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Introduction

With the ubiquitous nature of smart devices and Internet in 
many regions of the world, users are increasingly using 
social media to share information about their lifestyle. 
Many Internet users spend upward of 10% of time of each 
day using social media platforms like Facebook, Twitter, 
Instagram, and Snapchat. Approximately, 15%–25% of 
this content is health-related.1 Social media can provide 
clinicians with unique insight into the day-to-day experi-
ences and behaviors of individuals.2 Prior work has shown 
that pregnancy is a time when women rely on information 
acquired from social media sites to inform their health and 
lifestyle choices.3,4 Online platforms are also heavily used 
for social support before, during, and after pregnancy5,6 
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and could be a powerful tool to gain insight into lifestyle 
choices that were previously unobservable.

There is evidence that social media language is indica-
tive of individuals’ psychological stress,7,8 loneliness,9 
depression,10 suicide risk,11 hospital utilization,12 and med-
ical conditions in general.13 Prior works on studying preg-
nancy using social media focused on predicting the risk of 
postpartum depression14 and identifying women who have 
announced their pregnancy on Twitter to detect large num-
bers of cohorts.15 Instagram has been used to study the atti-
tudes of pregnant women toward pregnancy and how their 
posts reflect it.16,17 To our knowledge, no other studies 
have investigated variability in social media language 
across the time period of pregnancy by individuals as 
noted by their medical records.

As a first step to understanding whether data from 
social media can provide insights about lifestyle in preg-
nancy, we aimed to use machine learning to evaluate how 
language differed across pregnancy status, trimester, and 
parity to better understand the experiences of pregnant 
women as shared online. We also evaluated whether a 
machine learning model can distinguish language of the 
first trimester compared with a random time period and 3 
months prior conception.

Materials and methods

This study was approved by the University of Pennsylvania 
Institutional Review Board. This was a retrospective 
analysis of social media and electronic medical records 
(EMR) data of consenting patients with a prior history of 
delivery.

Data

Data were collected from an ongoing study (March 2014 
to present) of merged social media and EMR from con-
senting patients for research.18,19 Using a convenience 
sample framework, adult patients receiving care in outpa-
tient (i.e. internal medicine clinics), acute care (i.e. emer-
gency department), and inpatient (i.e. postpartum suite) 
settings of an urban academic hospital system were 
approached for study participation. Historical data that 
were posted on social media from the time they signed up 
on Facebook was extracted and stored securely. No data 
were accessed from the Facebook pages of study partici-
pants’ friends or from posts on the study participants’ page 
made by anyone other than the participant. At the time of 
enrollment, participants also completed a brief survey 
about demographics, social media use, and health status.

Of patients who endorsed using social media 
(n = 16,507) and indicated that they were willing to partici-
pate in research (n = 6872), 5885 (86%) consented to share 
access to their social media (e.g. Facebook, Twitter, and/or 
Instagram) data and EMR data.

Study population

From the study cohort, we identified female patients 
with a history of a delivery in our health system EMR. 
Demographic data for each participant were extracted 
from self-reported survey (e.g. age, gender, and race). 
We then identified delivery dates for these participants 
which coincided with the time when they also had sta-
tus updates on Facebook before, during, and after 
pregnancy.

Identifying differences in the content of social 
media posts by pregnancy status and parity

To identify themes in language during the defined time 
periods, we extracted the relative frequency of single 
words across all Facebook status posts of all users.20 We 
removed all words used by less than 1% of users. We 
extracted topics (clusters of co-occurring words) from 
all messages posted by the users in the cohort using 
unsupervised latent Dirichlet allocation (LDA). The 
LDA generative model21 assumes that posts contain a 
combination of topics and that topics are a distribution 
of words. As the words in a post are known, topics, 
which are latent variables, can be estimated through 
Gibbs sampling. We used the Mallet implementation, 
adjusting one parameter (α = 5) to favor fewer topics per 
post. We used the default English stop-words provided 
in the Mallet package. In our study, 200 topics were gen-
erated using tweets across all users in the dataset. If 
removing infrequent words prior to LDA would result in 
less than 400 words for a user, that user was still included 
in the analysis.

We used logistic regression to distinguish the differ-
ent features associated with (a) pre-conception (3 months 
prior conception), during pregnancy, and postpartum (3 
months after childbirth) compared with a random time 
period in the patient’s social media archive and (b) with 
parity (characterized binarily as one live birth or more 
than one live birth as determined by a documentation of 
a prior delivery in our health system). We measured the 
effect size using the regression coefficients (β). For 
identifying themes from topics, researchers looked at 20 
messages each with the highest topic prevalence. For 
example, a topic including the words (“hungry,” “cook,” 
“starving,” “food”) was labeled as a hungry topic, 
(“sleepy,” “tired,” “bed,” “sleep,” “ugh,” “gettin”) was 
identified as a sleep topic. We used Benjamin–Hochberg 
p-correction and p < .01 for indicating meaningful 
associations.

We did not have enough data to obtain topics with sig-
nificant differences to do a per trimester analysis on 
themes. The average number of words across all partici-
pants was 100 for first trimester, 90 for second and 120 
for third.
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Predicting pregnancy trimester and parity using 
language features

We took a case-crossover approach12 to evaluate if machine 
learning models would distinguish time periods within 
individuals relevant to pregnancy—primarily the first tri-
mester where developing interventions to improve early 
prenatal care can substantially improve pregnancy out-
comes. We used the LDA topics as features to train a 
Random Forest classifier to distinguish linguistic cues 
associated with first-trimester pregnancy compared with a 
random time period and 3 months before conception (see 
Figure 1). We also tested with the bag of words features, 
but found them to be inferior in performance compared 
with the LDA topics. To identify differences by pregnancy 
status, we compared language features during first trimes-
ter with those during a random 3-month time window in 
the patient’s social media archive and with pre-pregnancy 
(3 months prior to estimated conception date).

All models were trained on 80% of the participants and 
tested on the held-out sample of 20%. Thus, the predictive 
model was created without any outcome information out-
side of the training data, making the test data an out-of-
sample evaluation (i.e. participants in the training set were 
not a part of the test set). Random Forest classifier from the 
scikit-learn module in Python 3.4 was used to fit on the 
training set using five-fold cross-validation to tune the 
parameters. The trained model was then applied on the test 
set to report predictive performance. We measured the per-
formance using accuracy and F1 scores due to class bal-
ance. Since this was a case-crossover study design, every 
patient was acting as their own control, that is, for instance, 
the language in the random event is considered as control 
and language in the first trimester is considered a part of the 
case group.

Results

Study participants

Of 654 female patients, 72% (471) met study inclusion 
criteria. These participants, were primarily young 

(median age: 25 ± 6 years) and African American 85% 
(400; Table 1). From these patients, we computationally 
analyzed 505,114 posts.

Content of social media posts by pregnancy 
status and parity

Pregnancy status. Language during pregnancy differed sig-
nificantly from language prior to pregnancy and post-preg-
nancy (Table 2). During pregnancy, participants posted 
more medical terms—“pain,” “hospital,” “doctor,” 
—(β = .107), about having food cravings—“hungry,” 
“cook,” “starving,” “food”—(β = .145), about family—
“care,” “father,” “parents,” “babies”—(β = .222), and had 
more posts about dates and times—“last,” “year,” “first,” 
“month,” “weeks,” “time”—(β = .134). Pre-pregnancy, par-
ticipants were mostly posting about being relaxed—“bored,” 
“chill,” “house,” “hmu”—(β = .34), about sleep—“bed,” 
“dreams,” “goodnite,” “rest,” “sleepy”—(β = .31), having a 
social life—“music,” “party,” “dj,” “2nite,” “friday”—
(β = .306), and are more likely to use curse words (β = .277). 
Post-pregnancy, participants used language indicative of 
gratitude—“thanks,” “amazing,” “blessed,” “truly”—
(β = .178), religiousity—“god,” “jesus,” “lord,” “pray,” 
“thank,” “dear”—(β = .183), and health appointments—
“doctors,” “appointment,” “waiting”—(β = .218), and par-
ent-focused holidays—“mother’s,” “day,” “father’s,” 
“day,” “special”—(β = .174).

Figure 1. Performance of Random Forest classifier trained on LDA topics extracted from Facebook posts at differentiating phases 
of pregnancy. Tn denotes different trimesters (n=1, 2, 3). Pre- and Post-pregnancy denote 3 months prior conception and post 
childbirth respectively. Randn denotes a random 3 month window not during pregnancy.

Table 1. Characteristics of the study cohort.

Descriptive statistics

Demographic characteristic Number of participants

Female 471
Race  
 African American 400 (85%)
 White 58 (12%)
 Other 14 (3%)
Age range (years) 19–42
Median age (years) 24.6
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Variability in the language on social media with parity sta-
tus. Language also varied by parity (one vs multiple chil-
dren). Significant thematic differences are shown in Table 
2. Participants who were pregnant for the first time talk a 
lot more about lack of sleep—“sleepy,” “tired,” “bed,” 
“sleep,” “ugh,” “gettin”—(β = .152), about communicat-
ing—“call,” “text,” “somebody,” “hmu,” “txt,” “phone”—
(β = .089), and about activities of daily living 
(ADL)—“dressed,” “gettin ready,” “early,” “dress,” 
“shower”—(β = .091), whereas participants who were 
pregnant after having a child posted a lot more about birth-
days, both their own—“thanks,” “wishes,” “everyone,” 
“thanx,” “appreciate,” “special”—(β = .124), and of oth-
ers—“party,” “bday,” “month,” “next,” “1st”—(β = .161), 
and life events—“wedding,” “congrats,” “proud,” “gradu-
ation,” “mom,” “pictures”—(β = .123).

Predictive analysis

Random forest models could differentiate posts during the 
first trimester of pregnancy from those prior to pregnancy 
(F1 score = .63) and from posts  during a random 3-month 
time period (F1 score = .64). Furthermore, to assess 
whether the model was identifying linguistic differences 
associated with only random time points, we identified 
two random consecutive 3-month periods and tested 

whether the model could predict the difference in linguis-
tic cues between the two 3-month periods. When distin-
guishing between two random consecutive 3-month 
periods, the model performs poorly (F1 score = .44) indi-
cating that the model used to detect language associated 
with the first trimester is identifying differences which 
extend beyond simple temporal changes.

Discussion

This study’s main finding is that there are distinct themes 
in social media language before, during, and after preg-
nancy that also differ by parity.

We validated a machine learning model developed from 
a large social media database merged with the medical 
records. Validating the machine learning model is just the 
first step toward understanding whether there are linguistic 
clues from social media data that can help clinicians under-
stand the motivations behind behaviors that contribute to 
lifestyle-related disorders of pregnancy. Due to the con-
straints of health care system, providers have limited time 
with their patients in the outpatient setting. These time 
constraints make it difficult to gain insight into the non-
medical aspects of their patient’s lives including their 
social support, lifestyle choices, cultural and religious 
background, and personal values.

Table 2. Content of social media posts by pregnancy status and parity. All topics are significant at p < .01 and Benjamin–Hochberg 
corrected.

Theme Top words in the topic Regression 
coefficient (β)

Pregnancy status
 Pre-pregnancy relaxing bored, chill, house, chillin, hmu .340

sleep bed, dreams, goodnite, rest, sleepy .310
social life music, party, dj, 2nite, friday .306
curse words .277

 During 
pregnancy

family care, father, parents, babies, mommy .222
food hungry, food, cook, breakfast, starving .145
date/time last, year, first, month, weeks, times .134
medical hospital, pain, test, doctor, nurse .107

 Post-
pregnancy

health appointments doctors, appointment, waiting .218
religious god, jesus, lord, pray, thank, dear .183
gratitude thanks, amazing, blessed, truly .178
parent-focused holidays .174

Parity
 Parity = 1 lack of sleep sleepy, tired, bed, sleep, ugh, gettin .152

ADLs dressed, gettin ready, early, dress, shower, bouta .091
 communication call, text, somebody, hmu, txt, phone .089
 Parity > 1 birthday (others) party, bday, month, next, 1st, date .161

birthday (self) thanks, wishes, everyone, thanx, appreciate, special .124
life events wedding, congrats, proud, graduation, mom, amazing, 

pictures, awesome
.123

ADL: activities of daily living.
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Posts in context

Understanding the linguistic predictors before, during, 
and after pregnancy can inform the implementation of 
various interventions. Although this work is exploratory 
and limited by the size of available data, reviewing the 
posts we have found many examples of actionable con-
tent. An example of a pre-pregnancy intervention may be 
related to smoking cessation. All examples are para-
phrased for anonymity. Individuals often post about their 
day-to-day habits, including smoking. This is an example 
post from someone from our cohort within 3 months of 
getting pregnant. “Kids are off to school now I am about 
to smoke . . . .”

Monitoring one’s diet during pregnancy is also impor-
tant. Social media may provide more passive data around a 
pregnant patient’s diet, which can supplement self-reported 
data. One example from our cohort, “I want some seafood 
. . . can somebody bring me some??” Seafood consump-
tion during pregnancy is recommended, with the caveat of 
watching mercury levels. Alcohol consumption while 
pregnant is discouraged, but it is difficult for providers to 
know if their patients are consuming alcohol due to the 
stigma and reliance on self-reporting. We found multiple 
posts related to alcohol during pregnancy. For example, “I 
know you can’t drink liquor when you are pregnant, but 
can you drink wine or is wine still consider alcohol?” This 
highlights the complicated and confusing nature of recom-
mendations women hear during pregnancy. Another poten-
tial actionable use of these data is around pain management. 
Many women post about pain and discomfort during their 
pregnancy, but may not remember to report this to their 
provider if the episode has passed by the time of their 
appointment. One participant posted “is having right upper 
abdominal pain. . . . I think that’s a funny update,” weeks 
before her prenatal appointment.

Post-pregnancy can be a stressful period for many 
women. By evaluating postpartum social media language, 
providers may be able to detect early signs of psychologi-
cal stress. An example from our data highlights how lan-
guage may provide insight into an individual’s mental 
wellbeing, “I definitely can’t take another year like this 
. . . God does put more on you than you can bear.” If a 
provider knew that their patient was experiencing elevated 
stress, they could provide a referral to a mental health 
practitioner or social worker.

Identifying themes in language during pregnancy 
derived from social media can help medical providers gain 
insight into their patient’s lives and can shape anticipatory 
guidance during the office visit. There may be symptoms of 
other comorbidities associated with pregnancy, such as ges-
tational hypertension, obesity, preeclampsia, mental health 
disorders, infection, and so on, that could be identified ear-
lier using social media data. Early prenatal care (first tri-
mester) can improve pregnancy outcomes, provide better 

gestational age dating, prevent complications, address pre-
existing medical conditions, and allow for modification of 
lifestyle issues such as smoking, drug, alcohol, and exces-
sive weight gain.22,23 Delayed prenatal care leads to poorer 
outcomes for high-risk pregnancies, increased chance of 
cesarean deliveries, and prematurity.22

While our analyses did not focus on specific disease 
processes related to pregnancy, future studies could inves-
tigate whether there are themes in social media language 
that predict the development of specific disorders. For 
example, among women with gestational hypertension or 
depression, there may be distinct keywords or linguistic 
themes that precede this diagnosis that may help identify 
symptoms even before they see their physician or mental 
health provider.

Limitations

We included the participants who had Facebook posts 
across all phases of pregnancy. There might be several par-
ticipants who post only during some stages of pregnancy, 
and enforcing the inclusion criteria skews our sample and 
findings toward social media super utilizers. To better 
understand their online behavior, data from other sources 
(e.g. other social media platforms, smartphones, sensors) 
could be explored in future studies. Although we identified 
that social media language changes around pregnancy, the 
specificity needed to confidently use this as a standalone 
method of diagnosis cannot be concluded at this time.

Conclusion

Posts on social media can be used to predict pregnancy 
only slightly better than chance and there are distinct 
themes that pregnant women post about during different 
stages of pregnancy. A better understanding about these 
can provide insight into lifestyle choices that are specific 
to pregnancy. This could be associated with early identifi-
cation and prevention of risk and could inform implemen-
tation of specific interventions during pregnancy.
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