University of

'Sl Kent Academic Repository

Zhu, Zhen (2024) Maternal mental health monitoring in an online community:
a natural language processing approach. Behaviour & Information Technology,
44 (10). pp. 2379-2388. ISSN 0144-929X.

Downloaded from
https://kar.kent.ac.uk/105480/ The University of Kent's Academic Repository KAR

The version of record is available from
https://doi.org/10.1080/0144929X.2024.2333927

This document version
Publisher pdf

DOI for this version

Licence for this version
CC BY-NC-ND (Attribution-NonCommercial-NoDerivatives)

Additional information

Versions of research works

Versions of Record
If this version is the version of record, it is the same as the published version available on the publisher's web site.
Cite as the published version.

Author Accepted Manuscripts

If this document is identified as the Author Accepted Manuscript it is the version after peer review but before type
setting, copy editing or publisher branding. Cite as Surname, Initial. (Year) ‘Title of article'. To be published in Title
of Journal , Volume and issue numbers [peer-reviewed accepted version]. Available at: DOI or URL (Accessed: date).

Enquiries

If you have questions about this document contact ResearchSupport@kent.ac.uk. Please include the URL of the record
in KAR. If you believe that your, or a third party's rights have been compromised through this document please see

our Take Down policy (available from https://www.kent.ac.uk/guides/kar-the-kent-academic-repository#policies).



https://kar.kent.ac.uk/105480/
https://doi.org/10.1080/0144929X.2024.2333927
mailto:ResearchSupport@kent.ac.uk
https://www.kent.ac.uk/guides/kar-the-kent-academic-repository#policies
https://www.kent.ac.uk/guides/kar-the-kent-academic-repository#policies

Behaviour & Information Technology

Taylor & Francis
Taylor & Francis Group

B

I

T

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/tbit20

Maternal mental health monitoring in an online
community: a natural language processing
approach

Zhen Zhu

To cite this article: Zhen Zhu (27 Mar 2024): Maternal mental health monitoring in an online
community: a natural language processing approach, Behaviour & Information Technology,
DOI: 10.1080/0144929X.2024.2333927

To link to this article: https://doi.org/10.1080/0144929X.2024.2333927

8 © 2024 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

% Published online: 27 Mar 2024.

\J
G/ Submit your article to this journal &

A
& View related articles &'

View Crossmark data &'

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=tbit20


https://www.tandfonline.com/action/journalInformation?journalCode=tbit20
https://www.tandfonline.com/journals/tbit20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/0144929X.2024.2333927
https://doi.org/10.1080/0144929X.2024.2333927
https://www.tandfonline.com/action/authorSubmission?journalCode=tbit20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tbit20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/0144929X.2024.2333927?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/0144929X.2024.2333927?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/0144929X.2024.2333927&domain=pdf&date_stamp=27 Mar 2024
http://crossmark.crossref.org/dialog/?doi=10.1080/0144929X.2024.2333927&domain=pdf&date_stamp=27 Mar 2024

BEHAVIOUR & INFORMATION TECHNOLOGY
https://doi.org/10.1080/0144929X.2024.2333927

Taylor & Francis
Taylor &Francis Group

8 OPEN ACCESS

Maternal mental health monitoring in an online community: a natural language

processing approach
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ABSTRACT

Digital maternity support communities are increasingly popular. The communities are often based
on discussion forums called ‘birth clubs’, to which users are assigned according to their estimated
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due months. Distinguishing between support-seeking and non-support-seeking posts submitted

to these ‘birth clubs’ is a crucial first step for monitoring maternal mental health. This study
utilised natural language processing (NLP) techniques on 52,558 posts collected from one of the
largest online maternity communities in China, employing machine learning algorithms trained
for post classification with a randomly selected and manually labelled subset of 3000 posts. The
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results validated the properties of information similarity and time sensitivity within the post
data, and demonstrated the feasibility of employing simple algorithms and small training sets

for effective maternal mental health monitoring.

1. Introduction

Maternal mental health issues have emerged as a signifi-
cant concern worldwide, affecting women during preg-
nancy and the postpartum period (Alderdice, McNeill,
and Lynn 2013; Figueiredo and Conde 2011; Hermann,
Fitelson, and Bergink 2021; Lee et al. 2007; Ross,
McLean, and Psych 2006). The challenges faced by
expectant mothers require adequate support to ensure
their well-being and that of their newborns (Rahman
et al. 2013; Wachs, Black, and Engle 2009). In recent
years, digital technologies have revolutionised the way
we connect and communicate, opening up new possibi-
lities for addressing maternal mental health at a large
scale. Among these solutions, online maternity support
communities have gained global popularity by facilitat-
ing peer-to-peer connections and information exchange
(Chivers et al. 2020; Denton et al. 2020; Jiang and Zhu
2022a, 2022b; Wexler et al. 2020).

The journey of pregnancy can be a roller coaster of
emotions for expectant mothers, encompassing joy,
anxiety, stress, and uncertainty. However, some women
experience more serious mental health challenges,
including depression, anxiety, and post-traumatic stress
disorder during pregnancy and after childbirth. These
conditions can have detrimental effects on both maternal
well-being and infant development (Figueiredo and

Conde 2011; Lee et al. 2007; Rahman et al. 2013; Ross,
McLean, and Psych 2006; Wachs, Black, and Engle 2009).

Historically, expectant mothers relied on traditional
support systems, such as family, friends, and healthcare
providers, for advice and emotional support (Bedaso
et al. 2021; Orr 2004; Orr and Miller 1997). While
these systems remain valuable, they may not always be
sufficient, especially for women who lack close family
ties or live in isolated communities. Additionally, seek-
ing support from people within the same local commu-
nity may limit the diversity of experiences and insights
available (Broadbent and Papadopoulos 2013; Drentea
and Moren-Cross 2005).

Digital maternity support communities offer a novel
approach to connecting expectant mothers, transcending
geographical boundaries and temporal constraints. The
anonymity, accessibility, and convenience offered by digi-
tal platforms have paved the way for individuals facing
similar challenges to connect and share their experiences
and concerns in a relatively safe and non-judgmental
space (Gleeson, Craswell, and Jones 2019; Gui et al
2017). These online maternity communities typically pro-
vide cohort-based discussion forums. For example, the
discussion forms can be created on a monthly basis and
be named as ‘birth clubs’, to which users are assigned
according to their estimated due months (Jiang and Zhu
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2022a, 2022b). These dedicated discussion forums foster a
sense of belonging and validation, reassuring users that
they are not alone in their experiences.

User-generated content on these discussion forums
presents an opportunity for leveraging text data to
monitor mental health and bolster healthcare manage-
ment practices. Through sophisticated natural language
processing (NLP) techniques, these platforms offer
insights into users’ emotional states and mental well-
being, aiding in the early detection of conditions like
depression and anxiety. By identifying linguistic mar-
kers and patterns, healthcare professionals can inter-
vene proactively, while also respecting ethical
considerations regarding privacy and consent, ulti-
mately fostering a data-driven, supportive approach to
mental healthcare on a much broader scale (Drydakis
2021; Hinduja et al. 2022; Kim et al. 2020). Whereas
there is an increasing body of research focussed on gen-
eral mental health monitoring in social media platforms
such as Twitter through text analysis (Coppersmith,
Dredze, and Harman 2014; Di Cara et al. 2023; Hinduja
et al. 2022; McClellan et al. 2017; Tommasel et al. 2022),
there remains a notable gap in the literature concerning
the specific domain of maternal mental health monitor-
ing within online maternity communities.

Therefore, this study makes a distinctive contri-
bution to the existing body of literature by introducing
several novel aspects that broaden our understanding of
monitoring maternal mental health within a digital
platform.

First, this study takes a pioneering step by delving
into the realm of maternal mental health monitoring
within a real-world digital platform. The data was col-
lected from one of the largest online maternity commu-
nities in China and in the world. Second, this study
contributes to the literature by validating two pivotal
properties of post data within the context of this online
community, namely information similarity and time
sensitivity. This validation provides valuable insights
into the dynamics of information exchange and tem-
poral factors that influence maternal mental health dis-
cussions. Third, this study justifies the feasibility of
monitoring maternal mental health with relatively
straightforward machine learning algorithms and
small training sets. The results not only underscore
the feasibility of utilising NLP techniques for mental
health assessment but also emphasise the potential for
scalability and cost-effective practical implementation.

The rest of the paper is organised as follows. Section 2
provides a literature review. Section 3 introduces the
data, proposes the hypotheses, and suggests the classifi-
cation methods based on NLP. Section 4 summarises the
results before Section 5 concludes the paper.

2, Literature review
2.1. Online maternity communities

Online maternity communities have gained significant
attention in recent years as platforms where expectant
and new mothers gather to share information, seek sup-
port, and connect with others in similar life stages.
These virtual spaces have become popular due to their
accessibility, convenience, and potential for emotional
support (Gleeson, Craswell, and Jones 2019; Jiang and
Zhu 2022a, 2022b). Researchers have investigated var-
ious aspects of online maternity communities, including
their impact on maternal well-being (Jiang and Zhu
2022b), and the dynamics of peer support (Jiang and
Zhu 2022a).

For instance, previous studies have highlighted the
importance of peer support in online maternity com-
munities. Expectant and new mothers often turn to
these platforms to share personal experiences, seek
advice, and receive reassurance from others who are
facing similar challenges. Online communities provide
a sense of camaraderie and understanding that can miti-
gate feelings of isolation and anxiety (Gleeson, Craswell,
and Jones 2019). Moreover, research has indicated a
positive association between participation in online
maternity communities and improved emotional well-
being, especially during the COVID-19 pandemic
(Silva-Jose et al. 2022; Zhou et al. 2021). Engaging in
these communities can enhance a sense of empower-
ment, reduce stress, and promote self-efficacy among
expectant and new mothers. However, it is important
to note that excessive reliance on online support can
also contribute to feelings of comparison and inade-
quacy (Adams 2008).

2.2. Online mental health monitoring

The availability of online data also enables the possi-
bility of mental health monitoring. This approach
enables early detection of mental health changes by con-
tinuously tracking user-generated data (Drydakis 2021;
Hinduja et al. 2022; Kim et al. 2020). Previous studies
have demonstrated the potential for identifying shifts
in mood, sleep patterns, and behaviour through data
collected from wearable devices, smartphone apps,
and online questionnaires (Naslund, Aschbrenner, and
Bartels 2016; Onyeaka et al. 2021).

Many online monitoring platforms leverage algor-
ithms to provide personalised interventions based on
users’ data. These interventions may include tailored
educational resources, coping strategies, and referrals
to mental health professionals (D’Alfonso 2020; Van



Der Krieke et al. 2014). Meanwhile, research has high-
lighted the importance of user-centred design, gamifica-
tion elements, and continuous feedback loops to
maintain user interest and motivation (Brown et al.
2016; Sardi, Idri, and Fernandez-Aleman 2017). Fur-
thermore, privacy and security concerns surrounding
the collection and storage of sensitive mental health
data have been explored extensively. Researchers have
emphasised the need for transparent data usage policies,
secure data storage, and compliance with ethical guide-
lines (Bennett, Bennett, and Griffiths 2010; Parker et al.
2019).

While a growing body of research is dedicated to gen-
eral mental health monitoring on social media plat-
forms like Twitter, typically using text analysis
(Coppersmith, Dredze, and Harman 2014; Di Cara
et al. 2023; Hinduja et al. 2022; McClellan et al. 2017;
Tommasel et al. 2022), a significant research gap persists
when it comes to bridging the above two research
strands, and to monitoring maternal mental health
within online maternity communities in particular.

3. Data, hypotheses and methods
3.1. Background and data

The data used in this study was collected from one of the
largest online maternity communities in China and also
in the world. Its core service is to facilitate information
exchange and social support about maternal caring
between pregnant women (Jiang and Zhu 2022a,
2022b). As its key feature, the online community assigns
pregnant users into peer groups (i.e. the so-called ‘birth
clubs’) based on their estimated due months. For
example, the users who are expecting to give birth on
any day in March 2024 will be asked about their esti-
mated due dates upon their registration to the online
platform, and will be assigned to the ‘Birth Club March
2024’ accordingly. Therefore, new ‘birth clubs’ are cre-
ated on a monthly basis with clearly defined target
users, and these ‘clubs’ are basically online discussion for-
ums where users can submit posts, which then can be
responded to with comments. Like other online discus-
sion forums, each ‘birth club’ has a few moderators
who help manage and organise the online discussion
when needed (e.g. promoting instructive or informative
content or responding to issues reported by users).

To monitor the mental health of these maternal
users, a natural starting point is to detect related signals
from their posts. For a feasibility study, 52,558 posts
were collected from three ‘birth clubs’ corresponding
to the due months of March, April, and May 2018.
Each ‘birth club’® was observed and its posts were
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Table 1. Summary statistics.
Data # Posts

Average # Characters

Birth Club March 2018 20,085 12.71
Birth Club April 2018 17,126 12.83
Birth Club May 2018 15,347 13.30
1st Trimester 18,168 12.25
2nd Trimester 14,599 1234
3rd Trimester 19,791 13.97
All 52,558 12.92

collected for 10 months since its inception (i.e. a typical
pregnancy duration). Note that there are two important
dimensions of this dataset. One is that it covers three
‘birth clubs” corresponding to the due months of
March, April, and May 2018, and the other is that the
posts were collected with time stamps and therefore
each post can be arranged according to the pregnancy
timeline (e.g. in one of the three trimesters). Table 1
summarises the number of posts and the average num-
ber of characters of posts for each of these two dimen-
sions as well as for the whole dataset. May 2018 and
the last trimester had slightly longer posts (13.30 and
13.97 characters respectively) than others on average.
The number of posts was similar across each dimension.
Among the ‘birth clubs’, the March 2018 had the most
posts (38.2%). Among the trimesters, the third trimester
had the most posts (37.7%).

Figure 1 shows the top 20 most frequent words in the
posts. Note that each original Chinese word is
accompanied by its English translation to the left. As
one might expect, the most frequent words include
‘baby’, ‘pregnant’, ‘belly’, and more technical terms
such as ‘four-dimensional (ultrasound) and ‘foetal
heart’, which are clearly related to maternity. However,
the posts also frequently involve commercially related
words such as ‘purchase’ and ‘(product) review’. In
other words, a post submitted to a ‘birth club’ can
serve not only to ask questions, but also to share experi-
ences and to meet other social or commercial needs
(Jiang and Zhu 2022a).

Therefore, in order to monitor mental health, it
becomes necessary to first differentiate between the
posts that genuinely seek support from the community
and those that do not. Some examples of this ambiguity
are shown in Figure 2. Note that the last example ‘[New]
Week 22, can (you help) tell the gender?” was a commu-
nity request. However, in Chinese culture, discussions
about gender are considered a social ‘talking point’
rather than being directly related to health (Loo et al.
2009). Consequently, this example was deemed non-
support-seeking. As a dataset for training the classifiers,
3000 posts were randomly selected and manually
labelled as either support-seeking or non-support-
seeking. Out of the 3000 posts, there were 1143
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Figure 1. Top 20 most frequent words in user posts.

(38.1%) labelled as support-seeking and 1857 (61.9%) as
non-support-seeking. Two annotators were hired to
label this random sample independently. Both of them
were experienced users of this online maternity commu-
nity. Given that the two categories are mutually exclu-
sive, the straightforward Cohen’s x coefficient (Cohen
1960) was employed to assess the agreement between
the two annotators. Notably, the agreement reached
near-perfection, with k = 0.962.

3.2. Hypotheses

The online maternity communities such as the one
studied here are triggered by a specific event, pregnancy.
Therefore, the ‘vocabulary’ (i.e. the set of words used in
these discussion forums) is expected to be stable across
the ‘birth clubs’. In other words, there is a significant
information similarity embedded in the posts between

BRHRERA FRAE R ARE

[New] Why (do I) sometimes have a sudden abdominal pain while sleeping?

¥z

Yummy

ERHETERENLIRET

Just got the result, all have low risk and should be fine.

£ 2213 gEEHMERIG

[New] Week 22, can (you help) tell the gender?

1000

1500 2000
Word Frequency

2500 3000 3500

different ‘birth clubs’, and a classifier trained on the
data from one ‘birth club’ can also perform well with
the data from a different ‘birth club’ in terms of differen-
tiating support-seeking posts from non-support-seeking
ones. As a result, the first hypothesis is formulated
around the information similarity.

H 1 (information similarity). The predictive perform-
ance remains high if a classifier trained on the post
data from one ‘birth club’ is applied to the post data
from a different ‘birth club’.

As mentioned above, the other important dimension of
the labelled post data is the pregnancy timeline. Since each
trimester of pregnancy has its well established milestones
and common symptoms, the ‘vocabulary’ is expected to
vary along the timeline, even though it is not expected
to vary between birth clubs’. Therefore, the second
hypothesis is formulated around the time sensitivity.

support-seeking

— non-support-seeking

Figure 2. Examples of support-seeking and non-support-seeking posts.



H 2 (time sensitivity). The predictive performance drops
if a classifier trained on the post data from one trimester
is applied to the post data from a different trimester.

3.3. Methods

There is a growing scholarly interest in employing NLP
for the detection of mental illness (Zhang et al. 2022),
and more recently in the domain of maternal health
care (Banik 2023; Bartal et al. 2023; De Choudhury,
Counts, and Horvitz 2013; Luo et al. 2020). Give a rela-
tively fixed ‘vocabulary’ around the event of pregnancy
as discussed above, basic classification algorithms
based on NLP are expected to achieve good predictive
performance. Following standard NLP procedures, the
posts were tokenised and the features were vectorised
with the TF-IDF (term frequency-inverse document fre-
quency) transformation. Then four basic classifiers were
trained on the labelled data, including logistic
regression, decision tree, random forest, as well as
naive Bayes.

The naive Bayes (NB) classifier is a simple but highly
effective algorithm with text data (Manning, Raghavan,
and Schiitze 2008). It is based on the probability of being
in class ¢ (say, support-seeking) given a document d:

P(cld) o< P(c) [] Pltle)

1<k<nyg

P(tx|c) is the probability that feature #; appearing in a
document belonging to class c. Note that document d
has n, features.

The class that a given document d is assigned to is
determined by the maximum a posteriori (MAP) class
Cmap»> Which is defined as:

Crmap = argmaxcecf’(cld)

:argmaxcecf’(c) l—[ P(t|o)

1<k<ny

P(c) can be simply estimated as the number of docu-
ments belonging to class ¢ divided by the total number
of documents in the training set, whereas:

NCtk + «

P(txle) = N 1 an
c

N, is the fractional counting of TF-IDF feature t
appears in a sample of class ¢ in the training set and
N is the fractional counting of all TF-IDF features for
class ¢ in the training set. n is the number of TE-IDF fea-
tures for class c. Finally, @ > 0 is the smoothing prior
that accounts for features not present in the training
set and prevents zero probabilities in future compu-
tations (Manning, Raghavan, and Schiitze 2008).
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4, Results
4.1. Baseline results

First, some baseline results were obtained with the four
classifiers. Given the relatively small and label-imbal-
anced sample, a nested cross-validation (CV) approach
was employed to enhance the generalisability of the
results. An outer 5-fold stratified cross-validation was
implemented to partition the labelled sample. As a result,
in each of the five rounds, the 3000 labelled posts were
split into a 80% training set (i.e. 2400 posts) and a 20%
test set (i.e. 600 posts). Throughout the training process
for each classifier, an inner 10-fold cross-validation pro-
cedure was applied to tune the hyperparameters, with the
AUC (area under the curve) score serving as the evalu-
ation metric. For each classifier, the N-gram range was
included as a hyperparameter and could choose its
value from {(1, 1), (1, 2)} (i.e. unigrams only or both uni-
grams and bigrams). For logistic regression, the regular-
isation parameter C could choose its value from
{0.1, 1, 10}. For decision tree, the maximum depth
could choose its value from {None, 5, 10}. For random
forest, the number of estimators could choose its value
from {100, 200, 300}. Finally for naive Bayes, the above
mentioned « could choose its value from {0.1, 0.5, 1}.
Although a more extensive exploration of the hyperpara-
meter space is conceivable, the current choices of par-
ameter sets suffice for adequately testing the hypotheses
and thoroughly evaluating the results.

Table 2 reports the best average AUC score (averaged
over both the inner and outer CV rounds) determining
the hyperparameters for each classifier in the second col-
umn. The best model of each classifier was then applied
to the test set and the results are reported in Table 2
with the standard evaluation metrics accuracy, precision,
recall, and Fl-score (averaged over the 5 outer CV
rounds). The NB classifier outperformed others in nearly
all metrics, especially with the highest accuracy of 0.8340
as well as the highest F1-score of 0.7733.

4.2. Information similarity

For the rest of the analysis, only the NB classifier was
chosen because it consistently outperformed others
(similar results were obtained with other classifiers for
the following analysis and these results are available

Table 2. Baseline results.

Classifier AUC  Accuracy Precision  Recall  F1-Score
Logistic Regression  0.8968 0.8270 0.8108 0.7134  0.7578
Decision Tree 0.7884  0.7950 0.7798 0.6467  0.7059
Random Forest 0.8817 0.8136 0.8436 0.6286 0.7197
Naive Bayes 0.9041 0.8340 0.8058 0.7461 0.7733
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upon request). To test H1 regarding the information
similarity, the post data of the ‘birth club’ March 2018
was used as a training set whereas the post data of the
‘birth club’ May 2018 was used as a test set (i.e. the train-
ing strategy named as ‘Ist predicting 3rd BC in
Table 3). Alternatively, the post data of both ‘birth
clubs’ March 2018 and April 2018 was used as a training
set when predicting the data of May 2018 (i.e. the train-
ing strategy named as ‘Ist & 2nd predicting 3rd BC’ in
Table 3). It can be seen that the extrapolation across
‘birth clubs’ still offered a comparable predictive per-
formance. Both new training strategies achieved over
80% accuracy and over 70% F1-score. Understandably,
the training strategy ‘st & 2nd predicting 3rd BC’ pro-
duced higher scores than the training strategy ‘Ist pre-
dicting 3rd BC’ because the former used a larger
training set. Note that its accuracy of 0.8419 was even
higher than the baseline. As a robustness check, in the
last two rows respectively, the post data of the ‘birth
club> May 2018 (or of both ‘birth clubs’ April 2018
and May 2018) was used as a training set whereas the
post data of the ‘birth club’ March 2018 was used as a
test set (i.e. the training strategy named as ‘3rd predict-
ing 1st BC’ or 2nd & 3rd predicting 1st BC’). The pat-
terns of the evaluation metrics exhibited no qualitative
alterations. Therefore, H1 is supported by the data.

4.3. Time sensitivity

On the other hand, to test H2 regarding the time sensi-
tivity, the post data of the first trimester was used as a train-
ing set whereas the post data of the third trimester was used
as a test set (i.e. the training strategy named as ‘Ist predict-
ing 3rd TR’ in Table 4). Alternatively, the post data of the
first two trimester was used as a training set when predict-
ing the data of the last trimester (i.e. the training strategy
named as ‘Ist & 2nd predicting 3rd TR in Table 4). It
can be seen that the extrapolation across trimesters com-
promised the predictive performance. Both new training
strategies produced worse results compared with the base-
line. Especially the training strategy ‘Ist predicting 3rd TR’
scored below 80% for accuracy and below 70% for

Table 3. ‘Birth clubs’ extrapolation results.

F1-

Classifier AUC  Accuracy Precision Recall  Score

NB (baseline) 0.9041 0.8340 0.8058  0.7461 0.7733

NB (1st predicting 3rd  0.8904  0.8167 0.7786  0.6785 0.7251
BCO)

NB (1st & 2nd 09033  0.8419 0.7993  0.7428 0.7700
predicting 3rd BC)

NB (3rd predicting 1st  0.8698  0.7987 0.7603  0.7286 0.7441
BQ)

NB (2nd & 3rd 0.8909  0.8272 0.7898 0.7766  0.7832

predicting 1st BC)

Table 4. Trimester extrapolation results.

Fi-

Classifier AUC  Accuracy Precision Recall  Score

NB (baseline) 0.9041 0.8340 0.8058  0.7461 0.7733

NB (1st predicting 3rd  0.8591  0.7860 0.7490  0.5187 0.6130
TR)

NB (1st & 2nd 0.8879  0.8166 0.7291 0.6979 0.7131
predicting 3rd TR)

NB (3rd predicting 1st  0.9018  0.7249 0.6982  0.6205 0.6570
TR)

NB (2nd & 3rd 0.9121 0.7780 0.7488 0.7182 0.7332

predicting 1st TR)

F1-score. Although the training strategy ‘1st & 2nd predict-
ing 3rd TR’ improved the result with a larger training set
(e.g. with the accuracy of 0.8166), its Fl-score of 0.7131
was still far below the baseline. Furthermore, the findings
were validated through a robustness check involving two
supplementary experiments referred to as ‘3rd predicting
Ist TR’ and 2nd & 3rd predicting 1st TR’ (i.e. the last two
rows in Table 4). Therefore, H2 is supported by the data.

4.4. A monitoring case study

The previous analysis confirmed the properties of infor-
mation similarity and time sensitivity of this online
maternity community’s user posts. The implication is
that it is feasible to differentiate between support-seek-
ing posts and non-support-seeking ones with relatively
simple machine learning algorithms and small training
sets. To demonstrate how this classification can be use-
ful for monitoring maternal mental health, a case study
was conducted with all 52,558 posts collected.

Figure 3 shows the number of posts during the preg-
nancy timeline arranged by weeks. The distribution was
uneven as the volume of posts started off at a minimum
number but quickly climbed up to over 2500 in Week
8. It then stayed between 1000 and 1500 for most of
the second trimester, before significantly peaking
again in Week 37. For an easier interpretation, Figure 3
also shows the most frequent words associated with the
peaks at different points of time. For example, the most
frequent word in Week 8 was ‘last (menstrual period)’,
indicating that the users were actively trying to
confirm their pregnancy in this week. Other frequently
discussed topics such as ‘NT (nuchal translucency)’,
‘baby movement’, ‘four-dimensional (ultrasound)’, and
‘baby’ along the pregnancy timeline were discovered
in the same fashion. Early intervention can be advised
given the patterns discovered in Figure 3. For example,
before Week 8, the information on pregnancy tests and
miscarriage care can be shared and highlighted by ‘birth
club’ moderators.

Then the best-performing baseline NB classifier was
applied to all 52,558 posts and each post was classified
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as either support-seeking or non-support-seeking. At
each point of time, the proportion of support-seeking
posts can be calculated as the number of support-seek-
ing posts divided by the number of total posts. Because
support-seeking posts often stem from mentally distres-
sing concerns, such a proportion during the pregnancy
can be monitored as a strong indicator for the maternal
users’ mental health status.

Unlike the uneven distribution observed in Figure 3,
the share of support-seeking posts throughout the preg-
nancy timeline appeared to be stable, with a decreasing
trend over the weeks. Therefore, the users collectively
showed a moderate level of mental stress (around 30%
as measured by the share of support-seeking posts)
during their pregnancy and the level decreased

gradually towards the end. The most frequent words
in the support-seeking posts are also shown for some
weeks in Figure 4. It can be seen that the users were
initially more concerned with ‘pregnant’, and later
with ‘baby movement’, ‘belly’, and ‘kick-start labour’.
If the patterns observed in Figure 4 are robust, any
anomalies can be easily detected when significant devi-
ations from the patterns occur (say, a sudden increase of
the share of support-seeking posts to 60%).

5. Discussion and conclusion

Digital forms of social support offer a potential solution
to addressing widespread maternal mental health con-
cerns, thanks to advancements in digital technologies.
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Consequently, there has been a global surge in popular-
ity for maternity support web applications in recent
years. Typically these platforms create discussion for-
ums, often named as ‘birth clubs’, and make them avail-
able to users based on their estimated due months,
facilitating the exchange of personal experiences and
knowledge related to maternal care during pregnancy.
Users within these peer groups can interact by submit-
ting or responding to posts. It is important to note thata
post does not always seek support but can also involve
sharing personal experiences or meeting other social
or commercial needs.

Therefore, a crucial initial step in monitoring
maternal mental health on such digital platforms
involves distinguishing between support-seeking and
non-support-seeking posts. To achieve this, the present
study employed NLP techniques on the data collected
from one of the largest Chinese maternity and parenting
web applications. The dataset consisted of 52,558 posts,
with a subset of 3000 posts randomly selected and
labelled as either support-seeking or non-support-
seeking.

Four basic machine learning algorithms, logistic
regression, decision tree, random forests, and naive
Bayes (NB), were trained for post classification with
the labelled post data. The NB classifiers perform the
best in terms of standard evaluation metrics. Different
training strategies were then implemented to validate
the properties of information similarity and time sensi-
tivity within the post data. Regarding the information
similarity, a classifier trained with the post data from
one ‘birth club’ still performed well with the post data
from another ‘birth club’. It implies that all ‘birth
clubs’ discussed a relatively fixed set of topics. After
all, this online maternity community is centred around
a specific event, pregnancy. However, regarding the
time sensitivity, a classifier trained with the post data
from one trimester performed less effectively when
applied to the post data from another trimester. This
is due to the fact that each trimester of pregnancy
comes with its own well established milestones and
common symptoms.

To illustrate the practical application of this classifi-
cation, a concrete case study encompassing all 52,558
posts was conducted to showcase how it can aid in
monitoring users’ mental health status, and how early
intervention and anomaly detection can be
implemented. The findings suggest the feasibility of uti-
lising relatively straightforward machine learning algor-
ithms and small training sets for monitoring maternal
mental health. Looking ahead, this study could extend
its scope to encompass other online maternity commu-
nities in other regions and languages, as well as to

potentially explore individual-level mental health
monitoring.

In the broader field of online mental health monitor-
ing, the integration of advanced deep learning models,
such as BERT (Devlin et al. 2019) and MentalBERT (Ji
et al. 2022), presents a promising avenue for future
exploration. By leveraging these models’ context-aware
embeddings, a more nuanced understanding of users’
mental states becomes possible. Furthermore, extending
these models to conversational agents, including large
language models (LLMs) such as ChatGPT, has the
potential to facilitate real-time analysis and proactive
mental health support in online interactions. However,
as we delve into these advancements, it is crucial to
address ethical considerations and to uphold the impor-
tance of user privacy (Cronin et al. 2021; Martinez-Mar-
tin et al. 2020).
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