Proceedings of the 57th Hawaii International Conference on System Sciences | 2024

A Framework for Perception Analysis of Social Media Data During Disease
Outbreaks: Uncovering Patterns of Resentment Towards Bats

Izunna Okpala Guillermo Romera Rodriguez
University of Cincinnati Penn State University
okpalaiu@mail.uc.edu gkr5144@psu.edu
Stefano Mammola Shane Halse

National Research Council
stefano.mammola@cnr.it

University of Cincinnati
halsese @ucmail.uc.edu

Abstract

Despite the growing number of natural language
processing (NLP) tools developed for decision-makers
to leverage social media for public perception
evaluation during crises, a more robust framework
is needed. This study explores a domain-specific
machine learning framework for perception analysis
using tweets about bats during disease outbreaks as
a case study. Zoonotic disease outbreaks such as
COVID-19 and Ebola are often attributed to bats
and have resulted in unnecessary culling of wildlife;
therefore, this is a case where perception is meaningful
to a species. Analysis of 15,968 tweets showed a
pattern in which tweets with anti-bat perceptions were
most common during the early phases of an outbreak
but declined over time while remaining negative, with
87.6% reliability of the framework according to manual
coding of 300 randomly selected tweets. The framework
can help stakeholders understand trends in public
perception in near real-time and guide responses to
spreading misinformation.

1. Introduction

In recent years, crisis informatics scholars have
worked to develop Common Operational Picture Tools
(COPs) that incorporate social media data visualizations
relevant to crises [1]. However, identifying relevant
social media analysis presents a challenge in that this
information-rich environment is inherently noisy and
requires summarization tools.

Previous efforts to analyze social media posts during
crises have involved manual or semi-automated thematic
and sentiment analysis [2, 13| 4]. While a powerful
approach, thematic analysis is a time-consuming
process that produces a qualitative analysis of
perception that is often done manually. Sentiment
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analysis tools, such as VADER [35], are widely used
rule-based NLP classification models that consume less
time by scoring a selection of text as either negative
or positive without putting into perspective the context
or subject of the sentence. However, a 2021 study of
public attitudes towards masks published in HICSS
described challenges with sentiment analysis when
describing attitudes toward mask-wearing wherein
a post may be labeled as having a negative overall
sentiment despite the poster having a positive attitude
towards mask-wearing [6]]. Thus, further improvement
in NLP tools for social media studies are sorely needed
to improve tools for decision-makers. A modularized
NLP algorithm with a combination of different libraries
and dictionaries offers the potential for rapid and
automated social media data coding to understand
public perception better.  Perception is primarily
concerned with how people express their thoughts [7]]
and may be more relevant for COPs than sentiment,
given the nuanced way people express their thoughts.

Perceptions expressed on social media can
create risks that extend far beyond harm to human
communities. A well-known example is the prevalence
of inaccurate information about climate change, which
hinders efforts to combat the global climate crisis
[8]. Similarly, posts reflecting negative perception
of non-human species contributes to the transmission
of incorrect information that undermines efforts to
conserve the species [9]], especially for widely feared
groups such as bats [10], spiders [L1], and large
carnivores [12]. In extreme scenarios, the propagation
of misinformation has led to violence toward some
animals. Early reports about the role of bats in the
COVID-19 pandemic led to the removal of hibernating
bats in China [13]] and the burning of roosting bats in
Peru [14]. However, there still remains no scientifically
proven evidence that humans can contract SARS-CoV-2
from direct contact with bats [15]. Misconceptions
about the health risks posed by the presence of bats are
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not limited to concerns over COVID-19, and discussions
of culling bats routinely arise in response to disease
outbreaks [16} [17]. Culling in a misguided attempt to
improve human health represents a serious threat to
biodiversity because 80% of bat species assessed by
the International Union for the Conservation of Nature
already needs conservation or research attention [18].
To prevent further harm to wildlife, conservationists
have sought to counter misleading and false narratives
about bats and viruses in articles in peer-reviewed
journals [14}[19]] and mass media [[10]]. Although media
outreach is thought to have stemmed further increases
in persecution [[10], the extent to which the public still
holds misconceptions about bats and COVID-19 is
unclear [20]. This situation makes bat perception during
outbreaks of zoonotic diseases an ideal case study to
test our framework for perception analysis. This paper
proposes using near real-time social media analysis as a
tool to aid conservationists in the fight against spreading
misconceptions to the public. Our overarching goal is to
assess the utility of an NLP algorithm to track changes
in perception related to any topic over time. Specific
to the present case study, we address the following
research questions:

e RQ1: How can NLP harness social media data
to support near real-time summarization of public
perception toward an animal in the context of a
particular disease outbreak?

* RQ2: Do social media posts about bats during
disease outbreaks show repeating patterns of
perception?

To answer these research questions, we gathered
social media data using the Twitter API to test our
algorithm. We focused our analysis on public perception
of bats surrounding five notable viruses that have been
linked to bats. We limited our selection to recent
outbreaks of each (11 outbreaks total): COVID-19 (1
outbreak), Ebola (2 outbreaks), MERS (2 outbreaks),
Marburg (4 outbreaks), and Nipah (2 outbreaks). To
answer RQ1, we analyzed 15,968 tweets that mentioned
both the disease and bats. Our tool allowed us to classify
each tweet as pro-bat, anti-bat, or neutral. We manually
coded a random sample of 300 tweets to confirm the
tool’s reliability. To answer RQ2, we examined a
longitudinal analysis of classification during disease
outbreaks to uncover patterns of perception. Overall,
we found 87.6% reliability when using this perception
analysis tool to classify tweets as pro-bat, anti-bat, and
neutral. Additionally, the longitudinal analysis showed
a repeating pattern of anti-bat perceptions at the start
of an outbreak that lessened in number over time. A

key implication of this work is that perception analysis
using NLP shows promise to support conservationists in
understanding public perception toward animals in times
when the public may unjustly advocate for eradication.

2. Background

Social media has developed into public information
outlets that dominate how most people view the world,
but these outlets are prone to rapidly spreading rumors
and misinformation [21]. While spreading rumors and
misinformation can have severe, negative consequences
[22], social media provides a record of public opinion
and is an accessible venue to track public perception in
relation to events over time without a direct survey or
interview.

Interactions that were only possible through
face-to-face interaction are now possible via online
conversations through some channels of information
exchange, e.g., social media. The availability of such
platforms creates opportunities for analyzing large
amounts of data using automated tools. Perception
comes into play when people’s bias toward a particular
topic triggers them to make unsubstantiated claims in
their posts mostly to gain attention despite being void
of facts. According to Zhu [23], there is a variable
known as “rumor tendency,” which relates to a user’s
negative mentality and social distrust. This tendency
directly relates to social, psychological, and personal
factors [23]] connecting the overall engagement of a user
over time. Studying and identifying rumors has become
increasingly important, they are challenging to detect
because a rumor can be either true or false. However,
the literature on rumor detection is extensive, with most
research focused on social media networks such as
Twitter and Facebook [24]]. For example, Takahashi
and Igata [25] focused on how rumors were created to
build their rumor detection system. They also identified
three clues for detecting rumors: “burst or peaks,
retweet frequency and ratio, and word distribution
across tweets.” Buckner et al. [26] however, suggested
that a person propagating a rumor will likely omit parts
of the information, absorb it into their language habits,
selectively forget some of the facts, distort or correct the
message in a purposeful manner, and relay the message
as taught [26]. This creates a semantic pattern, mostly
containing a strong leaning toward a particular cause of
action.

Misinformation is another component that is
similar to rumors; however, the definition defers.
Misinformation is the misinterpretation of facts and
dissemination of the same to suit the narrative of the
writer [27]. Social media has made it so easy to
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convey both misinformation and rumors, and these
messages tend to reappear several times after their initial
occurrence [28]. In light of this, most platforms have
implemented several measures to curb the spread of
false information and rumors. For example, some
platforms, like Instagram, Facebook, and Twitter, put a
checkmark on potentially misleading posts by including
URLs to official sources for more information. They
also rely on changes in engagement patterns to flag
potentially misleading information since disinformation
attracts attention, triggering content moderation [29].
Despite all the challenges, there has been some
success when attempting to counter misinformation
through proprietary algorithms that borrow from the
concept of natural language processing and machine
learning [30]. Some other methods focused on using
corrective measures to reduce misinformation [31].
However, this approach only affects content shared
on a particular media outlet and not the main source
of the misleading article. Another approach focused
more on the domain of social media suggested the
down-ranking of untrustworthy news sources by its
users [32]. WhatsApp and Facebook Messenger, in their
quest to reduce the upsurge of media misinformation,
imposed a ‘forwarded’ tag and a limit to forwarding
messages to the recipient. This helped to reduce the
spread of false information during the pandemic’s peak
[20].

With social media being more accessible than
ever [33l], misinformation and public perception are
becoming more difficult to identify [34]. According to
a survey by Suciu [33], at least eight out of 10 U.S.
citizens obtain their news via their smartphone. While
major social media platforms have enacted some efforts
to reduce this, there is little chance it will ever be
completely eliminated. This is because comprehensive
monitoring of practically all user-created content would
be required.

2.1. The Consequences of Public Perception
for Conservation

Misinformation leading to public perceptions that
go against the recommendations of scientists and health
officials can be a grave concern [36]. This includes
recommendations from conservation biologists,
protected areas managers, and other professionals
who are often working to prevent ecological crises
[37]. A prominent example comes from efforts to
malign research on the impact of free-ranging cats
on native wildlife [38]]. The research in question was
published in an internationally respected, peer-reviewed
journal and contributed to the literature through its

attempt to quantify the number of birds and mammals
killed by cats annually [39]]. Anti-bat narratives are a
well-known issue [40] that received increased attention
since the COVID-19 pandemic, with interview and
survey studies documenting negative, and at times firm
beliefs about bats [41), |20, [10]. However, even when
survey participants report certainty in false information,
these beliefs are not stable over time [42]. Instead,
the misperceptions that seem firmly held may just
be miseducated guesses that can be corrected [42].
Indeed, perceptions can be corrected [43| 44)]. Doing
so may have significant impacts. In the context of
bats and COVID-19, Nanni and colleagues suggested
that pro-conservation messaging in the media reduced
persecutions of bats, although its effect on public
perception was not quantified [10].

Public perception of wildlife can therefore hinder
or enhance conservation efforts. However, quantifying
perception typically comes in the form of intensive
efforts such as surveys [20], interviews [41], and
manually analyzing the spread of information on social
[12], and traditional media [45} [11]]. However, to our
knowledge, there have been no efforts to examine the
wealth of social media to quantify the perception of
the public through the statements they make online.
This may be due to the limitations of thematic and
sentiment analyses typically used to study these online
conversations. Thus, we contend that better tools
for measuring perception analysis are needed. Such
tools can provide conservation biologists with the
ability to rapidly determine public perception on any
topic and quantify the effects of their efforts to use
pro-conservation messaging.

2.2. Perception Analysis

Perception is primarily concerned with how people
express their thoughts, and this can be as a result
of their experiences over time or their environment
[7]. They can be transmitted via visual cues like eye
contact, body movements, or a written document. Our
research focuses mainly on written documents and text
analysis based on trigger words and intents toward
a target object (bats). Perception is considered an
identifier of intent towards an object or an immediate
environment [46]. Perception in itself can, in fact, warp
the depiction of the world that surrounds us [47]. The
topic area is not new and has been widely studied to
gain an understanding of how people make sense of
their world. Hollies et al. [48] in a study in 1979,
conducted a perception analysis on clothing comfort.
The purpose was to understand comfort preferences, but
the survey methodology used constrained the research to
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a particular niche with limited data. This same method
was also employed in 2009, for a notable study by
Marin et al. [49] to understand people’s perceptions
towards facility management. The researchers also
went a little bit further to explore user awareness
and behavioral tendencies of the management. Most
recently, the sentiment analysis method has been
applied in several studies to automate human perception;
some tools like Vader, TextBlob, and SentiwordNet
were captured as having some underlying inaccuracies
[SO]. One of the issues is not appropriately capturing
negation in a sentence, and the other is calculating
polarity scores without taking into consideration the
context established by a sentence. It should be noted
that some improvements have been recorded, with
the introduction of some tools like the Bidirectional
Encoder Representations from Transformers (BERT),
the ConceptNET framework, and XLNET, but these
tools need hundreds of thousands to millions of data
points to be trained [51] for them to effectively measure
perception.

Analyzing perceptions within the confines of this
research ties back to the concept of strengthening or
amplifying a perceived thought pattern. To do so
automatically means identifying and extracting cues
from posts or the identification of the kind of text
presented to the audience. For example, it is known
that questions are generally neutral because they are
statements of inquiry, like “Are we sure that bats
are deadly?” To decode whether a statement was
a question or not, the auxiliary verb acts as the
root, while the noun or pronouns must be identified.
Additionally, some keywords can negatively impact
perception, even if the overall argument of the sentence
is not necessarily negative. For example, words such as
“transmit, harbor the virus, and cause” can negatively
impact one’s perception of the target object (bats).
Another important feature that is key to this research
is conjunctions. Conjunctions can either maintain or
negate an established fact in a sentence. A good example
of conjunction is in the sentence, “Bats are regarded as
evil, but I don’t see any evil in them.” The keyword
‘but’ negates the earlier statement insinuating that bats
are evil. This example also benefits from the concept
of coreference resolution, where ‘them’ in the earlier
statement can be changed to ‘bats’ automatically.

Coreference resolution is the process of uncovering
all expressions in a text that relate to the same entity
[S2]. The English language, as with all languages,
comes with some peculiarities. These include semantic
structures and contextual encoding that enable readers to
understand a particular text and the entity that acts as a
subject or object. Coreference resolution tries to unmask

all pronouns in a text that has a reference to either a
subject to a text or a direct object. It is a necessary step
in many higher-level NLP tasks like question answering,

and information extraction as visibly seen in[Figure T]

Michael doesn't like Bats. But| he |wants to take| them| home

...But|Michael |wants to take | Bats |home

Figure 1. Practical Demo of Coreference Resolution

3. Methods

This study employed a modularization pipeline
with an advanced NLP procedure to decode indicators
from social media posts (Twitter) that directly blame
the subject/object (bat) in a given text. Bats can
act as a subject in a text and, in some cases, as
the object when the subject is another entity, e.g.,
“Gabriel has decided to abandon all the bats in his
environment.” The name Gabriel is the subject, while
bats are the direct object that was abandoned. We
also experimented with the word-level Bidirectional
Encoder Representations from Transformers (BERT)
before applying the modularized architecture. Since
the BERT model works with a pre-labeled dataset, the
researchers hand-coded 300 randomly sampled tweets
related to our topic of interest. The model was trained
using the distillbert-base-uncased framework, and the
defined labels were: pro, anti, and neutral. All these
were encapsulated as numbers in a vectorized form, but
it only accounted for a 47.2% accuracy with the sampled
data. This confirms the position of Guo et al. in 2021
that BERT functions best with a larger training dataset
[53].

Our study focused primarily on five disease
outbreaks: COVID-19, Ebola, MERS, Marburg, and
Nipah viruses.  Using the keyword combinations
“COVID-19” OR “coronavirus” OR “SARS-CoV-2”
AND “bats” for the COVID-19 query from 2019
to present, we analyzed the virus’ relation to bats.
Other date ranges included periods from 2012-2022
for MERS, 2012-2021 for Marburg, 2018-2020 and
2021-present for Nipah, and 2014-2016 and 2021-2022
for Ebola. Data were obtained directly from the Twitter
platform for the analysis using the various disease
outbreaks as keywords and also taking into account that
the purpose of the research, according to RQ1 and RQ2,
is to examine the perception of bats in connection to
those outbreaks. The Twitter academic research V2
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API permitted the creation of search parameters for
collecting data over a specific time period.

3.1. Data Processing

To simplify the process, we used a modularization
architecture to segment each process to improve
computing efficiency and accountability for each phase,

as shown in |[Figure 2|

Correct

==
=

Toxt Pr';‘aan Perception

Clean Conjuction
Detection

Figure 2. Modular Framework for Perception
Analysis

Data Preparation: This module encapsulates
the clean, prepare and correct functions shown in
It handles grammatical errors as well
as decoding popular shorthand and prefix honorifics,
following the approach of algorithm[I] The pseudocode
is based on the Gingerlt API developed by Tim
Kleinschmidt [54]]. It works by producing a similarity
score and the probability of replacing one word over
another based on the nearest neighbors.

Algorithm 1 Data Preparation

procedure PREPARE(text)
get + tokenize(text)
apply < honorifics(text)
load < dictionary(GingerIt())
get + incorrect(tokens)
if tokens| found] = incorrect then
find < all(similarities : tokens)
get + similarity_score(tokens)
measure|distance(n < neighbours)
probability < P(U}_,tokens;)
return token_max (probability)
else
return text
end if
end procedure

Coreference Resolution: This module, ensures
that all entity references to bats are effectively located
and addressed. This study utilized the cross-lingual
coreference model, a combination of the neural net

scoring model and the spaCy language model for
coreference resolution. The algorithm shows a
step-wise procedure. The first step as seen in the
procedure is parsing the text 7' through a neural network
and allowing a tokenized representation of the text to be
created, linking all entities and pronoun representations
as a network. These tokenized representations comes
with attributes and the two most important attribute are
the parts of speech (POS TAG) and dependency marker
(DEP) linking all entities and pronouns. This forms a
chain reaction and the end product is to apply the DEP
with the corresponding POS TAG. A good example of
this in practice is when you have the text “Michael
does not like bats. But he feels they are harmless
and contributes to biodiversity”. The establishment
of coreference links is between “Michael—he” and
“bats—they.” This helps the machine understand the
entity that feels bats are harmless and contribute to
biodiversity in a case where the first statement is
discarded.

Algorithm 2 Coreference Resolution

procedure COREF(text)
neural Net(text) < send
find < all(entities)
if entities[found] = LINKED(pronouns)
then
token.get(core ference_links)
token[index] = build(chain)
return token.join
else
return text
end if
end procedure

Conjunction Detection: The next module, after
routing the referenced entities to the appropriate
connections, is the conjunction detection module. This
helps to mark statements that were negated or re-echoed
for clarity to establish current facts. Conjunctions are
words such as “but”, “although”, and “nevertheless.”
These words can either support or contradict a topic
statement. For example, when the word “but” is
used, the subsequent statement eventually negates what
was previously stated. This module works on short
statements with a character limit of 350, and the Twitter
platform is a good fit for its application. An appropriate
illustration would be having the text, “they all said nice
things about bat conservation, but I don’t think that
it will help human existence.” The module focuses on
current facts, namely that the writer thinks that bats
are not good for human existence, as opposed to the
previous position that people were saying nice things

Page 2479



about bats.

Sentence Separator: This function keeps the data
that focuses on the subject or object (bats) of our
analysis by tokenizing the overall text on a sentence
level. Sentences within tweets are split, and the portion
that attacks or defends bats is retained.

Question Detection: This module checks for
questions and discards them without explicitly affecting
other statements outside the scope of the question.
Questions are statements of inquiries, and as such,
they are treated as an inquiry that has no negative or
positive connotation. Although there are some questions
that attack instead of inquire, like rhetorical questions,
this module only discards questions unless there is
another piece of information provided before or after the
question domain. This module produces results devoid
of questions.

Pattern Matching: The pattern matching function
identifies pro- or anti-bat remarks based on the language
construct, context and how it affects the existence of
bats. This final step is about understanding the various
words that were used for or against bats in a sentence
and making a decision as to what the label would be. In
this, we developed an algorithm that matches specific
keywords from our corpus based on their semantic
similarities to decipher what is for or against bats.

3.2. Inter-coder Reliability

We validated our analysis using the inter-coder
reliability test. Three researchers code-named, CODER
A, B, C manually coded 300 random tweets. Coder
similarity ranged from 79-92%. The coding was
compared to our automated tool’s output as shown in
All Coders met to discuss disagreements,
re-coded data, and established tool reliability by
comparing to autonomous output.

Table 1. Inter-coder Agreement
Coder A Coder B Coder C Auto

Coder A 100% 92% 79% 82.30%

Coder B 92% 100% 86% 87.60%

Coder C 79% 86% 100% 80.70%
4. Results

We found that the framework, through the
inter-coder reliability analysis, was able to correctly
identify the perception of over 87.6% of the manually
coded tweets after reconciling the coder’s biases,
showing that the tool can support the analysis of public
perception of social media posts. Across outbreaks,
tweets tended to be anti-bat (59%), with pro-bat tweets

(6%) being much less common. The Ebola outbreak
of 2014 represented the largest dataset within our
analysis, followed by COVID-19, MERS, and Nipah,
respectively. By comparison, relatively few tweets
about Marburg matched the keywords in our search.
All outbreaks showed repeating patterns of anti-bat
perceptions that overwhelmed pro-bat posts, despite
efforts by conservation groups to counter negative
narratives.

Anti-bat (n = 1314)
0.0015 Pro-bat (n = 338)

0.0010

Density

0.0005

0.0000

2020 2021 2022
Date
Figure 3. Perception towards bats in connection to
the COVID-19 pandemic

COVID-19 was the only outbreak in our dataset
where the majority of tweets were neutral (52%). Of
tweets where perception was either pro- or anti-bat,
our algorithm found that most tweets reflected anti-bat
perceptions (38%), including the belief that bats were
to blame for the COVID-19 outbreak and numerous
statements about bat-to-human transmission
As shown in[Figure 3] the density of the pro- and anti-bat
tweets showed similar fluctuations over time. It should
be noted, however, that there were nearly four times
more tweets with an anti-bat perception than with a
pro-bat perception. The change in density represents
the relative number of tweets that were either pro- or
anti-bat over time. The year 2021 had the most anti-bat
tweets, visualized in the trend map of the 1 and 3rd
quarters. This was also present in the second quarter
of 2020, but not with the same intensity. The later
dates of 2022 (second and third quarters) experienced
a decline in the volume of anti-bat remarks. There were
a few differences in how pro- and anti-bat tweets were
communicated across the trend lines. An increase in
pro-bat tweets occurred when legitimate media outlets
began urging people not to kill bats 33 [56]. Although
this might have spurred the increase in pro-bat tweets,
anti-bat tweets continued throughout 2022 at a far
greater pace.
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The Ebola dataset also showed a pattern of anti-bat
perception that can be linked to specific events and
news. [Figure 4| shows the density map in connection
to the Ebola outbreak in West Africa. The 1% and
2" quarters of 2014 had relatively few tweets with
anti- or pro-bat perception, whereas the third and fourth
quarters had more activity, especially in anti-bat tweets.
This is because the link between bats and the disease
outbreak did not gain traction in the early part of the
year, but the density of anti-bat mentions increased due
to numerous tweets related to a warning from the United
Nations (UN) to avoid contact with fruit bats on July
21, 2014. Although tweets including the headline from
the UN warning of “fruit bat risk” were either scored
as neutral or only slightly negative, this warning was
reworded in increasingly negative ways, with statements
such as, “Ebola fight hinges on getting West Africans
to avoid bats.” The anti-bat perception persisted in the
1st, 2nd gnqg 34 quarters of 2015, albeit at a lower rate
due to increased neutral news headlines appearing in
tweets. However, in 2016, the anti- to pro-bats intensity
normalized (i.e., the rate of change between the two
was not significant), and this can be attributed to most
mentions that bats have “super immunity” and could
help fight off diseases like Ebola.

Anti-bat (n = 5480)
Pro-bat (n = 408)

0.0100

0.0075

Density

0.0050

0.0025

0.0000

2014 2015 2016
Date
Figure 4. Aggregated perception towards bats in
connection to Ebola outbreak

The MERS, Nipah, and Marburg outbreaks exhibited
unique trends, as seen in |Figure 5| and [Figure 6}
Perceptions towards bats were mixed, but predominantly
neutral or anti-bat, during the four Marburg outbreaks
we studied. Tweets relating to these outbreaks
comprised less than 2% of our dataset. The small
sample size produced few insights, except that the link
between bats and this viral disease did not appear to have
garnered much attention on Twitter. More tweets were
collected for the MERS outbreak in 2012. There was
no significant difference in pro- and anti-bat mentions

| Bt
Pro-tai (n=1)

Density

201301 201307 2014-01 2014-07 201501 201507 2016-01 2016-07

c
Anti-bat (0= 41)
Pro-bat (n=21)

Density

i

201801 201807

Figure 5. Perception towards Bats in connection to
the Marburg outbreak

in relation to MERS during 2012, although negative
comments surpassed the positives. The first major
shift in perception happened in the third quarter of
2013 as more pro- and anti-bat tweets were recorded.
During this time, several media articles on potential
links between bat health and human health received a
large amount of attention, including pro- and anti-bat
reactions to the articles. Overall, anti-bat perception
dominated the dataset as tweets drew connections
between MERS and other viruses, such as Nipah. The
third quarter of 2014 experienced a slight decline, and
in 2015, people’s perceptions tended upward.

Density

2013 2014 2015 2016 2017 2019 2020 2021 2022

MERS NIPAH

Figure 6. Perception towards Bats in connection to
MERS and Nipah outbreaks

Finally, most tweets during the Nipah outbreaks of
2018 and 2021 were anti-bat. Unlike that of MERS,
which had fewer pro-bats representation, the pro-bat
tweets were considerably larger in the Nipah dataset,
but anti-bat tweets dominated the whole period of the
outbreak. They started in the 1% quarter of 2018 and
went down a bit as the year continued, but peaked in the
2nd 31 and 4" quarters of the next year. Pro-bat tweets
increased in the year 2020 and decreased in the later
period of 2021, due to the increased deaths recorded
as a result of the COVID-19 virus in 2021. The year
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2021 experienced more anti-bat representation, which
decreased in the last quarter of 2022. We strongly
believe that the reason for the trend lines was that people
were generally concerned about the connection between
bats and disease outbreaks.

5. Discussion

This discussion reflects on the implications of this
approach when designing tools for perception analysis
for use in decision-support tools. The modularized
NLP framework in captures a phased approach
to transforming text data into usable information for
decision-making purposes. This represents an essential
addition to existing tools for analyzing social media,
such as sentiment analysis. The framework proposed in
this research is not only applicable to zoonotic diseases;
the algorithm can also be used for organizational
growth metric detection, product perception analysis,
and market research perception analysis.

Our results add to a growing body of literature
demonstrating how posts on social media can provide
important clues about who or what the public believes is
to blame for a disease outbreaks [4}3,|57]]. Such a notion
can represent rumors and misinformation that may result
in hostility toward the target of blame [38]]. Although it
is uncertain whether tweets containing unsubstantiated
claims and misconceptions about the role of bats in
disease outbreaks led directly to the culling events
reported during the early stages of the COVID-19
pandemic [14], our results plainly show evidence of
substantial anti-bat perception. It is therefore easy to
see why conversations trended towards more anti-bat
comments than pro-bat conversations, regardless of any
contrary factual evidence. This is further illustrated
by the results of our density plots, which offer a
comparative visualization of public perception during
various outbreaks. Here we see that anti-bat perceptions
outweigh pro-bat statements, with a few exceptions.
Notably, we found a shift in aggregated perception
during the MERS 2015 outbreak. This is likely
because, although bats were implicated during the 2012
outbreak, research suggesting camel-to-human virus
transmission had increased markedly by 2014 [359],
decreasing anti-bat narratives.

Overall, our work suggests that there is merit in
utilizing computational methods and NLP analysis to
examine the perception of bats in a consistent manner
across several unrelated disease outbreaks. The tool
helps gather and parse data with specific keywords,
eliminating a large majority of unrelated information.
It also allowed us to examine shared patterns, such
as the tendency for public perception to be primarily

negative during the onset of outbreaks. As the
outbreaks continued, the pattern shows how the flow
of information stabilized, even shifting in the opposite
direction in some cases.

This work extended previous HICSS research,
outlining challenges to using a sentiment analysis when
aiming to understand public perception since posts with
negative sentiments can actually be in favor of a cause
and vice versa [6]. Our work operationalized perception
as dealing with the subjective nature of the text towards
a particular entity, e.g., bats in connection to zoonotic
disease outbreaks. This is in contrast to analyzing texts
based on its overall emotion or tone.

5.1. Limitations and Future Work

The framework showed promise for analyzing public
perception during disease outbreaks, which could be
applied to other crisis domains.  Although it was
serialized, combining deep learning features would
improve accuracy in the future.  Future research
directions should include integrating commonsense
reasoning capabilities from neural networks or other
suitable machine learning algorithms in addition to
what was demonstrated in The knowledge
distillation approach from the GPT network or
transformer-based models can be adopted as well to
boost prediction accuracy for light-weight machine
learning models, in case they are to be used in the future
for this analysis. Fuzzy logic techniques would also help
analyze the fuzziness in the results, as the output should
not be solely binary.

6. Conclusion

This study proposed and implemented a modularized
architecture for discovering human perceptions of bats
from social media. It has been established that
media narratives shape public perceptions, and these
perceptions can result in irreversible public actions
in a geographic location where these narratives are
prevalent. Therefore, handling perception is essential
and requires understanding sentence structures and
how meaning is drawn from words connected to
their semantic networks. To this end, the study took
cognizance of questions in a sentence, coreference
resolution, conjunction detection, sentence/word
correction, and pattern matching. The algorithm was
validated by manually coding 300 random tweets from
the dataset and running our proposed tool shown in
on them. Our results show promise for the
use of such automated tools in summarizing public
perception, having achieved over 80% accuracy, with
the highest being 87.6% (RQ1). From the result
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section, it is clear that the number of anti-bat posts
made in the early stages of these virus outbreaks
increased but decreased as the outbreaks ran their

course (RQ?2).

However, the overall perception

remained predominantly anti-bat. Our tool can play a
pivotal role in understanding people’s perceptions of
a particular phenomenon (maybe the next outbreak),
giving stakeholders first-hand knowledge of people’s
perceptions of the outbreak.
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