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Social media undoubtedly has a profound impact on how students communicate and perceive the world.
The Philippines is a maritime country and maritime seafarers can also affect the economy of the Philip-
pines. In the Philippines education system, Maritime baccalaureate programs were developed such
as marine engineering and marine transportation. Maritime programs are constantly evaluated to the
global standard set by the international community. In this study, we value the importance of inves-
tigating maritime students’ academic performance. This research explores the relationship between
marine engineering students’ academic standing and social media behavior by employing Bi-term topic
modeling on social media texts collected from students of varying academic standings. For marine
engineering students with high academic standing, the content of discussions often relates to academic
and existential themes. In contrast, marine engineering students with lower academic standing tend to
engage more with entertainment and politically oriented material. A significant finding from the corre-
lation analysis is the negative association between the frequency of social media usage and academic
performance in mathematics, suggesting that a high frequency of social media usage may adversely
affect academic success. Additionally, K-means clustering was used to group Facebook posts, identi-
fying patterns that align with key societal and educational events. These results highlight the complex
influence of social media within educational settings, underscoring both its positive features and po-
tential risks. Time series analysis was also performed to check for patterns in the number of students’
Facebook posts.
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1. Introduction.

This paper is a continuation of what was presented at the In-
ternational Conference on Business Analytics for Technology
and Security (ICBATS), last year (2023) (Gorro et al., 2023).
Social networking has become rapidly widespread among teen-
agers as well as students, the social media has led to a complete
overhaul of the way we interact and live within society. As
per Meltwater, the figure of the total number of social media
users in our country had reached the mark of around 76 mil-
lion at the time of January 2022 (Meltwater, 2022). Social net-
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works’ online communication function and a well-knit connec-
tion across the student communities are the major benefits that
the students can get out of it. Nevertheless, this convenience
also has consequences like ill addiction that results in negative
consequences including lack of sleep, eye fatigue, and physical
inactivity. As one tends to be engaged with social media con-
tent for hours without even realizing that time has passed by,
it disrupts sleep patterns and in turn creates additional health
problems (Netsweeper, 2021) (Wells & Horwitz, 2021).

The Philippines is a maritime country and maritime seafar-
ers can also affect the economy of the Philippines. Maritime
baccalaureate programs were developed such as marine engi-
neering and marine transportation. In this study, we value the
importance of investigating maritime students’ academic per-
formance.

The topic of social media addiction and its side effects is not
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just limited to adults; students, basically those who have lived
with technology for a very long time, are the ones who could
easily become addicted. Cyberbullying is also one of the sig-
nificant cyber problems through which individuals are exposed
to objectionable messages and demeaning statements that can
negatively impact someone (Ranch, 2015) (stopcyberbullying,
2018).

Given the negative effects of social media use on students,
this research intends to investigate the extent to which students’
social media activities affect their academic achievement. Ma-
rine engineering students were categorized into two groups good
academic and bad academic standing. The criteria for the cate-
gorization are listed below:

1. Good Academic Standing:
Major Subjects and Mathematics:
Passing Grades: Students must have grades between 1.0

and 3.0. This range indicates that the student is passing the
subject.

Relative Performance: Students must be within the top 60%
of their cohort based on their GPA for the specific subject. This
percentile rank demonstrates that the student is performing bet-
ter than at least 40% of their peers, reflecting competence and
understanding of the subject matter.

2. Bad Academic Standing:
Major Subjects and Mathematics:
Failing Grades: Students with grades from 3.1 to 5.0 are au-

tomatically considered to have bad academic standing as these
grades indicate failure in the subject.

Low Relative Performance: Students with grades between
1.0 and 3.0 who are in the bottom 40% of their cohort for the
subject also fall into this category. Despite passing grades, their
lower relative performance suggests challenges in keeping up
with the academic demands of the subject.

This division allows for a focused investigation into how
different levels of academic achievement correlate with social
media usage patterns. The research seeks to achieve the follow-
ing significant contributions:

Utilizing a bi-term topic modeling algorithm, the study aims
to identify themes related to marine engineering students with
bad academic standing and their social media activities.

Similarly, the research seeks to uncover themes related to
students with good academic standing and their social media
activities using the topic modeling algorithm.

This approach ensures a clear understanding of the impact
of social media on diverse student groups, providing insights
that could inform educational strategies and student support
mechanisms. A consent form was given to every student to give
us their Facebook profile and allow our Facebook account to be
friended with them. Appendix A is the consent form used in
this study. This paper is a continuation of what was presented
at the International Conference on Business Analytics for Tech-
nology and Security (ICBATS), last year (2023). A new method
of text analysis was used due to the sparsity of the text and the
original text analysis methods being used do not capture poten-
tial topics and narratives. The current method of categorization

of students was also different in the previous study and more
refined experiments were used to capture more context on the
social media content.

2. Review of Related Literature.

2.1. Natural Language Processing.
Topic modeling algorithms are unsupervised machine learn-

ing algorithms that can uncover narratives and topics within
a given corpus and one of those is Latent Dirichlet Alloca-
tion (Jelodar et al., 2019) (Barhati, 2018). Gorro et al., use a
topic modeling algorithm to understand the corpus of disaster
response suggestions (Gorro et al., 2017). In this study, bi-term
topic modeling was used to assist in doing qualitative analy-
sis. The result of this study shows that a bi-term topic model-
ing algorithm can find significant narratives and topics that can
help social scientists understand the corpus. Capao et al., use
word2vec to understand customer reviews of the establishments
in Cebu, Philippines. In this study, word2vec was able to find
a semantic relationship of words in the corpus that could lead
to a better understanding of the corpus (Capao et al., 2018).
Wei and Croft, applied BTM in information retrieval and they
used Gibb sampling to improve the accuracy of the BTM model
(Wei and Croft., 2006). The result shows a positive and higher
accuracy of the information retrieval model. Ancheta et al, use
topic modeling algorithms on sparse data such as tweets to get
valuable insights during class suspension and the result shows
good topic models (Ancheta et al., 2020). Text analysis in un-
derstanding education competency is also explored in the study
of Shibani et al (Shibahi et al., 2017). In this study, chat dia-
logue was examined to identify teamwork competencies among
students using named entity recognition and text classification
algorithms. Nastase et al, uses text mining and techniques to
analyze buyer and sell content corpus, and it shows a promis-
ing result that could help automate content analysis (Nastase et
al., 2007). Another unsupervised machine learning algorithm
that can be used to analyze topics within the corpus is the k-
means clustering algorithm (Bui et al., 2017). Go Bui et al, uses
k-means clustering combined TF-IDF vectorization to cluster
disaster response suggestions (Bui et al., 2017).

Khan et al conducted a study where they introduced an ini-
tial compute cluster algorithm for K-means clustering. The pa-
per demonstrates that the proposed algorithm leads to improved
and consistent solutions (Khan et al., 2004). In a separate study,
Wagstaff et al show that by modifying the K-means clustering
algorithm to consider the problem domain, there are signifi-
cant enhancements in cluster accuracy (Wagstaff et al., 2001).
Kanungo et al present another study where they introduce the
filtering algorithm, a simple and efficient implementation of
Lloyd’s K-means clustering algorithm. This algorithm demon-
strates practical efficiency with improved runtimes and finds ap-
plication in tasks like color quantization, data compression, and
image segmentation (Kanungo et al., 2002). On the other hand,
Ding and He establish that principal components serve as the
continuous solutions to the discrete cluster membership indica-
tors in K-means clustering, presenting effective techniques for
data clustering using K-means (Ding & He., 2004).
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Recent academic research on the impact of social media on
learners highlights various dimensions. Studies by Mathewson
(Mathewson, 2020), Neira & Barber (Neira & Barber, 2020),
and O’Dea & Campbell (O’Dea & Campbell, 2011) (Radovic
et al., 2017) have delved into the effects on students’ mental
health, revealing links between social media use and mood dis-
orders, self-esteem, and psychological state. Sampasa-Kanyinga
& Lewis (Sampasa-Kanyinga & Lewis , 2015) and Sriwilai
& Charoensukmongkol focus on the psychological functioning
and emotional exhaustion related to frequent social networking
among younger users (Sriwilai & Charoensukmongkol, 2016).
The research by Stapel (Stapel., 2007), Tang et al. (Tang et al.,
2013), Tsitsika et al. (Tsitsika et al., 2014), and Vernon, Mod-
ecki, & Barber extends the understanding to aspects like self-
evaluations, social presence, patterns of online social network-
ing in adolescence, and the impacts of problematic social net-
working on adolescent psychopathology, including sleep dis-
ruptions (Vernon, Modecki, & Barber, 2017).

2.2. Social Media Analysis.

The study of Deaton is based on the proximation of the So-
cial Learning Theory by Albert Bandura to social media, which
is a recent innovation (Deaton, 2015). This article seems to
believe social media platforms like Facebook and Twitter have
replaced the old way we used to relate and study. On the other
hand, the emergence of these channels offers a place where the
transmission of replicative behaviors is not only doable but is
encouraged and appears widely. A thesis of the paper is that
social media can notably facilitate teaching and learning by
shaping a virtual setting in which children as observers, imi-
tators, and models can reproduce behaviors online. This dig-
ital present-day setting grants faculty members, students, and
researchers to explore the world of the internet that doesn’t rec-
ognize the physical world’s borderlines or temporal boundaries.
One of the main concerns of this study is an inadequate exam-
ination of negative impacts that might be connected to social
media implementation at school for instance distraction, a re-
duction of interpersonal communication, or sketchy material as
a main cause of poor academic performance.

The research by Kolhar et al investigates the influence of
university students’ social media utilization on studying and
learning, college life, and sleep (Kolhar et al., 2021). It is very
easy to see that most of the students, who are just 3% of par-
ticipants, only use social media for chatting and chatting, the
other 97% of them are not connected with the books. The study
emphasized a high prevalence of social media addiction among
students (57%), and students showed a significant devotion to
social media instead of to their academic engagement (66%).
Our survey found that most studies with a perceived harmful
effect of social media on their learning and sleep patterns when
students were going to bed late because of social media use.
Instagram, Twitter, and Snapchat were the most all used social
apps.

Although the findings are meaningful, in their review, they
used first of all self-reported data which may result in biased
information since students might not report their usage patterns

or the influence entirely correctly. Besides this, the research fo-
cuses only on female students from one university, which also
makes the results applicable to a different group or the student
population across the globe. The analysis was predominantly
descriptive, there were no statistical methods to investigate how
social network platform affects our learners and the contextual
analysis of social media content that people are attached to that
interested them. The review suggests a significant gap in the ex-
isting literature: social media is an eminent area where there is a
need for a comprehensive yet very methodologically grounded
approach to this impact on students (Kolhar et al., 2021). Com-
plementing current research by developing a mixed-methods
approach, joining quantitative data with qualitative experiences,
is valuable for the reduction of the dependence on self-reported
data. Bearing this in mind, it would be imperative to apply a
multilevel research design that involves a group of diverse stu-
dents and multiple schools so that the study can provide gener-
alizable results. Besides that, it is necessary to look at the role
of newly emerging social media platforms and other possible
factors that may in the end tie in the correlation between social
media usage and academic performance.

3. Methodology.

3.1. Data Collection.

In this research, Cebu Technological University - Carmen
Campus provided a sample of 500 marine engineering students
who were enrolled in various math-related courses. We utilized
the Facebook API to search for each student’s profile and em-
ployed selenium and Beautifulsoup to gather their Facebook
posts (Beautifulsoup, 2017). From the sample, we were able
to capture 400 student Facebook profiles, resulting in a total
of 7000 collected Facebook posts. These students were cate-
gorized into two groups based on their academic performance,
specifically high grades and low grades in mathematics. Among
the collected posts, 3000 were from students with good grades,
while 4000 were from students with lower grades. Additionally,
out of the 2200 posts belonging to students with good grades,
2200 posts comprised purely images and video/video links.

Figure 1: HTML Layout that shows the xpath to capture Face-
book posts.

Source: Authors.

To enable the HTML parser’s functionality, we utilized se-
lenium automation to log in to a Facebook account. The cho-
sen Facebook account was connected with almost all of the stu-
dents’ Facebook profiles as friends.
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3.2. Data pre-processing.

To improve the accuracy of the topic modeling algorithm,
the following data pre-processing techniques were applied:

1. Remove special characters.
2. Remove emoticons.
3. Remove hyperlinks.
4. Remove stop words.

3.3. Vectorization.

TF-IDF was used to transform all the corpus data for grade
students and low grades to a Bi-term topic modeling algorithm.

3.4. Bi-term topic modeling.

Bi-term topic modeling is a method used to discover and
analyze topics in a collection of texts or documents (Barhate,
2018). Unlike traditional topic modeling techniques that fo-
cus on single words as topics, bi-term topic modeling considers
pairs of words (bi-terms) as the fundamental units for topic ex-
traction. Bi-term is synonymous with bi-gram. This approach
allows for a more comprehensive understanding of the under-
lying themes and concepts present in the text data, enhancing
the accuracy and granularity of topic identification. By analyz-
ing bi-term associations, the bi-term topic modeling technique
can reveal deeper insights and relationships within the textual
content, making it a valuable tool for various natural language
processing and text mining applications. Bi-term topic model-
ing was used over LDA in this study for the following reasons.

1. Enhanced Contextual Understanding: Unlike LDA, who-
se modeling is focused on the distribution of individual
words across documents, a BTM explores bi-terms, i.e.
pairs of words. This method, however, becomes more
evident when attempting to catch the wide range of word
links which make the message clearer and therefore give
an in-depth understanding of the main issue. Take for
instance ”Marcos golden” which connotes more so than
”Marcos” on the person itself and ”Golden” might be as-
sociated with different subjects like ”Golden State” or
”golden retriever”; However, when paired, they distinctly
identify content specifically relevant to discussions about
the Marcos regime. This specificity enhances the the-
matic accuracy and depth, providing clearer insights into
the subject matter being analyzed.

2. Superior Performance in Handling Short Texts: The
data that we use consists mainly of short sentences which,
is a common montage where LDA is relatively weaker
due to sparse wordiness appearances that lead to poor
inference on topics. However, BTM manages this dis-
cussion by exploring the evaluations of the word cou-
ples across the whole corpus eliminating the problem of
relatively less information being included and providing
more such topics that are stable and reasonable.

3. Independence from Document Structure: Our BTM ap-
proach is content-based regardless of sentence structure
or length, which makes our corpus that includes different

text lengths and structures one reason to choose it. With
BTM, we bring in this characteristic of our topic model-
ing so that as long as our textual documents are consistent
in terms of their overall architecture, our topic modeling
remains valid and enduring.

4. Granularity and Specificity: BTM usually reveals the-
matic representation having more detail and emersion than
LDA. This level of detail is very important to us, and it
is because while in the process we do closely look into
some of the thematic subtlety notices that could other-
wise be easily omitted in the case when only single words
are put into consideration. The bi-term model’s power
of demonstrating explicitly the semantic interconnections
between the data provides for keen discrimination and
understanding of intricate subjects.

1. Bi-term topic modeling result for good academic stand-
ing students:
The parameters used to develop the BTM model are the
following:
• Features = 10000
• # topics models = 5

The number of topic models was decided based on the co-
herence score. The coherence score for the 5 topic mod-
els in this case is 0.42. Table 1 shows the topic models
being discovered by the BTM.

Table 1: BTM Topic Models.

Source: Authors.

2. Bi-term topic modeling result for bad academic stand-
ing students:
The parameters used to develop the BTM model are the
following:
• Features = 10000
• # topics models = 5

The determination of the number of topic models was
based on the coherence score, with a value of 0.45 ob-
tained for the 5 topic models in this study. Table 2 il-
lustrates the specific topic models uncovered through the
Bi-term Topic Modeling (BTM) process.

Table 2: BTM Topic Models.

Source: Authors.
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3.5. Open Coding.

Open coding is a manual qualitative technique that exam-
ines qualitative codes for analysis.

3.6. K-means Clustering.

The K-means clustering algorithm was utilized to group di-
verse Facebook posts of students. The generative process in
K-means clustering can be described as follows [17]:

1. Input the value of ’k’, which determines the number of
clusters.

2. Randomly select ’k’ data points as initial centroids within
the data space and allocate data points to the nearest cen-
troid based on the Euclidean Distance, forming ’k’ clus-
ters.

Repeat the following steps:

a. Compute the new centroid as the mean of all points within
each cluster, using the Euclidean Distance.

b. Assign data points to the new centroids.
c. Continue until the cluster assignments remain unchanged.

To assess the effectiveness of the K-means clustering, the
intra-cluster distance was measured using the silhouette
score.

The Silhouette Coefficient is defined as follows:

s (i) =
b (i) − a (i)

max {a (i) , b (i)}

Several experiments were carried out to determine the op-
timal number of clusters based on the highest silhouette coeffi-
cient.

Table 3: K-Means Clustering Experiment.

Source: Authors.

The experiment started with k clusters = 2 with a silhouette
score of 0.0031258577715264674. It is expected that as the
number of k clusters increases, the silhouette score increases as
well. Table I shows that some silhouette scores are lower com-
pared to the previous number of k-clusters. As an alternative,
an elbow method was conducted to determine the ideal number
of clusters. In the context of the elbow method used for deter-
mining the optimal number of clusters in a k-means clustering
algorithm, WCSS refers to the sum of the squared distances be-
tween each data point and its corresponding centroid within a

cluster. Figure 2 shows the graph of the elbow method being
performed.

Figure 2: Elbow Method Graph.

Source: Authors.

In this study, the non-fluctuating silhouette score that is clos-
est to 1 was chosen. Experiment # 3 shows the optimal number
of clusters to be generated. Table 4 shows the cluster models
generated from the k-means clustering algorithm.

Table 4: K-Means Clustering.

Source: Authors.

3.7. Correlation Analysis.

In this research, to explore the connection between social
media activities and student performance, a correlation analysis
was conducted using the number of Facebook posts and student
performance. Equation 1 represents the formula utilized for this
analysis.

Ri j =
Covirance number o f post and Math grades√

Covirance number o f post . Math grades
(1)
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3.8. Time Series analysis of the number of Facebook posts over
time.

All Facebook posts that were gathered also include the date
it was posted. A stationary test was conducted using the Aug-
mented Dickey-Fuller test to determine if there was a specific
surge of Facebook posts posted on social media for two sets of
students.

4. Discussion.

4.1. Narrative Analysis.

Bi-term topic modeling followed by open coding was used
to identify themes in the Facebook posts of students with vary-
ing academic standings. Additionally, K-means clustering was
implemented to further validate and explore these themes.

4.2. Common Themes Across Both Groups.

Trending Memes and Presidential Election:
Both groups exhibited significant engagement with trend-

ing memes and the presidential election. This shared interest
highlights the pervasive influence of national events and viral
culture among the student body.

4.3. Distinct Themes in Each Group.

Good Academic Standing Students:

• Educational Content: These students frequently en-
gage with content related to educational updates, school-
related announcements, and CHED scholarships, which
was supported by the K-means clusters indicating strong
engagement with academic and institutional updates.

• Social Events: Narratives around personal and social events
such as birthdays show a balanced engagement with both
academic and social life.

Bad Academic Standing Students:

• Entertainment and Politics: More engagement was noted
with entertainment news and political propaganda. Clus-
tering analysis similarly showed a distinct cluster focused
on showbiz and political controversies, suggesting a di-
version from academic content.

• Controversial Political Issues: Specific attention to con-
troversial topics like the disqualification of a presiden-
tial candidate indicates a focus on sensational and high-
stakes political discourse.

4.4. Analysis of K-means Clustering in Relation to Topic Mod-
els.

K-means clustering helped further delineate the themes iden-
tified by the topic models, revealing deeper insights into how
different clusters of students engage with content:

• Overlap in Political Engagement: Both methods showed
that students from both academic standings are heavily
engaged in discussions about political events, suggesting
that such topics are of universal interest.

• Academic vs. Non - Academic Focus: Clusters among
good-standing students often centered around academic -
related themes, aligning with the topic models. In con-
trast, clusters for students with lower academic perfor-
mance highlighted a greater engagement with non - aca-
demic themes.

The dual application of topic modeling and K-means clus-
tering provides a robust methodological framework for under-
standing student engagement on social media. This approach
not only confirms the universality of certain themes but also
highlights the distinct ways in which students with different
academic performances interact with content. These insights
can be leveraged to:

• Tailor Educational Content: By integrating academic
content with formats and themes that are already popular
among students, educational institutions can potentially
increase engagement among students, particularly those
at risk academically.

• Develop Targeted Interventions: Understanding the spe-
cific interests and engagement patterns of students can
help in crafting more personalized and effective academic
support and interventions.

The cohesion scores for the bi-term topic models, that of
the students who score well in their course work is 0.42 and
0.45 for those with lower scores hence good but there is still
room for improvement. Generally, score variance reflects the
well-developed and situated topic. The performance of the two
groups neither differed from each other very much, so there
could be a common factor governing social media behavior that
works for everyone, including low-performers. Also, the exist-
ing social media usage instances are overlapped, indicating that
the model may be improved by contrasting the usage applica-
tions of students coming from different demographic circles.

4.5. Correlation Analysis.

The findings indicate a negative correlation of 82.2% be-
tween the number of Facebook posts per student and their math
grades. The p-value is 0.0232 which shows that the null hypoth-
esis is rejected and shows that the relationship is not by chance
alone. Figure 3 presents the results of the conducted correlation
experiment. To convert the transmuted grades into numerical
grades, incomplete grades were translated to 66.
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Figure 3: Correlation graph.

Source: Authors.

The interpretation of the result suggests that as students’ so-
cial media activities increase, their academic performance tends
to decline.

4.6. Augmented Dickey-Fuller (ADF) test was performed using
Python statistical libraries. Independent ADF tests were
conducted for above-average students and below-average
students.

The result is as follows:

A. Group of students with above average grades:
ADF Statistic (fb posts): -17.02813296727508.

p-value (fb posts): 8.362883266997923e-30.

Critical Values (fb posts):

1%: -3.4524113009049935.

5%: -2.8712554127251764.

10%: -2.571946570731871.

The ADF Statistic for the Facebook posts represents the
value of the test statistic, indicating the strength of evi-
dence against the null hypothesis. In this case, the ADF
statistic is -17.02813296727508. The more negative the
ADF statistic, the stronger the indication against the null
hypothesis, which assumes that the data is non-stationary.
The p-value associated with the ADF statistic provides
insight into the likelihood of obtaining the observed re-
sult if the null hypothesis is true. For the Facebook posts
data, the p-value is 8.362883266997923e-30, an extremely
small value. Typically, when the p-value is smaller than
a chosen significance level, such as 0.05, the null hypoth-
esis is rejected. In this instance, the null hypothesis as-
serting that the data is non-stationary would be strongly
rejected.
The Critical Values for the Facebook posts represent thresh-
olds for different levels of significance (1%, 5%, and 10%).

They assist in determining the significance of the ADF
statistic at these levels. In this case, all the critical val-
ues are more negative than the ADF statistic, providing
further support for rejecting the null hypothesis.

In summary, with an ADF statistic significantly lower
than the critical values and a very small p-value, the null
hypothesis is rejected and concludes that the time series
data for the Facebook posts is stationary.

B. Group of students with below-average grades:

ADF Statistic (fb post): -12.978423039997702.

p-value (fb post): 2.97871987575141e-24.

Critical Values (fb post):

1%: -3.4524859843440754.

5%: -2.871288184343229.

10%: -2.571964047565425.

Upon conducting the Augmented Dickey-Fuller (ADF)
test for the Facebook posts data, the analysis yielded no-
table results. The ADF Statistic, calculated to be -12.978
423039997702, reflects a substantial negative value. This
statistic serves as a pivotal indicator in determining the
stationarity of the data. As the ADF statistic becomes
more negative, it presents stronger evidence against the
null hypothesis, which posits that the data is non-stationa-
ry.

Moreover, the associated p-value, computed as 2.978719
87575141e-24, emerges as exceedingly small. The p-
value signifies the probability of observing the obtained
result if the null hypothesis were true. In this case, the
diminutive p-value suggests that the null hypothesis of
non-stationarity is firmly rejected. Typically, when the p-
value falls below a pre-defined significance level, such as
0.05, the rejection of the null hypothesis is warranted.

Furthermore, critical values play a crucial role in validat-
ing the significance of the ADF statistic. For the Face-
book posts data, the critical values at 1%, 5%, and 10%
levels are -3.4524859843440754, -2.871288184343229,
and -2.571964047565425, respectively. Notably, all crit-
ical values surpass the computed ADF statistic, bolster-
ing the case for rejecting the null hypothesis. Figure 4
shows the time series graph for the total Facebook posts.
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Figure 4: Time Series Analysis.

Source: Authors.

In summary, the analysis of the ADF test for the Facebook
posts data indicates strong evidence in favor of stationarity. The
negative ADF statistic, coupled with the minute p-value and
critical values, collectively support the rejection of the null hy-
pothesis, implying that the Facebook posts data exhibits station-
arity characteristics.

5. In-depth Analysis.

Interestingly, this study contributes to the literature by ana-
lyzing the nature of social media content and its connection to
academic success, a significant research issue that we initially
marked out. Though the themes identified handled thought aware-
ness through the open coding method is created with a good ba-
sis, there is still a lack of analysis on what concurrent impact(s)
get to the academic habits and time management of the stu-
dents. For example, the examination of the factors that are fuel-
ing ‘Birthday Parties and Events’ and ‘Presidential Election’
predisposition amongst students is mentioned, but the study
does not go further to investigate if this or how this affects their
learning strategy. Does the act of participating in a similar fo-
rum equate to ability in social studies or a loss of time devoted
to study?

Being cardinal, our analysis did not use the creation of con-
tent by students as a subject of the research, it was an informa-
tion area we missed. Students’ professionalism on social media
reflection of content is not a passive activity, but it shows the
grade of your interest, seniority, and learning style. A student
who joins academic discussions and scholarly pages or uses
these materials as additional tools to support classroom learn-
ing may also be using the self-directed learning approach. On
the contrary, a person’s decision to choose entertainment stuff
may be the one who could learn best through the conversation
or reading of a story.

If we are discussing the backward relationship between Face-
book post numbers and math scores then we should be very
careful interpreting these outcomes. The findings, as they stand
now could bring up misinterpretations in that way where it may
seem like a simple cause-effect while in reality, it may be a re-
sult of factors that are not captured by our model. For example,
a child with poor academic performance could be employing

social media as a way to escape pressure or a favorite means
of handling other personal problems. Overall, it will affect his
performance negatively. This distinction between correlation
and causation is critical, and further research is necessary to
disentangle these complex relationships.

Moreover, the relatively high coherence scores of the BTM
models, while indicative of consistent themes, do not capture
the multifaceted impact of these themes. A more nuanced anal-
ysis would consider how the identified themes interact with
each student’s life. It could be that marine engineering students
with lower grades engage with political content in a manner
that, though intellectually stimulating, competes with academic
time, while high-achieving students may effectively integrate
such content into their broader learning process.

Conclusion.

This analysis of marine engineering students’ social media
activity reveals that while students with good academic stand-
ing and those with bad academic standing share some common-
alities in their online interactions, distinct patterns also emerge
that differentiate their engagement on these platforms. For both
subgroups, guys mainly spread popular memes, whereas, girls
tend to express their views on politics as seen from their Face-
book posts. Nevertheless, the main discernible difference is
that, in the case of low-achieving students, the conversation
leans towards entertainment-based and social issues while the
high achievers tend to discuss academic-oriented issues. These
results, then, highlight the many-dimensional quality of social
media networks which operate as a mirror of the diverse con-
cerns and perspectives of the social media users.

Bi-term topic modeling has done well in finding the main
ideas of the corpus, however, this method also revealed the diffi-
culty of distinguishing the first-degree overlapping among top-
ics. Such duplicate may be confusing as to how the themes
interrelate and the influence they yield varies. Furthermore, k-
means clustering was applied in a bid to deepen the understand-
ing of these topics which was reflected in the five-cluster struc-
ture that embodied many of the themes previously identified by
the Bi-term topic modeling, however, the silhouette score being
somewhat modest could limit the accuracy of the results.

Critical reflection of the found inverse relation between time
spent on Facebook and academic success provides some grounds
for complex analysis. It points out an apparent tendency for so-
cial media involvement to go hand in hand with a falling rate
of scholastic accomplishment. Nevertheless, in light of what
we have shown from our analyses, the correlation should not
be mistaken as a causation. The interplay of social media ac-
tivity and education is complex and impacts a huge number of
aspects beyond the content quality, students’ time management,
and personal context of the Young learners.

While we take into consideration the following complex-
ities, future research could be useful with a mechanism that
monitors the students’ social media activities. This, in turn,
could assist in the establishment of more discriminating tech-
niques for the evaluation of the effect of post volume on aca-
demic performance to reduce subject bias. Through this method,
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we can have confidence that our research will be more precise
and will provide academicians with evidence-based recommen-
dations for students’ social media usage.

Additionally, the ADF test did not show any significant sea-
sonal patterns in the number of posts issued by the two groups
of students for each group, indicating the same attraction to
Facebook throughout the year. This pervasiveness can poten-
tially be harnessed by educational strategies to weld students to
their social media life for academic advantage.

Social media represents a double-edged weapon - it may
either disrupt or prevent studies from getting done. Looking
ahead, the cooperation of educators and researchers who will
work together to find the true implications that social networks
have in the educational sphere is absolutely necessary. Through
this process, we can look upon this powerful instrument favor-
ably, thereby serving student progress rather than weakening it.
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