next, we analyzed the cases of hospitalization and deaths in different hospitals in Bangladesh
both from tweets and government reports (see Table 4). We observed that government reports
covered public hospitals less than private hospitals. In contrast, Twitter users reported more
about government hospitals than private hospitals. A Fisher’s exact test indicated significant
difference (𝑝 < .001) in the number of public and private hospitals mentioned across the two
datasets. We also found that the number of deaths in public and private hospitals significantly
differed (𝑡 (27) = −2.2, 𝑝 < .05) across the two datasets. Compared to government reports, tweets
reported significantly less deaths, perhaps due to poor availability and accessibility of government
health reports in Bangladesh [114]. Although Bangladesh has implemented Right to Information
Act to make it easier for public to access government data, the initiative is marred with dismal
implementation [9].
With respect to dengue patients admitted to public hospitals, we found that the number reported
by the government was much less than those reported in tweets. A Chi-square test indicated
a significant effect of data source on the distribution of admitted patients in public and private
hospitals (𝜒 2 (1, 𝑁 = 390) = 22.36, 𝑝 < .001). To examine further, we analyzed all the tweets
(𝑁 = 124) that reported cases of hospitalization in different public hospitals. We found that 79 of
these tweets were posted from the Twitter accounts of local or national news agencies and the
remaining were citing these news reports, indicating potential gaps in government’s account of
dengue patients admitted to different public hospitals.
4.3

Dengue Diagnosis and Treatment

About 16% tweets in our sample focused on dengue diagnosis and treatment options in Bangladesh.
Many tweets discussed schemes, programs, and resources available for speedy diagnosis of dengue.
For example, many people shared how some hospitals, institutions, and Bangladesh army were
providing free dengue tests. Others tweeted government’s declaration of free treatment for dengue
patients, free diagnosis at public hospitals, and capped costs of diagnosis at private hospitals.
“#Dhaka South #City Corporation (DSCC) Mayor #SayeedKhokon has said that if anyone
in the #DSCC area is affected by #Dengue then please call our hotline number: 096********;
#health workers will go to you and provide #care and #medicine free of cost."
“#Special_post: if any dengue patient comes to either Uttara or Mirpur branch of R*****
hospital, they will receive free test and no amount will be charged for the treatment.".
“The fee of dengue test will be 500 tk. at private hospitals and free in public hospitals:
Ministry of Health".
However, despite different measures from the government, many tweets reported dismal implementation of these efforts, reflecting ground realities. People mentioned a lack of dengue test
kits required for diagnosis. The shortage of kits greatly affected the patients and deprived many
of proper diagnosis. Many tweets also reported a shortage of other healthcare facilities, such as,
insufficient hospital beds to accommodate the huge influx of dengue patients. Even in some cases
patients were denied treatment, creating panic and chaos. Some tweets complained how people
were charged high fees for dengue testing, despite the declaration of free testing or capped costs.
Moreover, some tweets reported about wrong diagnosis and ambiguous dengue test results, creating
further confusion and worries among the patients.
“Test kit crisis hits dengue treatment in Dhaka as five more die in Bangladesh outbreak.
Lack of kits for diagnosing dengue fever has hit the market with some hospitals in Dhaka
turning the suspected patients away without testing them".
“#Dengue test: K***** clinic gives different test #results for same blood."
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Table 5. Density of Aedes vectors at 14 public places in Dhaka as per DGHS survey [82].
Breteau Index

<=20

20 - 40

40 - 60

Kalshi to ECB Chattar
Bhashantek Slum

-

Metro Rail Project, Mirpur 12
Mohakhali Korail Slum
Saydabad Bus Terminal
Rajarbagh Police Lines

60 - 80

BRTC Bus Depot, Mirpur 12
Gabtoli Bus Terminal
Dhaka Medical College Hospital

80 +
Mohakhali Bus Terminal
Shahjahanpur Slum
Mugda Medical College
Railway Colony, Komlapur
BRTC Bus Depot, Komlapur

To address this, the government fined several hospitals and diagnostic centers for charging
dengue patients with high bills. We found several tweets mentioning government’s action to
enforce the policy.
“Taking extra fee for dengue tests: 4 clinics are fined 1.8 million tk in the capital"
Our findings indicate Twitter’s potential as a tool to assess ground realities and discover irregularities in the implementation of dengue outbreak response plan. For example, in our work, monitoring
and analyzing these tweets could help policymakers identify issues that needed immediate attention,
such as regulating costs of diagnosis and treatment, procuring diagnostic kits, opening emergency
units in the hospitals with additional beds, and ensuring the quality of diagnosis.
4.4

Spread of Dengue

Nearly 22% tweets discussed the role of Aedes vector and human movements in the spread of
dengue viral infection.
4.4.1 Aedes Vector and Dengue. Since Aedes mosquitoes play a key role in the transmission of
dengue, we decided to examine the government reported distribution of Aedes vectors within the
capital city of Dhaka [81, 82]. Table 5 shows the density of Aedes vectors in Breteau index2 (BI) for
different wards3 in Dhaka. Figure 5a and 5b show the spatial distribution of BI values and dengue
cases for different areas, respectively.
Our analysis revealed some correlation between the BI values reported by the government and
the number of dengue cases based on tweets. For example, Mirpur had the highest dengue cases
(𝑁 = 73) and places in it (e.g., BRTC bus depot, Mirpur 12) were classified as highly dense breeding
places of Aedes vectors. Similarly, Uttara had the second highest dengue cases (𝑁 = 43) and a
high BI score (80+) score. We found similar trends for many other areas, such as Mohammadpur
(𝑁 = 12) and Gulshan (𝑁 = 11), indicating usefulness of tweets to monitor local transmission of
dengue as government health bulletins often do not report area-wise cases of dengue. Even media
reports corroborated our findings that these local areas had higher number of dengue cases [10].
4.4.2 Eid-ul-Adha and Dengue. Many tweets expressed concern that during Eid-ul-Adha, one of
the main religious festivals of the Muslims, dengue infection would spread across the country
because of large human movements. Therefore, some tweets requested people not to travel to their
village homes during Eid.
“Qurbani Eid holiday is close, people will leave Dhaka and go to the village, dengue
patients will also travel. If a mosquito bites a patient, there are chances that the disease
will spread through that mosquito. If you care for your loved ones, do not travel."
We decided to check whether these concerns were justified. We first analyzed the temporal
distribution of dengue cases both from the government reports and the dengue related tweets.
2 Breteau
3A

index is the number of Aedes positive containers per 100 houses inspected [113]
ward is low-level administrative division of a city.
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(a) Distribution of Aedes vectors within Dhaka.

(b) Distribution of dengue cases within Dhaka.

Fig. 5. Figure 5a shows DGHS reported spatial distribution of Aedes vectors in different areas of Dhaka.
Only the names of areas with Breteau Index (BI)>= 60 are displayed. Figure 5b shows the cases of dengue
in different areas of Dhaka from the tweets. Only the names of areas where the number of dengue cases
is greater than the third quartile (𝑄 3 ) of the cases in all areas are displayed. Color scales of the areas are
presented in the logarithm of the reported dengue cases.
Table 6. Total number of people infected/ hospitalized/ dead due to dengue during Eid-ul-Adha (from tweets).

Year
One week
(Before, After)
Two weeks
(Before, After)

2015

2016

2017

2018

2019

(0, 3)

–

(0, 1200)

(1, 1034)

(9050, 62942)

(2, 2300)

–

(0, 1201)

(1, 3799) (24822, 69533)

A positive correlation (𝑟𝜏 = 0.51, 𝑝 < .001) between the government reported dengue cases and
the frequency of dengue related tweets per month suggests that people engage more in disease
related conversations as the intensity of dengue rises. Figure 6a and 6b plot the number of monthly
dengue cases based on government reports and the weekly distribution of dengue related tweets,
respectively. From IEDCR reports, we can see that the severity of dengue is higher from August–
September (Figure 6a), which is the post monsoon period and the time for celebrating Eid-ul-Adha
in Bangladesh [77]. Even the weekly distribution of dengue related tweets in a given year reaches
its peak around Eid-ul-Adha (Figure 6b).
To further examine, we compared the user-reported cases of dengue both within two weeks and
within one week interval of Eid-ul-Adha from 2015–2019 (see Table 6). We found that more people
were affected by dengue after Eid-ul-Adha every year except in 2016 where tweets in our sample
reported only qualitative information, such as “number of dengue victims rise in Dhaka."
We then examined spatial distribution of the dengue cases before and after Eid-ul-Adha. For this
analysis, we only considered tweets posted in 2019 due to sparse availability of tweets in other
years. Figure 6c and 6d plot the spatial distribution of dengue cases within one week interval of Eidul-Adha. A visual inspection of these figures indicate that dengue infection spread to 7 new districts.
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(a) Government reported cases of dengue per month.

(b) Weekly frequency of dengue related tweets.

(c) District-wise distribution of dengue cases one
week before Eid-ul-Adha.

(d) District-wise distribution of dengue cases one
week after Eid-ul-Adha.

Fig. 6. Frequency of dengue cases in Bangladesh. Figure 6a shows IEDCR reported monthly distribution of
dengue cases from 2015–2019. Figure 6b shows the weekly distribution of tweets regarding dengue outbreaks
in Bangladesh from 2015–2019. To enable better visualization, we plot the numbers in Figure 6a and 6b in
log scale. Figure 6c and 6d show district-wise distribution of dengue cases (total number of people infected,
hospitalized, or dead due to dengue) in one week interval of 2019’s Eid-ul-Adha in Bangladesh from the
tweets. Color scales of the districts are presented in the logarithm of the reported dengue cases.

A Wilcoxon signed-rank test revealed that the number of dengue patients was significantly greater
(𝑊 = 715.5, 𝑍 = 2.98, 𝑝 < .01, 𝑟 = 0.36) a week after the Eid than the week before, suggesting
that the government should put precautionary measures in place during Eid to cope with sudden
outbreaks in new areas.
Note that in 2018, the number of dengue cases reported on Twitter also soared in winter (see
Figure 6b). This is because many university students living in dormitories got dengue infection,
leading to an outbreak.
“Many from Dhaka University, student dormitories, mess halls, and sublet homes are
affected by dengue. Shouldn’t we close the educational institutes under this circumstances?"
Government surveys on dengue are usually limited to a number of public places, commercial, or
residential areas. However, these tweets indicate the need to survey dormitories and other places
where many people either gather or live in close contact.
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Fig. 7. Probability distribution of the number of dengue related tweets, per Twitter user. The plot has been
generated in log-log scale to improve visualization.

4.5

Dengue Prevention

About 18% tweets discussed dengue awareness and prevention programs as well as government’s
failure in controlling the epidemic. Many tweets discussed how different organizations took measures, such as spraying insecticides to control Aedes mosquitoes, raising public awareness by
distributing leaflets, and organizing awareness rally and cleanliness program, to prevent the spread.
“Today @BDRCS1 RCY #Volunteers in Cox’s Bazar organized a rally in the city, distributing
leaflets to raise awareness on #Dengue #outbreak . This is part of the Bangladesh Red
Crescent response to prevent further spread of the infections"
“North City Corporation collects machinery and pesticide to prevent dengue"
Next, we examined Twitter accounts which were most active in disseminating dengue related
information. To do this, we calculated the number of dengue related tweets posted by each Twitter
account in our sample. Figure 7 shows the probability distribution of tweeting about dengue. In
the figure, x-axis represents the number of tweets about dengue (𝑋 ) and y-axis represents the
probability that users will post 𝑋 number of dengue related tweets. As expected, a majority of
users (63%, 𝑁 = 4, 736) posted only one tweet about dengue. In contrast, top 1%, top 10%, and top
20% users were responsible for 25%, 58%, and 69% of tweets, respectively. The most active user
(jugjugantor24, an online news platform) posted 293 dengue related tweets.
On average, users posted 3 dengue related tweets. Among the 1, 070 users who tweeted about
dengue more than the average, 566 (52.9%) users are either news media, international organizations,
journalists, or doctors. These 566 users posted over 10,000 tweets collectively (average = 19 tweets).
We also examined how other users interacted with dengue related tweets. On average, these tweets
were retweeted 9 times. Among the 126 users whose posts were retweeted more than the average,
82 (65%) are Twitter accounts of news and media agencies. On average, the posts of these 82 users
were retweeted 46 times. Table 7 shows the top users with most dengue related tweets and retweets.
User1, User2, and User3 are a social entrepreneur, coordinator of an online blood donation group,
and a student political leader, respectively, and the rest are accounts of news and media agencies.
We found that the government institutions were almost inactive on Twitter during the epidemic;
ICDDR4 posted 19 tweets, WHO’s regional office posted 1 tweet, and DGHS posted no tweets, indicating lack of efforts by these agencies in using Twitter to communicate disease related information
to the public. The shortcomings in government’s dengue outbreak response plan and a lack of
direct communication created a sense of dissatisfaction among the public.
Despite heavy criticism on social media, the authorities constantly denied all the complaints
saying that the chaos around dengue was nothing but rumor. For example, the Mayor of the capital
4 ICDDR

is International Centre for Diarrhoeal Disease Research in Bangladesh, https://www.icddrb.org/
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Table 7. Some of the top Twitter users who tweeted most frequently about dengue and whose posts were
retweeted most during epidemic. Personal accounts are replaced with User to preserve anonymity.

Top users who tweeted
Number of dengue
about dengue most frequently
related tweets
jugjugantor24
293
dailystarnews
194
User1
178
barta24bd
169
TheDailyInqilab
159
User2
154
DhakaTimes
148
samakaltw
133
Nagorik2
127
banglanews_eng
123

Demand (%)

30

Table 8. Distribution of blood groups within
Bangladeshi population obtained using [34] and
blood donors obtained using [2].

Dengue epidemic
Non−epidemic

20

10

0
A−

A+

AB−

Users with highest
Number of retweets
number of retweets
dailystarnews
509
bbcbangla
440
User3
164
AmraTbashi
146
samakaltw
141
AFP
124
ProthomAlo
118
AITCofficial
117
RSTMH
105
DAILYITTEFAQ
104

AB+
B−
Blood groups

B+

O−

O+

Fig. 8. Demand for blood groups in Bangladesh during dengue epidemic and non-epidemic period from
personal blood donation tweets.

Blood
group
AA+
ABAB+
BB+
OO+

Original
Blood
population (%) donors (%)
0.67
0.58
26.01
23.59
0.27
0.29
8.29
7.98
0.7
5
33.66
33.54
0.96
1.03
29.44
32.02

city Dhaka claimed that the news about the rise of dengue was another rumor. We also found some
tweets that informed the public of myths around dengue prevention. For example, a rumor spread
that bleaching powder could prevent dengue. A user tweeted the following to dispel the rumor:
“#Be aware of new rumor. A new rumor is being circulated on Facebook and WhatsApp
that by pouring bleaching powder and harpic together in toilets, dengue can be prevented."
We discuss misinformation and rumors in more detail in Section 5.
4.6

Blood Donation

Around 12% tweets were about blood donation for dengue patients. Figure 8 shows the demand
for different blood groups during dengue epidemic based on personal blood donation requests on
Twitter. The highest demands were for O- (20.63%), A- (17.47%), and B+ (15.57%) blood groups. In
addition, some tweets also mentioned an urgent need of blood transfusion for patients with very
low (< 10, 000) platelet counts. To further examine, we compared the demand for blood transfusions
during dengue epidemic with the demand during the non-epidemic period.
Since distribution of blood group varies with ethnicity, we first gathered data from prior studies
to understand the distribution of blood groups [34] and of blood donors in Bangladesh [2]. We
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found a significant positive correlation (𝑟 = 0.99, 𝑝 < .001) between the two distributions. Table 8
shows that Rh positive blood groups (i.e., B+, O+, A+, AB+) are much more dominant in Bangladesh
compared to Rh negative blood groups. Our analysis of the tweets during non-epidemic period
indicated a variety of health conditions, such as kidney transplant, heart surgery, cancer, tumor
operation, and childbirth, for which people requested blood donations.
Figure 8 plots the demand for different blood groups on Twitter during the epidemic and nonepidemic period. Overall, we found more demand for blood transfusion during the epidemic period.
A Wilcoxon signed-rank test revealed significant differences in the demand for blood transfusion
(𝑊 = 18, 188, 𝑍 = 3.37, 𝑝 < .001, 𝑟 = 0.39) during dengue epidemic (3.7 bags on average, 𝑆𝐷 = 3.9
bags) compared to the non-epidemic period (2.5 bags on average, 𝑆𝐷 = 2.4 bags). We also found that
the distribution of demand for different blood groups varied significantly (𝜒 2 (7) = 27.949, 𝑝 < .001)
during dengue epidemic from the demand during non-epidemic period. For example, we found that
A-, B-, and O- blood groups were in more demand than other blood groups during the epidemic
period. Perhaps the scarcity of Rh negative blood donors led to high demand for these blood groups
on Twitter during dengue epidemic. We found little fluctuations in the comparative demands of
B+ and AB- blood groups, probably because B+ and AB- are the most and least abundant blood
groups in Bangladesh, respectively. Due to the abundance of B+ blood donors (33.54%), people may
hardly face any difficulties in finding a donor either through personal contacts or other means.
On the other hand, due to the scarcity of AB- blood group among Bangladeshi population (0.27%),
its distribution is supposed to be less among dengue affected patients, leading to less demand on
Twitter. Also, the differences between the proportion of people with B+ and AB- blood groups and
available blood donors for them is the least compared to other blood groups as shown in Table 8.
Overall, the analysis of blood donation requests on Twitter showed that the demand for different
blood groups vary significantly during dengue epidemic, suggesting the need to take proactive
measures to prevent serious shortages of blood supply and the subsequent loss of lives.
5

DISCUSSION

In this work, we conducted a longitudinal analysis of tweets to identify public health issues that
emerge during dengue outbreaks in Bangladesh. We found that people used Twitter to access and
share dengue related information, report mismanagement in dengue related healthcare services,
dispel popular myths and rumors, and request resources from public (e.g., blood donation requests)
to fight the infection. On the other hand, we found that the government healthcare bodies were
largely inactive on Twitter and did little to spread awareness and disseminate information about
outbreaks online. We also examined how insights from tweets complemented the data present in
obscure government reports and found several examples where government account of dengue
infections and deaths were lacking. Our analysis also revealed novel insights about social, cultural,
geographical, and epidemiological aspects of dengue epidemic in Bangladesh. For example, we
found how human movements during Eid-al-Adha resulted in peak infections and new outbreaks,
how women were dying more from dengue infection, and how new patterns of blood donation
requests emerged during dengue epidemic. Based on our findings from dengue related tweets about
the healthcare system in Bangladesh (RQ1), we now discuss how the insights obtained from tweets
can inform policy making approaches during emergency health crisis such as dengue epidemic
(RQ2).
5.1

Disease Surveillance

Our analysis indicated shortcomings in dengue statistics compiled by government agencies. For
example, Twitter dataset indicated more deaths in 13 districts and more cases of hospitalization in
three districts. We also found a discrepancy in the estimates from international health organizations
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and the cases reported by the government. For example, WHO estimated over 350,000 dengue
infections in July 2019 while the government reported only 7,179 official cases [57]. Improper
statistics for infectious diseases like dengue can paralyze outbreak response plan of government as
well as non-government agencies, leading to a mismanagement of already limited resources and
loss of human lives.
While by no means Twitter can be used for discovering the exact number of dengue cases, it
can be a powerful tool to reveal discrepancy in the reporting of dengue infections and deaths.
For example, there are often undetected or unknown cases because of passive surveillance and
inappropriate methods adopted by the government [57]. When data from tweets report unknown
cases, deaths, or outbreak locations, government agencies can ask local and regional authorities for
verification, springing them into action. Regional, national, and international healthcare organizations responding to dengue outbreaks can re-allocate resources to areas where new infections and
outbreaks are found. Similar to [61, 67, 80], government agencies could also consider integrating
social media health data into disease surveillance programs.
Practical challenges like tackling misinformation and analyzing code-mixed tweets can also make
Twitter an unwieldy tool. Even in our dataset, we encountered tweets spreading rumors and myths
related to dengue diagnosis and treatment. Social media platforms, such as Twitter and Facebook
face grand challenges in discovering and controlling misinformation, which can particularly prove
fatal during public health crises [85]. For example, rumors about COVID-19 on social media have
increased panic and racist attitudes among people [12]. Also, verifying information in each tweet
is a time and resource intensive undertaking. One way to address the misinformation challenge is
to rely more on trusted sources like reputed news and media organizations, international health
organizations, and non-governmental organizations with significant on-the-ground presence. To
dispel rumors and myths related to dengue, government agencies may consider adopting social
media to share information and updates about the latest developments of epidemic.
Another challenge in extracting insights from tweets is code-switching. Although we only
extracted tweets in English by using TweetScraper, we found nearly 400 tweets where Bengali was
intermixed with English in a sentence. Current NLP models are often inadequate for low-resource
languages like Bengali, demand prior information on code-mixed languages, and require a sizeable
corpus of code-mixed tweets [94]. Although recent NLP advancements can identify English and
Bengali words in code-mixed sentences [13, 23], further research is needed to automate real-time
analysis of code-switched tweets to extract meaningful insights.
5.2

Controlling Local Transmission of Diseases

Apart from increasing government’s accountability and transparency, tweets on public health
issues can also help government agencies and healthcare institutions control local transmission of
diseases. For example, many tweets on dengue mentioned areas with high infection rates in the
capital city Dhaka. The government may leverage this bottom-up, citizen-reported, decentralized
information to plan effective intervention programs for controlling dengue instead of spraying
invasive chemicals indiscriminately in all areas. For example, our analysis of tweets suggested
that government should use pesticides in water-clogged areas such as Mirpur, but may adopt
non-invasive intervention programs (e.g., awareness and cleanliness drives) for areas with low
Aedes density, such as Dhanmondi. The government can also use tweets as a source of information
to detect early-stage dengue infections at unexpected locations. For example, some tweets indicated
local transmission of dengue in the student dormitories, a private area that is rarely checked for
the presence of Aedes vectors by the administration. Timely access to such information can help
the government take necessary measures, such as social distancing [37], to prevent outbreaks in
places where many people live together.
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Government agencies and healthcare institutions can also analyze historical tweets to identify
recurring events that contribute to dengue outbreaks. For example, we found that large human
movements during Eid-ul-Adha resulted in unprecedented number of dengue infections and new
outbreaks. While it is difficult to limit people’s movement during a religious festival like Eid due
to socio-cultural norms, the government can enhance cleanliness measures in public places with
high footfall, such as railway stations, bus terminals, and cattle markets set up during Eid, that are
known to have a large number of breeding sites [5, 82]. The government can also take proactive
measures, such as preparing hospitals in different districts beforehand, to cope with the sudden
outbreaks of dengue.
Our spatio-temporal analysis of tweets identified how dengue infections were emerging in
different geographic locations. Such real-time localized information when paired with other datasets
(e.g., population density, historical cases of dengue infections, available testing and treatment
facilities) can help government agencies identify areas that are under imminent risk, requiring
immediate attention. This can also help the government prioritize the allotment of its limited
resources to different areas based on the severity of dengue infections. Such strategy can be more
effective than distributing resources evenly which may leave many areas under high risk with low
budget.
Government agencies can also analyze tweets to discover other factors that impact their ability
to control dengue outbreaks. For example, many tweets in our sample pointed to the co-occurrence
of flood and dengue in Bangladesh. It has been reported that floods can potentially increase the
transmission of dengue hemorrhagic fever [112]. Moreover, findings from previous study show
that high river levels are strongly associated with increased cases of dengue fever in Dhaka [46].
Identifying such factors can help the government to organize a better response to dengue epidemic.
For example, in case of flood, the government should focus first on the low-lying areas that are
usually affected by floods while planning to control dengue.
5.3

Maintaining Healthcare Services

Apart from monitoring and controlling dengue infections, maintaining a functional healthcare
system is equally important during an epidemic when a country’s health care systems are overwhelmed with huge influx of patients. Personal experiences shared by people on Twitter can help
the government and policymakers reflect on the taken measures and get a grasp of on-the-ground
realities. For example, many tweets in our dataset reported shortages of dengue diagnostic kits,
lack of access to hospital beds, and high costs of dengue diagnosis and treatment. More importantly, access to pain points and irregularities in implementation could help international health
organizations and local non-governmental organizations streamline their efforts and resources.
In addition to streamlining reactive measures, government agencies and other health care
organizations can analyze historical tweets to design informed proactive measures. A compelling
example is blood donation requests on Twitter. Often high-risk dengue patients require blood and
platelet transfusion to prevent hemorrhagic complications. To date, there is a dearth of research on
how people use social media to look for volunteer blood donors. Our analysis of personal blood
donation requests on Twitter showed that the Rh negative blood groups were in high demand during
dengue epidemic compared to the non-epidemic period, suggesting that hospitals should stock Rh
negative blood groups more in preparation of dengue outbreaks. Such insights can minimize the
loss of lives by helping healthcare professionals be well-prepared in the event of an outbreak. Future
research could explore what motivates people to request blood donations on Twitter, how donors
respond to such requests, how quickly requesters find a donor, and how network and messaging
could improve yield.
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LIMITATIONS

Our work has some limitations. Firstly, for our analysis, we only considered the tweets composed
in English because of the challenges in using current NLP models for identification, translation, and
topic modeling of Bengali. We recognize that by doing so, we miss out on the nuances and contexts
present in tweets written in Bengali. Secondly, although misinformation and rumors are often
present in social media data [38, 97], we did not verify information reported in tweets except when
our analysis indicated shortcomings in government reports. Further work is needed to identify and
tackle misinformation in tweets posted during public health crises like dengue epidemic. Thirdly,
for our analysis, we relied only on Twitter data and could not analyze Facebook posts. Even though
Facebook has the largest user base in Bangladesh among all social media platforms [105], we could
not utilize it due to limited access to Facebook’s Public Feed API [110]. Future research could use
other sources like Facebook and WhatsApp to triangulate insights obtained from analyzing social
media health data.
7

CONCLUSION

We present an in-depth analysis of the tweets related to dengue epidemic in Bangladesh to explore
the role of social media health data in informing policy making approaches. We apply a humancentered lens to discover insights from the reactions and responses of Twitter users to dengue
epidemic in Bangladesh. Our analysis identified various epidemiological, geographical, cultural,
and societal factors that mediated the outcomes of dengue epidemic in Bangladesh, which were
not perceptible at the first glance. We also showed how our findings could inform policy making
approaches to control dengue outbreaks. We believe this work will greatly facilitate social media
supported cooperative works to cope with public health crises in developing countries.
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