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Despite the prevalence in the United States of miscar-
riage [1], stillbirth [2], and infant mortality associated with
preterm birth and low birthweight [3], their causes remain
largely unknown [4-6]. To advance the use of social media
data as a complementary resource for epidemiology of ad-
verse pregnancy outcomes, we present a data set of 6487
tweets that mention miscarriage, stillbirth, preterm birth or
premature labor, low birthweight, neonatal intensive care,
or fetal/infant loss in general. These tweets are a subset of
22,912 tweets retrieved by applying hand-written regular ex-
pressions to a database containing more than 400 million
public tweets posted by more than 100,000 women who
have announced their pregnancy on Twitter [7]. Two pro-
fessional annotators labeled the 6487 tweets in a binary
fashion, distinguishing those potentially reporting that the
user has personally experienced the outcome (“outcome”
tweets) from those that merely mention the outcome (“non-
outcome” tweets). Inter-annotator agreement was « =0.90
(Cohen’s kappa). The tweets annotated as “outcome” include
1318 women reporting miscarriage, 94 stillbirth, 591 preterm
birth or premature labor, 171 low birthweight, 453 neona-
tal intensive care, and 356 fetal/infant loss in general. These
“outcome” tweets can be used to explore patient experi-
ences and perceptions of adverse pregnancy outcomes, and
can direct researchers to the users’ broader timelines—tweets
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posted by a user over time—for observational studies. Our
past work demonstrates the analysis of timelines for select-
ing a study population [8] and conducting a case-control
study [9] of users reporting that their child has a birth de-
fect. For larger-scale studies, the full annotated corpus can be
used to train supervised machine learning algorithms to au-
tomatically identify additional users reporting adverse preg-
nancy outcomes on Twitter. We used the annotated corpus
to train feature-engineered and deep learning-based classi-
fiers presented in “A natural language processing pipeline to
advance the use of Twitter data for digital epidemiology of
adverse pregnancy outcomes” [10].
© 2020 The Authors. Published by Elsevier Inc.
This is an open access article under the CC BY-NC-ND
license. (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Social media mining for studying adverse pregnancy outcomes

Text

The raw data were acquired from a database of public tweets [7].
Binary labels were then manually provided by two annotators.

Raw, analyzed

Tweets were collected if they mention miscarriage, stillbirth, preterm
birth/premature labor, low birthweight, or neonatal intensive care.
Handcrafted regular expressions retrieved 22,912 tweets that mention
adverse pregnancy outcomes from a database containing public tweets
posted by women who have announced their pregnancy on Twitter
[7]. Two professional annotators labeled 8109 of the 22,912 tweets
(one random tweet per user) in a binary fashion, distinguishing those
potentially reporting that the user has personally experienced the
outcome from those that merely mention the outcome. A random
sample of 80% (6487) of the annotated tweets was selected to train
supervised machine learning algorithms for automatic classification.
Various

With the article

A.Z. Klein, H. Cai, D. Weissenbacher, L.D. Levine, G.
Gonzalez-Hernandez, A natural language processing pipeline to
advance the use of Twitter data for digital epidemiology of adverse
pregnancy outcomes, Journal of Biomedical Informatics: X, Available
online 8 August 2020, 100076.

Value of the Data

» These tweets can be used to explore patient experiences and perceptions of adverse preg-
nancy outcomes, and can direct researchers to the users’ broader timelines—tweets posted
by a user over time—for observational studies.

+ Sources of data for studying adverse pregnancy outcomes, especially early pregnancy loss, are
limited, so Twitter data can benefit pregnant women, researchers, and clinicians as a resource
that can help inform prenatal care by providing opportunities to gain insights from patients

and assess potential risk factors.

- For larger-scale studies, the annotations can be used to train supervised machine learning
algorithms to automatically identify additional users reporting adverse pregnancy outcomes

on Twitter.
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1. Data Description

This data set contains 6487 tweets (one tweet per user) that mention adverse pregnancy
outcomes, labeled by two professional annotators in a binary fashion to distinguish tweets po-
tentially reporting that the user has personally experienced the outcome (“outcome” tweets)
from tweets that merely mention the outcome (“non-outcome” tweets). The tweets annotated
as “outcome” include 1318 women reporting miscarriage, 94 stillbirth, 591 preterm birth or pre-
mature labor, 171 low birthweight, 453 neonatal intensive care, and 356 fetal/infant loss in gen-
eral. The raw tweets can be downloaded using a Python script! and the “tweets_input.txt” file
(Supplementary Material), which contains the user ID, tweet ID, adverse pregnancy outcome(s),
and class (“0” =“non-outcome”, “1"”=“outcome”) for each of the 6487 tweets. Only tweets that
are still publicly available will be downloaded.

The 6487 tweets were retrieved from a database [7] using 11 handcrafted regular
expressions—search patterns that define matching text strings (Supplementary Material). Table 1
presents samples of (slightly modified) tweets in the data set, and total distribution of “out-
come” and “non-outcome” tweets for each of the 11 query patterns. For some outcomes, mul-
tiple query patterns were used, and some of the tweets in the data set match multiple query
patterns. To facilitate the collection of additional “outcome” tweets for larger-scale studies, we
have also provided keywords and their lexical variants [11] (Supplementary Material) that can be
used to query Twitter directly through the APIL The regular expressions, then, could be applied
to the tweets returned from Twitter, followed by deploying a classifier trained on our annotated
data set.

2. Experimental design, materials, and methods

We handcrafted 11 regular expressions to retrieve tweets that mention adverse pregnancy
outcomes, from a database containing more than 400 million public tweets posted by more than
100,000 users who have announced their pregnancy on Twitter [7]. These query patterns were
designed to account for the various ways adverse pregnancy outcomes may be linguistically ex-
pressed on social media—for example, reporting a miscarriage or stillbirth through the use of
rainbow baby (Pattern 2) or hashtags such as #babyloss, #pregnancyloss, #iamlin4, or #wave-
oflight (Pattern 9), learned through an iterative process of manually reviewing tweets matched
by other query patterns [8]. Similarly, preterm birth, for example, may be expressed by the user
referring to her baby as a preemie (Pattern 4), or by reporting that her baby was born at less
than 37 weeks of gestation (Pattern 5) or more than three weeks early (Pattern 7).

The query patterns were also designed to account for informal writing mechanics in social
media. We automatically generated Twitter-based misspellings [11] of the keywords in the query
patterns, and incorporated them into the regular expressions. Considering the character limit of
tweets, the regular expressions also permitted abbreviations and optional spaces and coordinat-
ing conjunctions—for example, a low birthweight reported as 4lbs 120z (Pattern 8). Similarly,
the only mention of an adverse pregnancy outcome may be embedded in a hashtag, such as
#endstillbirths (Pattern 3), so the regular expressions did not require word boundary matches
for words that would not result in excessive noise. Finally, our implementation of the regular
expressions ignored letter casing in the tweets.

Initially, the query patterns focused on the recall of “outcome” tweets. Given the relatively
low prevalence of adverse pregnancy outcomes in the general population, and our related work
[8] suggesting that they may be under-reported on Twitter, high-precision query patterns would
result in a sparse representation of “outcome” tweets; however, many of the preliminary regular
expressions would have led to a high degree of class-imbalanced data [12] for training machine
learning algorithms to automatically detect “outcome” tweets. Thus, to balance recall and pre-

1 https://bitbucket.org/pennhlp/twitter_data_download/src/master/
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Table 1

Samples and frequency of “outcome” (+) and “non-outcome” (-) tweets matching 11 query patterns. For ethical con-
siderations, the tweets are slightly modified and usernames and URLs are redacted. The bold text indicates the string
matched by the regular expression.

Query  Outcome Samples Class  Frequency
1 Miscarriage I was 3 months when I had my miscarriage & 1 hate + 1318
getting asked how my pregnancy is going & having
to explain
A few months ago I would have had an energy drink to - 2047

fight this fatigue. But noo... caffeine causes
miscarriages.
2 Fetal/infant loss 3 years ago today I announced my pregnancy, which + 315
didn’t go as planned. Now blessed with this beautiful
girl #rainbowbaby

My sister talking about her rainbow baby makes me sad - 94
but so happy! We're so blessed.@
3 Stillbirth Stress can be vary dangerous! I just gave birth to my 22 + 83

week old still born baby girl, so now I've lost it all!

B

We're talking about ways to reduce preventable newborn - 436
deaths, especially ways to #endstillbirths at [URL]
4 Preterm birth/labor @[username] My son was preemie and it was hard to + 248
keep him awake while feeding. It gets better though!
I continue to get bad cramps, I'm praying my baby isn’t - 411
born prematurely.
5 Preterm birth/labor Really? My son was born at 36 weeks because I had + 175
preeclampsia! That's crazy!
I have known several babies that were born at 24 weeks - 303
and all of them but one is alive and growing up fine.
6 Neonatal intensive care @[username] my blues were intense, dh had to call my + 453

midwife friend because I wouldn’t stop crying but my
baby was in SCBU!
People are so judgmental. I don’t care if I give birth at a - 138
"baby factory" if it has a level III nicu, which is
important to me

7 Preterm birth/labor My baby had her owns plans and decided to arrive 5 —+ 174
weeks early. Born March 1 ® [ am so in love!
I had a dream that my baby was born 2 months early - 139

and weighed 10 pounds exactly. I hope this isn’t

some psychic stuff.

8 Low birthweight On December 13th we welcomed our sweet baby girl! + 166
Weighs 4lbs 120z and 18 and a half inches long
last ultrasound before she’s born ® she weighs 5 pounds - 79
& 1 ounce
9 Fetal/infant loss Thinking about my baby today because today was your —+ 41
#duedate #babyloss
My baby only had a 1% chance to be born alive, thinking - 14
about the other families who didn’t get their 1%
#infantloss
10 Low birthweight It turns out I was losing my amnio fluid but I didnt + 5
want to waste anyones time. My son was born at
1.3kg
My friends little boy was born very early @ 821g is - 12

6mths old today. Still less than my son’s birth weight
what a tough lil guy!

1 Stillbirth @[username] [ support you, when in similar situation I + 1
also continued my pregnancy, my baby born sleeping
1/23/2015
I just read about a women who gave birth at 22 weeks - 1

(baby born sleeping) and I'm scared bc I'm 22 weeks
right now!!
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cision, the final regular expressions required a reference to the user (e.g., I, our), a child (e.g.,
daughter, baby), or birth (e.g., born, welcome) preceding the mention of an adverse pregnancy
outcome, while allowing any number of characters to occur between.

The regular expressions retrieved 22,912 tweets (ignoring retweets) posted by 8109 users,
from which we selected one random tweet per user for manual annotation. Annotation guide-
lines (Supplementary Material) were developed to help two professional annotators distinguish
“outcome” and “non-outcome” tweets. We used 482 of the 8109 tweets to calibrate the anno-
tations and guidelines; all of the remaining 7627 tweets were annotated independently by both
annotators, with inter-annotator agreement of k¥ =0.90 (Cohen’s kappa), considered “almost per-
fect agreement” [13]. The first author of this paper resolved the disagreements through inde-
pendent annotation. Upon resolving the disagreements, 3653 (45%) tweets were annotated as
“outcome,” and 4456 (55%) as “non-outcome.”

A random sample of 80% (6487) of the 8109 annotated tweets was selected as a training
set for automatic classification. A deep neural network classifier achieved a benchmark F;-score
of 0.882 (precision =0.87, recall =0.89) for automatically detecting “outcome” tweets [10]. More
specifically, the classifier achieved an F;-score of at least 0.82 for automatically detecting “out-
come” tweets reporting each of the adverse pregnancy outcomes, demonstrating the utility of
this data set for deploying classifiers to automatically identify additional users for large-scale
studies of specific outcomes. Our past work demonstrates the way that identifying users at the
tweet level enables the analysis of the users’ broader timelines—tweets posted by a user over
time—for selecting study populations [8] and conducting observational studies [9].

3. Ethics statement

The Institutional Review Board (IRB) of the University of Pennsylvania reviewed the studies
for which this data was collected and deemed them exempt human subjects research under
category (4) of paragraph (b) of the US Code of Federal Regulations Title 45 Section 46.101 for
publicly available data sources (45 CFR §46.101(b)(4)). The Twitter data presented in this article
is being distributed in accordance with the Twitter Developer Policy (https://developer.twitter.
com/en/developer-terms/policy), accessed August 18, 2020.
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Supplementary material associated with this article can be found, in the online version, at
doi:10.1016/j.dib.2020.106249.
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