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Abstract. Social media has become a primary channel for communica-
tion and public discourse, yet its high-frequency and emotionally charged
nature contributes to the spread of misinformation and elevated levels
of social stress. Existing misinformation detection models do not ac-
count for the psychological and social toll of this environment. This
study proposes a machine learning-based Social Stress Indicator (SSI)
to detect and quantify stress signals in social media conversations. Us-
ing a synthetic dataset of annotated microblogs labelled by social scien-
tists for social stress levels, four machine learning models-Logistic Re-
gression, Random Forest, Naive Bayes, and K-Nearest Neighbour-were
trained using TF-IDF embeddings. Sentiment features from VADER and
RoBERTa were also integrated. Results showed consistently high perfor-
mance across models, with accuracy above 99.4% and macro F1-scores
exceeding 0.994. These findings demonstrate that machine learning mod-
els can reliably detect social stress from text data. However, the overper-
formance may reflect dataset homogeneity, necessitating further testing
on real-world, diverse social media data to confirm generalisability. Fu-
ture work should expand across platforms and contexts to validate this
approach for stress-aware infodemic response.

Keywords: Infodemic Intelligence · Machine Learning · Social Stress ·
Social Media · Computational Infodemiology.
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1 Introduction

The use of social media platforms has become a daily necessity for interpersonal
engagements between co-workers, family and friends [10]. Social media serves as
a platform where people can share information. Although benefits for the use
of social media platforms exist, social media platforms also pose the risk of dis-
seminating misinformation [10]. Furthermore, with the increase in social media,
the dissemination of misinformation rapidly increases, which can give rise to the
social stress of a community [22]. Misinformation spreading is not a new phe-
nomenon, as misinformation has started to spread since the development of the
printing press [22]. The major difference is that people now have easier access
to social media platforms to spread misinformation on [22]. With the increase in
misinformation, it necessitates establishing a social stress detection model that
will ultimately be able to assess a given phrase and link a social stress label
(low, medium, high) to the given phrase. Within social networks, misinforma-
tion spreads faster and with a wider reach than factual information [3]. With
the faster sensation of views and clicks, the parties spreading the misinformation
end up benefiting the most, while the communities viewing the misinformation
experience higher levels of stress [3, 22]. Some earlier studies described the knowl-
edge gap between health information (which is seen as the evidence) and health
misinformation (which is seen as what people think to be true), as an informa-
tion epidemiology or as infodemiology [6]. Over time, the field of infodemiology
research has grown and is recognised by the World Health Organisation as an
emerging, novel scientific field [7]. This necessitates the importance of assessing
how the infodemiology space within social media could affect the social stress of
a community, which will ultimately help future research to understand the link
between the economy and social media. This study aims to assist researchers in
the field of infodemiology, with the intent to be able to use the social stress de-
tection model in social media platforms like X, to be able to measure and detect
high social stress. Four different machine learning algorithms were used, namely
Random Forest, Logistic Regression, Naive Bayes and K-Nearest Neighbour.
Each machine learning model was incorporated with Term Frequency-Inverse
Document Frequency, which is a word frequency embedding. According to Zhau
et al., (2024), the addition of Term Frequency-Inverse Document Frequency im-
proves the performance of the machine learning models [30, 23]. A secondary
dataset was used, which is based on the social stress work done by [4]. The
dataset contains text-based data resembling social media conversations. These
conversations were generated by a Large Language model. Social scientists la-
belled each phrase with the level of social stress that the phrase holds. The level
of social stress was depended on the following five factors: anxiety, negativity, en-
gagement level, help-seeking behaviour, and misinformation content. Although
the Social Stress Indicator was found to be successful for detecting low levels
of stress, medium and high levels were underestimated [4]. This establishes the
need to further explore methods for the use of social stress detection. This study
used the expertly labelled social stress dataset from the study by [4] and trained
various machine learning models on the dataset. Furthermore, the performance
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of the machine learning models was evaluated by using a confusion matrix as
well as evaluation metrics such as precision, accuracy, recall and F1-score.

2 Literature Review

2.1 Infodemiology

Misinformation is false, incomplete or inaccurate information that is shared with-
out the intention of inflicting harm [27, 21]. Furthermore, this can be seen as
information that is misleading or unintentionally spread without thinking that
the information can inflict harm [27]. In contrast, disinformation is where false
information is deliberately shared with the purpose of harming the public [27].
Disinformation is shared with the intent to deceive [21]. Not all types of disinfor-
mation have the same societal harm [16]. This emphasises the need to prioritise
disinformation with the highest potential harm first [16]. An example is disinfor-
mation about politics, which can ultimately increase societal problems and erode
norms [16]. Furthermore, disinformation is not only harmful to democratic in-
stitutions but also harmful to individuals’ psychological well-being [16]. The rise
in misinformation and disinformation can cause an absence of factual informa-
tion, known as information voids or information vacuums [19]. When people see
factual information infrequently, there is a lack of reliable information available
amongst the pool of false information [19]. According to Palmer et al., (2025),
many people fall into the trap of the frequency bias, as people start to believe
the information they see the most frequently [19]. This suggests that people will
start believing misinformation just because there is an absence of credible and
reliable information [19]. Infodemiology, also known as information epidemiology,
has been widely used within health care systems to understand the distribution
of health information and misinformation [6, 1]. Infodemiology guides health care
professionals and the public on the quality of health care information on social
media platforms [6, 1]. Infodemiology can be applied in fields such as public
health monitoring as well as real-time disease surveillance [1]. The World Health
Organisation acknowledged the term infodemic as the vast amount of accurate or
false information that is spread [24]. Infodemiology has gained traction in recent
years as a method to track disease outbreaks by analysing online data, which is
also known as infoveillance [1]. Previous studies have demonstrated the use of
infoveillance as a method to forecast Influenza outbreaks, map the sentiments
of influenza vaccination, track cancer misinformation and Covid-19 misinforma-
tion [8, 19, 24]. Prior studies have also evolved disease surveillance into belief
surveillance [1]. Belief surveillance is used in healthcare to measure the level of
public belief based on health information posted on social media [1].

Although more and more health misinformation is being spread, not all users
accept information equally. Many individuals and groups view information in
different ways, which is known as information environments [19]. Information
environments can largely be influenced by the amount and type of information
present, how the information is arranged, and the social norms the individual or
public believes in [19]. Belief systems are also based on the bandwagon effect,
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where people are influenced by their social networks [19]. This means that people
can endorse information just because everyone else endorses the information [19].
Belief systems can also be influenced by an individual’s reference network, which
is seen as people whom they care about [19]. In the next section, Social Stress
will be discussed.

2.2 Social Stress

The psychological stress and harm due to societal pressures are more commonly
known as social stress [26, 4, 29]. Social stress has become increasingly popular
within the online interaction space, as social stress is more amplified and persis-
tent online compared to face-to-face interactions [4]. Furthermore, social stress
is also widely used in fields such as social psychology [4] and sociology [29, 26].
According to Wang et al., (2019), mental stress is often a factor underestimated
at an early stage, which evolves into severe health issues [28]. To address this,
the use of social media platforms as a feasible platform to detect stress has been
highlighted [15]. Moreover, a Factor Graph Model combined with a Convolu-
tional Neural Network was used on Twitter (X) data to measure stress [15].
Additionally, machine learning was used for sentiment analysis to explore stress
within social media [14]. Kumari et al., (2022), found that the best performing
machine learning models based on accuracy were Random Forest, Support Vector
Machine and Logistic regression that incorporated Term Frequency-Inverse Doc-
ument Frequency [14]. Social media is a platform where the public can express
their opinions and retrieve and disseminate information [25]. With the increased
use of social media, it necessitates a need to measure the public’s perceptions
and sentiment in real time [25].

Social media analytics can be used to measure the real-time social stress
of societal pressures by making use of indicators. Various indicators have been
used to measure stress and anxiety, namely Sentiment Analysis and Topic Mod-
elling [4]. While information-seeking behavior is more commonly used to measure
trends, information-seeking behavior can also be used to capture real-time social
stress on social media platforms [4]. Sentiment analysis is a field of study that
analyses people’s opinions, emotions and appraisals towards various topics, in
text-based content [18, 5, 12]. Sentiment analysis can also be referred to as sub-
jectivity analysis, appraisal extraction as well as opinion mining [5]. Sentiment
analysis is seen as the process of using text as the input and extracting valuable
information about the sentiment as the output [5]. Examples of the use of sen-
timent analysis include emotion recognition applications that detect emotions
through facial expressions, as well as performing credit ratings and entity repu-
tation evaluations. Sentiment classification is a natural language processing task
that is used to determine the sentiment or the emotional tone by classifying the
text as either positive, negative or neutral [18, 12]. Various authors made use of
the TextBlob Library in machine learning to be able to evaluate the emotions
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in the text-based content [18]. Sentiment Analysis can be defined as (Eq. 1) [4]:

SA = −
N∑

I=0

(
x1 + x2 + x3 + · · ·+ xn

N

)
, (1)

where SA is seen as the sentiment and N is the sample size of the total num-

ber of microblogs measured, and x1, x2, x3, . . . , xn represents the sentiment per
individual microblog for a specific time stamp [4].

Topic modelling is seen as a text mining technique to identify themes or topics
present in a large corpus of text-based data [25]. Topic modelling is useful within
the social media analytics space as it is able to identify and track relevant topics
of concern [9]. According to Ji et al., (2025), the Latent Dirichlet Allocation
(LDA) unsupervised machine learning algorithm has become a popular method
among researchers to perform topic modelling [12]. LDA assigns a topic to
each word within the corpus, while using probabilistic methods to determine the
frequency the word has appeared within the topics as well as the distribution of
the topics within the corpus [17]. Topic modelling can be defined through the
coherence score as (Eq. 2) [31]:

C(tk) =

n∑
i=1

n∑
j=i+1

log

(
P (Wi,Wj) + ϵ

P (Wi) · P (Wj)

)
, (2)

where P (Wi,Wj) denotes the probability of words Wi and Wj co-occurring and

P (Wi) and P (Wj) represent the probabilities of Wi and Wj occurring respec-
tively, and ϵ is seen as a smoothing term [31]. When individuals look for infor-
mation online to gain knowledge in different topics, it is known as information-
seeking behaviour [11]. Information-seeking behavior can provide useful psycho-
logical and socioeconomic insight [11]. Information-seeking behavior as an indi-
cator can be seen as the number of people who searched for a specific topic over
a certain period on a specific platform [4]. Google searches have been seen as a
reliable platform to assess online interactions, which can be tracked with Google
Trends [13]. Google Trends provides real-time data about a keyword’s search
volume within a selected timeframe and geography [13]. Information-seeking
behaviour can also predict behavioural risks [11]. The equation for information-
seeking behaviour can be defined as (Eq. 3) [4]:

ISB =

∑N
i=0 β∑N
i=0 X

, (3)

where ISB is the information-seeking behaviour and β is the frequency of the

same topic at a particular point in time, denoted as a percentage, which is specific
to a series [4].
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The Social Stress Indicator for social media was developed as a computational
tool to quantify and measure social stress in real time, using sentiment analysis,
subjectivity, and information-seeking behaviour [4]. The equation for the Social
Stress Indicator (SSI) was defined as (Eq. 5) [4]:

SSI =
−SA+ (1− SUB) + ISB

3
, (4)

where, SA refers to the sentiment, specifically focusing on the negative senti-

ment, SUB as the subjectivity and ISB as the information-seeking behaviour.
Eq. 5 currently uses equal weightings for each component of the Social Stress
Indicator. Moreover, the Social Stress Indicator was shown to capture real-time
low levels of stress successfully, while the medium and high levels of stress were
severely underestimated [4]. This study used the expertly labelled social stress
dataset introduced in prior work and trained various machine learning models
on the dataset [4].

3 Methods

This study followed a structured methodological framework comprising the de-
sign of the Social Stress Indicator (SSI), the creation of a synthetic dataset,
the application of natural language preprocessing and feature engineering tech-
niques, and the training and evaluation of four machine learning models. The
methodology was designed to ensure that each stage of the process could be
replicated and independently validated by other researchers.

The core of this approach is the Social Stress Indicator (SSI), which opera-
tionalises social stress as a composite measure of three text-derived indicators
namely sentiment, subjectivity, and information-seeking behaviour. As defined
in Eq. 5, the SSI is expressed as:

SSI =
−SA+ (1− SUB) + ISB

3
, (5)

where SA denotes the sentiment score (focused on negative sentiment), SUB
refers to the subjectivity score, and ISB represents the information-seeking be-
haviour measured as the normalised frequency of searches or interactions for
a given topic over time. Each component was scaled to the [0, 1] interval, and
equal weighting was applied to reflect their combined influence on social stress.
The negative sign for SA captures the effect of negative sentiment on the stress
level, while (1−SUB) inversely relates subjectivity to stress, acknowledging that
more objective content may attenuate perceived stress. The SSI was computed
for each microblog entry to produce a continuous score, which was then discre-
tised into three classes (Low, Medium, High) based on thresholds co-developed
with domain experts [4].
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The dataset used to develop and evaluate the SSI was synthetically generated
to emulate the structure and content of real-world social media posts. Prompt
engineering with a large language model was employed to produce microblog-like
texts covering diverse themes such as health misinformation, financial insecurity,
family issues, and public crises. This ensured coverage of multiple stress-inducing
contexts. Each generated post was manually annotated by three independent
raters with expertise in social sciences, using a rubric derived from psychological
and sociological stress frameworks. The rubric assessed five attributes: anxiety,
negativity, engagement level, help-seeking behaviour, and misinformation con-
tent [4]. Each post received a stress classification label corresponding to Low,
Medium, or High stress. Inter-rater agreement achieved a Cohen’s κ score of 0.82,
indicating strong reliability. The final dataset comprised 3,000 posts, equally bal-
anced across the three stress levels.

Prior to feature extraction, the text was preprocessed to ensure consistency
and to remove noise. All text was converted to lowercase, punctuation was
stripped, and stopwords were removed using the Natural Language Toolkit (NLTK)
[2]. Tokenisation and lemmatisation were subsequently applied to standardise
word forms [20]. Each microblog was then represented by a high-dimensional
feature vector constructed from a combination of lexical and engineered features.
Term Frequency–Inverse Document Frequency (TF–IDF) embeddings were gen-
erated using scikit-learn’s TfidfVectorizer with a maximum of 5,000 features,
a bigram range of (1, 2), and a minimum document frequency threshold of five.
Sentiment features were extracted from two complementary sources: the VADER
sentiment analysis tool, which provides lexicon-based compound sentiment scores
in the range [−1, 1], and the RoBERTa transformer model for contextual sen-
timent classification using the cardiffnlp/twitter-roberta-base-sentiment
model. Subjectivity scores were derived from TextBlob and normalised to [0, 1].
Information-seeking behaviour (ISB) was calculated as the normalised frequency
of topic-related searches over time, following the approach described in [4].
These features were concatenated to form a single feature matrix of dimen-
sion (N, 5003), comprising 5,000 TF–IDF features and three engineered features
(VADER, RoBERTa, and ISB).

Four supervised machine learning models were selected to evaluate the SSI,
namely Logistic Regression, Random Forest, Multinomial Naïve Bayes, and K-
Nearest Neighbour (KNN). Logistic Regression was implemented with an L2
penalty and the lbfgs solver in multinomial mode. Random Forest was config-
ured with 200 trees and unrestricted depth using the Gini impurity criterion.
Multinomial Naïve Bayes used Laplace smoothing with α = 1.0, while KNN
used five neighbours and Euclidean distance as the metric. Hyperparameters for
each model were tuned using a five-fold grid search to optimise performance.
The dataset was split into training and testing subsets using an 80/20 stratified
split to preserve the balance of stress levels across subsets.

Model performance was evaluated using a comprehensive set of metrics,
including accuracy, macro-averaged precision, recall, and F1-score, as well as
weighted averages for each metric. Confusion matrices were generated for per-
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class error analysis to assess misclassification patterns. All analyses were con-
ducted in Python 3.10 using scikit-learn 1.3, pandas 2.0, NLTK 3.8, and Hugging
Face Transformers 4.30 in Google Colab Pro with an NVIDIA T4 GPU and 12
GB RAM. This environment ensured reproducibility and scalability of the ex-
periments for a reproducible baseline for stress-aware infodemic analytics.

4 Results and Discussion

A subset of annotated microblogs is presented in Table 1 to illustrate the scoring
mechanism used in the social stress analysis. From the experiments, the model
can distinguish between varying degrees of emotional content. For instance, pos-
itive or neutral expressions such as ”Life is smooth and simple.” received a low
score of 0.20, indicating minimal psychosocial strain. Conversely, posts convey-
ing acute psychological burden, such as ”This is too much the pressure of expec-
tations.”, yielded scores exceeding 0.90, reflecting high-intensity stress signals.
Of particular interest are the intermediate cases, such as ”Staying hopeful about
family issues.” (0.32), where the sentiment is cautiously optimistic yet still linked
to an underlying stressor. This is particularly relevant for domains such as mental
health monitoring, crisis intervention, and infodemic management, where under-
standing the spectrum of stress expressions can inform timely and proportionate
responses.

Table 1. Subset of annotated microblogs

Microblog Social Stress Score

Life is smooth and simple. 0.20
This is too much the pressure of expectations. 0.92
Staying hopeful about family issues. 0.32
Losing sleep over family issues. 0.88

Table 2 illustrates the tokenized representation of microblog content, paired
with their normalized SSS and corresponding stress classification labels. This
representation highlights the transition from raw narrative text to structured
analytical units suitable for computational modelling. Stress labels are assigned
according to pre-defined thresholds with 0 for low or negligible stress, 1 for mod-
erate stress, and 2 for high stress intensity. For example, the token sequence
[life, smooth, simple] reflects a low-stress state (0.20, label 0), while [losing,
sleep, family, issues] reveals a high-stress profile (0.88, label 2) associated with
family-related anxieties. Tokens such as [staying, hopeful, family, issues], with
a moderate score of 0.32 (label 1), demonstrate that models can capture nu-
anced emotional states where positive sentiment coexists with underlying social
stressors, but this is specific to the data.
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Table 2. Microblog Tokens with SSS Normalized Scores and Stress Labels

Microblog Tokens SSS Normalized Stress Label

[life, smooth, simple] 0.20 0

[staying, hopeful, family, issues] 0.32 1

[much, pressure, expectations] 0.92 2

[losing, sleep, family, issues] 0.88 2

Table 3 presents tokenized microblogs enriched with both stress labels and
sentiment polarity scores generated from two distinct natural language process-
ing frameworks, such as VADER and RoBERTa. The inclusion of sentiment
analysis alongside stress classification enables a multidimensional interpretation
of each microblog, capturing not only the presence of stress but also its affective
orientation. For instance, the token sequence [life smooth simple], labelled as
low stress (0), is consistently identified as predominantly positive by both mod-
els, with RoBERTa attributing a notably high positive score (0.79) compared
to VADER’s binary-neutral output (1.00 in the neutral category). In contrast, a
high-stress sequence such as [losing sleep family issues] received overwhelmingly
negative sentiment scores from both frameworks, particularly RoBERTa (0.87),
highlighting its heightened sensitivity to emotionally charged language. Interme-
diate stress cases, such as [staying hopeful family issues] (label 1), exhibit mixed
sentiment patterns, where positive sentiment persists despite the presence of
stress-related terms, demonstrating the models’ ability to detect nuanced emo-
tional states.

Table 3. Microblog Tokens with Stress Labels and Grouped Sentiment Scores

Microblog Tokens Stress Label VADER RoBERTa

Neg Neu Pos Neg Neu Pos

[life smooth simple] 0 0.00 1.00 0.00 0.01 0.20 0.79

[staying hopeful family issues] 1 0.00 0.55 0.45 0.01 0.32 0.67

[much pressure expectations] 2 0.24 0.76 0.00 0.75 0.23 0.02

[losing sleep family issues] 2 0.39 0.61 0.00 0.87 0.12 0.01

Across metrics, Logistic Regression, Random Forest, and Naive Bayes ex-
hibit near-identical, near-ceiling results (Accuracy ≈ 0.9965, Macro/Weighted
F1 ∈ [0.9963, 0.9965]), while KNN trails marginally (Accuracy = 0.9947; Macro
F1 = 0.9947), Table 4. The close correspondence between macro- and weighted-
averaged scores suggests limited class imbalance in the evaluation set and in-
dicates that gains are not driven solely by majority classes. The parity among
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three distinct model families (linear, probabilistic, and ensemble) implies that
the TF–IDF feature space already affords highly separable decision boundaries,
rendering additional model complexity comparatively unimportant. While these
results demonstrate excellent in-sample generalisation under the current proto-
col, such uniformly high scores warrant caution: they may reflect dataset ho-
mogeneity, lexical cues that trivially correlate with labels, or residual leakage
between train and test partitions. We therefore recommend complementary di-
agnostics (per-class confusion matrices, calibrated probability assessment, and
error analysis of false positives/negatives) and validation checks (stratified cross-
domain validation, temporal splits, and perturbation tests) to confirm that the
observed performance translates beyond the present sample and to identify any
over-reliance on spurious lexical markers.

Table 4. Classification performance comparison across models using TF–IDF features.

Metric Logistic Regression Random Forest Naive Bayes KNN

Accuracy 0.9965 0.9965 0.9965 0.9947

Macro Avg Precision 0.9969 0.9969 0.9969 0.9954

Macro Avg Recall 0.9957 0.9957 0.9957 0.9940

Macro Avg F1-score 0.9963 0.9963 0.9963 0.9947

Weighted Avg Precision 0.9965 0.9965 0.9965 0.9948

Weighted Avg Recall 0.9965 0.9965 0.9965 0.9947

Weighted Avg F1-score 0.9965 0.9965 0.9965 0.9947

Table 5 presents the classification performance of four machine learning mod-
els trained with two different composite feature sets: TF–IDF + RoBERTa and
TF–IDF + VADER. Across all metrics and both feature configurations, perfor-
mance is uniformly high, with accuracy values exceeding 0.994 and negligible
variation between models.

Table 5. Performance of ML models with different feature sets.

Metric TF-IDF + RoBERTa TF-IDF + VADER

Logistic Regression Random Forest Naive Bayes KNN Logistic Regression Random Forest Naive Bayes KNN

Accuracy 0.9953 0.9953 0.9953 0.9941 0.9953 0.9953 0.9953 0.9941
Macro Avg Precision 0.9957 0.9957 0.9957 0.9947 0.9957 0.9957 0.9957 0.9947
Macro Avg Recall 0.9947 0.9947 0.9947 0.9936 0.9947 0.9947 0.9947 0.9936
Macro Avg F1-score 0.9952 0.9952 0.9952 0.9941 0.9952 0.9952 0.9952 0.9941
Weighted Avg Precision 0.9953 0.9953 0.9953 0.9942 0.9953 0.9953 0.9953 0.9942
Weighted Avg Recall 0.9953 0.9953 0.9953 0.9941 0.9953 0.9953 0.9953 0.9941
Weighted Avg F1-score 0.9953 0.9953 0.9953 0.9941 0.9953 0.9953 0.9953 0.9941

Logistic Regression, Random Forest, and Naive Bayes exhibit identical scores
for each metric within a given feature set, while KNN lags marginally, particu-
larly in accuracy and macro-averaged metrics, by approximately 0.001–0.002. No-
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tably, the integration of sentiment analysis features from RoBERTa and VADER
does not appear to yield differential performance improvements, as the two com-
posite feature sets produce identical values to four decimal places for each model.
This suggests that, within the constraints of the present dataset, sentiment-
derived features may be redundant when combined with high-dimensional lex-
ical representations from TF-IDF. The homogeneity of results across diverse
model architectures further implies that the task is linearly separable in the
transformed feature space, and that model choice exerts minimal influence on
predictive accuracy. While these findings reflect strong in-sample performance,
they also raise concerns regarding potential overfitting, data leakage, or limited
variability in the evaluation set. To ensure external validity, future work should
investigate the stability of these results under domain-shift conditions, perform
stratified temporal validation, and conduct feature importance analyses to assess
the relative contribution of sentiment-based features in broader, more heteroge-
neous corpora. By training on more data, the models can learn how to perform
better with unknown samples. Given that this was a relatively small sample size,
it is suggested that more data be introduced for social stress classification, as the
ML approach to a SSS can be applied. While this study demonstrates promis-
ing results using machine learning models trained on a synthetically generated
dataset, it is essential to acknowledge the implications of using such data on
performance evaluation. The synthetic microblogs were generated using a large
language model and annotated by domain experts, allowing control over topic
balance and stress-level representation. However, synthetic data may not fully
capture the complexity, noise, ambiguity, or adversarial phrasing typical of real-
world social media content. This could result in inflated performance metrics due
to reduced linguistic variability and more distinct decision boundaries between
classes. The near-ceiling accuracy and F1-scores observed across all models sug-
gest that the dataset may be overly homogeneous or artificially well-separated,
which limits the generalisability of these results.

Real-world social media posts are often contextually nuanced, highly infor-
mal, and influenced by sarcasm, idioms, or multimedia context, which synthetic
data might fail to emulate. Additionally, platform-specific trends, evolving lan-
guage, and demographic markers embedded in real conversations are critical
components for building robust social stress detection systems. Due to privacy
concerns, ethical data collection restrictions, and annotation challenges related
to sensitive psychological content, real-world labelled datasets for social stress
remain scarce. Therefore, synthetic data was employed as an initial proof of con-
cept to establish baseline model efficacy while mitigating topic and label bias.
Therefore, future work should involve external validation on real-world datasets
and explore domain adaptation methods to transition from synthetic to natural-
istic data environments, ensuring that these models are ethically deployable in
high-stakes settings such as mental health surveillance or infodemic early warn-
ing systems.
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5 Conclusion

This study was set out to evaluate the capacity of multiple machine learning
models, namely Logistic Regression, Random Forest, Naive Bayes, and KNN, to
predict the SSS. Results from this study demonstrate that all evaluated machine
learning models, when applied with either TF-IDF + RoBERTa or TF-IDF +
VADER feature sets, achieved near-identical and exceptionally high performance
metrics across accuracy, precision, recall, and F1-scores. Specifically, Logistic Re-
gression, Random Forest, and Naive Bayes consistently recorded accuracy values
of 0.9953, while KNN marginally trailed with an accuracy of 0.9941. The uni-
formity of macro and weighted averages across models and feature combinations
indicates that the classification task posed minimal challenge to the algorithms,
suggesting a potential ceiling effect caused by the dataset’s structure or class
distribution. While such high scores may initially appear to reflect excellent
model generalisation, they also raise concerns about the underlying data com-
plexity and diversity. In tasks with limited variance or highly separable classes,
inflated metrics can obscure a model’s ability to generalise to unseen, real-world
scenarios. The negligible difference between the RoBERTa and VADER senti-
ment integration further suggests that the choice of sentiment extraction method
had little influence on predictive performance within this dataset. This conver-
gence in outcomes underscores the importance of evaluating not only statistical
performance but also the representativeness and challenge level of the training
data. Without a dataset that captures the variability and subtlety of the prob-
lem space, even state-of-the-art models may deliver impressive yet potentially
misleading results, thereby limiting their applicability in practical, high-stakes
decision-making contexts. Therefore, should we trust AI to detect social stress?
In the context of this study, more experimentation is required to implement such
models in a real-world scenario, but based on this experiment, if the models are
trained correctly, there is promise and potential for the implementation of such
models.
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