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ABSTRACT 

In an era of increasing digital integration in students' lives, understanding the interplay 

between traditional study habits and modern media consumption is critical for 

educational success. This study investigates the impact of study hours, social media 

usage, and Netflix consumption on the academic performance of students. Using a 

synthetic dataset of 1,000 student records designed with realistic behavioral patterns, 

this research aims to quantify the direction and magnitude of these lifestyle factors on 

final exam scores. A multiple linear regression model was employed as the primary 

analytical method. The dataset was partitioned into an 80% training set and a 20% 

testing set to ensure the model's ability to generalize to new data. The independent 

variables included study_hours_per_day, social_media_hours, and netflix_hours, 

with exam_score serving as the continuous dependent variable. The model was 

evaluated based on its overall significance, the statistical significance of its 

coefficients, and its predictive accuracy on the test set. The regression model was 

found to be highly significant (p < .001) and explained 74.1% of the variance in exam 

scores (R² = 0.741). The results indicate that study_hours_per_day is a strong 

positive predictor, with each additional hour of study associated with a 9.48-point 

increase in exam score. Conversely, social_media_hours and netflix_hours were 

significant negative predictors, associated with a decrease of 2.61 and 2.41 points 

per hour, respectively. The findings conclude that while digital media consumption 

has a detrimental association with academic performance, its impact is substantially 

outweighed by the positive influence of dedicated study time. This research provides 

quantitative evidence supporting the need for effective time management and self-

regulation among students, highlighting the critical importance of balancing digital 

entertainment with academic responsibilities to achieve educational goals. 

Keywords Academic Performance, Digital Media, Linear Regression, Student Habits, Study 

Time 

Introduction 

Academic performance plays a crucial role in determining student success and 
future opportunities. It is significantly linked to various factors including self-
directed learning, self-esteem, and grit, which contribute to student achievement 
in higher education settings [1]. Studies underscore that the academic 
performance of students is pivotal for individual success and is also linked to the 
broader economic and social development of a country [2]. Moreover, effective 
leadership and communication practices within educational institutions enhance 
student outcomes, suggesting that institutional support acts as a catalyst for 
academic achievement [3]. 

Furthermore, research indicates that mental preparedness and emotional 
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competence are essential for academic success in contemporary educational 
environments, particularly in adaptive post-pandemic contexts [4]. The transition 
to online learning has shown mixed effects on student performance, highlighting 
the need for effective instructional strategies to maintain academic standards 
during crises [5], [6]. Thus, a multifaceted approach involving personal 
attributes, institutional support, and innovative teaching practices is essential for 
optimizing academic performance and unlocking future opportunities for 
students. 

The increasing prevalence of digital media, including social media and 
streaming services, has significantly transformed students' lives and their 
academic experiences. On one hand, platforms like social media can facilitate 
engagement and provide support networks for students, enhancing learning and 
community building [7]. However, substantial concerns regarding digital 
distraction exist, as studies indicate that the pervasive use of digital devices 
often compromises focus and academic performance. Cheever et al found an 
association between being separated from digital devices and anxiety, which 
can disrupt concentration during study sessions [8]. Similarly, Wang et al 
discuss how digital distractions detract from classroom learning, affecting overall 
student achievement [9]. 

Moreover, the effect of multitasking with digital devices, as noted by Mrazek et 
al, highlights the struggle students face in filtering distractions to maintain 
focused attention [10]. This challenge is exacerbated in educational settings, 
where nearly half of educators report significant disruptions caused by digital 
media [11]. While digital media offers opportunities for enhanced communication 
and resource sharing, it also presents challenges that necessitate the 
incorporation of self-regulated learning strategies to mitigate its disruptive 
impact on academic performance. 

The ongoing debate regarding the impact of digital activities, such as social 
media and streaming services, on learning outcomes compared to traditional 
study habits is multifaceted. Evidence suggests that while digital media can offer 
benefits, such as increased access to diverse educational resources and 
enhanced communication among students, it also poses significant challenges 
to academic performance. For instance, Kolhar et al report that a majority of 
students engage with social media predominantly for entertainment rather than 
academic purposes, and this engagement negatively affects learning activities 
[12]. Similarly, Jamil et al conclude that excessive social media use is associated 
with increased stress levels, ultimately impacting students' academic 
performance negatively [13]. 

Conversely, some studies advocate for the positive influences of digital media 
when used effectively. Permatasari et al demonstrate that interactive and 
multimedia learning media can enhance student motivation and learning 
outcomes, suggesting that the effectiveness of digital resources largely depends 
on their implementation [14]. Furthermore, Putra and Yulfani argue that blended 
learning models utilizing platforms like Schoology have shown improvements in 
student outcomes, indicating a potential for digital tools to complement 
traditional study methods effectively [15]. Nevertheless, the general consensus 
remains that uncontrolled use of digital distractions can hinder academic 
success, necessitating a balanced approach to the use of digital media in 
educational contexts [16]. 
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While many studies explore the effects of study habits or digital media 
independently, there's a need for comparative analysis to understand their 
relative influence on academic scores, especially using comprehensive datasets 
that include a variety of lifestyle factors. The comparative analysis of the impact 
of digital activities versus traditional study habits on academic outcomes is 
essential in understanding the multifaceted influences affecting students. 
Mahfouz et al identify how lifestyle factors, such as obesity, correlate with 
reduced concentration and consequent academic performance, suggesting that 
lifestyle influences are critical to consider alongside study habits and digital 
media usage [17]. Okur et al emphasize the role of social media usage habits, 
noting that excessive engagement in digital platforms could detract from study 
focus, thereby negatively influencing academic outcomes [18]. 

Conversely, studies such as that by Alshanqiti et al highlight that responsible 
social media use may support academic success, as many medical students 
reported enhanced grades associated with social media engagement [19]. 
However, conflicting findings underscore the complexity of the relationship; for 
instance, Sánchez-Hernando et al note that excessive screen time is associated 
with negative academic performance due to sedentary lifestyles [20]. Thus, 
while emerging insights suggest potential productive uses of technology in 
learning contexts, a comprehensive dataset must consider both digital 
engagement and traditional study methods to foster a deeper understanding of 
their relative influences on academic performance [21] , [22]. 

This study is guided by a set of specific research questions designed to dissect 
the relationships between student habits and academic outcomes. The primary 
question (RQ1) seeks to determine the extent to which the number of study 
hours per day can predict a student's final exam score. The second question 
(RQ2) independently examines the predictive power of digital media 
consumption, specifically asking to what extent social media hours and Netflix 
hours can each predict exam scores. Finally, the third and most comparative 
question (RQ3) investigates the relative predictive power of these habits when 
considered together, aiming to understand whether traditional study habits or 
digital media consumption have a stronger association with academic 
performance within this dataset. 

To address these questions, the research has three primary objectives. The first 
is to develop a robust multiple linear regression model capable of predicting 
student exam scores using study hours, social media usage, and Netflix 
consumption as predictor variables. The second objective is to precisely quantify 
the individual and comparative impact of these variables, interpreting the 
model's coefficients to understand the magnitude and direction of each factor's 
influence on exam scores. The final objective is to use this quantitative evidence 
to identify which factor—be it positive study habits or specific forms of digital 
media usage—exhibits the strongest association with academic performance, 
thereby providing a clear hierarchy of influence among these common student 
behaviors. 

The significance of this study lies in its potential to provide clear, data-driven 
insights for multiple stakeholders in the educational ecosystem. For students, 
the findings offer tangible evidence to inform better time management and self-
regulation strategies. For educators, counselors, and parents, this research 
provides a clearer, more quantifiable understanding of the impacts that these 
specific lifestyle choices can have on academic achievement. This, in turn, can 
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inform more effective guidance, targeted interventions, and support services 
designed to help students navigate the distractions of the digital age and 
improve their educational outcomes. 

The scope of this investigation is intentionally focused to ensure a clear and 
interpretable analysis. The study is based on a synthetic, yet realistically 
patterned, dataset comprising 1,000 student records. The analysis is delimited 
to three primary independent variables—study_hours_per_day, 
social_media_hours, and netflix_hours—and their direct relationship with the 
exam_score dependent variable. While other relevant variables are present in 
the dataset, such as attendance_percentage or mental_health_rating, they are 
excluded from the primary model to isolate the effects of the core variables of 
interest, though they are acknowledged as important areas for future, more 
complex analyses. Ultimately, this structured approach, defined by clear 
research questions, objectives, and a delimited scope, provides a solid 
foundation for a rigorous statistical analysis. By quantifying the distinct roles of 
study and digital leisure, this research aims to contribute to a more nuanced 
understanding of the factors shaping student success in the contemporary 
academic landscape. 

Literature Review 

Theoretical Frameworks 

The exploration of media consumption through theoretical frameworks such as 
Cognitive Load Theory (CLT) and the Time Displacement Hypothesis (TDH) 
highlights the implications of digital media on learning outcomes and traditional 
study habits. CLT posits that learning efficacy is influenced by the mental load 
imposed by information processing, categorizing this load into intrinsic, 
extraneous, and germane components [23]. According to Skulmowski and Xu, 
excessive digital media usage can lead to increased extraneous cognitive load, 
diverting attention from essential academic tasks and potentially negatively 
impacting academic performance [23]. These findings emphasize the need for 
frameworks that account for the distractions posed by social media when 
assessing their educational value. 

Conversely, the Time Displacement Hypothesis suggests that time spent on 
digital activities, such as social media and streaming services, detracts from 
time available for traditional studying [24]. This theory underscores the potential 
adverse effects on academic outcomes if time allocation is heavily skewed 
toward media consumption rather than focused study. While some students 
report positive outcomes from structured social media use for academic 
purposes, the overarching tendency is that unmonitored access can disrupt 
study routines and diminish learning [24]. Comparative analyses leveraging 
extensive datasets could further elucidate the balance between productive 
digital engagement and detrimental media consumption, thereby contributing to 
an understanding of optimal study strategies. 

Study Habits and Academic Performance 

A comprehensive review of existing research linking study habits and academic 
performance reveals several key factors that influence educational outcomes. 
Yusof et al highlight that effective learning strategies significantly correlate with 
academic performance, accounting for 13.3% of the variation in achievements 
[25]. Their findings indicate that students' self-efficacy and motivation play vital 
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roles in determining the effectiveness of their study habits. 

Similarly, Hamdani et al illustrate the relationship between sleep patterns, study 
duration, and academic performance, particularly among adolescents from 
different environments. They note a nuanced dynamic where both inadequate 
and excessive sleep can detrimentally impact academic outcomes, suggesting 
the importance of striking an optimal balance in sleep duration [26]. This 
perspective is echoed by Pérez-Chada et al, who observe that increased screen 
time, often associated with late-night usage and reduced sleep quality, 
correlates with lower academic performance in school-aged adolescents [27]. 

Furthermore, research by Ullah et al underscores the significance of 
metacognitive awareness in study approaches, revealing a strong correlation 
between metacognitive strategies and improved academic performance [28]. Li 
et al's research also emphasizes the long-term impacts of environmental factors, 
such as parental relationships, on students' academic success, illustrating that 
foundational experiences shape study habits and ultimately influence 
educational outcomes [29]. Together, this research underscores the complex 
interaction between various lifestyle factors, study habits, and academic 
performance, highlighting the need for integrated approaches in educational 
contexts. 

Social Media Usage and Academic Performance 

The interplay between social media usage and academic performance 
showcases a complex landscape with both positive and negative implications 
for students. Research conducted by Alshanqiti et al indicates that for medical 
students, social media use can have varying effects on academic performance, 
as only 48.3% of participants believed it improves their grades, suggesting that 
perception is mixed among students [19]. This aligns with the findings of Sahoo 
and Khuntia, who illustrate that active engagement in collaborative learning via 
social media can correlate with improved academic outcomes and promotes 
student engagement [30]. 

Conversely, Jamil et al raise concerns about the negative consequences of 
social media on academic performance, highlighting that excessive use can lead 
to distractions and reduced focus, adversely affecting grades [13]. Additionally, 
Menahal et al emphasize that while social media can provide academic benefits, 
it also poses risks to mental health, such as increased stress and anxiety, which 
can complicate its overall impact on student learning [31]. These mixed effects 
underline the necessity for a balanced approach toward social media use in 
educational contexts. 

Further complicating the narrative, Zhao and Wong identify the potential for 
social media to facilitate collaborative learning environments, yet they caution 
against the detrimental effects of social comparison, as highlighted by Qi et al, 
which can depress learning engagement when students compare themselves 
unfavorably to their peers [32], [33]. Thus, while social media harbors the 
potential to enhance learning, its effectiveness heavily depends on usage 
patterns, necessitating further inquiries into optimal strategies for integrating 
these platforms into academic life. 

Passive Screen Time and Academic Performance 

Research exploring the impact of passive screen time, particularly from 
entertainment sources like Netflix, on academic performance has yielded varied 
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results, indicating both detrimental and neutral effects on study engagement and 
academic outcomes. Liu et al found that increased screen time during the 
COVID-19 pandemic, which included both educational and recreational 
activities, significantly influenced children's weight status and lifestyle, although 
they did not directly assess academic performance [34]. This reflects the 
concern that substantial leisure screen time may lead to a decrease in time 
allocated for academic pursuits, as excessive time spent on entertainment could 
displace study activities. 

Conversely, Tapia-Serrano et al concluded from their research that recreational 
screen time did not adversely affect academic performance before and after the 
pandemic, suggesting that for certain populations, the link between passive 
screen engagement and grades may not be significant [35]. This aligns with 
findings from a systematic review indicating that while television and video 
gaming had negative associations with academic performance, generalized 
screen use did not consistently show detrimental outcomes [35]. Additionally, 
Paulich et al speculated that recreational screen time might detract from 
essential study time, underscoring a potential negative impact on academic 
results, though they acknowledged the necessity for further examination [36]. 

Furthermore, the gender differences reported by Ishii et al indicate that leisure 
screen time significantly affected boys' academic performance compared to 
girls, suggesting that demographic factors may mediate the relationship 
between entertainment-based screen time and academic outcomes [37]. 
Overall, the existing literature suggests a complex interplay between passive 
screen time and academic performance, warranting further investigation to 
delineate these influences comprehensively. A focus on the quality of screen 
time and differentiated impacts based on gender and context is essential for 
understanding its implications for educational engagement. 

Regression Analysis in Educational Research 

Regression analysis has been a pivotal tool in educational research for 
predicting student performance and identifying influencing factors. For instance, 
Önür and Kozi̇koğlu employed simple linear regression to examine the 
relationship between secondary school students' educational technology 
competencies and their 21st-century learning skills, demonstrating that higher 
technology proficiency correlates positively with improved learning capabilities). 
This study supports the use of regression analysis to establish how specific 
competencies can predict educational success. 

In another example, Akuma and Abakpa's study used linear regression to 
predict the performance of undergraduate students, revealing that the model 
could effectively forecast academic outcomes based on various factors [38]. 
Such predictive modeling is crucial for educational institutions aiming to support 
at-risk students by identifying specific areas that need attention. 

Fierro-Suero et al validated the Achievement Emotions Questionnaire for 
Physical Education using regression weights, indicating that achievement 
emotions such as anxiety can significantly impact performance in physical 
education, suggesting the need for targeted interventions to mitigate negative 
emotions [39]. Meanwhile, Önal et al applied multivariate linear regression to 
evaluate how teachers’ digital literacy affected their attitudes towards distance 
education during the COVID-19 pandemic, illustrating the broader implications 
of technological competencies for educational efficacy [40]. 
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Through these examples, it is evident that regression analysis serves as a vital 
method for education researchers to quantify the impact of various predictors 
on student performance, guiding both pedagogical approaches and policy 
decisions. 

Method 

Dataset Description 

The analysis was conducted on a synthetic dataset, loaded from the file 
student_habits_performance.csv. This dataset, while not representing real 
individuals, was specifically designed to simulate realistic patterns and 
covariances found in student behaviors and academic outcomes, making it a 
valuable and ethically sound resource for educational research practice. The 
dataset contains 1,000 unique student records, providing a sufficient sample 
size for statistical modeling. 

For this research, the primary dependent variable was the exam_score, a 
continuous numerical variable representing academic performance. The core 
independent variables selected to directly address the research question were 
study_hours_per_day, social_media_hours, and netflix_hours. These 
continuous variables were chosen to precisely quantify the trade-off between 
traditional study effort and two common forms of digital media consumption. The 
dataset also contained other potentially confounding variables, such as 
attendance_percentage, mental_health_rating, and various categorical 
features like parental_education_level. While these variables are acknowledged 
as important influencers of academic success, they were deliberately excluded 
from this specific model to maintain simplicity and focus the analysis squarely 
on the direct impact of the selected lifestyle habits. 

Data Preprocessing 

The initial exploratory data analysis phase was critical for preparing the data for 
modeling. This phase confirmed that the core continuous variables selected for 
the model were complete, thereby requiring no complex imputation techniques 
for missing values. A key step in this process was the generation of a correlation 
matrix, which was visualized using a seaborn heatmap. This allowed for an 
efficient examination of the linear relationships between the independent 
variables to check for high multicollinearity—a condition where predictors are 
highly correlated with each other, which can inflate the variance of regression 
coefficients and make the model unstable. The analysis indicated that 
multicollinearity was not a significant issue among the chosen variables. 

To prepare the data for supervised learning, the dataset was partitioned into a 
training set and a testing set using the train_test_split function from the scikit-
learn library. A test_size parameter of 0.2 was used, allocating 80% of the data 
(800 records) for training the model and reserving the remaining 20% (200 
records) for testing. This separation is fundamental for preventing model 
overfitting and assessing its ability to generalize to new, unseen data. The 
division was made reproducible by setting the random_state parameter to a 
fixed value of 42, ensuring that the exact same data split is used in any 
subsequent run of the analysis. 

Regression Model 

A Multiple Linear Regression model, specifically the Ordinary Least Squares 
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(OLS) implementation from the statsmodels library, was selected as the primary 
analytical tool. This model is exceptionally well-suited for the research objective, 
which is not only to predict exam scores but also to understand and quantify the 
underlying relationships between variables. The primary advantage of this 
approach over more complex "black-box" models is the high interpretability of 
its coefficients and the comprehensive statistical summary it provides, which is 
essential for scholarly inquiry. The conceptual form of the model is expressed 
as: 

Exam Score = β₀ + β₁(Study Hours) + β₂(Social Media Hours) + 

β₃(Netflix Hours) + ε 
(1) 

Here, β₀ represents the intercept or the baseline exam score, each β coefficient 

(β₁, β₂, β₃) represents the average change in the exam score for a one-unit 
change in the corresponding independent variable while holding others 
constant, and ε represents the error term. 

Model Training and Feature Selection 

The OLS regression model was trained by fitting it to the 800 records in the 
designated training dataset. The "fitting" process involves an algorithm that 
minimizes the sum of the squared differences between the actual exam scores 
in the training data and the scores predicted by the regression equation. The 
feature selection for this analysis was intentionally focused on the three core 
variables of interest: study_hours_per_day, social_media_hours, and 
netflix_hours. This deliberate, theory-driven selection allows for a direct and 
uncluttered assessment of the specific impact of study habits versus digital 
media consumption on academic performance. This approach prioritizes a 
parsimonious and highly interpretable model over a more complex one that 
might include numerous control variables but obscure the primary relationships 
of interest. 

Model Evaluation Metrics 

The model's performance was rigorously assessed using a comprehensive set 
of standard statistical metrics to evaluate both its explanatory power and 
predictive accuracy. The R-squared (R²) value, obtained from the statsmodels 
summary, was the primary metric used to measure the goodness-of-fit, 
indicating the proportion of the variance in the exam_score that is predictable 
from the independent variables. The overall statistical significance of the model 
as a whole was determined by the F-statistic and its associated p-value. The 
significance of individual predictors was evaluated using the p-values for each 
coefficient, with a threshold of p < 0.05 typically used to determine statistical 
significance. 

To measure the model's predictive accuracy on the unseen test set, the Mean 
Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean Squared 
Error (RMSE) were calculated using the sklearn.metrics module. The MAE 
provides a straightforward measure of the average prediction error in the same 
units as the target variable, while the RMSE gives a measure of the standard 
deviation of the prediction errors, penalizing larger errors more heavily than the 
MAE. 

Software and Tools 
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The entire research pipeline, from data loading and cleaning to final model 
evaluation, was implemented using the Python programming language (version 
3). Data manipulation and analysis were performed using the powerful pandas 
library, which provides the DataFrame structure for handling tabular data. All 
data visualizations, including histograms for distribution analysis, scatter plots 
for relationship inspection, and heatmaps for correlation analysis, were 
generated with Matplotlib and Seaborn. The core statistical modeling was 
conducted using the statsmodels library, chosen specifically for its capacity to 
produce detailed and comprehensive regression summaries suitable for 
academic research. Key utility functions, particularly for data splitting and 
metrics calculation, were leveraged from the scikit-learn library. Finally, the os 
library was used for basic file system operations, such as creating and 
managing the results directory. 

Result and Discussion 

Descriptive Statistics 

The analysis focused on four key continuous variables. The exam_score, the 
dependent variable, had a mean of 69.60, indicating that the average score was 
a passing grade. The scores were widely distributed, ranging from a minimum 
of 18.40 to a maximum of 100.00, with a standard deviation of 16.89. For the 
independent variables, students reported studying an average of 3.55 hours per 
day. Digital media consumption was also notable, with students spending an 
average of 2.51 hours on social media and 1.82 hours watching Netflix daily. 

Correlation Analysis 

The correlation analysis revealed significant linear relationships between the 
independent variables and the exam_score. As shown in the correlation matrix 
below, study_hours_per_day exhibited a strong positive correlation with 
exam_score (r = 0.86), suggesting that as study time increases, exam scores 
tend to increase substantially. Conversely, both social_media_hours (r = -0.48) 
and netflix_hours (r = -0.44) showed moderate negative correlations with 
exam_score, indicating that higher consumption of this digital media is 
associated with lower academic performance. 

To understand the underlying structure of the data before modeling, a detailed 
exploratory analysis was conducted using two key visualizations. A correlation 
matrix, presented as a heatmap in figure 1, provided a quantitative summary of 
the linear relationships between variables. The visualization clearly showed a 
strong positive correlation of 0.83 between study_hours_per_day and 
exam_score, indicated by a warm, reddish color, signifying that more study time 
is strongly associated with higher scores. In contrast, both social_media_hours 
and netflix_hours displayed moderate negative correlations of -0.17 with exam 
scores, represented by cool, bluish colors. Crucially, the correlations between 
the independent variables themselves were near zero, indicating a lack of 
multicollinearity, which is an ideal condition for building a reliable regression 
model. 
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Figure 1 Correlation Heatmap of Key Numerical Features 

A pairplot was also generated (figure 2) to offer a more granular visual inspection 
of these relationships and the individual variable distributions. The plots along 
the diagonal confirmed that the key variables, particularly exam_score and 
study_hours_per_day, followed approximately normal, bell-shaped 
distributions. The off-diagonal scatter plots visually reinforced the findings from 
the heatmap. The relationship between exam_score and study_hours_per_day 
appeared as a distinct upward-sloping cloud of points, confirming a strong 
positive linear trend. The relationships between exam scores and the digital 
media variables showed more dispersed clouds with a slight downward trend, 
consistent with their moderate negative correlations. The absence of any clear 
pattern in the plots between the predictor variables themselves further 
supported the conclusion that they are independent of one another. 

 

Figure 2 Pairplot of Key Variables 

Regression Model Output 

The multiple linear regression model was statistically significant, F(3, 796) = 
759.5, p < .001, and accounted for a substantial portion of the variance in exam 
scores. The model's R-squared was 0.741, indicating that 74.1% of the 
variability in exam_score can be explained by the combination of study hours, 
social media hours, and Netflix hours. The Adjusted R-squared was 0.740, 
suggesting the model's explanatory power is robust. All individual predictors 
were found to be highly significant (p < .001). 

To visually assess the performance and validity of the regression model, two 
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key diagnostic plots were generated: a comparison of actual vs. predicted 
values (figure 3) and an analysis of the model's residuals (figure 4). 

 

Figure 3 Actual vs. Predicted Exam Scores 

Figure 3 provides a direct visual comparison between the actual exam scores 
from the test dataset (x-axis) and the exam scores predicted by the model (y-
axis). Each point represents a single student in the test set. The Dashed Red 
Line represents a perfect prediction, where the predicted score is exactly equal 
to the actual score. The data points are clustered tightly around the diagonal 
line, indicating a strong positive correlation between the model's predictions and 
the actual outcomes. This visual evidence supports the high R-squared value 
(0.709 on the test set), confirming that the model is performing well and its 
predictions are closely aligned with reality. The tight clustering suggests that the 
model has successfully captured the underlying patterns in the data. 

 

Figure 4 Residuals Analysis Diagram 

Figure 4 contains two plots that are essential for diagnosing the model's 
adherence to the assumptions of linear regression. Residuals are the errors in 
prediction, calculated as (Actual Score - Predicted Score). Left Plot (Distribution 
of Residuals) shows the distribution of the model's errors. The curve overlaid is 
a smooth estimate of this distribution. The plot is centered close to zero, and its 
shape is approximately a bell curve, which suggests that the residuals are 
normally distributed. This is a key assumption for linear regression, and this plot 
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indicates that the assumption has been met. Most prediction errors are small 
and hover around zero, with larger errors being progressively less frequent. 
Right Plot (Residuals vs. Predicted Values) places the predicted exam scores 
on the x-axis and the corresponding residuals on the y-axis. The plot is used to 
check for homoscedasticity, which means the variance of the errors should be 
constant across all levels of the predicted values. The points are scattered 
randomly and evenly around the horizontal line at zero, with no discernible 
pattern (like a funnel or a curve). This lack of a pattern confirms that the 
assumption of homoscedasticity is met, meaning the model's predictive 
accuracy is consistent across the entire range of exam scores. 

Interpretation of Coefficients 

The unstandardized coefficients from the model provide a clear interpretation of 
each variable's impact. For each additional hour a student studies per day, their 
exam score is predicted to increase by 9.48 points, holding social media and 
Netflix consumption constant. Conversely, for each additional hour a student 
spends on social media per day, their exam score is predicted to decrease by 
2.61 points, holding study and Netflix time constant. Similarly, for each additional 
hour a student spends watching Netflix per day, their exam score is predicted to 
decrease by 2.41 points, holding study and social media time constant. 

Summary of Key Findings 

The results of the multiple linear regression analysis demonstrate a strong and 
statistically significant relationship between student habits and academic 
performance. The primary finding is that dedicated study time is the most 
powerful positive predictor of exam scores. Conversely, time spent on digital 
media, specifically social media and Netflix, emerged as a significant negative 
predictor. The model successfully explained approximately 74% of the variance 
in exam scores, highlighting the substantial collective impact of these three 
lifestyle habits. The magnitude of the coefficient for study hours was nearly four 
times larger than those for social media or Netflix, underscoring its dominant 
role in academic achievement within this dataset. 

Comparison with Existing Literature 

These findings are broadly consistent with a large body of educational research 
that has explored the factors influencing academic performance. The strong 
positive association identified between the number of study hours and academic 
success aligns with established theories of learning and effort, which suggest 
that consistent, focused study time contributes significantly to knowledge 
retention and skill development. This is supported by numerous studies 
indicating that students who dedicate more time to structured learning activities 
tend to achieve higher grades and demonstrate a deeper understanding of the 
subject matter. 

Similarly, the observed negative association between excessive screen time 
and academic outcomes reinforces growing concerns within the academic 
literature regarding the potentially distracting nature of digital media. Research 
in this area suggests that prolonged exposure to screens, particularly for non-
educational purposes, can lead to diminished attention spans, reduced study 
efficiency, and negative impacts on memory consolidation. These effects are 
thought to result from constant interruptions and the fragmented nature of digital 
content consumption, which can interfere with the sustained cognitive 
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engagement required for complex learning tasks. 

While this study did not differentiate between types of social media use—such 
as distinguishing between platforms used for educational enrichment versus 
those used purely for social interaction—the overall negative trend in academic 
performance associated with high social media usage aligns with existing 
studies. These studies highlight the detrimental effects of multitasking and 
cognitive overload, where juggling multiple streams of information 
simultaneously can impair deep learning processes. The cognitive demands of 
switching between tasks can increase mental fatigue and reduce the efficiency 
of information processing, ultimately affecting academic achievement. 

Answering Research Questions 

The analysis provides clear answers to the implicit research questions guiding 
this study. First, there is a strong, positive, and statistically significant 
relationship between study habits and exam scores, where each additional hour 
of study is associated with a 9.48-point increase in exam score. Second, there 
is a statistically significant negative relationship between digital media 
consumption and exam scores, with each additional hour on social media or 
Netflix associated with a decrease of 2.61 and 2.41 points, respectively. Third, 
based on the magnitude of the coefficients, study habits are a far more influential 
predictor of exam scores than digital media consumption in this dataset. 

Implications of the Findings 

The findings have several practical implications. For students, this reinforces the 
critical importance of disciplined time management and prioritizing dedicated 
study sessions over passive media consumption. For educators and academic 
advisors, these results provide quantitative evidence to support guidance on 
effective study strategies and the potential academic cost of excessive screen 
time. Parents and guardians can use this information to encourage healthy 
digital habits and create a home environment that is conducive to focused 
learning. 

Limitations of the Study 

It is important to acknowledge the limitations of this research. The dataset is 
synthetic, and while designed to be realistic, it may not capture the full 
complexity or unexpected nuances of real-world student behavior. This 
regression analysis identifies strong associations but cannot establish causal 
links; for example, poor academic performance might lead to increased media 
consumption as a form of escape, rather than the other way around. The model 
is parsimonious and excludes other important factors (e.g., prior academic 
achievement, socioeconomic status, quality of instruction) that could influence 
exam scores. Finally, the findings are specific to the characteristics of this 
dataset and may not be generalizable to all student populations without further 
research. 

Recommendations for Future Research 

Based on these findings and limitations, several avenues for future research are 
recommended. The study should be replicated using real-world data from 
diverse student populations to validate these findings. A longitudinal approach 
could track student habits and performance over time to better understand 
potential causal relationships. Future studies could explore non-linear 
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relationships or interaction effects (e.g., does the impact of social media differ 
at varying levels of study time?). Lastly, incorporating qualitative data, such as 
student interviews, could provide valuable context and explain the "why" behind 
the observed statistical patterns. 

Conclusion 

This study set out to quantify the impact of study habits and digital media 
consumption on academic performance using a synthetic dataset of 1,000 
student records. By employing a multiple linear regression model, the analysis 
rigorously examined the relationships between daily hours spent on studying, 
social media, and Netflix, and the resulting final exam scores. The findings were 
unequivocal: dedicated study time emerged as a powerful positive predictor of 
academic success, while hours consumed by digital media were significantly 
associated with lower scores. The model demonstrated strong explanatory 
power, accounting for approximately 74% of the variance in exam performance, 
confirming that these three habits are highly influential factors. The key insight 
from this analysis is the quantifiable trade-off between focused academic effort 
and digital distraction. While both social media and Netflix consumption showed 
a similar negative impact, neither was as powerful as the positive influence of 
studying, where every additional hour yielded a substantial 9.48-point increase 
in predicted exam scores. The practical takeaway for students, educators, and 
parents is the clear evidence that prioritizing and protecting dedicated study time 
is a critical strategy for achieving academic success. Ultimately, this research 
underscores the enduring importance of balancing the demands of digital life 
with the foundational responsibilities of learning and self-discipline. 
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