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Abstract

Background: Preterm birth, defined as birth at <37 weeks of gestation, is the leading cause of neonatal death globally and
the second leading cause of infant mortality in the United States. There is mounting evidence that COVID-19 infection during
pregnancy is associated with an increased risk of preterm birth; however, data remain limited by trimester of infection. The
ability to study COVID-19 infection during the earlier stages of pregnancy has been limited by available sources of data.

Objective: The objective of this study was to use self-reports in large-scale social media data to assess the association
between the trimester of COVID-19 infection and preterm birth.

Methods: In this retrospective cohort study, we used natural language processing and machine learning, followed by manual
validation, to identify self-reports of pregnancy on Twitter and to search these users’ collection of publicly available tweets
for self-reports of COVID-19 infection during pregnancy and, subsequently, a preterm birth or term birth outcome. Among the
users who reported their pregnancy on Twitter, we also identified a 1:1 age-matched control group, consisting of users with a
due date before January 1, 2020—that is, without COVID-19 infection during pregnancy. We calculated the odds ratios (ORs)
with 95% ClIs to compare the frequency of preterm birth for pregnancies with and without COVID-19 infection and by the
timing of infection: first trimester (1-13 weeks), second trimester (14-27 weeks), or third trimester (28-36 weeks).

Results: Through August 2022, we identified 298 Twitter users who reported COVID-19 infection during pregnancy, a
preterm birth or term birth outcome, and maternal age: 94 (31.5%) with first-trimester infection, 110 (36.9%) with second-tri-
mester infection, and 95 (31.9%) with third-trimester infection. In total, 26 (8.8%) of these 298 users reported preterm birth:
8 (8.5%) with first-trimester infection, 7 (6.4%) with second-trimester infection, and 12 (12.6%) with third-trimester infection.
In the 1:1 age-matched control group, 13 (4.4%) of the 298 users reported preterm birth. Overall, the odds of preterm birth
were significantly higher for pregnancies with COVID-19 infection compared to those without (OR 2.08, 95% CI 1.06-4.28;
P=.046). In particular, the odds of preterm birth were significantly higher for pregnancies with COVID-19 infection during the
third trimester (OR 3.16, 95% CI 1.36-7.29; P=.007). The odds of preterm birth were not significantly higher for pregnancies
with COVID-19 infection during the first trimester (OR 2.05, 95% CI 0.78-5.08; P=.12) or second trimester (OR 1.50, 95% CI
0.54-3.82; P=.44) compared to those without infection.
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Conclusions: Based on self-reports in large-scale social media data, the results of our study suggest that COVID-19 infection
particularly during the third trimester is associated with higher odds of preterm birth.
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Introduction

Preterm birth, defined as birth at <37 weeks of gestation,
is the leading cause of neonatal death globally [1] and the
second leading cause of infant mortality in the United States
[2]. According to recent systematic reviews and meta-anal-
yses [3-13], there is mounting evidence that COVID-19
infection during pregnancy is associated with an increased
risk of preterm birth; however, data remain limited on the
risk of preterm birth by trimester of infection. As a limitation
of their review, Allotey et al [5] wrote, “Not many studies
reported outcomes by trimester for symptom onset.” Jeong
and Kim [13] also noted that they “did not analyze infections
according to pregnancy trimesters.” Among studies that did
report the trimester of infection, most of the infections were
limited to the third trimester. Sturrock et al [12] “were unable
to examine the impact by trimester of maternal SARS-CoV-2
infection due to a paucity of studies examining offspring of
first or second trimester infection.” Likewise, Smith et al [10]
wrote, “There were relatively few instances of SARS-CoV-2
infection identified during the first trimester; the majority of
cases were identified during the third trimester.” As March-
and et al [4] further pointed out, this lack of data affects the
generalizability of the available evidence on the association
between COVID-19 infection during pregnancy and preterm
birth, arguing that “most of the included pregnant women
were in the third trimester, so the results of this meta-analysis
cannot be generalized to pregnant women in the first and
second trimesters.” The ability to study COVID-19 infection
during the first and second trimesters has been limited by
available sources of data.

Most studies of COVID-19 infection during pregnancy
have been limited to the third trimester because their data
were collected in the hospital around the time of delivery.
Allotey et al [5] noted that studies “primarily reported

on pregnant women who required visits to hospital, includ-
ing for childbirth.” Hospital-based data not only limits the
timing of COVID-19 infection primarily to the third trimester
but also fails to account for potential exposure during the
earlier stages of pregnancy in the comparator group of those
admitted to the hospital without infection. As Allotey et al
[5] have suggested, “collection of maternal data by trimester
of exposure, including the periconception period, is required.”
To complement pregnancy registries [14], our previous work
[15] has demonstrated that Twitter can also be used as a
source of self-report data to assess the association between
medication exposure during pregnancy and birth defects,
including by trimester of exposure. Our ability to retrospec-
tively collect users’ tweets enabled us to observe reports of
exposures in the early stages of pregnancy —before prenatal
care [16] and even knowledge of being pregnant—while
reducing recall bias. While Twitter data has been used for
a wide range of studies related to COVID-19 [17], it has not
been used to study COVID-19 infection during pregnancy.
The objective of this study was to use large-scale social media
data to assess the association between COVID-19 infection
during pregnancy—specifically, by trimester of infection—
and preterm birth.

Methods

Ethical Considerations

The institutional review boards of the University of Pennsyl-
vania and Cedars-Sinai Medical Center reviewed this study
and deemed it exempt. The publicly available data used in
this study were collected and analyzed in accordance with the
Twitter Terms of Service. The sample tweets in Table 1 have
been lightly edited to deidentify the Twitter user.

Table 1. Sample tweets posted by a single Twitter user, illustrating self-reports of pregnancy (tweet 1), COVID-19 infection (tweet 2), preterm birth

(tweet 3), and maternal age (tweet 4).

Tweet Timestamp
1 @username @username Genuine question. I’'m 20 weeks pregnant. Should I get the 12-31-2021
booster? Am I high risk or should I wait until I get my invite from the government?
2 @username I mean, I got the vaccines, use the passport, wear a mask and sanitize my 03-02-2022
hands. I haven’t been in a large group in two weeks, and I work in an office with my own
private space. But today, I tested positive for COVID. So what’s the point?
3 @username My first had muscle weakness on one side of her mouth. I had to pump & 05-21-2022
bottle feed. I thought this baby would be different but shes a preemie and can’t latch. I’'m
pumping again & supplementing with formula.
4 @username @username I’'m 26 and already there. I just don’t care anymore. I'm going ~ 02-20-2021

to do what I want and what makes me happy.
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Study Design and Participants

This retrospective cohort study used the Twitter timelines—
all of the tweets posted over time—of users who repor-
ted their pregnancy on Twitter. We identified these users
via an automated natural language processing (NLP) tool,
Pregex [18], that detects English-language tweets from the
Twitter streaming application programming interface (API)
that self-report a gestational age or due date of an ongoing
pregnancy and, based on the tweets’ timestamp, extracts
dates marking the 40-week prenatal period. For example,
the first tweet in Table 1 self-reported a gestational age of
20 weeks, and, based on its timestamp, Pregex extracted the
start date of pregnancy as August 13, 2021, and the due
date as May 20, 2022. Although we did not limit the users
by geographic location, our previous work [15,19] suggests
that most of the users in this study are in the United States.
At the time each user was identified, we collected all of
their available past tweets and began collecting all of their
subsequent tweets on an ongoing basis. The timelines used in
this study included tweets that were posted through August
2022. We redeployed Pregex on each user’s full timeline
in order to detect additional matching tweets and used the
tweets containing the most precise unit of time as the basis for
further analysis.

Exposures

The exposure for this study was COVID-19 infection during
pregnancy. Therefore, we automatically excluded users with
an extracted due date before March 11, 2020 —the date that
the World Health Organization (WHO) declared COVID-19
a pandemic. We deployed a deep neural network classifier
to automatically detect tweets in the users’ timelines that
self-reported COVID-19 infection [20]. The classifier was
designed to identify only tweets that indicate an actual
diagnosis, including a positive test, clinical diagnosis, or
hospitalization. We manually validated the tweets that were
automatically classified as a COVID-19 diagnosis, such as
the second tweet in Table 1, excluding false positives. For
true positives, we also manually validated the corresponding
users’ tweets that were automatically detected by Pregex.
We then used the timestamp and temporal textual features
(eg, today, now, just, yesterday, on Friday, 3 weeks ago,
on April 24, at 36 weeks pregnant) of the COVID-19
tweets to manually determine the timing of infection—first
trimester (1-13 weeks), second trimester (14-27 weeks), or
third trimester (=28 weeks)—and exclude users with an
infection that was not during pregnancy. For example, the
timestamp and text of the second tweet in Table 1 indicate
that the infection was during pregnancy—in particular, the
third trimester. For tweets lacking explicit temporal features,
we used the timestamp itself as an approximation of infection
onset if we could infer from the text a temporal reference
to the present. We excluded users with COVID-19 infection
that was during their pregnancy but for which we could not
determine the specific timing.
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Outcomes

The outcome for this study was preterm birth. Therefore, we
excluded users with COVID-19 infection at =37 weeks of
gestation—that is, beyond when preterm birth could occur.
Among the manually validated users who were infected at
<37 weeks of gestation, we deployed regular expressions—
patterns of characters to search for matching text strings—
to automatically detect tweets in their timelines that repor-
ted preterm birth [21], such as the third tweet in Table 1.
For users who did not post matching tweets, we manually
analyzed their timelines for other evidence of preterm birth,
such as birth announcements with a timestamp or temporal
textual features indicating that the baby was born more than 3
weeks before the due date. We excluded users who repor-
ted preterm birth before COVID-19 infection. Also, instead
of assuming that the lack of tweets reporting preterm birth
indicated that the pregnancy had reached term, we sought to
mitigate this potential reporting bias by including term birth
outcomes only for users with evidence of a gestational age
=37 weeks. We automatically gathered some of this evidence
by calculating the time difference between the due date and
timestamp of the tweets that were detected by Pregex. For
users who did not post a matching tweet within 21 days of
their due date, we manually analyzed their timelines for other
evidence of a gestational age =37 weeks.

Covariates and Control Group

A covariate for this study that potentially could be identified
on Twitter was maternal age. We deployed an automated
NLP pipeline, ReportAGE [22], to extract users’ age from
explicit self-reports in their tweets, such as the fourth tweet
in Table 1. We manually validated the extracted ages and
used the timestamp of the tweets to determine the users’
age at the time of their due date. For tweets that did not
indicate the users’ birthday, we used a heuristic of round-
ing to the next year if the age was reported more than 6
months apart from the due date. For example, the user in
Table 1 was aged 27 years on February 20, 2022, which
was less than 6 months away from a due date of May 20,
2022, so we estimated a maternal age of 27. To account
for this covariate, we excluded users who did not post a
tweet that was detected by ReportAGE, and we identified a
1:1 age-matched control group, consisting of users without
COVID-19 infection during pregnancy. To select users for
inclusion in the control group, we deployed ReportAGE on
the timelines of users with an extracted due date before
January 1, 2020. We manually validated the age matches
among users with more recent due dates. We followed the
same procedure for identifying outcomes in their timelines
as we did for those who reported COVID-19 infection,
excluding users without evidence of preterm birth or term
birth. We re-sampled age-matched users until we identified
an outcome for each one. In addition to maternal age,
we accounted for the availability of COVID-19 vaccines
by identifying the subsets of users with COVID-19 infec-
tion before or after December 8, 2020 —that is, the earliest
availability of COVID-19 vaccines outside of clinical trials.
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Statistical Analysis

To assess the association between COVID-19 infection
during pregnancy and preterm birth, we used the frequen-
cies of these 2 categorical variables in a 2 x 2 contingency
table to calculate the odds ratio (OR) with a 95% CI,
where OR = (A/B) / (C/D) (Table 2). We also performed
a subgroup analysis, calculating the ORs to compare the
frequency of preterm birth in the control group with the
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frequency of preterm birth by the timing of infection: first
trimester (weeks 1-13), second trimester (weeks 14-27), or
third trimester (weeks 28-36). We performed a sensitivity
analysis to assess the potential impact of the availability
of COVID-19 vaccines. We used the Fisher exact test to
assess statistically significant differences in preterm birth,
with P<.05 considered statistically significant.

Table 2. 2 x 2 Contingency table for categorical variables of COVID-19 infection during pregnancy (exposure) and preterm birth (outcome).

Preterm birth Term birth
Pregnancy with COVID-19 infection A B
Pregnancy without COVID-19 infection C D

Results

Through August 2022, we automatically identified 153,038
users who self-reported their pregnancy on Twitter [18], and
collected 1.1 billion tweets posted by these users. For 67,671
of these users, we automatically extracted a due date that was
during the COVID-19 pandemic (Figure 1). Searching the
timelines of these 67,671 users, we automatically detected
2075 tweets (1728 users) that self-reported a COVID-19
diagnosis [19]. Through manual validation, we identified 501
users who were infected at <37 weeks of gestation. We
identified a report of preterm birth for 38 (7.6%) of these
501 users [20], but excluded 2 of them who reported preterm
birth before COVID-19 infection. Among the other 465 users,
we identified 336 (72.3%) of them with evidence of term
birth. Searching the timelines of the 372 users with evidence
of preterm birth or term birth, we automatically detected and
manually validated an age for 298 (80.1%) of them [22].
The median maternal age for these 298 users was 26 years.
Among these 298 users, 268 (89.9%) reported a positive test,
21 (7%) reported a hospitalization, and 9 (3%) reported a
diagnosis. For our age-matched control group, we searched
for outcomes in the timelines of 363 users with a due date
before January 1, 2020, in order to identify 298 users with
evidence of preterm birth or term birth (Multimedia Appendix
1).

Among the 298 users with COVID-19 infection during
pregnancy, 94 (31.5%) were infected during the first trimester
(1-13 weeks), 110 (36.9%) were infected during the second
trimester (14-27 weeks), and 95 (31.9%) were infected during
the third trimester (28-36 weeks), with one user reporting
separate COVID-19 infections in both the first and second
trimesters. In total, 26 (8.8%) of these 298 users reported
preterm birth: 8 (8.5%) who were infected during the first
trimester, 7 (6.4%) who were infected during the second
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trimester, and 12 (12.6%) who were infected during the third
trimester. In the control group, 13 (4.4%) of the 298 users
reported preterm birth. In general, the odds of preterm birth
were significantly higher for pregnancies with COVID-19
infection compared to those without (OR 2.08, 95% CI
1.06-4.28; P=.046). In particular, the odds of preterm birth
were significantly higher for pregnancies with COVID-19
infection during the third trimester (OR 3.16, 95% CI
1.36-7.29; P=.007). The odds of preterm birth were not
significantly higher for pregnancies with COVID-19 infection
during the first trimester (OR 2.05, 95% CI 0.78-5.08; P=.12)
or second trimester (OR 1.50, 95% CI 0.54-3.82; P=.44)
compared to the 298 pregnancies without infection in our
control group (Table 3).

Among the 298 users with COVID-19 infection dur-
ing pregnancy, only 35 (11.7%) were infected before the
availability of COVID-19 vaccines: 3 (1%) who were infected
during the first trimester, 16 (5.4%) who were infected during
the second trimester, and 16 (5.4%) who were infected during
the third trimester. Among these 35 users, 2 (5.7%) repor-
ted preterm birth: 1 (6.3%) who was infected during the
second trimester, and 1 (6.3%) who was infected during the
third trimester. Excluding these 35 users for a sensitivity
analysis, the odds of preterm birth remained significantly
higher for pregnancies with COVID-19 infection compared to
those without (OR 2.19, 95% CI 1.10-4.54; P=.03). Like-
wise, the odds of preterm birth remained significantly higher
particularly for pregnancies with COVID-19 infection during
the third trimester (OR 3.54, 95% CI 1.48-8.32; P=.007).
The odds of preterm birth were not significantly higher
for pregnancies with COVID-19 infection during the first
trimester (OR 2.12, 95% CI 0.81-5.27; P=.11) or second
trimester (OR 1.51, 95% CI 0.51-4.00; P=.42) compared to
the 298 pregnancies without infection in our control group
(Table 4).
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Figure 1. Study population selection.
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Table 3. Odds ratios with 95% CIs comparing preterm birth for pregnancies with (N=298) and without (N=298) COVID-19 infection, by trimester of
infection.

Trimester Infections, n (%) Preterm birth, n (%) Odds ratio (95% CI) P value
First 94 (31.5) 8(8.5) 2.05 (0.78-5.08) 12
Second 110 (36.9) 7(64) 1.50 (0.54-3.82) 44
Third 95 (31.9) 12 (12.6) 3.16 (1.36-7.29) 007
Total? 298 (100) 26 (8.8) 2.08 (1.06-4.28) 046

4The total number of pregnancies with COVID-19 infection (N=298) is less than the sum of infections by trimester (N=299) because one user
reported separate infections in both the first and second trimesters.

Table 4. Odds ratios with 95% CIs comparing preterm birth for pregnancies with COVID-19 infection before the availability of COVID-19 vaccines
(N=263) and pregnancies without COVID-19 infection (N=298), by trimester of infection.

Trimester Infections, n (%) Preterm birth, n (%) QOdds ratio (95% CI) P value
First 91 (34.6) 8(8.8) 2.12 (0.81-5.27) 11
Second 94 (35.7) 6(64) 1.51 (0.51-4.00) 42
Third 79 (30) 11 (13.9) 3.54 (1.48-8.32) 007
Total? 263 (100) 24 (9.1) 2.19 (1.10-4.54) 03

2The total number of pregnancies with COVID-19 infection before the availability of COVID-19 vaccines (N=263) is less than the sum of infections
by trimester (N=264) because one user reported separate infections in both the first and second trimesters.
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Discussion

Principal Results

Based on self-reports in large-scale social media data, the
results of our study support that, in general, COVID-19
infection during pregnancy is associated with preterm birth.
In particular, our results suggest that COVID-19 infection
during the third trimester is associated with higher odds of
preterm birth. We did not observe significantly higher odds
of preterm birth for pregnancies with COVID-19 infection
during the first or second trimester. Our findings did not
appear to be impacted by the availability of COVID-19
vaccines. The observed association between COVID-19
infection during pregnancy and preterm birth in our social
media data is consistent with recent systematic reviews and
meta-analyses [3-13]. Our results suggest, however, that
the risk of preterm birth observed in previous studies may
be driven by the preponderance of data on third-trimester
COVID-19 infection [4,10,12] and may not be generalized
to infection during the first and second trimesters. While
the total number of COVID-19 infections in our study may
be relatively small (N=298), to the best of our knowledge,
our study included one of the largest samples of first-trimes-
ter infection (n=94). While the total number of COVID-19
infections in our study was coincidentally the same as that in
Seif et al’s [23] study, the infections in our study were more
evenly distributed across the trimesters and included nearly
twice as many during the first trimester as theirs (n=48).
Even among the 2352 pregnancies with COVID-19 infection
in Metz et al’s [24] study of one of the largest cohorts,
only 54 (2%) of the infections were during the first trimes-
ter—approximately half the number of those in our study.
Similarly, among the 1942 pregnancies with COVID-19
infection in Smith et al’s [10] meta-analysis of 12 studies,
only 38 (2%) of the infections were known to be during the
first trimester—less than half the number of those in our
study.

Comparison With Previous Work

Our study was one of very few to assess the association
of first-trimester COVID-19 infection with preterm birth. In
one of the few other studies that did so, Fallach et al [25]
also found that pregnancies with third-trimester infection
were at a higher risk of preterm birth, whereas pregnan-
cies with first-trimester or second-trimester infection did not
appear to be. In addition to supporting this finding, our
study also complements theirs by addressing some of their
noted limitations. As a limitation of their study, Fallach et al
[25] wrote that, in their noninfected group, “women without
positive SARS-CoV-2 test results did not necessarily test
negative.” Therefore, it is possible that COVID-19 infections
without test results were included in the noninfected group.
In contrast, our control group ensured comparison with a
noninfected group because it consisted of pregnancies with a
due date before the COVID-19 pandemic. Because their study
population was limited to Israel, Fallach et al [25] also noted
that “[their] findings may have limited generalizability to
countries populated with several races since there is evidence
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of disproportionate burden of COVID-19-related outcomes
among different races.” While our study did not explicitly
account for race, our previous work [15] demonstrated that
there are diverse races/ethnicities represented in our cohort
of users who reported their pregnancy on Twitter, including
White, Black, Asian, and Hispanic.

In contrast, Seif et al [23] found that COVID-19 infec-
tion during the first trimester was more likely to result
in preterm birth than infection during the second or third
trimester. They suggested that one possible explanation for
their contrary findings could be related to the earlier time
period of Fallach et al’s [25] study: “Also, their study
was conducted before July 2021 and, therefore, before the
emergence of Delta and Omicron variants. Furthermore, due
to the limited understanding of the disease process and how to
manage it at the time of Fallach’s study, clinicians may have
been more inclined to deliver COVID-19-infected patients
nearing the end of their pregnancy.” However, the time
period of our study —March 2020 to August 2022 —extended
even beyond that of Seif et al’s [23]. Therefore, their other
explanation is more plausible: “One explanation could be that
the study by Fallach et al included all pregnant patients with
a positive SARS-CoV-2 test. In contrast, we only included
those who recovered from COVID-19 at the delivery time.”
More generally, Seif et al’s [23] findings may not be directly
comparable because our and Fallach et al’s [25] studies used
a noninfected group for comparison, while Seif et al’s [23]
study compared the trimesters to one another.

Limitations

Our study has several limitations related to the use of Twitter
as a complementary data source to assess the association
between COVID-19 infection during pregnancy and preterm
birth. Some users reported their gestational age or due date
only in terms of months. While some of these users may
have been referring to a precise measure of time, others may
have been approximating. In the case of the latter, the dates
extracted by Pregex [18] may have led us to misclassify the
trimester of COVID-19 infection for some of these users.
Similarly, because some users posted tweets reporting their
age but not their birthday, using a heuristic to determine their
age at the time of their due date involved a one-year margin
of error for the age matches in our control group. While
our control group selection—pregnancies with a due date
before the COVID-19 pandemic—ensured comparison with
a noninfected group, it did not allow us to match users based
on the timing of their pregnancies and, in particular, account
for potential pandemic-related confounders, such as increased
maternal stress. Control group selection based on negative
test results, for example, would have been more problematic,
though, because of a potential reporting bias—namely, that
users may have also tested positive but either did not report it
or our methods did not detect it. Our data source also limited
our ability to account for other potential confounders, such
as illness severity, socioeconomic status, underlying diseases,
parity, and whether the preterm birth was medically indica-
ted (ie, infection was the reason for delivering preterm) or
spontaneous. Finally, the rate of preterm birth reported in our
control group (4.4%) was substantially lower than that in the
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general population around that time (10.2%) [26]. Although Conclusions
this discrepancy might lead one to argue that Twitter does
not represent the general population, nearly half of adults : e
aged 18-29 years in the United States use Twitter [27], and retrospective cohort study to assess the association between
approximately half of the births in the United States are to the trimester of COVID-19 infection and preterm b"fth‘
mothers in this age group [26]. Therefore, we believe that The. results of our study s.ugges.t that CQVID']Q_ mfecupn
this discrepancy is more likely to reflect an underreporting pjamcularly during the.thlrd trimester is associated with
of preterm birth on Twitter, and that this discrepancy did not higher odds of preterm birth.

differentially affect the infected and control groups.

In summary, we used large-scale social media data in a
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