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Abstract
Selecting a birth control method is a complex healthcare de-
cision. While birth control methods provide important ben-
efits, they can also cause unpredictable side effects and be
stigmatized, leading many people to seek additional infor-
mation online, where they can privately find reviews, ad-
vice, hypotheses, and experiences of other birth control users.
However, the relationships between their healthcare concerns,
sensemaking activities, and online settings are not well un-
derstood. We gather texts about birth control shared on Twit-
ter and Reddit—popular communities with different affor-
dances, moderation, and audiences—to study where and how
birth control is discussed online. Using a combination of topic
modeling and hand annotation, we identify and characterize
the dominant sensemaking practices across these platforms,
and we create lexica to draw comparisons across birth control
methods and side effects. We use these to measure variations
from survey reports of side effect experiences, highlighting
topics that social media users discuss more than expected on-
line. Our findings characterize how online platforms are used
to make sense of difficult healthcare choices, including an-
alyzing risks, calculating timing and dosages, hypothesizing
about causes of side effects, and storytelling about painful ex-
periences. We contribute both to understanding unmet needs
of birth control users and to exploring context-specific pat-
terns in social media discussions.

Introduction
For many people, birth control is more than just contracep-
tion; it plays a critical role in health and well-being. In ad-
dition to providing a means of family planning, birth control
methods can be used to treat and manage many medical con-
ditions, including acne, endometriosis, cancer risks, gender
dysphoria, and irregular and painful menstruation (Schindler
2013; Nahata, Chelvakumar, and Leibowitz 2017). How-
ever, birth control methods are not one-size fits all, and the
choices of whether to use birth control and which method to
select are complicated by personal beliefs, cost and acces-
sibility, and a wide array of side effects that are difficult to
predict and identify (Yoost 2014; Manzer and Bell 2022).

When navigating this decision, birth control users face a
sensemaking challenge, a contextual process in which indi-
viduals work with a community to gather information, com-
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pare stories, and make sense of a shared experience (We-
ick, Sutcliffe, and Obstfeld 2005; Mamykina, Nakikj, and
Elhadad 2015; Andalibi and Forte 2018; Young and Miller
2019). In the case of birth control, this challenge also in-
volves dealing with social stigma, understanding contracep-
tive methods and potential side effects, and seeking nor-
malcy after upsetting and painful experiences. This chal-
lenge leads many birth control users to the internet (Yee and
Simon 2010; Russo et al. 2013), where they can engage in
community sensemaking activities, e.g., seeking and sharing
information, reviews, advice, hypotheses, and stories. While
researchers have examined the frequencies of birth control
discussions (Nobles, Dredze, and Ayers 2019; Merz et al.
2020), the sensemaking practices in these communities (and
how these differ from other online healthcare communities)
are unexplored.

Prior work has shown that these various sensemak-
ing activities can vary across different online platforms
(De Choudhury, Morris, and White 2014; Rivas et al. 2020;
Zhang, N. Bazarova, and Reddy 2021), and social media
traces are prone to context-dependent biases (Olteanu et al.
2018). Different healthcare conditions (Sannon et al. 2019)
and side effects (De Choudhury, Morris, and White 2014)
can result in different behavior, and recent work has demon-
strated differences in the online sensemaking practices sur-
rounding reproductive healthcare topics like pregnancy and
vulvodynia (Young and Miller 2019; Andalibi and Garcia
2021; Chopra et al. 2021). But so far, birth control discus-
sions have been examined only on individual platforms.

We study birth control discussants’ unique combination
of sensemaking activities—deciding between methods, in-
terpreting side effects, calculating risks, etc.—and we use
computational text analysis methods to discover the inter-
sections between these activities and online platforms. Be-
cause different methods and side effects could lead to dif-
ferent sensemaking activities, we first explore which birth
control methods and side effects are more likely to be dis-
cussed on different online platforms (RQ1). Using lexica
crafted for our online settings, we compare these discussion
frequencies to the distribution of experienced side effects as
reported via a nationally representative survey by Nelson
et al. (2017), indicating increased or decreased interest in
discussing these concerns online. Next, using topic model-
ing and hand-annotations, we discover and characterize the
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kinds of sensemaking activities that birth control discussants
engage in online and how these differ by platform (RQ2).
We contrast these activities with prior work on related on-
line healthcare communities, and we highlight the particular
strategies of birth control discussants.

Contributions. We identify and characterize how birth
control discussants make sense of their experiences and op-
tions via two large English-language online platforms: Red-
dit and Twitter.
• We identify a unique combination of sensemaking strate-

gies including storytelling, risk analysis, timing and cal-
culations, causal reasoning, method and hormone com-
parison, and information and explanations.

• Across platforms, we find that storytelling is used to pre-
pare for and overcome painful insertion experiences.

• We find that Twitter users are more likely to discuss the
IUD and severe side effects like stroke, while Reddit
users frequently discuss both the IUD and the pill as well
as sensitive side effects like bleeding.

• We compare our results to self-reported survey data,
highlighting side effects that Twitter and Reddit users
discuss more than expected, perhaps indicating increased
interest and needs met by specific platforms.

Throughout this study, we employ a mixture of customized
lexica, which we release to the public,1 topic modeling, and
hand annotation, demonstrating how a detailed and diverse
analysis across online platforms can expand our understand-
ings of social sensemaking, web and social media activity,
and critical healthcare issues.

Related Work
Sensemaking in online communities. As explained by We-
ick, Sutcliffe, and Obstfeld (2005), sensemaking necessarily
involves communication and is an “activity that talks events
and organizations into existence,” in part through retrospec-
tive storytelling. It is a process that relies on collaborative
problem solving (Pirolli and Card 2005), and more recently,
it has been defined in closely related work by Andalibi and
Garcia (2021) as “how individuals make sense of complex
phenomena by constructing mental models that draw on new
or existing experiences, information, emotions, ideas, and
memories.” In online healthcare communities, the individ-
ual works to make sense of their healthcare experience, and
the community collectively gathers information, compares
stories, and makes sense of a shared experience (Mamykina,
Nakikj, and Elhadad 2015). Sharing experiences can help
narrators make sense of their stories (Tangherlini 2000) and
can transfer important information to others without first-
hand experience (Bietti, Tilston, and Bangerter 2019), lead-
ing users through a transformative process via the gathering
and organizing of information (Genuis and Bronstein 2017;
Patel et al. 2019). This process is contextual; each commu-
nity can rely on different strategies (Young and Miller 2019).
Healthcare activity across platforms. Specific platform af-
fordances can facilitate different types of healthcare-related

1https://github.com/lhmcd/birth-control-across-platforms

disclosure and interactions. Zhang, N. Bazarova, and Reddy
(2021) formulate a social media disclosure ecology in which
platform affordances like anonymity, persistence, and visi-
bility control can predict, e.g., pandemic-related disclosures.
Health information seeking behavior can differ across plat-
forms, with search engines more frequently used for serious
and stigmatized conditions and Twitter more frequently used
for symptoms (De Choudhury, Morris, and White 2014), and
community affordances such as threaded conversations and
hashtags can influence participation decisions of those with
invisible chronic health conditions (Sannon et al. 2019). The
distribution of content type can also differ by platform: e.g.,
prior work found that sharing experiences is less frequent
on social networks than forums, although these rates can de-
pend on healthcare topic (Rivas et al. 2020).

Reproductive healthcare and online sensemaking. Stud-
ies of reproductive healthcare communities have empha-
sized some unique sensemaking practices. For example, in
a study of sensemaking practices after pregnancy loss, An-
dalibi and Garcia (2021) highlighted the importance of seek-
ing emotional validation, rather than just information, when
trying to re-discover normalcy. Young and Miller (2019)
similarly supported these dual information management and
emotional needs in a study of a vulvodynia Facebook group,
and Chopra et al. (2021) discussed polycystic ovary syn-
drome and why personal tracking is an important commu-
nal activity that involves comparison to others’ experiences.
We investigate whether these sensemaking themes hold for
online birth control communities.

Two recent studies have focused specifically on online
discussions of birth control. First, Nobles, Dredze, and Ay-
ers (2019) monitored Google search queries to track interest
in different birth control methods, finding that U.S. political
events correlate strongly with increased information seek-
ing behavior online. Second, Merz et al. (2020) examined
the prevalence and sentiment of tweets mentioning different
birth control methods. The authors found that long-acting
methods like the IUD were mentioned more often on Twit-
ter, and the proportion of these tweets increased over time.
While most tweets expressing sentiment about contracep-
tion were negative, tweets about long-acting methods were
more likely to express positive sentiment. Other quantitative
studies have similarly focused on sentiment (Pillarisetti et al.
2022; Álvarez-Mon et al. 2020) or frequency measurements
of user engagement (Gurman and Clark 2016; Latack et al.
2021). To our knowledge, prior work studying online discus-
sions of birth control has neither explored users’ sensemak-
ing practices nor compared patterns across methods, side ef-
fects, and platforms.

Data

We collected data related to birth control from two promi-
nent online platforms: posts and comments on the Red-
dit community r/BirthControl and Twitter posts and replies
mentioning birth control. Table 1 summarizes these datasets.
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Community # of
Posts

Vocab
Size

Mean
Tokens

Year
Range

Posts Dist.
(2007-2020)

Moderation Structure

Reddit Posts 68,958 49,088 79 2010-2020 user moderators forum posts

Reddit Comments 264,912 67,837 32 2010-2020 user moderators replies to forum posts

Twitter Posts 499,796 398,910 12 2006-2020 company tweets (no retweets)

Twitter Replies 211,896 73,896 12 2007-2020 company replies to tweets

Table 1: Overview of the two datasets, including only texts mentioning our target birth control methods (pill, IUD, implant).

Platform Selection
We focus our study on Twitter and Reddit, two large plat-
forms that host public discussions about a wide range of top-
ics, from politics to memes to healthcare. Discussions about
birth control on these platforms include hundreds of thou-
sands of users and over a decade of content (see Table 1).

While some subreddits and Twitter accounts specialize
in visual content, both platforms are primarily text-based.
This makes comparison feasible, while differences between
the platforms (e.g., the ability to create topic-focused and
user-moderated communities on Reddit, discoverability and
wide audience on Twitter) make their comparison fruitful.
Birth control discussions occur on many platforms, includ-
ing Facebook, Instagram, YouTube, and TikTok, but re-
search access to these platforms is limited and their frequent
video content (a) is more difficult to automatically process
and (b) allows for user interactions (e.g., reuse of trending
sounds) distinct from text-based platforms.

Twitter and Reddit have been the frequent focus of prior
research on online healthcare discussions, with Reddit stud-
ies examining reproductive healthcare topics like vulvody-
nia (Young and Miller 2019) and polycystic ovary syndrome
(Chopra et al. 2021) and Twitter studies examining the fre-
quencies of themes and sentiment of birth control discus-
sions (Merz et al. 2020; Pillarisetti et al. 2022; Gurman and
Clark 2016; Álvarez-Mon et al. 2020). Despite their popu-
larity among both users and researchers, prior work has not
directly compared birth control discussions across the two
platforms, nor has prior work studied the sensemaking prac-
tices of birth control discussants on either platform.

Data Limitations
Our focus on Twitter and Reddit leads to some limitations.
These are English-language subcommunities of larger web-
sites, and while we have limited demographic information,
we observe that the majority of location-specific posts (e.g.,
politics, insurance) are about the U.S. Where possible, we
have included prior work describing general demographic
observations on these platforms. Birth control can be used
by many different people for a variety of healthcare reasons,
including gender dysphoria, and we do not assume the gen-
der of the birth control discussants.

Importantly, Twitter and r/BirthControl users included in
this study might or might not use birth control; some of these
users might be discussing birth control with no intent or his-
tory of seeking medication or interventions. Our goal is to
compare discussions across platforms, not to predict offline

rates of birth control usage or side effects.

Data Collection
Reddit. r/BirthControl2 is a user-created and user-
moderated online forum dedicated to birth control. Users
are pseudonymous and range from one-time questioners
to experienced question answerers. As of April 1, 2024,
r/BirthControl had 136K members. According to a Pew Re-
search Center survey of U.S. residents, more men (15%)
than women (8%) use Reddit, and more white (12%) and
Hispanic (14%) than Black (4%) survey respondents use
Reddit (Perrin and Anderson 2019), but these platform-wide
distributions are unlikely to be representative of r/BirthCon-
trol, for which more detailed demographics are unavailable.
Prior work on a related subreddit found that 81% of the users
identified themselves as white (Nobles et al. 2020).

Using the PushShift API, we collected the title (for posts),
text, date, and user-assigned tag (for posts). We removed
comments written by the parent post’s author, and we also
removed stickied comments (auto-generated or mod-written
comments). We did not include user-deleted documents.

Twitter. Twitter is a large social network where discus-
sions range widely from personal to global topics. Com-
pared to the general public, Twitter users are more likely
to be Democrats, and they also skew younger than users
of YouTube, Facebook, or Instagram (Perrin and Ander-
son 2019). The gender and racial distribution on Twitter are
close to uniform; out of a set of U.S. survey respondents,
24% of men and 21% women report using Twitter, while
24% of Black, 25% of Hispanic, and 21% of white respon-
dents report using Twitter (Perrin and Anderson 2019). Birth
control discussions take place in the context of many other
discussion topics, and moderation is organized by Twitter.

Using the Twitter Academic API (v2), we collected all
the English Twitter posts containing a set of keywords cor-
responding to our three target birth control methods. Sep-
arately, we collected all the Twitter replies containing the
same set of keywords. Prior work has shown that this API
returns reliable representations of the full tweet space (Pf-
effer et al. 2022). We removed Twitter handles from tweet
texts. The high vocabulary size for Twitter posts (Table 1)
partly reflects many unique URLs shared in these docu-
ments, which can be indicative of information-providing be-
havior. There are many possible design decisions when gath-
ering Twitter data, and we chose not to collect replies and

2https://www.reddit.com/r/birthcontrol/
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parent posts to (a) limit the size of our collection, (b) target
texts explicitly discussing birth control, and (c) more closely
replicate prior work (Merz et al. 2020).

Methods
To answer RQ1, we developed lexica to track discussions of
birth control methods and side effects. We decided on tar-
get methods and side effects via a collaborative process, be-
ginning with existing frameworks and iteratively modifying
as we examined our collected data. Because of our focus
on sensemaking, our goal with these lexica was to measure
prevalence of discussions rather than prevalence of offline
usage or experience because (1) we are interested in the
level of interest and concern of birth control discussants re-
gardless of offline experiences and (2) other study designs
(e.g., surveys) are better suited to studying usage rates. The
frequency of discussions could be influenced by the level
of concern birth control discussants on this platforms have
about particular methods and side effects, biases introduced
by the population or behavior unique to a platform setting
(Olteanu et al. 2018), and a user’s individual goals. We in-
vestigate these biases not only by comparing the platforms to
one another but also by comparing their relative frequencies
to self-reported side effect frequencies from survey studies.

To answer RQ2, we train and collaboratively code a pair
of topic models to discover the sensemaking activities that
are specific to birth control discussions on Reddit and Twit-
ter. Lexica cannot capture the complex themes identified in
prior work on non-birth control communities, such as sto-
rytelling and sharing/gathering information (Andalibi and
Garcia 2021; Mamykina, Nakikj, and Elhadad 2015). Be-
cause we expect that prior sensemaking frameworks, which
have not focused on birth control discussions, might not ex-
tend to this setting and the difficult healthcare choices faced
by birth control users, we take a bottom-up approach, al-
lowing the data-driven topics to guide our coding, as in
prior work on qualitative analysis via topic modeling (Nel-
son 2020; Baumer et al. 2017).

Birth Control Method Lexicon
To explore the prevalence across platforms of different birth
control methods, we develop a lexicon to match each doc-
ument to the primary method it discusses, where “primary”
is the method that is mentioned most frequently in the doc-
ument.

Contraceptive Method Selection. Due to data scarcity
and space limitations, we do not consider methods that are
not available on both platforms and of the remaining meth-
ods, we limit our analysis to the three most commonly dis-
cussed reversible, non-emergency methods: the pill, the IUD
and the implant, following prior work (Merz et al. 2020).3

3Using the lexica described above for Reddit, we find that the
implant (8,578 posts) is discussed more than twice as often as the
shot (3,529 posts) or barrier methods like condoms (3,029 posts).
This contrasts with reported rates of contraception use in the U.S.,
where the pill is used by 14.0%, the IUD by 8.4%, condoms by
8.4%, the implant by 2.0%, and the shot by 2.0% of women aged
15-49 (Daniels and Abma 2020).

Lexicon Development. We rely on sets of keywords to as-
sign each text a primary birth control method. Because of
their different structures, each platform requires its own set
of keywords and matching techniques. All of these lexica
are available in the Github repository linked above. To es-
timate performance, we manually checked 450 documents
balanced across Reddit posts, Twitter posts, and Twitter
replies.4 Our precision and recall scores were perfect (1.0).

We initialize each lexicon with the medications listed as
“pregnancy contraceptives” on WebMD, a healthcare review
website. Links to these medications are listed on a central-
ized page on WebMD5, and we extract the drugname pa-
rameter from each of the links. This parameter includes the
medication name followed by the method type. For example,
for the drugname “implanon-implant,” the medication “im-
planon” would be added to our lexicon under the method
“implant.” We then augment or limit the lexica as noted be-
low for each platform.

Reddit. To assign Reddit posts and comments to their re-
spective birth control methods, we augment the lexicon de-
rived from WebMD with terms from the Twitter keyword
set and general terms like “pill” that are typically ambigu-
ous on Twitter, but usable in the context of the r/BirthCon-
trol subreddit. We iterate on the keyword set, running our
classifier and examining unassigned documents until we can
no longer assign additional documents to a method. In all
cases, the text was assigned to the method that had the high-
est keyword count (of all the methods).6 If the highest key-
word count was not for one of our target three methods, or if
multiple methods were mentioned with equal frequency, we
discarded the text. We follow a similar procedure for Reddit
comments, but in cases where the comments do not contain
a birth control keyword, we assign the comment to the birth
control method of its parent post.

We were able to assign all but 4.6% of the Reddit
posts and 32.6% of the Reddit comments to a birth con-
trol method. Manual examination of the unassigned posts
reveals discussions of pregnancy scares, access (e.g., online
appointments and prescriptions), and treatment of side ef-
fects with non-contraceptive medications. The remainder of
these unassigned posts discussed topics that are adjacent to
birth control, e.g., insurance, menstruation, but are not ex-
plicitly connected to a birth control method.

Twitter. We use a more limited keyword set, derived from
a similar survey of birth control tweets by Merz et al. (2020),
to query for tweets about each of our target birth control
methods. Our focus was on precision rather than recall, as
the Twitter API requires a keyword match to retrieve tweets

4We omitted Reddit comments because of our method detection
strategy, which defaulted to the method in the parent post if no
method was found in the comment.

5https://www.webmd.com/drugs/2/condition-3454/pregnancy-
contraception

6We could instead have assigned each Reddit post and com-
ment to as many methods as were mentioned in its text, rather than
assigning each post and comment only to the method mentioned
most frequently. We do not find that these different assignment
techniques affect our distributional results.
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Source # Side Effect Texts % Side Effect Texts

Reddit Posts 53,027 / 72,731 73%
Reddit Comments 119,780 / 238,568 50%
Twitter Posts 61,698 / 513,017 12%
Twitter Replies 47,049 / 244,140 19%

Table 2: The coverage of the side effects lexicon.

on a particular topic; if we included keywords like “pill”,
our results would contain many false positives, unlike Reddit
where the topic is already constrained to birth control. After
gathering our initial Twitter dataset, we then apply the full
Reddit keyword set using the same methods described for
Reddit above. As with the Reddit data, we find that more
texts can be assigned to only the pill, IUD, or implant than
to a combination of methods; 12.7% of posts and 17.6% of
the gathered tweets either mentioned multiple methods with
equal frequency or most frequently mentioned a method not
in our set of three target methods.

Side Effects Lexicon
To measure the frequency of discussions about birth con-
trol side effects, we develop a lexicon of terms and patterns.
Because we do not use the side effects lexicon for data col-
lection (unlike the methods lexicon), we rely on one lexicon
across both datasets. We select patterns that match any dis-
cussion of the side effect, whether or not it is affirmative.

We grounded our development of the side effects lexi-
con in prior work. We matched the side effect categories
from Nelson et al. (2017) as closely as possible; this study
conducted a nationally representative survey of U.S. birth
control experiences and reported prevalences of side effect
experiences across different birth control methods. In ad-
dition to these, we added lexicon categories for pain, skin
changes, PMS, appetite changes, sexual partner feeling IUD
strings, and heart attack. We identified these additional cate-
gories and patterns from topic models trained on our datasets
and from other work; for example, we also drew on work
by Barr (2010) that discusses a variety of side effects and
their known frequencies and associations with different birth
control methods. For each side effect, we then iteratively
queried and made updates to the lexicon when we encoun-
tered false positives or false negatives.

Lexicon evaluation. To evaluate our lexicon, for each side
effect we randomly selected a set of matching and non-
matching texts, balanced across platforms and match status,
resulting in a set of 1,040 texts. We then manually checked
whether each text does or does not contain a discussion of
the target side effect. Across the side effects, we found pre-
cision of 0.98 and recall of 0.96. We show the lexicon cov-
erage in Table 2.

Comparing observations with survey responses. We
compare the distributions of side effect mentions to prior
work surveying people in the U.S. about their experiences
with birth control side effects. This allows us to com-
pare the frequency of side effect experiences with the fre-
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Figure 1: Document distributions of methods over time. We
show only years with at least 1000 posts or comments for at
least one method.

quency of online discussions. Differences between these dis-
tributions can indicate healthcare needs that users are ad-
dressing via the internet. We compare to surveys (rather
than controlled studies) because surveys better approximate
the self-reported anecdotes and personal experiences shared
online. We first converted each distribution to a ranking,
where lower ranks represent greater percents of discussions
rplatforms or experiences rsurvey . We then find the differ-
ence between the ranks for each side effect, dranks.

dranks = rsurvey − rplatforms (1)

These ranks avoid issues in directly comparing percents,
which might on average be higher or lower. When dranks
is positive, it indicates more online discussion than expected
given the frequency of reported side effect experiences.

Sensemaking Topic Model
We compare sensemaking activity distributions through a
bottom-up analysis. While some sensemaking themes might
be shared across settings, other themes might be more preva-
lent in certain platforms and side effects. We use an unsuper-
vised, automatic method to help us avoid biases in our data
coding (which might overlook certain themes while over-
representing others) by quickly revealing frequent themes
across all the texts in each dataset (Nelson 2020).

For this analysis, we rely on topic modeling, an automatic
method that identifies prominent themes and discourses in
a dataset (Blei, Ng, and Jordan 2003). This unsupervised
model can provide a quick and data-driven way to explore a
dataset (Chang et al. 2009). Unlike purely qualitative meth-
ods, topic modeling allows for analysis of large pools of
data (Baumer et al. 2017), and unlike supervised methods,
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Figure 2: Distribution of the side effect mentions across the platforms and methods (after 2012). Bars represent the percents of
documents for the specified platform or method mentioning any side effect that also mention the specified side effect. See Table
2 for the denominator sizes. Error bars indicate the standard deviation over 20 bootstrapped samples of the datasets.
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Figure 3: Distribution of the side effect mentions across the
platforms. Bars represent the differences between the rank
reported in the survey results from Nelson et al. (2017) and
the rank on the specified platform. Platform ranks are deter-
mined by first finding the frequency of side effect mentions;
these are the percent of documents mentioning any side ef-
fect that also mention the specified side effect. Bars to the
right of the x-axis represent side effects that are mentioned
more frequently on the platforms than are reported in the
survey. Results are shown only for texts posted after 2012,
and error bars indicate the standard deviation over 20 boot-
strapped samples of the datasets.

topic modeling supports a bottom-up analysis that com-
bines human interpretation (via manual evaluation and label-
ing) with automatically-recognized patterns (Nelson 2020).
Topic modeling continues to be a popular technique to an-
alyze online health communities (Nobles et al. 2018; Yang
et al. 2019; Abebe et al. 2020; Nobles et al. 2020).

Model training. We trained a latent Dirichlet allocation
(LDA) topic model (Blei, Ng, and Jordan 2003) on each of

our datasets, by combining the Reddit posts and comments
and the Twitter posts and replies for training. We use MAL-
LET7 for training. LDA remains a highly consistent and re-
liable model (Harrando, Lisena, and Troncy 2021; Hoyle
et al. 2022), especially when trained via Gibbs sampling for
smaller datasets. We balanced each training set, sampling
8,000 documents for each method for each of the Reddit and
Twitter datasets (see Figure 1 for method distributions). By
balancing the training set, we avoid weighting the topics to-
ward a certain method.

We removed a set of frequent stopwords, numbers, punc-
tuation, and duplicate documents from the training sets. Re-
moving stopwords and duplicate documents has been shown
to improve the legibility of the final topics, whereas stem-
ming can be harmful (Schofield and Mimno 2016; Schofield,
Magnusson, and Mimno 2017; Schofield, Thompson, and
Mimno 2017). To avoid capitalization discrepancies, we
lowercase all text. We experimented with different numbers
of topics and found 35 to be interpretable across the datasets;
at this number of topics, we observed topics that were nei-
ther too fine-grained (e.g., splitting a single theme across
multiple topics) nor too high level (e.g., combining themes
that should be separated), and that produced reasonable eval-
uation scores (see below). However, we emphasize that there
is no “correct” number of topics and that this method is used
for exploration and interpretation.

Model evaluation. While we do not have space here to list
the full sets of topics for each dataset, we will provide the
topics, most probable words, and example paraphrased doc-
uments in our code repository for manual examination. We
report human evaluation of our topics following the recom-
mendations in Hoyle et al. (2021). Using the word intrusion
task (Chang et al. 2009), we show one non-expert annota-
torand two expert annotators (the first two authors) a set of
the four most probable words plus an “intruder” word that
has low probability for the current topic but high probabil-
ity for another topic. We report the proportion of topics for
which the annotators identified the intruder.

We found that our Reddit topics have performance much
higher than a random baseline of 0.2 (annotator accura-
cies for Reddit: 0.71, 0.74, 0.77) while the Twitter topics

7http://mallet.cs.umass.edu/
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IUD
implant pill

[Reddit] IUD insertion 
experience 

[Reddit] appointment 
descriptions 

[Reddit] experiences and 
normality of pain 

[Reddit] implant 
insertion experience 
[Reddit] sharing and 

seeking side effect 
experiences 

[Twitter] IUD insertion 
experience 

[Twitter] experiences of 
cramps and side effects 

[Twitter] folk story 
about baby holding iud 

[Twitter] implant 
insertion and removal 

0.35 0.34 0.31

0.39 0.29 0.32

0.25 0.54 0.22

0.49 0.36 0.15

0.32 0.28 0.4

0.09 0.21 0.7

0.26 0.37 0.37

0.61 0.28 0.11

0.23 0.35 0.41

(a) Storytelling

IUD
implant pill

[Reddit] explanations of 
how birth control works 

[Reddit] method efficacy 
and research 

[Reddit] moderator PSA 
about antibiotics 

[Twitter] IUD research 
and information 

[Twitter] informational 
IUD articles 

[Twitter] news and 
research about male pill 

[Twitter] pill trivia

[Twitter] statistics 
about different methods 

0.3 0.39 0.3

0.24 0.23 0.53

0.57 0.17 0.26

0.39 0.42 0.19

0.45 0.33 0.22

0.52 0.21 0.27

0.2 0.24 0.56

0.62 0.22 0.16

(b) Information & Explanations

IUD
implant pill

[Reddit] condom use and 
risk analysis 

[Reddit] feeling and 
checking IUD strings 

[Reddit] menstrual 
product risks and usage 

[Reddit] pregnancy test 
accuracy and likelihoods 

[Reddit] risk analysis 
for serious side effects 

[Twitter] news about 
safety and recalls 

[Twitter] research about 
serious side effects and 

cancer 

0.41 0.26 0.32

0.38 0.33 0.29

0.24 0.72 0.031

0.24 0.25 0.51

0.27 0.44 0.29

0.79 0.11 0.1

0.38 0.35 0.27

(c) Risk Analysis

IUD
implant pill

[Reddit] implant removal 
and timing 

[Reddit] pill timing and 
calculations 

[Reddit] pill tracking, 
calculations, period 

management 
[Reddit] pill tracking, 

timing, and adherence 
[Twitter] menstrual 

changes over time with 
implant 

0.31 0.35 0.34

0.25 0.3 0.45

0.28 0.35 0.37

0.46 0.35 0.19

0.4 0.35 0.25

(d) Timing & Calculations

Figure 4: Users engage in different sensemaking strategies when discussing different birth control methods. For example, users
engage in more storytelling about the IUD and implant than the pill. Cells show the mean topic probabilities across methods for
four of our sensemaking clusters. The color scale is constant across the plots, and darker colors indicate higher probabilities;
these topics and methods are more likely to co-occur. To highlight differences, rows are normalized to sum to one.

have lower performance but are still substantially above the
random baseline (Twitter: 0.46, 0.46, 0.51). The first (non-
expert) annotator consistently had lower scores. The lower
performance on Twitter is expected, as text processing meth-
ods are notoriously challenged by the short text lengths and
non-standard language (Gimpel et al. 2011), and the short
tweets require contextual knowledge to interpret. This vul-
nerability of the word intrusion task to esoteric topics is
noted by Hoyle et al. (2021).

We also calculate the “UMass” Coherence: the log prob-
ability that a document containing at least one instance of
a higher-ranked word also contains at least one instance
of a lower-ranked word (Mimno et al. 2011; Röder, Both,
and Hinneburg 2015). We find the higher mean scores
across topics for Reddit (−416) and lower scores for Twitter
(−712). We note the criticisms of coherence and automatic
metrics Hoyle et al. (2021); in comparison to human evalu-
ation, automatic metrics can exaggerate model differences.

Identifying sensemaking themes. Across the datasets,
we find that many of the topics discuss birth control meth-
ods (including one method in their 10 most probable words),
side effects, pregnancy, and access (costs, appointments).
We then identify a series of cross-cutting sensemaking top-
ics. These topics include discussions of information seek-
ing/sharing, educational links and resources, how-to expla-
nations, experience seeking/sharing, emotional support, and
other sensemaking-related discussions. Two researchers in-
dependently coded the topics as more or less related to
sensemaking. The researchers then conferred and agreed
upon a final set of topics and assigned them to thematic
clusters. During this coding, we relied on the sensemaking
definition from Andalibi and Garcia (2021) provided above.
We also drew inspiration from prior work studying sense-
making in online healthcare communities, particularly those
works also focused on reproductive healthcare (see §Related

Work). We further explore and validate these sensemaking
topics by hand-labeling a small subsection of the data with
social support goals (Yang et al. 2019). After coding 150
documents for each dataset, we measured the agreement be-
tween the annotators using Krippendorff α, as each docu-
ment could receive zero, one, or more labels. Our agreement
was acceptable, with a score across the labels of 0.74.8

To compare the topics across the platforms, we aligned
the topics from the different models using Jensen-Shannon
divergence (JSD) for the word distributions associated with
each pair of topics. After manual examination of the ranked
topic pairs, we categorized topics with JSD scores below 0.6
as aligned across the datasets, and those with scores above
0.8 we considered diverging.

Results
Results: Birth Control Methods Across Platforms
Figure 1 shows the distributions of the methods across the
different platforms, where frequency proportions are calcu-
lated by dividing the number of texts mentioning the speci-
fied side effect by the total number of texts mentioning any
side effect (i.e., p(si|a) where si is the specific side effect
and a is any side effect). Discussions of different methods
have changed dramatically over time. On Twitter, the pill
begins as the most popular but is replaced by the IUD in
posts, while replies always center on the IUD. Twitter replies
also increase sharply after 2016, differing from the Twitter
posts (so is unlikely to be a symptom of our keywords). This
suggests that the IUD generates more discussion on Twit-
ter, especially post-2016, compared to the other birth control

8Lower scores are not surprising for subjective language label-
ing tasks (Artstein and Poesio 2008; Godwin and Piwek 2016), and
our scores are substantially higher than the agreement scores for a
very similar classification task in Rivas et al. (2020).
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methods. On Reddit, the number of posts discussing the pill
and IUD are similar, with slightly more posts discussing the
pill, though this difference is erased in the comments. The
implant is always the least discussed of the three methods.

Results: Side Effects Across Platforms
Figure 2 shows the distribution of side effects across plat-
forms. We find that pain, cramps, menstrual bleeding irreg-
ularities, mood changes, and skin conditions are the most
commonly discussed side effects on both platforms. In par-
ticular, pain is consistently and frequently discussed across
the platforms and is an outlier among the side effects. Dis-
cussions of stroke are more frequent in Twitter posts than
in the other datasets, but for all other side effects, Twitter
has the lowest discussion frequencies (perhaps because of
stigma around publicly sharing such information compared
to the smaller community and pseudonymous settings on
Reddit). In contrast, Reddit has a much higher frequency
of discussions for menstrual bleeding irregularities, mood
changes, and general discussion of side effects (i.e., men-
tioning the term side effect).

Figure 2 also compares the side effects by birth control
method. Across the birth control methods, we again find that
pain is a frequently mentioned side effect, but it is most fre-
quently mentioned in discussions that also mention the IUD.
The implant is the only method shown to cause weight gain
(Barr 2010), so the discussions of weight gain for the other
methods are less expected and could indicate that this po-
tential side effect is a concern across methods. Menstrual
bleeding, mood changes, headache, and libido are least of-
ten discussed with the IUD, while nausea, stroke, and skin
conditions are most often discussed with the pill.

Results: Comparison to Observed Distributions
Figure 3 shows the differences between our observed distri-
butions of side effect mentions and the reported distributions
of side effect experiences in Nelson et al. (2017) (described
above). We find large differences between how frequently
side effects are discussed online compared with how fre-
quently they are reported in the survey from Nelson et al.
(2017). For example, strokes are rarely experienced accord-
ing to Nelson et al. (2017), but when mentioned with the pill,
they are discussed more frequently on Twitter in compari-
son to other side effects, perhaps because sensational topics
are frequently discussed on Twitter. Mood changes are more
likely to be discussed across the platforms for the implant in
comparison to the survey data. Dizziness is more likely to
be discussed for the IUD than expected, while weight gain
is universally discussed less frequently than expected. These
patterns indicate cases in which users turn to the internet
more or less frequently than expected based on their self-
reported experiences in the survey.

Results: Sensemaking Across Platforms
Our final set of sensemaking themes included: storytelling
(e.g., implant insertion and removal on Twitter), risk anal-
ysis (e.g., news about safety and recalls on Twitter), timing
and calculations (e.g., pill timing and calculations on Red-
dit), method and dose comparison (e.g., hormone dosages

and comparison on Reddit), causal reasoning (e.g., weight
changes and causes on Reddit), and information and ex-
planations (e.g., research on the male pill on Twitter). We
show the four most frequent of these themes in Figure 4,
with the topics from each platform included in that theme
and their probabilities for each birth control method. We ob-
serve a greater number of storytelling topics for the IUD and
implant than for the pill, and examination of these topics
shows that insertion and removal experiences fuel this pat-
tern. Each method is associated with risks and is included in
method comparisons, but the pill in particular is included in
discussions of timing and calculations.

Using Jensen-Shannon divergence to compare topics
across the platforms, we find that the most aligned (JSD <
0.6) topic categories were: weight changes, general side ef-
fects, IUD insertion experiences, implant insertion experi-
ences, menstrual timing and cycles, and bleeding changes.
Each of our datasets included at least one representative
topic from these categories.

The most diverging (JSD > 0.8) topics were: causes
and side effects of vaginal infections and explanations of
how birth control works on Reddit; and IUD jokes and ran-
dom, viral folk stories, and implant news about unexpected
experiences on Twitter. These topics were the most unique
to their training dataset, without directly comparable topics
in the other dataset.

Discussion
Our results indicate large differences in sensemaking strate-
gies and discussions of methods and side effects across Twit-
ter and r/BirthControl. Importantly, these patterns do not
necessarily indicate real-world increases or decreases in use
of different methods or experiences of side effects. The dis-
crepancies we find between reported side effect experiences
and rates of online discussions highlights the importance of
studying online patterns as context-specific behavior. These
patterns should not be used to forecast offline behavior but
rather allow us to learn about platform-specific interests and
strategies when discussing difficult healthcare topics.

Methods and side effects across platforms. In response
to our first research question, we find that birth control dis-
cussions on Twitter and r/BirthControl substantially differ
in their distributions of methods and side effect mentions.
We cannot claim that using a method or experiencing a side
effect cause people to choose a specific platform, but our
observations add detail and sometimes contradict prior find-
ings. For example, in a study of general healthcare infor-
mation seeking, De Choudhury, Morris, and White (2014)
found that people more often use search engines for seri-
ous and stigmatized conditions and more often use Twitter
to discuss symptoms. We do not include search engines in
our study, but in our comparison across platforms, we find
that Twitter has a higher frequency of severe side effect dis-
cussions for birth control, while r/BirthControl has higher
frequencies of general side effect discussions. Our focus on
birth control might explain these variations, as many of the
birth control side effects are themselves highly stigmatized
(e.g., menstrual bleeding, vaginal discharge). The discussion
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of severe side effects on Twitter is likely related to Twitter’s
tendency toward sensational content, and could also explain
the relative frequency of IUD discussion on Twitter; the IUD
has been associated with both severe side effects and poten-
tial legal bans (Nobles, Dredze, and Ayers 2019). These find-
ings emphasize the importance of considering platform set-
ting when studying online patterns related to specific health
conditions, medications, and side effects.

Online sensemaking practices of birth control discus-
sants. In response to our second research question, our
identification and comparison of topics that align with sense-
making themes reveals important activities specific to birth
control and to the different platforms and methods. We
identified seven categories of sensemaking activities, rang-
ing from causal reasoning (especially about side effects) to
comparisons of methods and hormone doses. Storytelling
about the IUD and implant was a common practice, with
strongly aligned pairs of topics across the platforms. But
we find notable differences in the prevalence of informa-
tion & explanations (more sharing of articles on Twitter),
risk analysis (r/BirthControl includes instructions for how
to assess risk, while Twitter highlights research and recalls),
and other sensemaking practices. Overall, r/BirthControl is
more suitable for inquiry into the more intimate nuances of
birth control usage (e.g. checking IUD strings), while Twit-
ter suits inquiry into information sharing practices (e.g. shar-
ing news articles and research, announcing recalls). This
combination of themes reflects the unique dilemmas facing
birth control discussants, as they choose between “least bad”
options, struggle to identify and treat side effects, determine
risk of pregnancy given their circumstances, and avoid rare
but alarming outcomes like stroke and heart attack.

Prior work has found that online communities focused on
reproductive healthcare (e.g., pregnancy, vulvodynia) em-
ploy strategies related to validation (Andalibi and Garcia
2021), information management (Patel et al. 2019; Young
and Miller 2019; Andalibi and Garcia 2021), personal track-
ing (Chopra et al. 2021), and identifying causation (Patel
et al. 2019). We find these themes again in our birth control
communities, with variations; for example, personal track-
ing is also a prominent theme in birth control discussions,
but it is focused on pill timings and calculations and on self-
observations of side effects. Identifying causation is a com-
mon concern for those experiencing infertility (Patel et al.
2019), and we find this theme again in our datasets but in
the context of side effects like weight gain.

Storytelling, pain, and the IUD. We would like to par-
ticularly highlight storytelling as an important sensemak-
ing strategy for birth control discussants. Storytelling is
known to help communities work through trauma (Tangher-
lini 2000), and birth control discussants employ storytelling
specifically to address physical pain. Pain is a major cross-
cutting theme across the platforms; it is the most frequently
and consistently discussed side effect, and it is most often
mentioned alongside the IUD. While Barr (2010) identifies
pain as the second most common side effect (after bleed-
ing changes) and Dickerson et al. (2013) identifies pain as
the most common side effect for the IUD and second most

common side effect for the implant, we find a much larger
gap between pain and the next most frequent side effects in
our analysis. Pain is mentioned frequently in posts about the
IUD and in posts whose probable topics are about seeking
and sharing IUD insertion stories. Pain is inherently a sub-
jective experience that cannot be precisely communicated
(Scarry 1987), but sharing of personal stories provides one
way for a community to build a sense of what is normal or
to be expected (Patel et al. 2019; Andalibi and Garcia 2021).
Our results suggest that there is an urgent unmet need for (a)
honest education and preparation before IUD insertions and
(b) pain treatment options during this procedure.

Online discussions differ from survey reports. In com-
parison to the survey results in Nelson et al. (2017), we find
not only large differences in the frequency at which differ-
ent side effects are discussed but also differences across the
platforms. On one hand, these results demonstrate the risks
in relying on social media traces to predict offline behavior
(Olteanu et al. 2018). On the other hand, this comparison
usefully highlights side effects for which interest is higher
than we would have predicted using the survey data, indicat-
ing the contexts in which these discussants use social media
to make sense of birth control.

It could be that the differences from the survey are due
to the demographic distribution opting into the survey ver-
sus those opting to post online; future work surveying the
demographic distribution of these users would address this
question, but our results take a first step at measuring dif-
ferences between these settings. We find, e,g., while mood
changes are discussed at similar frequencies in comparison
to the survey data across the platforms, other side effects like
strokes, bloating, fatigue, bleeding, and dizziness might be
discussed more or less frequently compared to the reports in
Nelson et al. (2017), depending on the platform. Bloating is
less frequently mentioned on all the platforms and for all the
methods in comparison to the survey data, perhaps indicat-
ing a general lack of concern about this side effect in contrast
to its reported frequency. But bloating is much less frequent
on Twitter for the pill and implant, which could also indicate
that Twitter is less suited to its discussion, perhaps because
of embarrassment in the public setting or perhaps because of
the more knowledgeable and helpful audience on Reddit.

Stigma, privacy, and contextual disclosures. Birth con-
trol can be a controversial, stigmatized, and intimate topic.
This can lead birth control discussants to seek out addi-
tional information privately. For example, in a set of inter-
views of young Black and Hispanic women, Yee and Si-
mon (2010) found that a greater number reported seeking
decision-making support on the internet, citing its privacy,
in comparison to other sources of information (e.g., talking
to physicians, reading provided information). Interpreting
side effects, analyzing the risk of pregnancy, or normalizing
a painful experience require disclosing personal details and
stories. Birth control discussants might analyze the risk and
benefit of making these disclosures in certain settings and to
certain audiences. While social penetration theory (Altman
and Taylor 1973) posits that more disclosures are possible
as social bonds deepen, prior work has also found that in-
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timate language can be frequent among both close connec-
tions and strangers (but not in between) (Pei and Jurgens
2020). The variations we observe across methods, side ef-
fects, and sensemaking practices could be indicative of plat-
form affordances for privacy, audience size, and anonymity,
each of which can affect decisions to self-disclose. For ex-
ample, we found that side effect discussions are less fre-
quent on Twitter, where users are facing a much larger and
non-specialized audience, unlike the other platforms. Giving
users more platform-specific tools to control their audience
size and membership (Mondal et al. 2014) could allow for
more productive discussions of this sensitive topic.

Other factors influencing platform decisions. Research
relying on social media data is vulnerable to various bi-
ases. For example, political heterogeneity of social media
users can lead to imprecise models (Alkiek, Zhang, and Ju-
rgens 2022), and user rating and connection behavior can
shift after the introduction of new platform features (Ma-
lik and Pfeffer 2016). These risks can also vary based on
research goals; Olteanu et al. (2018) draw a distinction be-
tween research that uses social data to study phenomena be-
yond social platforms (e.g., using our lexicon frequencies to
predict offline popularity of these methods) versus research
that uses social data to study phenomena specific to social
platforms (e.g., using our lexicon frequencies to examine
the sensemaking practices of Twitter or Reddit users). Our
comparison to self-reported survey data highlights the limits
of the first kind of research—patterns in online discussions
of birth control differ significantly from offline patterns of
experiences—while emphasizing the possibilities of the sec-
ond research goal—such discrepancies help us characterize
the discussions happening in these specific communities.

Decisions to seek information online can also correlate
with demographic characteristics. For example, in a survey
of U.S. young adults, those with a sexual risk history (early
sexual activity, involvement in an unintended pregnancy)
less frequently reported using the internet as a source and
more frequently reported seeking information from a doc-
tor/nurse, and men more frequently reported using the in-
ternet than women (Khurana and Bleakley 2015). It is also
possible that users follow a birth control journey, where dif-
ferent needs at different points in one’s journey can lead
one to different platforms, as has been reported for other
healthcare topics (Sannon et al. 2019; Andalibi and Forte
2018). These journeys can intersect with methods; for ex-
ample, while the pill is a popular first method, many people
report switching to the IUD as they gain more experience
with birth control (Nelson et al. 2017). This would mirror
the journeys of those with invisible chronic illnesses who
move from one platform to another as their needs evolve and
as they grow more comfortable with self-disclosure (Sannon
et al. 2019). This is mirrored in intra-community research
that models user trajectories in online cancer support groups,
finding that users often transition from information-seeking
to information-sharing roles over time (Yang et al. 2019).

Recommendations. As in past work exploring biases in
social media data (Olteanu et al. 2018), our results show
that birth control discussion patterns are often not consis-

tent across platforms. For social media researchers inter-
ested in birth control discussions, our lexica can be used
for Twitter and r/BirthControl but must be modified for new
platforms and updated as new medications become avail-
able. When selecting a platform for birth control research,
its choice should be guided by a matching between research
goals and the method, side effect, and sensemaking distribu-
tions revealed in our results. More generally, social media re-
search can follow our practice of mixing computational tools
like topic modeling with lexicon-based methods and hand-
annotation, using these methods to characterize difficult-to-
identify themes like sensemaking practices. We recommend
taking this careful approach, putting unsupervised results in
context with qualitative and fine-grained measurements.

Broader Impacts, Ethics, and Limitations
Our study was considered exempt under Cornell Univer-
sity’s IRB. However, while Reddit and Twitter posts and
replies are “public,” they can contain highly personal infor-
mation, requiring a balance between potential harms and po-
tential benefits to the community, as described in the guid-
ing principles of the Belmont Report: respect for persons,
beneficence, and justice.9 Considering possible harms, e.g.,
re-identification of those using stigmatized medications, we
do not collect any user-specific information, and we do
not infer medical conditions for individual users; instead,
we rely on patterns averaged across many users. We also
anonymize and paraphrase any direct quotations. To protect
users’ agency to edit or delete their data at its original source,
we release our data collection lexica but not copies of the
collected data. We balance these concerns and protective ac-
tions against the benefits of this research; among other ben-
efits, our work highlights the unmet pain treatment needs of
a population known to be discriminated against by physi-
cians (Samulowitz et al. 2018) and examines the kinds of
support needed by those facing difficult healthcare choices.
Finally, we do not assume or attempt to infer the gender of
our dataset authors, as both birth control users and birth con-
trol discussants can include a diverse group of people.

Limitations
Social media does not necessarily represent offline events,
and unlike the surveys we use for comparison, we cannot
control for demographics. We study texts written in English
and platforms that attract a U.S. audience, as the authors are
all most familiar with this setting. We focus on one specific
community out of many, and we do not expect that the find-
ings in this paper will necessarily generalize outside of the
U.S. or to other online spaces; indeed, our results indicate
that different platforms display different patterns. Finally,
averaging over posts allows us to track patterns and make
comparisons but can also reduce nuance. Our work is best
read in conjunction with ethnographic studies like Home-
wood and Heyer (2017) and Daley (2014), which highlight
individual voices of birth control users.

9https://www.hhs.gov/ohrp/regulations-and-policy
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