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Abstract. Digital maternity support communities are growing in popu-
larity, o�ering valuable peer support throughout pregnancy and postpar-
tum experiences. These platforms also generate rich textual data that can
be leveraged for arti�cial intelligence (AI) applications. This study ap-
plies pretrained language models (PLMs) to classify and analyse 270,195
posts collected from the subreddit �BabyBumps� between 2010 and 2022.
Focusing on posts that re�ect personal experiences related to pregnancy,
postpartum, and related events (85.9%), the analysis reveals that the
majority (62.6%) centre on physical health concerns, while nearly half
(48.9%) express negative sentiment. Notably, both mental health and
negative sentiment�related discussions show a marked resurgence during
the COVID-19 pandemic. These �ndings underscore the evolving emo-
tional and informational needs of expectant and new mothers in online
spaces and highlight the potential of AI-driven tools in supporting digital
maternal health monitoring.

Keywords: Maternal health monitoring · Online communities · Pre-
trained language models.

1 Introduction

Maternal health remains a global concern, including a range of physical and men-
tal health challenges that a�ect women during pregnancy and after childbirth [30,
26, 13, 1, 18]. Complications such as gestational diabetes and hypertension often
co-occur with or are compounded by mental health conditions, including prena-
tal and postnatal depression, anxiety disorders, and post-traumatic stress [21,
29, 31, 33]. These conditions, if untreated, can signi�cantly impact maternal well-
being, infant development, and broader family dynamics [5, 20].

Traditional support systems such as family, friends, and healthcare profes-
sionals play a crucial role in providing emotional and informational support to
expectant and new mothers [28, 27, 3]. However, access to such support is not
always guaranteed. Women in rural areas, those facing social isolation, or expe-
riencing stigmatisation may lack the necessary resources or environments con-
ducive to support-seeking [11, 4]. The need for scalable, inclusive, and responsive
forms of support is therefore paramount.
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In this context, digital technologies have created transformative opportuni-
ties in healthcare, particularly through the proliferation of online health com-
munities [24]. Online maternity support communities such as �BabyBumps�, a
subreddit dedicated to pregnancy, early motherhood, and related events on Red-
dit, have gained global traction by providing accessible spaces for peer-to-peer
communication and mutual support [6, 8, 22, 23, 35]. These platforms transcend
geographical, social, and temporal barriers, enabling diverse users to share ex-
periences, exchange health information, and seek emotional reassurance in rela-
tively anonymous and judgment-free environments [14, 15].

Alongside the rise of digital health communities, arti�cial intelligence (AI)
has emerged as a powerful tool in modern healthcare, o�ering the potential for
early detection, diagnosis, and personalised intervention [12, 16]. In particular,
natural language processing (NLP) and machine learning have been e�ectively
applied to analyse user-generated content across various platforms to monitor
public health trends, predict mental health risks, and inform clinical decision-
making [7, 19, 32, 10]. Despite growing attention to AI-based health monitoring
in general online contexts, research applying such tools speci�cally to maternal
health remains limited.

This study addresses this gap by applying zero-shot learning (ZSL) using
pretrained language models (PLMs) to classify and analyse posts from �Baby-
Bumps�. This approach enables the automated classi�cation of posts without
relying on manually annotated training data, thereby o�ering a scalable and ef-
�cient framework for analysing large-scale textual data. Posts are classi�ed along
multiple dimensions, including whether they are related to personal experiences,
the type of health concerns (physical, mental, or none), and the sentiment ex-
pressed (positive, neutral, or negative).

The �ndings highlight that a considerable share of user posts express concerns
related to physical health (62.6%) or negative emotions (48.9%). Notably, mental
health-related posts and those with negative sentiment obtain higher community
engagement, as measured by the number comments received, suggesting that
users are particularly responsive to distress-related content. Temporal analysis
reveals a rising trend in the volume of all types of posts, with a marked resurgence
in the proportion of mental health or negative sentiment-related posts during the
COVID-19 pandemic.

This study contributes to the growing body of research at the intersection
of AI and maternal healthcare in at least three key ways. First, it demonstrates
the feasibility and e�ectiveness of leveraging PLMs for automated, large-scale
classi�cation of maternal health discourse. Second, it underscores the prevalence
of emotional and mental health challenges discussed within digital maternal
communities especially in times of crisis, drawing attention to the importance
of monitoring such issues in real time. Third, it reveals patterns of peer support
and engagement that highlight the critical role these platforms play in providing
social and emotional resources to expectant and new mothers.
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2 Data and Methods

Data from the subreddit �BabyBumps� were collected via the Pushshift plat-
form [2], comprising 270,195 posts submitted by 67,350 users between 2010 and
2022. For each post, the title and body text were concatenated prior to classi�-
cation by a PLM.

The classi�cation tasks performed by PLMs in this study adopt a ZSL ap-
proach, which is a learning paradigm developed to classify instances from un-
seen classes based on labelled examples from seen classes [34]. This is achieved
by leveraging auxiliary information that relates seen and unseen classes. In text
classi�cation, ZSL allows models to categorise texts into previously unseen cate-
gories without requiring explicit training on those categories. The approach relies
on embedding spaces where both text and class labels are projected. Typically,
these embeddings are derived from PLMs such as Bidirectional Encoder Repre-
sentations from Transformers (BERT) [9]. Let Φ represent a PLM (e.g., BERT),
x be an input text, and its embedding obtained from the PLM be Φ(x).

Each class c, whether seen or unseen, is also represented in the same embed-
ding space and is denoted as Φ(c). Then the task of text classi�cation can be
formalised as:

ĉ = argmax
c

sim(Φ(x), Φ(c)) (1)

The model predicts the unseen class with the highest similarity score, where
sim represents a similarity measure,for instance, the cosine similarity:

sim(Φ(x), Φ(c)) = cosine(Φ(x), Φ(c)) =
Φ(x) · Φ(c)
|Φ(x)||Φ(c)|

(2)

This paper employs a PLM called DeBERTa (Decoding-enhanced BERT with
Disentangled Attention), a variant of BERT that introduces two advancements
over BERT: a disentangled attention mechanism and an enhanced mask decoder.
These innovations signi�cantly improve the e�ciency of model pretraining and
the performance of downstream tasks and the model has been �ne-tuned on
multiple natural language inference datasets [17, 25].

The data analysed in this paper are publicly accessible and entirely observa-
tional in nature. The project received ethical approval from the Research Ethics
Advisory Group at Kent Business School, University of Kent (KBSE No: 3413).

3 Results

3.1 Post Classi�cation

Fig. 1 presents the work�ow for post classi�cation. A total of 270,195 posts sub-
mitted by 67,350 users between 2010 and 2022 were collected from the subreddit
�BabyBumps�. Posts were classi�ed along three dimensions. First, a binary clas-
si�cation was performed to determine whether the user was personally experi-
encing pregnancy, postpartum, or related events. In total, 232,202 posts (85.9%)
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re�ected such personal experiences and were retained for further classi�cation,
allowing the exclusion of irrelevant content such as advertisements. These per-
sonal experience posts were then further classi�ed by the type of health concerns
(physical, mental, or none) and by sentiment (positive, neutral, or negative). The
results show that the majority of posts relate to physical health concerns (62.6%),
and nearly half express negative sentiment (48.9%).

Fig. 1: Post classi�cation work�ow.

Fig. 2 presents the detailed distribution of sentiment (positive, neutral, and
negative) across posts with di�erent types of health concerns, i.e., no concerns,
mental health concerns, and physical health concerns, in the �BabyBumps� sub-
reddit dataset. It clearly shows that posts related to physical health concerns
dominate in volume, with 145,448 posts (62.6%), while posts concerning men-
tal health are fewer, and posts with no speci�c concerns are the least frequent.
Among the physical health concern posts, a large proportion are marked with
negative sentiment, although there is also a signi�cant number of neutral and
positive posts. This indicates that while physical issues are widely discussed, not
all evoke negative emotional responses.

In contrast, posts related to mental health concerns show a strikingly high
proportion of negative sentiment, making up the vast majority within that cate-
gory. This is expected, as mental health-related posts are more likely to express
distress, anxiety, or other negative emotions. Meanwhile, posts with no concerns
show a distribution dominated by positive sentiment. This re�ects the support-
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ive and celebratory nature of some content shared in the community, such as
announcements or milestones.

Fig. 2: Post frequency in di�erent concerns and sentiments.

3.2 Post Content

The two bigram networks in Fig. 3 visualise the top 100 most commonly co-
occurring word pairs in posts discussing physical health concerns (Fig. 3a) and
mental health concerns (Fig. 3b) in the �BabyBumps� subreddit. The direction
of the links in these networks represents the sequential order of the bigrams.
For instance, an arrow pointing from �baby� to �shower� indicates that the bi-
gram phrase should be read as �baby shower� rather than the reverse. In the
physical health bigram network, clinical and event-based language is more com-
monly used. Words such as �contractions�, �cervical check�, �water broke�, �ges-
tational diabetes�, �membrane sweep�, �early labor�, and �heart rate� indicate
detailed discussions around the physiological processes of pregnancy and child-
birth. Common bigrams also include references to time and progress, such as
�past weeks�, �found pregnant�, and �half hour�, as well as healthcare encounters
such as �appointment�, �doctor�, �went hospital�, and �sent home�. This network
suggests a more informational and medically-oriented discourse, where users doc-
ument symptoms, medical procedures, and timelines related to their pregnancy
journeys.

On the other hand, the mental health bigram network focuses more on emo-
tional expressions and interpersonal dynamics. The cluster centred around �feel�
and words such as �need�, �vent�, �advice�, and �help� re�ect personal feelings
as well as support-seeking behaviour. There is also a focus on psychological
struggles such as �panic attack�, �stop crying�, and �feel guilty�, highlighting the
emotional vulnerability shared in these posts. The prevalence of words such as
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�know people�, �family members�, and �close friends� suggests that relationships
play a signi�cant role in users' mental wellbeing narratives. Together, these net-
works illustrate distinct patterns in how users discuss physical versus mental
health. Similarly, a bigram network generated from posts with no concerns is
available upon request.

3.3 Post Engagement

Following the classi�cation of post types, the analysis next explores how these
posts are received by the community. The number of comments serves as a
useful indicator of engagement, often re�ecting attention, empathy, or perceived
need. Comparing the number of comments across di�erent types of posts helps
highlight where support is most actively provided and whether certain kinds of
content consistently elicit more interaction. These insights can inform e�orts to
strengthen peer support in online communities.

The two empirical cumulative distribution function (ECDF) plots in Fig. 4
illustrate how sentiment and concern types are associated with the number of
comments. In Fig. 4a, posts expressing mental health concerns receive more com-
ments than those with no concerns or physical health concerns, particularly in the
mid-range of the distribution. This indicates that users are particularly respon-
sive to mental health-related disclosures, perhaps re�ecting empathy, concern,
or a recognition of shared experiences. In Fig. 4b, posts with negative sentiment
consistently receive more comments than neutral or positive ones. This pattern
suggests that emotionally negative content may elicit stronger responses, po-
tentially due to the community's motivation to o�er support or advice during
di�cult times. All pairwise di�erences are statistically signi�cant with p < 0.01
according to the Mann-Whitney U test.

3.4 Post Dynamics

Fig. 5 concludes the analysis by presenting the temporal dynamics of health
concerns and sentiments among one-post users, as the majority of users (51.1%)
posted only once in this subreddit. Both subplots use dual y-axes, with the left
y-axis showing the frequency of posts in each category, and the right y-axis
showing the proportion of posts speci�cally related to mental health concerns
and negative sentiment, respectively.

Fig. 5a focuses on health concerns. Whereas all types of health concerns
have increased since the subreddit's inception in 2010, the proportion of men-
tal health-related posts initially rises but drops around 2014, then sharply in-
creases again from 2020 onwards. This uptick corresponds with the onset of the
COVID-19 pandemic and suggests heightened psychological stress and a stronger
inclination to seek support online. Fig. 5b instead focuses on sentiments. Nega-
tive sentiment consistently comprises the largest share, while all sentiment types
show a clear upward trend in frequency over time. Notably, the proportion of
negative sentiment remains high throughout the observed period, with a visible
resurgence between 2020 and 2022, mirroring the emotional toll of the pandemic.
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(a) Physical health concerns.

(b) Mental health concerns.

Fig. 3: Bigram networks.
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(a) Concerns.

(b) Sentiments.

Fig. 4: Empirical cumulative distribution function.
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These results demonstrate the potential of applying PLMs to large-scale on-
line discussions. This AI-enabled approach reveals both long-term trends and
crisis-induced surges in digital maternal health discourse. For example, by track-
ing health concerns and sentiments over time, such methods can facilitate timely
responses from platform moderators and healthcare practitioners, o�ering a scal-
able solution for monitoring maternal wellbeing online.

(a) Concerns.

(b) Sentiments.

Fig. 5: Dynamics of one-post users.
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4 Conclusion

This study applies zero-shot learning (ZSL) using a pretrained language model
(PLM), DeBERTa, to analyse posts from �BabyBumps�, the largest online com-
munity on Reddit dedicated to pregnancy, early motherhood, and related events.
By leveraging state-of-the-art arti�cial intelligence (AI) tools, this approach en-
ables scalable classi�cation of user-generated content without the need for man-
ually labelled training data. Posts are classi�ed along multiple dimensions, in-
cluding whether the user is personally experiencing pregnancy, postpartum, or
related events; the type of health concerns (physical, mental or none), and the
sentiment expressed (positive, neutral, or negative).

The analysis reveals that a signi�cant portion of posts express physical health
concerns (62.6%) or negative sentiment (48.9%). Engagement analysis indicates
that posts related to mental health concerns or negative sentiment receive more
comments, suggesting heightened community engagement with distress-related
content. Temporal analysis demonstrates an overall increase in the volume of all
types of posts, with a noticeable resurgence in the proportion of posts related to
mental health concerns or negative sentiment during the COVID-19 pandemic.

This study makes at least three key contributions. First, it demonstrates
the e�ectiveness of AI tools such as PLMs for scalable textual data classi�ca-
tion without the need for manually labelled training data, o�ering a method
that is both e�cient and adaptable to large-scale datasets. Second, it identi�es
key emotional and health concerns expressed in online maternal health spaces,
highlighting the prevalence of mental health-related issues and their emotional
impact on users, especially in times of crisis. Third, it provides insights into user
engagement patterns, particularly how posts related to negative sentiment and
mental health concerns consistently attract more comments, suggesting that this
online community serves as a valuable space for emotional support in maternal
health.

Nevertheless, this study has several limitations. First, it focuses on a sin-
gle, albeit high-performing, PLM (DeBERTa) for classi�cation tasks, which con-
strains the generalisability of the �ndings. While this choice highlights the model's
practical utility in real-world contexts, it does not o�er comparative insights
into other PLMs that may possess di�erent strengths, particularly in identify-
ing subtle or overlapping emotional and informational support signals. Future
studies could systematically evaluate a wide range of PLMs under zero-shot,
few-shot, and �ne-tuned conditions to better understand their relative e�ective-
ness. Moreover, integrating human validation or developing hybrid AI�human
pipelines could enhance both the robustness and accountability of the classi�-
cation results. These steps are critical when such results are intended to inform
interventions, platform design, or clinical support systems.
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