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ABSTRACT KEYWORDS
Since the pandemic, the use of social media has increased significantly. However, its presence has raised Sentiment Analysis,
significant concerns about its impact on the mental well-being of teenagers. The pervasive influence of social Naive Bayes, Social
media has led to substantial changes in the social system within society. Despite this influence, there is Media Content,

currently no comprehensive understanding of the specific impact of social media on mental health. To address Adolescent Mental

this gap, this research proposes the use of sentiment analysis of social media posts with the Naive Bayes
algorithm as an approach to identify and classify positive and negative sentiments in these posts related to
the mental well-being of teenagers. This solution aims to provide a deeper understanding of the impact of
social media content on this vulnerable demographic. In this study, a total of 555,361 social media posts were
successfully collected and analyzed using the Naive Bayes algorithm, which was trained with a sample of
27,977 test data. The research results demonstrate that sentiment analysis with the Naive Bayes algorithm is
effective in classifying social media sentiment, with 50.55% of the posts classified as positive and 46.97%
classified as negative. The identified sentiment patterns have provided valuable insights into the positive and
negative impact of social media content on the mental well-being of teenagers.

among users [6]. Lastly, another study noted that social media
L. INTRODUCTION tends to lead to shallower interactions compared to face-to-
face communication. This research highlighted that while
social media platforms enable quick and convenient
exchanges, they often lack the depth and emotional richness
of in-person conversations. This can result in weaker
emotional connections and a diminished sense of intimacy
among users. Moreover, the study emphasized that the
constant distraction and multitasking associated with social
media use further reduce the quality of interactions, leading to
a preference for quantity over quality in social exchanges. To

THE rapid development of technology and the growth of
social media have significantly influenced social
interactions, community values, and behavior patterns [1], [2].
A study on the impact of social media on religious behavior in
Tanjung Medan Village highlighted that social media
accelerates the spread of religious values but also alters
attitudes and interpretations of religion, necessitating
improved media literacy to mitigate negative effects [3].

Another study emphasized that social media can both mitigate these effects, the study suggests encouraging more

strengthen social solidarity and exacerbate social polarization, ;.o o del e d communication practices both online
calling for increased media literacy and inclusive dialogue [4]. 4 ‘e, o 7], [8]

Research on contemporary social interaction patterns found
that social media enhances global connectivity and supports
social movements, but also introduces challenges like social
isolation and unhealthy comparisons [5]. In the UAE, social
media was found to increase cooperation but reduce respect

The impact of social media content on the mental well-
being of teenagers has been a growing concern, with various
studies exploring this multifaceted issue. Research by [9]
investigates the complex relationships between social media
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use and adolescent mental health, highlighting correlations
between specific social media usage patterns and symptoms of
anxiety, depression, and low self-esteem [9]. Wang [10]
discusses the dual nature of social media, noting its role in
forming online friendships while also potentially leading to
loneliness, depression, and body image dissatisfaction due to
social comparisons. Liu [11] reviews both positive and
negative impacts, such as enhanced sociality and academic
resources versus anxiety, depression, and cyberbullying, and
explores the benefits of digital detox. Amsalem et al. [12]
highlight the positive use of Instagram for engaging
adolescents with depression through brief video interventions,
emphasizing the platform's potential for promoting mental
health awareness and support. Anguyo et al. [13] provide a
comprehensive look at the adverse effects of social media,
such as cyberbullying and FOMO, while also acknowledging
its potential to foster support communities and mental health
campaigns.

Based on previous research related to this subject, this
study presents a novel approach by focusing on the impact of
social media content on mental well-being. In addition to the
novelty of the subject, the study enhances classification
methods by incorporating measures such as positive and
negative sentiment determination, F-Beta score, kappa score,
log loss, MCC, and confusion matrix. This research utilizes a
Kaggle dataset comprising 555,361 test data points and 27,977
training data points. The Kaggle dataset consists of Twitter
data from the United States, resulting in foreign language
tweets. With this novel approach, the study aims to provide a
deeper understanding of the relationship between social
media content and the mental well-being of teenagers,
supported by classification results using the Naive Bayes
algorithm. The findings of this study are expected to offer
foundational information for the development of more
effective solutions or interventions to optimize the positive
impact and minimize the negative effects of social media
content on the mental well-being of teenagers.

II. RELATED WORK

The impact of social media on the mental well-being of
teenagers has been extensively studied in recent years.
Research by [9] investigates the complex relationships
between social media use and adolescent mental health,
focusing on how different usage patterns correlate with
symptoms of anxiety, depression, and low self-esteem. This
mixed-methods study combines qualitative interviews with
quantitative ~ surveys, providing a  comprehensive
understanding of the nuanced ways in which social media
influences mental health outcomes. By integrating detailed
personal insights with broad statistical data, the study offers a
well-rounded perspective. Moreover, this research importance
of fostering digital literacy and responsible social media use
among young people to promote healthier online interactions.

Similarly, [10] discusses the dual nature of social media,
noting its potential to foster online friendships and provide
academic resources, while also highlighting its adverse effects
such as loneliness, depression, and body image dissatisfaction
due to social comparisons. Wang's study emphasizes the need

for societal attention to control adolescents' addiction to social
media and to mitigate its negative impacts. This research is
supported by Liu who reviews both the positive and negative
impacts of digital media, exploring how excessive use can lead
to anxiety, depression, and sleep disorders, while also noting
the potential benefits of digital detox in improving mental
well-being.

Previous studies also contribute to understanding this
phenomenon. For instance, research by [14] conducted a
systematic review that found a significant association between
social media use and depression, anxiety, and psychological
distress among adolescents. The review emphasized the need
for further research to explore causal relationships and
potential moderating factors. Similarly, Twenge et al. [15]
explored the increase in depressive symptoms, suicide-related
outcomes, and suicide rates among U.S. adolescents and linked
these trends to the rise in smartphone and social media use.
Their findings suggest that screen time, particularly on social
media, might be a contributing factor to the observed mental
health issues. Additionally, Ghai [16] used sentiment analysis
with the Naive Bayes algorithm to assess the emotional tone
of social media content and its correlation with mental health
issues in teenagers, further underscoring the complex
dynamics between digital interactions and psychological well-
being.

Moreover, [12] highlight the positive use of social media
platforms like Instagram for engaging adolescents with
depression through evidence-based brief video interventions.
This study underscores the role of social media in promoting
mental health awareness and support, especially for
marginalized groups who often face barriers in accessing
traditional mental health services. In contrast, [13] provide a
comprehensive look at the adverse effects of social media,
such as cyberbullying and FOMO, while also acknowledging
its potential to foster online support communities. These
studies collectively highlight the complex and multifaceted
impact of social media on teenagers' mental health, indicating
the need for balanced usage and proactive strategies to
harness its benefits while mitigating its harms.

III. METHODOLOGY

The research methodology is outlined in Figure 1 and
includes the following stages: Data Collection, Data
Preprocessing, Sentiment Analysis, and Model Evaluation.

Data Collection

Model Evaluation Sentiment

Analysis

Fig. 1. Methodology
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A. Data Collection

The data collection used in this research consists of datasets
sourced from Kaggle. The dataset includes a total of 27,972
training tweets, with 14,139 labeled as positive and 13,838
labeled as negative. In addition to the training data, test data
collected from Kaggle between 2017 and 2023 amounts to
555,361 test tweets. These datasets provide a robust
foundation for training and evaluating the sentiment analysis
model. The diverse range of tweets, spanning multiple years,
ensures that the model is exposed to various topics and trends,
enhancing its ability to generalize and perform well on real-
world social media data.

B. Pre-Processing Data

The data preprocessing process begins with reading the
data, cleaning the text, tokenization, and transforming the text
into features used by the Naive Bayes algorithm. Data
preprocessing can involve several essential steps in preparing
the data for analysis. These steps include cleaning the data of
irrelevant information, tokenization, removing stop words,
text normalization, and other processes that ensure the data is
ready for sentiment analysis. The goal of preprocessing is to
ensure that the data used in sentiment analysis is of high
quality and ready to be processed by the model.

C. Sentiment Analysis

Sentiment analysis categorizes text as positive, neutral, or
negative, providing insights into how social media content
impacts teenagers' mental well-being. This method was
chosen for its ability to reveal the sentiment behind social
media interactions. The Naive Bayes algorithm is employed
due to its effectiveness in classifying sentiment based on text
features. This combination allows for a comprehensive
exploration of the effects of social media content on the mental
health of teenagers, both qualitatively and quantitatively. By
analyzing large volumes of social media posts, this approach
uncovers patterns and trends in emotional responses, aiding
in the identification of potential triggers for anxiety,
depression, and other mental health issues among adolescents.

D. Model Evaluation

Model evaluation involves measuring the performance of
the trained model using the Naive Bayes algorithm, known for
its simplicity and efficiency. This algorithm classifies data
based on probability and statistics, following Bayes' theorem.
The evaluation metrics include positive and negative
sentiment values, neutral value, precision, accuracy, recall, F1
and F2 scores, and the area under the ROC curve (AUC-ROC).
Additionally, the model's robustness is assessed through
cross-validation techniques to ensure generalizability across
different datasets. By thoroughly evaluating these metrics, we
can determine the model's effectiveness in classifying
sentiment accurately, thereby validating its practical
applicability in real-world scenarios.

IV. RESULT AND DISCUSSION

This research makes a significant contribution to
understanding how social media content affects the mental
well-being of teenagers. The findings pave the way for further
studies and the development of more effective interventions

to minimize the negative impacts and maximize the positive
effects of social media use.

A. F-Score

The F Score is a combined result of precision and recall,
commonly used in classification tasks to balance these two
metrics. It provides a single measure that captures both the
accuracy of the positive predictions and the coverage of the
actual positives. The test data results for this research,
including the F Score, are illustrated in Figure 2 below.
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Fig. 2. F-Score with Naive Bayes Algorithm

The Naive Bayes algorithm shows decent precision but
struggles with recall, leading to moderate overall
performance. Future improvements could focus on enhancing
recall to ensure that more positive sentiments are correctly
identified. This could involve refining the preprocessing steps,
using a larger and more diverse training dataset, or
experimenting with other classification algorithms to achieve
a better balance between precision and recall.

Based on these results, the balance between recall and
precision is relatively high, indicating that the model performs
consistently across these metrics. However, this balance
results in a somewhat lower F Score, which suggests that
while the model is reasonably accurate in its predictions, it
may not be capturing all the nuances of the data. This lower F
Score highlights the trade-off between precision and recall and
suggests that there is room for improvement in the model's
ability to correctly identify all relevant instances. Improving
the recall without significantly compromising precision could
enhance the overall performance of the model.

This could be achieved by refining the preprocessing steps,
such as more sophisticated text normalization and
tokenization techniques, or by expanding the training dataset
to include a more diverse set of examples. Additionally,
experimenting with other classification algorithms or hybrid
models might yield better results. For instance, ensemble
methods that combine multiple algorithms could provide a
more robust classification performance. Furthermore,
incorporating additional features beyond text, such as
metadata from social media posts or user engagement metrics,
could provide more context and improve the sentiment
classification accuracy. By addressing these areas, future
research can aim to develop a more nuanced and effective
model for sentiment analysis, ultimately leading to a deeper
understanding of how social media content impacts the mental
well-being of teenagers.
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Evaluation Metrics by Class
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Fig. 3. Evaluation Metrics

The heatmap highlights a severe imbalance in the dataset,
with Class 0 showing the highest precision (0.82), recall (1.00),
and F1-Score (0.90) due to its large support (94,114). Classes 1
to 20 have significantly lower support (11 to 14,392) and zero
values for precision, recall, and F1-Score, leading to poor
performance in these categories. To improve model
performance, strategies such as oversampling minority
classes, under sampling the majority class, using SMOTE for
synthetic data generation, and implementing advanced
algorithms should be considered. Enhancing preprocessing
and feature engineering can also help achieve a more balanced
and accurate sentiment classification across all categories.

B. The Kappa score

The Kappa score is a metric that measures the level of
agreement between two values. In this research, the values
compared are positive and negative sentiments, indicating the
level of agreement between these two sentiment values. The
Kappa score ranges from -1 to 1, where 1 indicates perfect
agreement, 0 indicates chance agreement, and -1 indicates
complete disagreement. Based on the research findings, the
resulting Kappa score is -0.0, indicating that the test data
shows a high level of disagreement in classification.

Kappa Score (Cohen's Kappa)
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1
H
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Fig. 4. Kappa Score

Based on the research findings, the resulting Kappa score
is -0.088, suggesting a slight disagreement between the
classifications of positive and negative sentiments. This
indicates that the test data shows a high level of disagreement

in classification, highlighting the need for improvements in
the model to better align its sentiment classifications with
actual sentiments. Addressing this could involve refining the
model, enhancing preprocessing steps, and balancing the
dataset to improve overall performance.

C. Log Loss

Log loss is a measure of the accuracy of probability
predictions, with lower values indicating better model
performance. The graphs display the probabilities for positive
and negative classes, which are used to calculate log loss and
evaluate the model. For the positive class, the probabilities
range from very low (2.89e-07) to very high (9.99e-01), while
for the negative class, the probabilities also vary significantly.
These probabilities help in assessing the model's ability to
predict each class accurately, with lower log loss values
reflecting a more accurate model. By examining these
probability distributions, researchers can identify areas where
the model performs well and where it may need improvement,
thus ensuring a comprehensive evaluation of its predictive
capabilities and robustness in sentiment classification.
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Fig. 5. Log Loss Negative and Positive

D. Matthews Correlation Coefficient (MCC)

The Matthews Correlation Coefficient (MCC) is a metric
that measures how well the model classifies data correctly
compared to random chance. According to the conducted
research, the test data yielded an MCC value of
0.012334926377880884. This figure 6 indicates that the
accuracy of the MCC is equivalent to random chance, as an
MCC value of 0 suggests no better performance than random
guessing. An MCC value close to zero highlights the model's
inadequacy in distinguishing between classes effectively.
Therefore, the result underscores the necessity for model
refinement and optimization, suggesting that the current
classification strategy may require significant adjustments to
improve its predictive accuracy and overall performance in
classifying the data correctly.
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Matthews Correlation Coefficient (MCC)
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Fig. 6. MCC Score
E. Confusion Matrix

The confusion matrix provides an overview of the model's
performance by representing the values of true positives, true
negatives, false positives, and false negatives, as seen in Figure
7. The matrix shows that Class 0 has many true positives
(8959) but also a significant number of false positives (14052),
while Class 1 shows true positives (2137) and false positives
(1505), and Class 2 has fewer instances with true positives
(435) and false positives (277). Classes 3, 4, and 5 have very few
instances, indicating potential issues with class imbalance.
The confusion matrix helps in understanding where the model
is performing well and where it needs improvement,
particularly in handling class imbalances and reducing
misclassifications. Addressing these issues can lead to more
accurate predictions and better overall model performance.
Further analysis is needed to develop strategies for balancing
the dataset and enhancing the model’s robustness.
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Fig. 7. Confusion Matrix
F. Representation of Positive and Negative Values

In sentiment analysis, the representation of positive and
negative values refers to the method of identifying or
classifying text or data into categories of negative containing
positive sentiment, and positive containing negative
sentiment. Based on the research conducted on the test data,
there is a percentage of 50.55% positive values and 46.97%
negative values. With these results, it can be said that the
impact of social media content has a higher negative value

compared to the positive value. The horizontal bar chart above
clearly displays the distribution of positive and negative
sentiments, with the positive sentiment slightly outweighing
the negative. This visualization helps in understanding the
overall sentiment landscape derived from the analyzed social
media content.

Representation of Positive and Negative Values

Negative

Positive 50.55%

0 10 20 30 40 50
Percentage

Fig. 8. Representation of Positive and Negative Values
G. Representation Word Cloud

A word cloud is a visual representation of text data where
the size of each word is proportional to its frequency in the
text. The word cloud generated from the test data of tweets by
users in the United States, sourced from Kaggle, can be seen in
Figure 8. Based on the results, the words "girl," "know," "tell,"
"make," and "im" appear more frequently than others. This
suggests that a larger number of social media users who are
female tend to express their thoughts and complaints on the X
platform.
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Fig. 9. Representation Word Cloud

The word cloud displayed in the image visualizes the
frequency of words used in tweets by users in the United
States, sourced from Kaggle. In a word cloud, the size of each
word represents its frequency or importance; larger words
appear more frequently in the dataset. Prominent words such

s "girl," "know," "tell,” "make," and "im" indicate that these
terms are frequently used in the tweets analyzed. The word
"girl" suggests a significant number of tweets might be
referring to females or topics related to girls, while "know" and
"tell" could imply communication or sharing of information
and experiences. The words "make" and "im" likely reflect
personal experiences or expressions of identity and actions.
The prominence of the word "girl" indicates that a large
portion of the tweets might be written by or about females,
suggesting gender-specific dynamics in social media usage.
Additionally, words like "tell," "know," and "make" suggest
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that users frequently share personal stories, experiences, and
knowledge. Other notable words such as "family," "life," "help,"
"feel," and "abuse" highlight themes related to personal life,
support systems, and emotional well-being. Overall, the word
cloud provides a snapshot of the most frequently discussed
topics and words in the analyzed tweets, offering insights into
the general themes and concerns of social media users.

V. CONCLUSION

This research concludes that using sentiment analysis with
the Naive Bayes algorithm is effective in classifying positive
and negative sentiments in social media content related to
teenagers' mental well-being. Findings indicate that 50.55% of
the content is positive, while 46.97% is negative, offering
insights into the impact of social media on teenagers' mental
health. Future research suggestions include integrating
additional data sources, such as image and video content,
expanding sample sizes to improve the robustness of the
findings, and focusing on developing strategies to mitigate the
negative impacts of social media on mental health.
Additionally, comparing different algorithms could provide
insights into more effective classification techniques, and
extending the scope of the research to include longitudinal
studies could help in understanding the long-term effects of
social media use on teenagers' mental well-being. This study
lays the groundwork for a deeper understanding of social
media's effects on teenagers' mental well-being and
encourages further exploration in this area. Collaboration
with interdisciplinary teams, including psychologists, data
scientists, and educators, could also enhance the quality and
applicability of the research, ultimately contributing to the
development of comprehensive intervention programs to
support teenagers in navigating the complexities of social
media.
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