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ABSTRACT

Objectives: Vaccines are crucial components of pandemic responses. Over 12 billion coronavirus disease 2019

(COVID-19) vaccines were administered at the time of writing. However, public perceptions of vaccines have

been complex. We integrated social media and surveillance data to unravel the evolving perceptions of COVID-

19 vaccines.

Materials and Methods: Applying human-in-the-loop deep learning models, we analyzed sentiments towards

COVID-19 vaccines in 11 211 672 tweets of 2 203 681 users from 2020 to 2022. The diverse sentiment patterns

were juxtaposed against user demographics, public health surveillance data of over 180 countries, and world-

wide event timelines. A subanalysis was performed targeting the subpopulation of pregnant people. Additional

feature analyses based on user-generated content suggested possible sources of vaccine hesitancy.

Results: Our trained deep learning model demonstrated performances comparable to educated humans, yield-

ing an accuracy of 0.92 in sentiment analysis against our manually curated dataset. Albeit fluctuations, senti-

ments were found more positive over time, followed by a subsequence upswing in population-level vaccine

uptake. Distinguishable patterns were revealed among subgroups stratified by demographic variables. Encour-

aging news or events were detected surrounding positive sentiments crests. Sentiments in pregnancy-related

tweets demonstrated a lagged pattern compared with the general population, with delayed vaccine uptake

trends. Feature analysis detected hesitancies stemmed from clinical trial logics, risks and complications, and

urgency of scientific evidence.

Discussion: Integrating social media and public health surveillance data, we associated the sentiments at individ-

ual level with observed populational-level vaccination patterns. By unraveling the distinctive patterns across subpo-

pulations, the findings provided evidence-based strategies for improving vaccine promotion during pandemics.
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INTRODUCTION

To fight against the SARS-CoV-2 pandemic, vaccines from multiple

pharmaceutical companies began to receive FDA approval at the

end of 2020.1 As of fall 2022, more than 12 billion doses of vaccines

have been administered across over 180 countries or regions (https://

www.bloomberg.com/graphics/covid-vaccine-tracker-global-distri-

bution/). Discussion regarding the vaccines emerged even earlier,

especially on social media platforms.2–4 Individuals hold different

attitudes and opinions towards vaccines and getting vaccinated dur-

ing such an unprecedented pandemic.5,6 Social media, where user-

generated content is emphasized, is involved more profoundly in

people’s lives. Information travels further on the internet and social

media, including the news, commentaries, anecdotes, and personal

feelings about coronavirus disease 2019 (COVID-19) vaccines. Sur-

veillance data, the systematic collection of ongoing evidence, aim to

provide subjective and comprehensive public health perspectives.

In previous studies, researchers have attempted to understand

attitudes toward COVID-19 vaccination from various perspectives.

Many studies administered survey-based methods and associated

local distribution strategies focusing on many specific regions.7–9

However, survey-based studies are frequently subject to limited sam-

ple size and time frame. Other groups sought more generalizable

perspectives using user-generated data, such as social media.4,10,11

Compared to surveys, social media analyses have many advantages,

including timeliness, easy accessibility, objectivity, diversity, and

generalizability. However, one remaining gap underlines under-

standing the sources resulting in delays and hesitancies of vaccine

uptake. Previous studies focused exclusively on 1 type of data source

that hindered the potential of interpretable and applicable findings.

In this study, we took advantage of the granularity of the user-

generated data on one of the mainstream social media platforms,

Twitter, and the rigor of the comprehensive public health surveil-

lance data from health authorities to investigate the sentiments

towards COVID-19. We further investigate informatics approaches

to dissect the disparities among subpopulations. Sub-analyses were

conducted focusing on pregnant people, as they were excluded from

initial COVID-19 vaccine trials and administering a novel vaccine

during pregnancy involves unique considerations. In addition to pro-

viding interpretable evidence to understand the vaccination trends in

the current pandemic, we also proposed a set of scalable informatics

strategies for characterizing immunization promotion in future pan-

demics and public health emergencies.

MATERIALS AND METHODS

Data extraction
We used user-generated posts from a mainstream social media plat-

form, Twitter. Tweet objects were retrieved using the Twitter API

(https://developer.twitter.com/en/docs/twitter-api) based on a set of

identifiers for COVID-19-related tweets provided by the Panacea

Lab.12 The actual tweet numbers may vary since tweets may be

deleted or removed by the user or the platform constantly. We

extracted tweets from March 1, 2020 to March 1, 2022, which cov-

ered the period when the topic of COVID-19 vaccines initially drew

public attention to the date when billions of vaccines were adminis-

tered worldwide. Vaccine-related tweets were identified by regular

expressions (details in Supplementary Material). The tweets ana-

lyzed in this study are all original, that is, retweets are removed.

Only the tweets in the English language were considered. Vaccine

administration data were extracted from the Our World in Data

(OWID),13 an integrated databased summarizing COVID-19 sur-

veillance data from local official sources of over 180 countries

worldwide, including the Center for Disease Control and Prevention

(CDC), World Health Organization (WHO), local governments, etc.

It is noteworthy that data for each country are updated to various

frequencies. Pregnancy-related tweets were identified from the pool

of all COVID-19 vaccine-related tweets by regular expression

(details in Supplementary Material). Data on COVID-19 cases

(https://covid.cdc.gov/covid-data-tracker/#pregnant-population

[November 22, 2022]) and vaccinations among pregnant people

(https://covid.cdc.gov/covid-data-tracker/#vaccinations-pregnant-

women [November 22, 2022]) were obtained from the CDC. Since

pregnancy-related data provided by CDC are only available for the

United States, this subanalysis focuses only on data for the United

States.

Sentiment analysis
In sentiment analysis, we assigned each tweet as positive, neutral, or

negative sentiment toward the vaccine. To automatically recognize

the sentiment for each tweet in a large-scale dataset, we finetuned a

supervised deep learning classifier based on a subset of 7700 ran-

domly selected, expert-annotated tweets. We followed the sentiment

annotation protocol of our prior study14 (details in Supplementary

Material). The 7700 tweets were split into 6160 (80%) for training,

308 (4%) for validation, and 1232 (16%) for testing. The test set

was held out until the final evaluation. A state-of-the-art deep learn-

ing model for sentiment analysis, XLNet,15 was finetuned for the

task. After initializing from the general-domain pretrained XLNet,

we first finetuned the model against a general-domain sentiment

analysis Twitter dataset, SemEval,16 to familiarize the model with

Twitter-specific expressions. Subsequently, a second finetuning and

evaluation were conducted against the annotated dataset’s testing

set. Extensive feature analysis and visualization were further con-

ducted using “BertViz”17 to illustrate keywords and cue phrases

(details in Supplementary Material).

In the analysis of sentiment dynamics, sentiment changes con-

sider users’ sentiment switching between positive and negative (ie,

switching to neutral or switching from neutral are not counted) on

subsequent tweets or vice versa. Counts for the number of users

with sentiment changes were defined as those who posted a tweet

with positive/negative sentiment on the given day and whose pre-

vious tweet was of negative/positive sentiment.

Structured features
Integrating multiple informatics approaches, we obtained structured

features in an automated pipeline. The pipeline comprises

“deepface” (V 0.0.68),18 a hybrid face recognition framework wrap-

ping multiple state-of-the-art models, and “mordecai” (V 2.1.0),19 a

package to parse the locations from free-text form to structured geo-

graphic information.

Three demographic variables, gender, age, and race or ethnicity

(we use “race” hereafter for simplicity), were identified from the

profile images. When the profile image was unavailable for any

tweets from a user, we could not detect the demographics of such

users. Gender in this study was considered dichotomously, that is,

female and male. Race was classified into Asian, Black, Hispanic,

and White. Age was further grouped into groups 0–19, 20–39, 40–

59, and above 60. These classifications were made to reflect distinct

social determinants and experiences of each subgroup that may be

associated with vaccine attitudes.
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Locations for each tweet were parsed from the “location” attrib-

ute in the “user” dictionary of the tweet object. The “location”

attribute is an optional free-texted attribute generated by users,

which possesses a great degree of freedom. The population estimates

for calculating the per-capita metrics of each country were obtained

from OWID (https://ourworldindata.org/grapher/population-past-

future [November 21, 2022]). Countries with a total of fewer than

1000 tweets were not considered.

Statistical methods
All the daily counts were shown as 7-day averages to smooth local

fluctuations. Proportion tests were conducted to compare the per-

centages between groups when appropriate, of which P-values of

pairwise tests were adjusted by the false discovery rate (FDR) for

multiple test corrections. Student’s t tests were conducted to com-

pare normally distributed groups. Implementation detail can be

found in the Supplementary Material.

RESULTS

Data
In total, 11 211 672 vaccine-related tweets corresponding to

2 203 681 unique users from March 1, 2020 to March 1, 2022 with

surveillance data of the same period were included in the analysis.

Demographic information was detectable for 753 998 users, for

whom the distribution of demographic features stratified by the num-

ber of users or tweets can be found in Figure 1. Distributions by users

and by tweets showed similar patterns. The distribution of race was

unbalanced, with most of the population being White. The age distri-

bution was centered around the mid-aged group, with a slight right-

skewed pattern and thin tails on both sides. Male users dominated the

group by approximately 89%, in line with a recent Statista survey

(https://www.statista.com/statistics/678794/united-states-twitter-gen-

der-distribution/ [November 18, 2022]) showing that male users have

a greater percentage among all users on Twitter.

Sentiment analysis
The accuracy yielded by the finetuned model on the test set of the

annotation dataset is 0.92, with a balanced distribution for each

class (Table 1).

Tweet trends
Temporal trends of sentiments

The number of vaccine-related tweets stratified by sentiments is

shown in Figure 2A overlaid with daily vaccination counts.

Figure 1. Demographic distributions for the number of users (A, B, C) and the number of tweets (D, E, F). (A) Distribution of race among all users. (B) Distribution

of age of all users. (C) Distribution of gender of all users. (D) Distribution of race among all tweets. (E) Distribution of age among all tweets. (F) Distribution of gen-

der of all tweets.

Table 1. Performance of sentiment classification by class

Precision Recall F1-score Support

Negative 0.88 0.91 0.90 216

Neutral 0.94 0.90 0.92 518

Positive 0.93 0.95 0.94 498

Macro averaged 0.92 0.92 0.92 1232

Weighted averaged 0.92 0.92 0.92 1232
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Sentiments set off heterogeneously during the early periods of the

studied timeframe. While shortly after the rollout of the vaccine, posi-

tive sentiments surpassed neutral and negative sentiments in early Jan-

uary 2021 (after the dashed green line) and remained dominant for

the rest of the studied period. An upswing was also observed in the

vaccine uptake but lagged in the prevalence of the positive sentiments.

Four crests for both positive sentiments and vaccine administration

were annotated in Figure 2A. In addition to the overall trend, the 4

peaks of positive sentiments also precede each peak in vaccine admin-

istrations. Superimposing the trends with the vaccine development

timeline, we detected encouraging news and motivational events hap-

pening globally and propagating on social media surrounding the

peak days for positive sentiments (Table 2). It is noteworthy that

numbers in Table 2 are shown as unaveraged counts of tweets or vac-

cinations, which can differ from those in Figure 2A.

Fluctuation of sentiments in tweets

The tendencies of sentiment fluctuation are shown in Figure 2B.

Two outstanding peaks towards positive sentiments can be observed

in the figure, which corresponds to November 9, 2020, when Pfizer-

BioNTech announced that the vaccine candidate against COVID-19

achieved success in the first interim analysis from a phase 3 study,

and August 23, 2021, when FDA granted full approval to the first

COVID-19 vaccine. Meanwhile, the highest peak towards negative

sentiments was on April 13, 2021, when Johnson & Johnson vac-

cine paused after reports of rare clotting cases emerged.

Sentiment distribution by race or ethnicity, gender, and age group

The distributions of sentiment towards the vaccines by race, gender,

and age are shown in proportions in Figure 3. Each sentiment panel

shows the percentage of tweets from the given subpopulation. For

example, “22%” for the Asian column in the negative subplot can

be interpreted as “22% of all tweets posted by Asians individuals

were of negative sentiment”. The White subpopulation had signifi-

cantly fewer negative sentiments compared to the other 3 racial sub-

populations. While we observed the same proportion of negative

tweets in female and male users, female users showed a significantly

higher proportion of positive sentiments towards the vaccines. Users

aged 20–39 had significantly more positive sentiments towards the

vaccine than users aged 40–59. Significant differences in sentiment

towards the vaccine can be detected only between the 20–39 and

40–59 age groups, which might be due to the small sample size in

younger and senior groups.

Figure 2. Temporal trends of tweets and fluctuations. (A) 7-day averaged daily counts of tweets (left y-axis) and vaccinations (right y-axis) from March 1, 2020 to

March 1, 2022. Daily counts of tweets are shown in negative, positive, and neutral sentiments by color. The number of vaccinations administered daily is illus-

trated in the shaded area. “1st,” “2nd,” “3rd,” and “4th” one the trend line and shaded area denote the 4 peaks of positive tweets and vaccination counts. The

green vertical dashed line marked when positive sentiment started to dominate after largely trending with neutral and negative sentiments. (B) The fluctuations

of sentiments in tweets over time. The number of users who switched to positive sentiments on a day is illustrated in the area above the axis, while the number

of users who switched to negative sentiments on a day is illustrated in the area underneath the axis.

Table 2. Dates and events with the greatest number of positive tweets around the 4 peaks

Peak Date Positive tweet counts Events

1st December 14, 2020 20 681 Sandra Lindsay, a nurse in New York, became the first person in the United States to get the

COVID-19 shot.

2nd March 2, 2021 17 788 Single-dose vaccine from Johnson & Johnson received FDA approval in the United States.

3rd May 13, 2021 20 367 The Pfizer COVID-19 vaccine was authorized for adolescents 12–15 years old.

4th August 23, 2021 31 987 FDA approved first COVID-19 vaccine.
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Distribution by geographical locations

Among all vaccine-related tweets, 6 524 086 tweets had locations

parsed. The percentages of positive and negative COVID-19 vac-

cine-related tweets in each country or region are shown in Figure 4.

The upper and lower 5 percentiles of the percentages of each senti-

ment were removed since some countries or regions with a limited

number of users may result in extreme percentages. The data are

divided into 10 quantiles which are illustrated by different shades.

Most areas with no data available (gray) are non-English-speaking

countries. For regions with data available, some showed a high per-

centage of positive sentiments and a low percentage of negative sen-

timents, such as China, India, and Zimbabwe. On the contrary,

some regions, such as Australia, Sweden, and Colombia, displayed

mostly negative sentiments towards the vaccines. Meanwhile, other

regions demonstrated controversial attitudes towards the vaccines,

such as the United States, Canada, and Brazil, where we see equiva-

lent shares in percentages of positive and negative vaccine-related

tweets (medium shade in both panels of Figure 4). The number of

positive, negative, and neutral tweets of each country are listed in

Supplementary Table S1 in the Supplementary Materials.

Pregnancy-related tweets and data compared to nonpregnancy-

related tweets and data

Among all vaccine-related tweets, we identified 105 039 pregnancy-

related tweets, of which 23 325 had a location available and in the

United States. In Figure 5, we compared the pregnancy-related

trends with the situations in the general population in the United

States. Given the initial exclusion of pregnant people in the clinical

trials for COVID-19 vaccines, for a period, vaccines were available

to pregnant persons without robust evidence. For pregnancy-related

subanalysis, we divided the studied period into 4 epochs as indicated

in Figure 5A: (1) pre-evidence-based recommendation stage (until

March 7, 2021),20 (2) efficacy publication stage (until July 29,

2021) (https://www.acog.org/news/news-releases/2021/07/acog-

smfm-recommend-covid-19-vaccination-for-pregnant-individuals

Figure 3. Distribution of proportions of sentiments by race, gender, and age group. The first column is for negative sentiments; the second column is for neutral

sentiments; the last column is for positive sentiments. ns: not significant (P-value > .05); *: .05<P-value � .01; **: .01<P-value � .001; *** .001<P-value � 1e�4;

****: P-value < 1e�4. All the P-values are adjusted for multiple tests using the FDR method.
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[November 26, 2022]), (3) recommendation stage (until September

28, 2021) (https://www.cdc.gov/media/releases/2021/s0929-preg-

nancy-health-advisory.html [November 26, 2022]), and (4) urgent

action stage. Similarly, the studied period can also be considered as

4 epochs for the general population regarding vaccine development

and recommendation as indicated in Figure 5B: (1) the period when

no approved COVID-19 vaccine (until December 11, 2020), (2) the

period when vaccines are issued Emergency Use Authorization

(EUA) (until August 22, 2021), (3) the period when US Food and

Drug Administration (FDA) started to grant full approval to vac-

cines (until November 29, 2021), and (4) the period when booster

shots were recommended by Center for Disease Control and Preven-

tion (CDC).

A delayed positive sentiment rise was observed in pregnancy-

related tweets. For the general population, positive sentiments

remained dominant since vaccines were granted EUA near the end of

2020. In contrast, the significant peak in positive sentiments among

pregnancy-related tweets was around August 11, 2021, when the

CDC recommended COVID-19 vaccination for pregnant people

based on safety data (https://www.cdc.gov/media/releases/2021/

s0811-vaccine-safe-pregnant.html [November 3, 2022]). The upswing

of vaccination uptake among pregnant people was also delayed. For

the general population, the peak was found around mid-2021, after

all 3 vaccines were granted EUA, while we observed a gradually

increasing trend until early 2022 in the daily vaccination among preg-

nant people. Furthermore, we observed 2 peaks in both populations

regarding the trend of COVID-19 cases, with both peaks in pregnant

people preceding the general population. The second peak is much

higher than the first peak among the general population, while we

observed a comparable second peak among pregnant people.

Figure 4. Percentages of COVID-19 vaccine-related tweets (with lower and upper 5 percentiles removed). (A) Positive tweets; (B) Negative tweets. Countries or

regions excluded or with fewer than 1000 vaccine-related tweets are shown in gray.
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DISCUSSION

In this study, we systematically characterized the tendencies of senti-

ments toward the COVID-19 vaccines in multiple dimensions by

superimposing large-scale data from a mainstream social media plat-

form, Twitter, and public health surveillance data worldwide. Inte-

grating the 2 types of data allow us to magnify the information gain

from the analysis as they complement each other well.

The XLNet model we finetuned was capable of identifying senti-

ment towards the vaccine automatically and efficiently. Meanwhile,

as a transfer learning model, XLNet was designed to work across

tasks with minimal additional training. Therefore, the resulting

model can feasibly be re-applied to similar tasks. During the analy-

sis, we noticed discussions regarding the vaccine were initiated even

before the official vaccine rollout on social media. Although neutral

and negative sentiments continued, positive sentiments have domi-

nated ever since early 2021. The more positive sentiments demon-

strated the better acceptance of the vaccine that subsequent upswing

in vaccine uptake was observed from surveillance data (Figure 2).

Although we do not claim causal relationships, timelines of encour-

aging development events were superimposable to the positive senti-

ment crests. Compared to tedious slogans, the report of such events

bridges the information gaps, shares peer experiences and promotes

confidence in the vaccine. Meanwhile, social media’s unique infor-

mation propagation pattern motivates sympathetic responses from

peer users exponentially. Therefore, in addition to characterizing

trends, social media could also be a powerful tool for health

education.

Taking advantage of open-sourced nature of social media data,

we could supplement a few missing parts of the surveillance data.

Analyses of race, gender, and age groups revealed distinctive pat-

terns among subpopulations (Figure 3). White users demonstrated a

lower percentage of negative sentiments, which is in line with a

recent study showing that White individuals have lower vaccination

hesitancy in multiple countries.21 To understand Asian users’ higher

negative and lower positive sentiments, we conducted further fea-

ture analysis probing the keywords among the negative tweets gen-

erated by Asian users (Supplementary Figure S1), which include

“Trial Questioned,” “Admits A Mistake (in the trial),”

“dangerous,” “untested vaccine,” “unnecessary,” “unethical.” The

keywords suggested concerns regarding validity and rationale in

clinical trials, which, in future pandemics, can be alleviated by more

explicit clarifications through vaccine education. Male users were

found to have significantly higher percentage of negative sentiments.

Figure 5. Daily pregnancy-related tweet and vaccination and case counts among pregnant women in the United States, compared to the situation among the gen-

eral population in the United States. Orange vertical dashed lines: EUA dates for Pfizer-BioNTech, Moderna, and Johnson & Johnson COVID-19 vaccines. Abbre-

viations: EUA: Emergency Use Authorization; FDA: US Food and Drug Administration.

Journal of the American Medical Informatics Association, 2023, Vol. 30, No. 5 929

https://academic.oup.com/jamia/article-lookup/doi/10.1093/jamia/ocad029#supplementary-data


Multiple studies showed higher rates of vaccine side effects among

men than women,22,23 which may contribute to the lower number

of positive sentiments among male users. However, previous global

studies showed that COVID-19 fatality rates among men are higher

than that among women in most countries,24 which suggests men

are in higher urgency of vaccination. Feature analysis among nega-

tive tweets generated by male users further identified the following

keywords (Supplementary Figure S2), “fatal,” “allergy patients,”

“related deaths,” “blood clotting,” “terrible covid vaccine story,”

which demonstrated concerns and hesitancy due to side effects and

complications. Promoting the vaccine based on gender-specific sci-

entific evidence could also elevate the vaccination rate and protect

the population. In age group analysis, we only detected significant

findings between the 20–39 and 40–59 groups since the 0–19 and

60–79 groups were of small sample sizes. The feature analysis for

the 40–59 group, who had a high percentage of negative sentiments

and a low percentage of positive sentiments, probed the following

keywords among negative tweets (Supplementary Figure S3), “sore

arm,” “Do not trust anything (Fauci says),” “epic failure (around

COVID-19 vaccine),” “bad science,” “incomplete (covid-19 vaccine

study).” Bad news and false information hindered the users’ trust in

the vaccine, where targeted vaccine promotion plans should come

into play. Although not significant, the senior users displayed the

lowest negative and highest positive sentiment. Senior citizens are

prioritized in vaccine administration in many countries worldwide,

which may imply that accessibility and availability of the vaccines

also play important roles in shaping users’ sentiments.

In the geographical analysis, the patterns of positive and negative

sentiments among countries can be described by 3 categories: high

in positive sentiments while low in negative sentiments, low in posi-

tive sentiments while high in negative sentiments, and comparable

percentages between positive and negative sentiments (Figure 4).

Policies regarding COVID-19 vaccinations among countries or

regions are different, which come along with various vaccine-

promoting strategies. Every country is positioned in a unique situa-

tion, with distinctive cultures, religions, economic status, and

vaccine availabilities, vaccine plans tailored to each exclusive situa-

tion would likely improve vaccine uptake in certain places.

Vulnerable populations require extra attention regarding timely

evidence-based recommendations. The pregnant population in this

study displayed distinct patterns compared to the general population

(Figure 5). The 2 preceding peaks in COVID-19 cases illustrate the

escalated susceptibility during pregnancy, which was found to be a

high-risk condition for COVID-19 severity and complications.25

Delay in the vaccination trend upswing illustrated the more substan-

tial hesitancy among pregnant people. Feature analysis probed the

keywords and cue phrases in the tweets of negative sentiments (Sup-

plementary Figure S4), which suggested possible evidence for hesi-

tancy. For pregnancy-related analysis, we identified keywords

including “complication associated,” “no clinical evidence,”

“mRNA shots not safe”; while for the general population in the

United States, we detected phrases including “FDA pauses (one of

the vaccines),” “risk of worsening clinical disease,” “not effective.”

Particularly, “no clinical evidence” was highlighted among negative

pregnancy-related tweets, which is consistent with the delays that

are likely due to the initial trials failing to include pregnant women.

A significant surge in positive sentiments was observed associated

with the recommendation for pregnant people released on August

11, 2021 based on safety data, demonstrating the significance of

tailored guidelines, which also led to an increase in vaccine uptake.

Furthermore, the second peak of COVID-19 cases among the

general population is considerably higher than the first peak, while

the second peak of COVID-19 cases among pregnant people is com-

parable with the first one, which could benefit from the increased

vaccination uptake. If recommendations could have been released

earlier for pregnant women, the first peak of the cases among preg-

nant people could have been lowered. Therefore, timely evidence-

based recommendations are essential in protecting vulnerable

populations.

Limitations
We only considered English tweets, which limited coverage in non-

English-speaking regions. This ignites exciting future studies direc-

tions addressing this limitation by developing natural language proc-

essing algorithms that works across multiple languages. The

algorithms we used to detect demographic variables and geographi-

cal locations were adopted from open-sourced repositories18 which

are not guaranteed perfect. Younger and more senior populations

were not the predominant users included in our study. Therefore,

the findings for those age groups might be weaker than other popu-

lations. Additionally, we acknowledge our singular focus on 1

source of data, Twitter. However, this focused data source helps us

to eliminate redundancy since it is highly likely that people have

social media accounts across multiple platforms where they may

post similar content. Though important for every country,

pregnancy-related data are only available in the United States. The

data were adopted directly from the CDC website, where we do not

have access to raw data for validation. The limitations are all oppor-

tunities for future research.
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