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Abstract: Social media data has the potential to enable the exploration of public
perspectives on health conditions, interventions and policies. However, the
resource-intensive nature of qualitative analysis creates a barrier to the timely
utilization of social media data. Artificial intelligence can provide innovative
ways to reduce the burden by augmenting the data analysis process for
researchers. Therefore, the purpose of this research is to explore the feasibility
of using Machine Learning (ML) in augmenting thematic analysis of complex
health issues data available on social media. First, we performed a human-
determined deductive thematic analysis of the 7,177 comments posted by
YouTube video viewers on postpartum depression. Then we used the same data
to perform machine-assisted analysis using five Natural Language Processing
(NLP) classification models with and without class balancing techniques (class
weight balance and SMOTE) to balance the unequal number of comments across
themes. Our analysis suggested that supervised machine learning may not be
optimal for analyzing complex health datasets. However, integrating ML-NLP
techniques with thematic analysis can effectively filter out ineligible data,
thereby enhancing the efficiency of traditional thematic analysis processes. This
integration allows researchers to focus on valuable data, producing meaningful
insights and comprehensive analysis while saving time otherwise spent sifting
through a large amount of ineligible data. Social media data can offer significant
public health insights, and to enhance the use of such data, future research should
focus on developing artificial intelligence tools to improve the efficiency of
thematic analysis using larger datasets and unsupervised machine learning
models for analyzing complex health issues.

Keywords: Machine learning; Natural language processing; Thematic analysis;
Social media data; Complex health issues
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1. Introduction

Every day, a large amount of content is posted on social media platforms in the form of
audio, visual and text that are available to researchers to study various phenomena
occurring in people’s daily lives. Social media content can provide valuable insight into
several health-related topics. It can help researchers identify issues or gain deeper insight
related to the phenomenon of interest or public responses to interventions such as
awareness campaigns and policy changes (Bacsu et al., 2024; Han et al., 2018; Hemphill
et al., 2022). Social media research is generally conducted on freely available public data.
Since it does not require direct interaction with humans, researchers can quickly access the
data without the Human Research Ethics Board’s approval. Further, this data is free from
response bias, the Bradley effect and the observer’s paradox/Hawthorne effect that comes
with planned research projects where participants are aware that they are being researched
(Tatman, 2018).

Many researchers have studied the use of social media platforms such as Facebook,
TikTok, Twitter and YouTube for providing and accessing social support in health-related
conditions (Gage-Bouchard et al., 2017; Haslam et al., 2017; Johnson et al., 2020).
Comments posted by viewers of the original post can provide a substantial understanding
of the topic and the types of support people seek and receive. Thematic analysis of such
posts is a widely used qualitative method employed by social media researchers. Thematic
analysis is a process by which researchers identify common themes that run across the data.
It can take many forms, such as inductive, where themes emerge from the data or deductive,
where themes are derived from an existing theory, model or literature (Braun & Clarke,



668 A. Virani et al. (2025)

2006). Thematic analysis is a time-consuming and labour-intensive process (Castleberry &
Nolen, 2018). Therefore, researchers look for methods that could provide similar results
but are less resource-intensive than thematic analysis. For example, Taylor et al. (2018)
compared thematic analysis with rapid analysis and found that rapid analysis took 43 hours,
whereas thematic analysis required 117 hours. However, they also reported that for the
interpretation and the report writing, rapid analysis took six times longer than thematic
analysis. Social media data is based on public opinion and not specifically collected for a
specific research topic from the participants in a research setting. Therefore, it may contain
a lot of irrelevant and ineligible data, such as off-topic comments, language slang, emojis,
incomplete comments or comments that are difficult to comprehend when read without the
context or original post (Azizi, 2022). These unique data characteristics pose an added
burden on social media researchers trying to find relevant data while sieving through the
ineligible data.

Artificial intelligence (Al) has great potential to support social media researchers
in their thematic analysis. Al tools such as Machine Learning (ML) and Natural Language
Processing (NLP) can support researchers in lessening the burden of thematic analysis of
social media data. ML is a part of Al, which provides algorithms to support humans in
completing time-consuming and labour-intensive tasks efficiently and accurately. ML is
broadly divided into two types: supervised and unsupervised. Supervised ML approaches
require training data to complete the task. It is commonly used to classify data and make
predictions. Unsupervised ML can process raw data and is used for understanding the
relationships and patterns within the unlabeled dataset. NLP is a form of ML that processes
human language by using computational modelling to recognize, understand and interpret
linguistic data. It can be used with either supervised or unsupervised ML approaches
(Khurana et al., 2023).

The importance of social media data in exploring health conditions, combined with
the labor-intensive nature of thematic analysis, has prompted many researchers to seek
methods to alleviate the burden of thematic analysis. Various researchers have adopted
ML-NLP techniques to accelerate qualitative data analysis. For instance, Towler et al.
(2023) demonstrated that human-led analysis required 148 hours, whereas machine-
assisted analysis took only 40 hours. Similarly, Li et al. (2021) reported that the NLP
approach was significantly less time-consuming, taking 15 hours compared to 150 hours
for human coding. However, many ML studies focus on predicting the risk of a condition,
determining the severity of issues, and evaluating responses to interventions (Iyortsuun et
al.,2023; Lietal.,2021; Sajno et al., 2023; Towler et al.,2023). A review on the use of ML-
NLP in mental health conditions suggested that NLP studies are primarily used for
symptom identification, treatment comparisons, and questioning the current classification
of diseases to support existing ideas rather than generating new information (Le Glaz et al.,
2021). Similarly, research on Postpartum Depression (PPD), a mental health condition, in
relation to social media and ML focuses on developing predictive models to identify PPD
risk and severity (Gopalakrishnan et al., 2023; Safa et al., 2022). There is a notable lack of
NLP research utilizing social media data to analyze the types of support individuals with
PPD receive from these platforms. Therefore, this research study aims to explore the
feasibility of augmenting thematic analysis of complex health issues, such as PPD, using
supervised ML-NLP models.
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2. Data description

PPD is one of the most common mental health concerns globally for women after childbirth.
A systematic review of 58 studies on PPD suggested a 25.8% prevalence among women
(Dadi et al., 2020). The 2018/2019 maternal mental health survey reported that 23% of
Canadian mothers experienced PPD (Statistics Canada, 2019). COVID-19 pandemic-
related restrictions posed additional challenges to the mental health of parents. Several
studies reported an increased prevalence of PPD during the pandemic (Chen et al., 2022).
A well-known factor in minimizing the negative effect of depression is access to and
provision of social support (Dadi et al., 2020; Dol et al., 2021; Izadirad et al., 2017).

Social media provides a common public ground to express feelings and connect
with others with similar interests and issues. The freedom to be anonymous creates an
opportunity to share feelings openly and honestly. The increased use of social media to
provide and receive support among parents is well documented (Archer & Kao, 2018;
Auxier et al., 2020). We retrieved 18 months of YouTube data on PPD to analyze the types
of support provided on social media. We extracted comments that were posted by YouTube
viewers in response to the YouTube videos selected for analysis. We used Patricia Leahy-
Warren’s (2014) social support theory to deductively analyze the data into three major
types of support: 1) appraisal, 2) emotional and 3) informational. Appraisal support refers
to supporting actions or behaviours of others in the form of affirmation, feedback, and
social comparison. Emotional support is defined as expressing some form of caring
attributes to an individual, such as expressing empathy, concern, caring and love.
Informational support refers to providing relevant information, advice, and directives that
the individual can use in coping with issues. Although the theory provides information on
other types of support, our manual thematic analysis data indicated the dominance of these
types of support in the context of social media.

In this paper, we focus on the supervised ML approach and NLP classification
models that were utilized to process the manually thematically analyzed data on PPD and
social support. We compared the data for accuracy and suggested a model that incorporated
the intricacies of data. We also discuss the limitations of using ML-NLP approaches in the
context of thematic analysis and make suggestions for future ML-NLP applications in this
area.

3. Method

Our team, consisting of content experts and research assistants, conducted a manual
deductive thematic analysis using Leahy-Warren’s (2014) social support theory, which
outlines types of social support in relation to PPD, and Braun and Clarke’s (2006) steps of
thematic analysis. We refer to this as a human-determined analysis. The human-determined
data revealed common types of support, such as appraisal, informational, and emotional
support, that people obtained from social media platforms. We then performed ML-NLP
modeling using five classifiers on the human-determined analysis to assess its effectiveness
in analyzing complex health data related to PPD. Since the human-determined analysis
identified unequal amounts of data under each type of support, we used class balancing
techniques. This section describes the ML-NLP methodological approach in detail as
illustrated in Fig. 1.
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Fig. 1. Methodological workflow

3.1. Data search

We used Google search filters to identify YouTube videos related to social support in PPD.
We collected data from January 2022, when pandemic-related restrictions began easing off,
to June 2023, when the restrictions officially ended (WHO, 2022, 2023) to understand the
types of social support obtained by parents dealing with PPD through social media during
the pandemic. We used the search terms: Depression AND Postnatal OR Perinatal OR
Postpartum OR PPD AND COVID OR pandemic. We obtained the top 10 videos of each
month to cover the social media use for social support during the COVID-19 pandemic. In
total, we retrieved 180 videos.

3.2. Identification of eligible videos

Out of 180 videos, 34 videos were deemed eligible using the following eligibility criteria:
a) in English; b) has one or more comments; c) relevant to the topic; and d) focused on
people’s personal experiences mentioned by individuals experiencing PPD and/or their
families or reported by newscasters, podcasters or YouTubers through interviews or
compiling the news available to the public such as a celebrity struggle with PPD.

Videos were considered ineligible if there were no comments (N = 52); in a
language other than English (N = 34); informational videos by healthcare professionals,
bloggers and others (N = 12); and PPD-related movies, movie trailers and business
advertisements (N = 3). Videos were considered irrelevant if they shared normal
postpartum and parenting struggles (N = 4); neither focused on depression or COVID-19
(N=11) nor focused on overall mental health affected by COVID-19 (N = 30); these videos
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were not specific to PPD, or PPD was briefly mentioned as one of the many topics in mental
health.

3.3. Data scraping

We extracted the comments data using Google Sheets. We linked the Google Sheet to App
Script to activate Google Data API v3 and ran the scraping code that populated the data of
that particular video in the Google Sheet. We repeated this process for each eligible
YouTube video and compiled the data into an Excel sheet for cleaning and analysis. We
retrieved a total of 8,476 comments from 34 eligible videos. We extracted the following
data for each video: a) video name and URL; b) username; c) date and time when the
comment was posted; d) comments; d) reply count; and e) likes count.

3.4. Data cleaning

After scraping, we cleaned the data using Python for the comments that were not in English,
duplicates, and empty. We also removed emojis, URLs, HTML, hashtags, and special
entities from the comments. We removed a total of 1,299 comments during the cleaning
process. After the cleaning process, the remaining 7,177 comments from 33 videos were
used for data analysis.

3.5. Human-determined thematic analysis

We did a human-determined deductive thematic analysis of the 7,177 comments using
Patricia Leahy-Warren’s (2014) Social Support theory. We hired a research assistant who
was supervised by the team to determine the themes. The research assistant spent 134 hours
coding the data. The RA received periodic supervision from the team (50 hours) to ensure
that coding was performed correctly. We coded the data in three themes:

e  Appraisal Support: N= 3,375
e  Informational Support: N =940
e  Emotional Support: N =600

Comments were also coded as ineligible if they were not relevant, incomplete or
difficult to understand (N = 2,262).

3.6. Data preparation for NLP

To use data in NLP, the data must be prepared to allow a machine to process the data
(Jakhotiya et al., 2022). This section details the techniques we used to prepare our data.

Converting comments to lowercase comments. NLP requires consistency in data for
analysis, and therefore, all the comments need to be converted to lowercase. For example:

. Original: [ so relate to your testimony. I too stayed silent for many years with
worry and anxiety, but praise God he finds strength in my weakness!

e  Converted for NLP analysis: i so relate to your testimony. i too stayed silent for
many years with worry and anxiety, but praise god he finds strength in my
weakness!

Tokenization is a process of breaking down the text into units called tokens. Each
token is a piece of text, usually a word, that can be used for analysis. During this process,
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the sentence is split up into individual words. This helps the machine process each word
individually.

e  Original sentence: I so relate to your testimony. I too stayed silent for many years
with worry and anxiety, but praise God he finds strength in my weakness!

< ’ P TR 5

e  Converted for NLP analysis: [i’, so’, ‘relate’, ‘to’, ‘your’, ‘testimony’, i’, ‘too’,
‘stayed’, ‘silent’, ‘for’, ‘many’, ‘years’, ‘with’, ‘worry’, ‘and’, ‘anxiety’, ‘but’,

‘praise’, ‘god’, ‘he’, ‘finds’, ‘strength’, ‘in’, ‘my’, ‘weakness’]
Stopword removal is a process of cleaning up the text by removing common words

such as like, and, the, that do not add meaning in the context of analysis.

e  Original: I so relate to your testimony. I too stayed silent for many years with
worry and anxiety, but praise God he finds strength in my weakness!

e  Converted for NLP analysis: [‘so’, ‘relate’, ‘testimony’, ‘stayed’, ‘silent’, ‘many’,
‘Years’, ‘worry’, ‘anxiety’, ‘praise’, ‘god’, ‘finds’, ‘strength’, ‘weakness’]
Stemming is a process of trimming words down to their root form to simplify the
text and make it easier for the machine to analyze. For example, in this sentence, the word
“stayed” was reduced to “stay”

e  Original: I so relate to your testimony. I too stayed silent for many years with
worry and anxiety, but praise God he finds strength in my weakness!

e  Final text converted for NLP analysis: [‘so’, ‘relate’, ‘testimony’, ‘stay’, ‘silent’,
‘many’, ‘vear’, ‘worry’, ‘anxiety’, ‘praise’, ‘god’, ‘find’, ‘strength’, ‘weakness’]
Term Frequency-Inverse Document Frequency (TF-IDF) Vectorization: Textual
data needs to be converted into numbers for the machine to process the data. TF-IDF uses
statistical methods to transform the text into numerical form (vectors) by calculating its
weight in the given text. (Singh & Shashi, 2019). The TF-IDF algorithm calculates the
importance of a word in a document by comparing its relative frequency to its frequency
throughout the entire text. Words frequently used in a specific dataset are considered
important and given higher TF-IDF weights. On the other hand, words that are common in
many datasets, such as articles and prepositions, are considered less important and given
lower TF-IDF weights (Zhang et al., 2020) For example, In the sentence “What a strong
and brave man,” the words “strong” and “brave” are given more importance than “what,”
“a,” and “man” because they are more specific and less common, making them key terms
that identify the main topic.

3.7. Use of data optimizing techniques

It is common for data sets to have an unequal number of comments across themes. For
example, in this study, appraisal support has 3,375 comments, whereas emotional support
has 600 comments. Therefore, balancing these themes or classes is crucial to incorporate
the intricacies of data and achieve accurate results. We used two class balancing techniques
to optimize our data: Class Weight Balancing Technique (class_weight = balance) and
Synthetic Minority Over-sampling Technique (SMOTE). The class weight balancing
technique balances the classes or themes by increasing the weightage of themes with a low
number of comments to represent all themes equally during the machine analysis process.
SMOTE creates additional data points for the theme with fewer comments. It creates new,
unique data that represents the theme to ensure that all the themes are represented equally
during the machine analysis process (Abdelhamid & Desai, 2024; Tanha et al., 2020). In
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ML, hyperparameter optimization is also used for the training data to improve the NLP
model performance (Probst et al., 2019). We used GridSearchCV to choose a set of optimal
parameters. We tested all 5 models for each potential hyperparameter combination ten
times to get the most effective parameter for each model. Once the data was prepared and
optimized, we processed the data.

4. NLP classification models

ML programs computers to perform specific tasks such as classification, regression, and
clustering (Mukhamediev et al., 2022). This study focuses on predicting discrete values
using labeled data, specifically through classification tasks with supervised ML algorithms.
Therefore, we used five NLP classification models.

e  Decision Tree (DT) for topic classification functions like a flowchart, asking yes-
or-no questions about the numerical representation of words in a comment to
categorize it into topics (Rahman & Akter, 2019).

e  Random Forest (RF) uses multiple decision trees and averages their outputs for
more accurate results compared to a single decision tree (Jalal et al., 2022).

e  Logistic Regression classifies comments by using probabilities based on word
patterns and frequencies (Saif et al., 2018).

. Support Vector Machine (SVM) classifies topics by recognizing complex patterns
in the numerical representation of words (Jalal et al., 2022).

e  Multinomial Naive Bayes (NB) classifies topics by calculating word likelihoods
and predicting the most likely category based on word frequency (Xu et al., 2017).

5. Results

We used the supervised ML approach and tested the five NLP classification models. We
divided the human-determined data into an 80% (5,741 comments) and 20% (1,436
comments) split for training and testing sets, respectively.

Table 1 provides a classification report that depicts NLP models’ overall
performance based on accuracy, precision, recall and F1 score. Each model was evaluated
on the class weight balancing technique, SMOTE and without both techniques except MNB.
MNB cannot be evaluated using class weight balancing techniques due to inherent
limitations.

Table 1 shows that LR performed better with class weight balancing techniques and
without class balancing techniques. SVM performed better with all class weight balancing
techniques, SMOTE and without any class balancing techniques compared to other models.
However, when we look at the results across classes or themes (see Table 2), LR with class
weight balancing techniques provides the most balanced results for minority themes
(informational and emotional), considering the real-life data problem of unequal comments
in each theme within a data set.

Table 2 provides a comparison of LR and SVM with and without class balancing
techniques. LR and SVM without using the class balancing techniques have an accuracy
of 0.67 and 0.68, respectively (see Table 1), depicting the best scores among all the results.
However, across themes, results indicate a poor balance between precision and recall,
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suggesting a misleading F1 score (the harmonic mean of precision and recall). LR in
emotional support has 0.72 precision and a recall of 0.24, highlighting a significant
difference between the two values. Similarly, SVM presents a significant difference
between the precision and recall values of minority themes. It has a precision of 0.76 and
arecall of 0.21 for the emotional support theme, and a precision of 0.73 and a recall of 0.19
for the informational support.

Table 1
Classification report

NLP Model Optimizing techniques Accuracy F1 Score Precision Recall
Class Weight Balance Technique 0.66 0.65 0.65 0.66
LR SMOTE 0.60 0.61 0.61 0.60
None 0.67 0.65 0.67 0.67
Class Weight Balance Technique 0.67 0.65 0.67 0.67
SVM SMOTE 0.68 0.65 0.67 0.68
None 0.68 0.65 0.69 0.68
Class Weight Balance Technique 0.60 0.59 0.62 0.60
RF SMOTE 0.55 0.53 0.60 0.55
None 0.62 0.55 0.56 0.62
Class Weight Balance Technique 0.51 0.51 0.54 0.51
DT SMOTE 0.51 0.51 0.53 0.51
None 0.58 0.56 0.56 0.62
SMOTE 0.62 0.62 0.63 0.62
MNB None 0.65 0.62 0.64 0.65

Note. MNB cannot be evaluated using class weight balancing techniques due to inherent limitations

LR and SVM both performed well with the class weight balancing technique. Both
have high precision and recall, leading to an F1 score of 0.71 to 0.74 for the themes with a
high number of comments, such as appraisal support and ineligible comments. For
informational and emotional support that has a low number of comments and requires class
balancing techniques to balance the data, SVM and LR performance are similar for
informational support, with 0.36 and 0.35 F1 scores, respectively. However, for emotional
support, LR performed better with a 0.49 F1 score compared to a 0.37 F1 score. Therefore,
we conclude that LR with the class weight balancing technique is the best model for such
data.

A confusion matrix displays the effectiveness of a classification model in terms of
the actual and predicted classes. We used a multi-class confusion matrix due to three
themes and the category of ineligible comments. It depicts the number of true positives
(correctly identified comments within a theme or class); true negatives (correctly identified
comments that do not belong to that particular theme or class); false positives (incorrectly
identified comments within a theme or class; and false negatives (incorrectly identified
comments that do not belong to the particular theme or class) (Miiller & Guido, 2016). Figs
2 and 3 provide the confusion matrix for LR and SVM using the class weight balancing
technique, respectively. Table 3 provides true positives, true negatives, false positives and
false negatives data extracted from the confusion matrix shown in Fig. 2 and 3.
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Table 2
Comparison of LR and SVM with and without class balancing techniques
NLP Models Themes Precision Recall Fl-score
LR
Appraisal support 0.69 0.73 0.71
. . . Emotional support 0.64 0.40 0.49
Class weight balancing techniques Informational support 0.50 0.27 0.35
Ineligible 0.66 0.80 0.72
Appraisal support 0.70 0.61 0.65
Emotional support 0.33 0.39 0.36
SMOTE Informational support 0.39 0.40 0.39
Ineligible 0.65 0.75 0.70
Appraisal support 0.67 0.78 0.72
N Emotional support 0.72 0.24 0.36
one Informational support 0.59 0.25 0.35
Ineligible 0.68 0.79 0.73
SVM
Appraisal support 0.67 0.79 0.73
. . . Emotional support 0.68 0.25 0.37
Class weight balancing techniques Informational support 0.58 0.26 0.36
Ineligible 0.69 0.79 0.74
Appraisal support 0.68 0.84 0.75
Emotional support 0.67 0.28 0.39
SMOTE Informational support 0.58 0.19 0.29
Ineligible 0.72 0.77 0.74
Appraisal support 0.67 0.83 0.74
N Emotional support 0.76 0.21 0.33
one Informational support 0.73 0.19 0.30
Ineligible 0.70 0.80 0.74
Table 3

LR and SVM comparison with the class weight balancing technique

Types of support and total number of

True positives

True negative

False positives

False negative

comments used for testing data LR SVM LR SVM LR SVM LR SVM
Appraisal support (N = 704) 513 554 501 462 231 270 191 150
Emotional support (N = 119) 48 30 1290 1303 27 14 71 89
Ineligible comments (N = 424) 339 334 837 863 175 149 85 90
Informational support (N = 189) 51 49 195 1211 52 36 138 140

Table 3 indicates LR and SVM correctly identified 531 (72%) and 554 (78%)
comments out of 704 comments used in the testing data set for appraisal support, a theme
containing a high number of comments. For the Ineligible comments, another category with
a high number of comments, LR identified 339 (80%) and 334 (78%) out of 424 comments.
These results suggest that both models performed well at predicting the correct number of
comments in a high comments category. For information support, a theme with a low
number of comments, LR and SVM showed similar performance for correctly identified
comments 51 (27%) and 49 (26%) respectively, out of 189 comments. For emotional
support, another theme with low comments, LR correctly identified 48 (40%) comments,
and SVM identified 30 (25%) comments out of 119 comments. This theme had overall

poor results; however, in comparison, LR performed better than the SVM.
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6. Discussions

Our objective was to evaluate the potential of ML-NLP analysis techniques for the thematic
analysis of complex health datasets. We compared ML-NLP classification models with
traditional manual deductive thematic analysis. By triangulating the results from human-
determined and machine-assisted analyses, we assessed the two methods in terms of time
required for analysis, accuracy, and effectiveness in handling complex health datasets.

Our human analysis took 184 hours, longer than similar studies, while machine-
assisted analysis took only 34 hours, aligning with other studies (Li et al., 2021; Towler et
al., 2023). Complex health data sets demand more human hours due to their intricate nature,
and the researchers’ subjectivity, such as knowledge, experience, and prior exposure,
which influence data categorization. Humans interpret data considering context, language
characteristics, and tone, which is crucial for meaningful analysis of complex subjects. In
contrast, most ML-NLP models need to remove punctuation and other characteristics
during data preparation (Towler et al., 2023). For example, Guetterman et al. (2018) found
that NLP models misinterpreted contextual data and generated slightly different themes
than humans. Traditional thematic analysis also requires data checking, like team
consensus, to ensure trustworthiness, making it time and resource-intensive.

In our study, the LR classification model with class weight balancing techniques
achieved an accuracy of 0.66, which is lower than the accuracy reported in similar studies
(Gurcan, 2018; Joshi & Abdelfattah, 2021; Kadhim, 2019; Parmar et al., 2018). One
possible explanation for the lower accuracy is that our data set was highly imbalanced,
creating bias toward the majority class despite the use of class balancing techniques
(Padurariu & Breaban, 2019; Thabtah et al., 2020). Thematic analysis categorizes data into
meaningful units rather than focusing on numbers, facilitating the identification of patterns
or themes within complex data sets and providing deeper insights and understanding. By
focusing on themes rather than numbers in each category, thematic analysis provides a rich,
detailed account of the data, making it a powerful tool for understanding complex
phenomena and generating new knowledge (Braun & Clarke, 2006). In contrast, ML-NLP
approaches focus on numbers, which may lead to superficial data analysis and overlook
the intricacies of complex matters.

In terms of effectiveness in handling complex health datasets, supervised ML-
NLP is mostly suitable for descriptive studies that require extracting higher-level themes
from large datasets. It may not be as beneficial for complex datasets that require inductive
analysis and human interpretations beyond numerical data (Towler et al., 2023). For
example, similar data analyzed inductively by research teams provided insights beyond
social support, focusing more on stigma-related themes (Virani et al., 2024).

We noted that supervised ML-NLP may not be suitable for complex health
datasets available on social media. However, we suggest a combined approach, where ML-
NLP techniques assist with thematic analysis, which can be beneficial. Social media data
is not typically collected for research purposes, and contributors provide data based on their
interests, resulting in a significant amount of ineligible data. For instance, in our study,
2,262 comments were deemed ineligible by the research team. ML-NLP approaches can
help remove ineligible data, allowing researchers to focus on valuable data. This method
can save time and improve the efficiency of traditional manual thematic analysis.
Guetterman et al. (2018) experimented with a small dataset (126 text messages) using three
approaches: NLP-only, qualitative-only, and a combined NLP and qualitative approach.
They found no significant difference between the combined and qualitative-only
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approaches but noted that the combined analysis was more comprehensive and provided a
better understanding of the data.

This study’s limitations include a small, highly imbalanced dataset, which restricts
the generalizability of the findings. Future research should aim to use larger datasets with
slightly imbalanced classes to better explore the potential of NLP in analyzing complex
health datasets. Moreover, investigating the potential of unsupervised ML approaches
could provide valuable insights. By addressing these limitations, future studies can enhance
the robustness and applicability of ML-NLP techniques in complex health data analysis.

7. Conclusion

In this study, we explored the feasibility and effectiveness of using ML-NLP approaches
to augment the resource intensive thematic analysis of social media data related to complex
health issues. We utilized five NLP classification models, incorporating class balancing
techniques to enhance performance. Our findings revealed that the intricacies of social
media data on complex health issues, imbalanced data across themes, human subjectivity,
and the human ability to consider context for analysis present challenges to the optimal use
of supervised ML-NLP approaches. Despite these challenges, social media data holds
significant potential for providing timely insights into public health needs, exploring
current health trends, and evaluating public responses to health promotion interventions
and policy implementations. Future research should focus on further exploring Al tools to
augment thematic analysis, thereby supporting researchers in maximizing the potential of
social media data analysis. This could lead to more efficient and insightful analyses,
ultimately contributing to better-informed public health strategies and interventions.
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