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ABSTRACT
This research investigates the relationship between Daily Usage Time (DST) on social media platforms and user engagement, specifically focusing on three key metrics: Likes Received per Day (LRD), Comments Received per Day (CRD), and Messages Sent per Day (MSD). As social media usage continues to rise, understanding the dynamics of engagement has become critical for both researchers and practitioners. The primary aim of this study is to examine how the amount of time spent on platforms correlates with user interaction metrics, which are fundamental to engagement measurement. Using a sample of 100 social media users, data on DST, LRD, CRD, and MSD were collected, alongside demographic factors such as age, gender, and platform choice. Descriptive statistics, correlation analysis, and multiple regression were employed to test the hypotheses. The findings indicate a significant positive correlation between DST and each of the engagement variables, with Pearson correlation coefficients of 0.945 for LRD, 0.870 for CRD, and 0.896 for MSD, all significant at the 0.01 level. Multiple regression analysis further confirmed that DST is a strong predictor of engagement across all three metrics. These results support the hypothesis that increased time spent on social media leads to higher engagement, underscoring the potential of prolonged platform usage in driving interaction. The study concludes with recommendations for marketers and platform developers on optimizing user engagement strategies, based on the identified relationship between DST and user interaction. 




Keywords: Daily Usage Time (DST), Likes Received per Day (LRD), Comment Received per Day (LRD), Message Sent per Day (MSD), Correlation, Descriptive, Pearson Correlation.




CHAPTER ONE
INTRODUCTION
1.0 Background of the Study
The digital revolution of the 21st century has significantly reshaped human interaction and social behavior. One of the most defining outcomes of this transformation is the emergence and widespread adoption of social media platforms. From their early forms as simple networking sites to their current status as multifunctional ecosystems, platforms like Instagram, Facebook, Twitter (now X), Snapchat, LinkedIn, WhatsApp, Telegram, and others have become central to the daily lives of individuals across the globe.
Social media is no longer just a tool for staying in touch with friends and family. It now serves multiple purposes: it is a source of news and information, a marketing channel for businesses, a stage for self-expression, a means of entertainment, and a virtual community space. With this rise in utility, there has been a significant increase in the time people spend on these platforms. In many cases, daily social media use has surpassed other traditional activities like watching television or reading newspapers.
In recent years, the rapid evolution of information and communication technology has transformed the way individuals interact, communicate, and consume information. Among the most impactful developments has been the rise of social media platforms, which have not only revolutionized communication but have also become integral components of daily routines for billions of users worldwide. From Instagram to Facebook, Twitter, LinkedIn, WhatsApp, Telegram, and Snapchat, social media platforms provide avenues for people to connect, express themselves, build communities, and engage with content in diverse ways.
The proliferation of smartphones and the increasing availability of the internet have played a crucial role in fueling this social media boom. According to recent statistics from DataReportal (2024), more than 4.7 billion people actively use social media globally, and this number continues to grow steadily. These platforms are designed to keep users engaged, often employing algorithms that tailor content to individual preferences, thereby enhancing user retention and prolonging usage time.
As users spend more time on social media, their engagement with content—expressed through actions such as liking, sharing, commenting, and messaging—becomes a significant aspect of their online behavior. This user engagement not only reflects the users’ interest and interaction levels but also serves as a critical metric for content creators, influencers, marketers, and platform developers. Understanding what drives engagement, and how factors such as time spent on the platform contribute to it, is therefore of paramount interest in both academic and commercial contexts.
Studies from Statista, Pew Research Center, and DataReportal show that users globally spend an average of more than two hours per day on social media. This figure is even higher among younger demographics, with users aged 18–35 showing the highest levels of daily engagement. With mobile internet access becoming more affordable and widespread, social media is now just a tap away, contributing to its deep integration into daily routines.
However, while the increase in daily social media use is evident, what remains under-explored is the quality and depth of user engagement during these periods of activity. Engagement on social media refers to the extent to which users interact with content and other users. This can be in the form of liking posts, leaving comments, sharing content, or sending private messages. High engagement typically indicates that users are not just passively browsing but are actively participating in online social experiences.
Understanding the relationship between how much time users spend on social media (Daily Usage Time, or DST) and how they engage (through metrics like Likes Received per Day [LRD], Comments Received per Day [CRD], and Messages Sent per Day [MSD]) can help us uncover deeper insights into online behavior. Are users who spend more time truly more engaged, or does prolonged usage sometimes result in passive scrolling and content fatigue? Do emotions associated with platform use (like happiness, anxiety, or boredom) influence this relationship?
These questions are especially relevant in today’s context, where social media usage is both praised for its connectivity and criticized for its potential adverse effects, such as addiction, anxiety, or social comparison. By analyzing data on DST and engagement across multiple platforms and user demographics, this study aims to provide a more nuanced understanding of how time and interaction are connected in the realm of social networking.
Furthermore, such knowledge can have practical implications. For example, marketers and content creators rely heavily on engagement metrics to assess the effectiveness of their campaigns. A better understanding of what drives engagement can lead to more strategic content planning and user targeting. Similarly, platform developers may find new ways to design interfaces that foster healthy and meaningful user experiences.
This study, therefore, not only fills a gap in academic literature regarding the correlation between usage time and user activity but also contributes practical value to the digital economy. In an age where attention is currency, decoding the mechanisms of user engagement is key to building better platforms, crafting more effective messages, and creating more informed and empowered users.

1.1 Statement of the Problem
Despite the widespread use and popularity of social media, there remains limited empirical understanding of the relationship between daily usage time and engagement levels. While it is often assumed that users who spend more time online are more engaged, this assumption has not been extensively tested across diverse platforms and user demographics. Furthermore, most studies tend to focus on platform-specific analyses or user preferences, neglecting the quantitative aspect of time spent in relation to specific engagement behaviors like liking, commenting, and messaging.
This study seeks to fill this gap by conducting a comprehensive analysis of how Daily Usage Time (DST) correlates with engagement metrics such as Likes Received per Day (LRD), Comments Received per Day (CRD), and Messages Sent per Day (MSD). Through this analysis, the research aims to provide a data-driven insight into whether increased time spent on social media necessarily leads to higher engagement or if other factors may be at play.

1.2 Aim and Objectives of the study:
The main aim of the research is to study the relationship between the time spent on social media and user engagement, while the Objectives;
· To analyze the correlation between DST and LRD, CRD, and MSD.
· To use scatter plots and correlation coefficients to illustrate relationships.
· To test the hypothesis: “Higher usage time leads to higher engagement.”

1.3 Significance of the Study
This research holds significance for multiple stakeholders:
· For Social Media Marketers: Understanding which variables influence engagement can improve targeted campaigns and advertising strategies. Marketers can tailor content timing and format based on expected user behavior related to usage time.
· For Content Creators and Influencers: Insight into engagement patterns helps creators optimize posting schedules and content types to enhance their reach and interaction with audiences.
· For Social Media Platform Developers: Knowing how time spent correlates with specific forms of engagement can guide user experience (UX) improvements and algorithm development to foster more meaningful interactions.
· For Researchers and Academics: The study adds to existing literature by offering empirical evidence from a multi-platform, multi-demographic dataset, making it relevant for future behavioral and media studies.
· For Users: The study can inform users about how their time online reflects their engagement and may influence their well-being and productivity.

1.4 Research Hypothesis
The research is based on the hypothesis:
H₀ (Null Hypothesis): There is no significant relationship between daily usage time and user engagement on social media.
H₁ (Alternative Hypothesis): There is a significant positive relationship between daily usage time and user engagement on social media.
This hypothesis will be tested using statistical methods such as Pearson’s correlation coefficient and visualized through scatter plots.

1.5 Scope of the Study
The scope of this research is limited to a sample of 100 users from different social media platforms, including Instagram, Twitter, Facebook, LinkedIn, WhatsApp, Telegram, and Snapchat. The data collected includes information on the users’ age, gender, preferred platform, time spent daily, number of posts per day, number of likes and comments received, messages sent, and the dominant emotion associated with their use.
The study focuses solely on three engagement metrics—likes, comments, and messages—and how these relate to the time users spend on social media each day. Other possible engagement variables such as shares, profile visits, or click-through rates are beyond the scope of this study.
1.6 Limitations of the Study
While this study aims to offer valuable insights, it is not without limitations:
Sample Size: The dataset consists of only 100 entries, which may not fully represent global user behavior.
Platform Variability: Differences in platform features and engagement mechanisms may affect the generalizability of results.
Self-reported Data: If the data is based on self-reporting, it may be subject to biases such as overestimation or underreporting of time and engagement.
Causality: The study is correlational and does not establish causation between DST and engagement.

1.7 Definition of Key Terms
· Daily Usage Time (DST): The average number of minutes a user spends on social media each day.
· Likes Received per Day (LRD): The average number of likes a user receives on posts each day.
· Comments Received per Day (CRD): The average number of comments received on posts each day.
· Messages Sent per Day (MSD): The number of private or direct messages a user sends daily.
· Engagement: A collective term referring to likes, comments, and messages as indicators of interaction.
· Dominant Emotion: The prevailing emotion a user associates with their social media usage (e.g., happiness, anxiety, sadness).
CHAPTER TWO
LITERATURE REVIEW
2.0	Literature review
Kaplan and Haenlein (2010) – The Role of Social Media in Modern Communication
Kaplan and Haenlein’s seminal work provides a comprehensive definition and classification of social media. They describe it as “a group of Internet-based applications that build on the ideological and technological foundations of Web 2.0,” which facilitate the creation and exchange of user-generated content. The authors identify six types of social media: collaborative projects, blogs, content communities, social networking sites, virtual game worlds, and virtual social worlds.
Their research emphasizes the participatory nature of social media, highlighting how users are both content creators and consumers. This bidirectional interaction is a cornerstone of user engagement. Importantly, the study identifies user interaction metrics (e.g., commenting, messaging, liking) as key indicators of activity on these platforms.
Relevance to Current Study:
Kaplan and Haenlein’s framework supports this research’s conceptualization of engagement. Metrics like Likes Received per Day (LRD), Comments Received per Day (CRD), and Messages Sent per Day (MSD) are forms of user-generated interaction. Their work provides theoretical grounding for treating these metrics as valid indicators of engagement and sets the stage for analyzing how Daily Usage Time (DST) influences them.

Boyd and Ellison (2007) – Social Network Sites: Definition, History, and Scholarship
Boyd and Ellison provide a historical and structural overview of social network sites (SNSs). They define SNSs as “web-based services that allow individuals to construct a public or semi-public profile, articulate a list of other users with whom they share a connection, and  view and traverse their list of connections and those made by others within the system.” The study analyzes how these platforms have evolved from SixDegrees.com to Facebook and beyond.
They argue that SNSs are inherently designed for engagement, with core features encouraging users to interact frequently. The visibility of these interactions—likes, comments, profile views—creates a system of social validation and feedback, which fuels continuous usage.
Relevance to Current Study:
This review supports the importance of structural platform features in fostering user engagement. It validates the selection of multiple platforms in this study (e.g., Instagram, Facebook, Twitter, etc.), each with its own engagement mechanisms. Understanding these structures helps explain why higher DST may or may not result in higher engagement across platforms.

Kuss and Griffiths (2011) – Online Social Networking and Addiction: A Review of the Psychological Literature
Kuss and Griffiths examine the psychological dimensions of excessive social media use, classifying it under behavioral addiction. Their review shows that high usage is often associated with negative emotional states such as anxiety, depression, and loneliness. Interestingly, they argue that not all usage leads to higher satisfaction or engagement; in many cases, users spend excessive time browsing passively rather than actively engaging.
They also note that while some users spend significant time online, they report lower levels of perceived interaction, suggesting a disconnection between usage time and meaningful engagement.


Relevance to Current Study:
This insight introduces a critical angle to the hypothesis that higher DST leads to higher engagement. It suggests that high usage, particularly when emotionally driven, does not automatically result in more likes, comments, or messages. It also supports the inclusion of Dominant Emotions (DE) as a variable, as emotional state can mediate the relationship between time spent and user activity.

Andreassen et al. (2012) – The Relationship Between Addictive Use of Social Media and Narcissism, Self-Esteem, and Life Satisfaction
In this study, Andreassen and colleagues investigate the psychological factors influencing addictive social media use. They identify narcissism and low self-esteem as significant predictors of high usage. Furthermore, users who frequently post, comment, or like often do so to seek validation, which may artificially inflate engagement metrics.
The study also finds that users driven by such needs are more likely to experience fluctuations in emotional well-being based on their online feedback, thereby linking engagement with emotional dependency.
Relevance to Current Study:
This literature emphasizes that engagement can be both a cause and effect of psychological states. It reinforces the use of DE in this study and alerts us to the fact that not all engagement is healthy or meaningful. Additionally, it suggests that demographic characteristics (age, gender, self-esteem) may influence the relationship between DST and engagement.


Ellison, Steinfield, and Lampe (2007) – The Benefits of Facebook “Friends”: Social Capital and College Students' Use of Online Social Network Sites
This study explores how social networking sites, particularly Facebook, contribute to the formation and maintenance of social capital. They argue that users with more frequent interactions (through messages, wall posts, and comments) tend to have stronger social connections. Importantly, the study finds a positive correlation between time spent on Facebook and the number of interactions users report.
The researchers introduce the concept of “bridging social capital,” which occurs when weak ties are strengthened through online interactions. This form of engagement is particularly relevant for users who may not interact much in real life.
Relevance to Current Study:
The study validates the hypothesis that increased DST can lead to increased engagement. It supports the use of CRD and MSD as metrics that reflect deeper interpersonal connections. Moreover, it justifies comparing usage and engagement across platforms with different social functions (e.g., LinkedIn vs. Facebook).

Nadkarni and Hofmann (2012) – Why Do People Use Facebook?
Nadkarni and Hofmann explore the dual psychological motives behind Facebook use: the need to belong and the need for self-presentation. Their meta-analysis reveals that these motives drive users to engage through likes, comments, and messaging as a means of expressing identity and securing social support. They argue that emotionally fulfilling engagement increases user satisfaction and usage time. In contrast, when engagement becomes superficial or obligatory, the link between DST and positive outcomes weakens.

Relevance to Current Study:
This study further supports the inclusion of emotional variables. It underlines the importance of interpreting engagement not just in terms of quantity but also motivation. The connection between emotional drives and interaction types (LRD, CRD, MSD) is central to understanding the nuance in the DST-engagement relationship.

Valkenburg and Peter (2011) – Online Communication and Adolescent Well-Being: Testing the Stimulation Versus the Displacement Hypothesis
Valkenburg and Peter compare two hypotheses regarding social media use. The stimulation hypothesis suggests that online communication enhances existing friendships and increases well-being. The displacement hypothesis argues that online time replaces real-life interactions, reducing social and emotional satisfaction.
They find that high engagement—particularly meaningful interactions like messaging and supportive comments—is associated with increased well-being. Passive usage or usage driven by boredom tends to support the displacement hypothesis, leading to reduced well-being and weaker engagement.
Relevance to Current Study:
This study helps contextualize the effect of DST by showing that type of engagement matters. It provides justification for using multiple engagement metrics and tracking user emotions. It also challenges the idea that more time on social media is always beneficial or meaningful.



CHAPTER THREE
METHODOLOGY
3.0 Introduction
This chapter outlines the research design and methodological approach used to examine the relationship between Daily Usage Time (DST) and user engagement on social media. It includes descriptions of the data source, variables considered, statistical techniques applied, and how the data was presented and analyzed.

3.1 Statistical Techniques
In order to explore the relationship between Daily Usage Time (DST) and user engagement on social media, a variety of statistical techniques were employed. These methods were carefully selected to ensure a robust and meaningful interpretation of the data. The main techniques include:
i. Descriptive Statistics
Descriptive statistics help summarize the basic features of the data and provide a simple overview of the sample and measures. In this study, descriptive analysis was conducted for key variables:
· Mean (Average): Measures the central tendency of DST, Likes Received per Day (LRD), Comments Received per Day (CRD), and Messages Sent per Day (MSD).
· Median: The middle value in the dataset, helping to identify skewed distributions.
· Range: The difference between the maximum and minimum values, giving an idea of the spread.
· Standard Deviation (SD): Measures how spread out the numbers are in the dataset. A higher SD indicates more variability among respondents.
This step was essential to understand general user behavior before delving into correlation or inferential analysis.

ii. Pearson Product-Moment Correlation Coefficient (PPMCC)
The Pearson correlation coefficient (r) is a statistical measure that calculates the strength and direction of the linear relationship between two variables.
In this study, the Pearson correlation was calculated between:
· DST and LRD
· DST and CRD
· DST and MSD
The coefficient ranges between -1 and +1:
· +1 indicates a perfect positive linear correlation.
· 0 indicates no linear correlation.
· -1 indicates a perfect negative linear correlation.
Interpretation:
· If the correlation between DST and engagement metrics is positive and statistically significant, it supports the hypothesis that increased usage time leads to higher engagement.
· If the correlation is weak or negative, it implies other factors might influence engagement more than time spent.

The strength of correlation is categorized as follows:
	Correlation Coefficient (r)
	Strength of Relationship

	0.00 – ±0.19
	Very weak

	±0.20 – ±0.39
	Weak

	±0.40 – ±0.59
	Moderate

	±0.60 – ±0.79
	Strong

	±0.80 – ±1.00
	Very Strong



iii. Scatter Plot Visualization
Scatter plots were created to provide a visual representation of the relationship between:
· DST and LRD
· DST and CRD
· DST and MSD
Scatter plots allow for the quick identification of:
· Linear or nonlinear patterns
· Outliers
· Clustering of data points
In a typical scatter plot for DST vs LRD, for example:
· If points trend upward from left to right, it suggests a positive relationship.
· If they trend downward, it suggests a negative relationship.
· A scattered or random plot suggests no significant correlation.

iv. Linear Regression Analysis
Although not mandatory, a simple linear regression can also be introduced to further investigate the predictive relationship between DST and engagement metrics.
Regression Model:
Y= α + βX + ε 
Where:
· Y = Dependent Variable (LRD, CRD, or MSD)
· X = Independent Variable (DST)
· α = Intercept
· β = Slope (change in Y for every unit change in X)
· ε = Error term
This allows us to determine:
· How much engagement increases per additional minute of DST.
· The R² (coefficient of determination), which tells us the proportion of variation in the engagement metric explained by DST.

v. Hypothesis Testing
To validate the findings from the correlation analysis, hypothesis testing was performed. The hypothesis set for this study is:
· Null Hypothesis (H₀): There is no significant relationship between DST and social media engagement.
· Alternative Hypothesis (H₁): There is a significant positive relationship between DST and social media engagement.
A significance level (α) of 0.05 was used. If the p-value obtained from correlation analysis is less than 0.05, the null hypothesis is rejected, and we accept that there is a statistically significant relationship between DST and engagement metrics.
Summary of Statistical Tools Used
	Technique
	Purpose

	Descriptive Statistics
	Summarize central tendency and dispersion

	Pearson Correlation
	Measure linear association between DST and engagement

	Scatter Plot
	Visualize data trends and relationships

	Linear Regression (Optional)
	Predict impact of DST on engagement

	Hypothesis Testing
	Validate statistical significance of findings



3.2 Source of Data
The data used for this study is secondary in nature but collected in a structured and simulated form to represent real-world user behavior. It consists of 100 entries capturing individual social media users varying by:
· Age
· Gender
· Platform Used (e.g., Instagram, Facebook, Twitter, etc.)
· Daily Usage Time (DST in minutes)
· Posts per Day (PD)
· Likes Received per Day (LRD)
· Comments Received per Day (CRD)
· Messages Sent per Day (MSD)
· Dominant Emotions (DE)


3.3 Data Presentation
The data used for this study is secondary in nature but collected in a structured and simulated form to represent real-world user behavior. It consists of 100 entries capturing individual social media users. And it can be view in Appendix I.
















CHAPTER FOUR
ANALYSIS OF DATA
4.1 Introduction
This chapter presents the analysis of data collected from 100 social media users across various platforms. The aim is to investigate the relationship between Daily Usage Time (DST) and the key engagement indicators: Likes Received per Day (LRD), Comments Received per Day (CRD), and Messages Sent per Day (MSD). The results are displayed using descriptive statistics, correlation analysis, scatter plots, and hypothesis testing.

4.2 Analysis of Data
Descriptive
	Table 4.1: Descriptive Statistics

	
	N
	Minimum
	Maximum
	Mean
	Std. Deviation

	Daily usage time
	100
	40
	200
	95.95
	39.027

	Likes Recieved per Day
	100
	5
	100
	35.74
	25.176

	Comment Recieved per Day
	100
	2
	30
	11.93
	6.867

	Messages Sent per Day
	100
	8
	50
	22.20
	8.586

	Valid N (listwise)
	100
	
	
	
	



Interpretation:
On average, users spend about 102 minutes daily on social media. The highest number of likes received in a day is 100, while the average is about 39. Comments and messages show a similar pattern of moderate activity with some outliers.

Correlation Analysis
To examine the relationship between DST and engagement metrics (LRD, CRD, MSD), the Pearson correlation coefficient was calculated.
	Table 4.2: Correlations

	
	Daily usage time
	Likes Recieved per Day
	Comment Recieved per Day
	Messages Sent per Day

	Daily usage time
	Pearson Correlation
	1
	.945**
	.870**
	.896**

	
	Sig. (2-tailed)
	
	.000
	.000
	.000

	
	N
	100
	100
	100
	100

	Likes Recieved per Day
	Pearson Correlation
	.945**
	1
	.877**
	.893**

	
	Sig. (2-tailed)
	.000
	
	.000
	.000

	
	N
	100
	100
	100
	100

	Comment Recieved per Day
	Pearson Correlation
	.870**
	.877**
	1
	.882**

	
	Sig. (2-tailed)
	.000
	.000
	
	.000

	
	N
	100
	100
	100
	100

	Messages Sent per Day
	Pearson Correlation
	.896**
	.893**
	.882**
	1

	
	Sig. (2-tailed)
	.000
	.000
	.000
	

	
	N
	100
	100
	100
	100

	**. Correlation is significant at the 0.01 level (2-tailed).



Table 4.3: Summary table
	Pair
	Correlation Coefficient (r)
	Strength
	Direction

	DST & LRD
	0.945
	Very Strong
	Positive

	DST & CRD
	0.870
	Strong
	Positive

	DST & MSD
	0.896
	Very Strong
	Positive


Interpretation:
· There is a very strong positive correlation between DST and LRD, indicating that as usage time increases, the number of likes received also increases.
· The correlation between DST and CRD is strong and positive.
· DST and MSD also have a very strong positive correlation, meaning more time spent online is associated with more messages sent.

Scatter Plot Visualization
Fig 4.1: Scatter Plot – DST vs LRD

[image: ]

A clear upward trend showing a positive relationship between usage time and likes.
Fig 4.2: Scatter Plot – DST vs CRD
[image: ]
The plot shows a moderate to strong upward trend, supporting the correlation results.
Fig 4.3: Scatter Plot – DST vs MSD
[image: ]
This scatter plot reveals a linear positive trend, confirming a high relationship between time and messaging.
Hypothesis Testing 1
Hypothesis:
H₀: There is no significant relationship between DST and LRD.
H₁: There is a significant positive relationship between DST and LRD.
	Table 4.4: Model Summary

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	1
	.945a
	.892
	.891
	8.311

	a. Predictors: (Constant), Daily usage time



	Table 4.5: ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	55980.200
	1
	55980.200
	810.463
	.000b

	
	Residual
	6769.040
	98
	69.072
	
	

	
	Total
	62749.240
	99
	
	
	

	a. Dependent Variable: Likes Recieved per Day

	b. Predictors: (Constant), Daily usage time



	Table 4.6: Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	-22.723
	2.215
	
	-10.257
	.000

	
	Daily usage time
	.609
	.021
	.945
	28.469
	.000

	a. Dependent Variable: Likes Recieved per Day





Hypothesis Testing 2
Hypothesis:
H₀: There is no significant relationship between DST and CRD.
H₁: There is a significant positive relationship between DST and CRD.
	Table 4.7: Model Summary

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	1
	.870a
	.757
	.754
	3.404

	a. Predictors: (Constant), Daily usage time



	Table 4.8: ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	3533.266
	1
	3533.266
	305.009
	.000b

	
	Residual
	1135.244
	98
	11.584
	
	

	
	Total
	4668.510
	99
	
	
	

	a. Dependent Variable: Comment Recieved per Day

	b. Predictors: (Constant), Daily usage time



	Table 4.9: Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	-2.758
	.907
	
	-3.040
	.003

	
	Daily usage time
	.153
	.009
	.870
	17.465
	.000

	a. Dependent Variable: Comment Recieved per Day





Hypothesis Testing 3
Hypothesis:
H₀: There is no significant relationship between DST and MSD.
H₁: There is a significant positive relationship between DST and MSD.
	Table 4.10: Model Summary

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	1
	.896a
	.802
	.800
	3.838

	a. Predictors: (Constant), Daily usage time



	Table 4.11: ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	5854.329
	1
	5854.329
	397.406
	.000b

	
	Residual
	1443.671
	98
	14.731
	
	

	
	Total
	7298.000
	99
	
	
	

	a. Dependent Variable: Messages Sent per Day

	b. Predictors: (Constant), Daily usage time



	Table 4.12: Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	3.294
	1.023
	
	3.219
	.002

	
	Daily usage time
	.197
	.010
	.896
	19.935
	.000

	a. Dependent Variable: Messages Sent per Day





Table 4.13: Summary of the hypothesis testing
	Test Pair
	p-value
	Decision

	DST & LRD
	< 0.000
	Reject H₀

	DST & CRD
	< 0.000
	Reject H₀

	DST & MSD
	< 0.000
	Reject H₀


















CHAPTER FIVE
SUMMARY OF FINDINGS, CONCLUSION, AND RECOMMENDATIONS
5.1 Summary of Findings
This study examined the relationship between Daily Usage Time (DST) and user engagement on social media, using three key engagement metrics: Likes Received per Day (LRD), Comments Received per Day (CRD), and Messages Sent per Day (MSD). Data from 100 respondents were analyzed using descriptive statistics, Pearson correlation, and simple linear regression.
The major findings of the study are summarized as follows:
1. Positive Correlation Between DST and Engagement Metrics
· A very strong positive correlation was found between DST and LRD (r = 0.945, p < 0.01), indicating that the more time users spend on social media, the more likes they receive.
· DST also showed a strong positive correlation with CRD (r = 0.870, p < 0.01) and MSD (r = 0.896, p < 0.01).

2. Regression Analysis Results
· The regression model for DST and LRD revealed that DST explains 89.2% of the variance in LRD (R² = 0.892). The model is statistically significant (F = 810.463, p < 0.001), and the coefficient for DST (B = 0.609, p < 0.001) indicates that each unit increase in DST increases LRD by approximately 0.609.
· For DST and CRD, the model explains 75.7% of the variation in comments (R² = 0.757). The regression coefficient (B = 0.153, p < 0.001) suggests a significant increase in CRD with increased DST.
· DST and MSD regression results showed that DST accounts for 80.2% of the variability in messages sent (R² = 0.802). The coefficient (B = 0.197, p < 0.001) confirms a significant increase in MSD with increasing DST.

3. Hypothesis Testing
· All three null hypotheses were rejected, confirming that there is a statistically significant and positive relationship between DST and each of the three engagement indicators (LRD, CRD, MSD).

5.2 Conclusion
This study concludes that daily usage time on social media has a significant and positive impact on user engagement. Specifically, users who spend more time on social media platforms are more likely to receive higher levels of interaction in terms of likes, comments, and messages.
The findings validate the assumption that time spent on a platform directly enhances visibility and interaction, likely due to more content being posted, more active participation in conversations, and stronger connection with others online.
In essence, higher daily social media usage contributes significantly to greater user engagement, reinforcing the importance of active presence for users and digital marketers alike.

5.3 Recommendations
Based on the findings of this study, the following recommendations are proposed:
1. For Social Media Users: Users seeking greater engagement should consider spending more time interacting on platforms through consistent posting, commenting, and messaging. Time investment appears to be a key driver of interaction.
2. For Digital Marketers and Influencers: Time management strategies should be tailored to ensure higher daily engagement. Posting schedules and live interactions should be optimized based on when users are most active.
3. For App Developers and Social Media Platforms: To enhance user retention and engagement, platforms should provide features that encourage users to remain active, such as notifications, interactive content, and feedback systems (e.g., likes and comments).
4. For Future Researchers: It is recommended that future studies explore other variables that may mediate or moderate this relationship, such as content quality, time of day, platform type, or emotional tone.
5. For Educational Purposes: Schools and institutions may use findings from this research to develop programs that educate students on productive and responsible social media usage, balancing engagement with academic and personal growth.
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APPENDIX

D S T (Minutes) = Daily Usage Time in minutes
P D = Post per Day
L R D = Likes Received per day
C R D = Comment Received per Day
M S D = Messages Sent per Day 
D E = Dominant Emotions

	S/N
	Age
	Gender
	Platform
	D S T (minutes)
	P  D
	L R  D
	C R  D
	M S  D
	D E

	1
	25
	Female
	Instagram
	120
	3
	45
	10
	12
	Happiness

	2
	30
	Male
	Twitter
	90
	5
	20
	25
	30
	Anger

	3
	22
	Non-binary
	Facebook
	60
	2
	15
	5
	20
	Neutral

	4
	28
	Female
	Instagram
	200
	8
	100
	30
	50
	Anxiety

	5
	33
	Male
	LinkedIn
	45
	1
	5
	2
	10
	Boredom

	6
	21
	Male
	Instagram
	150
	4
	60
	15
	25
	Happiness

	7
	27
	Female
	Twitter
	85
	3
	30
	10
	18
	Anger

	8
	24
	Non-binary
	Facebook
	110
	6
	25
	12
	22
	Sadness

	9
	29
	Female
	LinkedIn
	55
	2
	10
	3
	8
	Neutral

	10
	31
	Male
	Instagram
	170
	5
	80
	20
	35
	Happiness

	11
	23
	Female
	Twitter
	75
	4
	35
	7
	20
	Anxiety

	12
	26
	Non-binary
	Facebook
	95
	3
	20
	10
	18
	Sadness

	13
	34
	Male
	LinkedIn
	65
	1
	12
	4
	15
	Boredom

	14
	22
	Female
	Instagram
	180
	7
	90
	25
	40
	Happiness

	15
	28
	Male
	Twitter
	100
	6
	40
	23
	28
	Anger

	16
	21
	Non-binary
	Facebook
	40
	1
	5
	2
	10
	Neutral

	17
	35
	Female
	Instagram
	125
	4
	55
	18
	30
	Anxiety

	18
	27
	Male
	Twitter
	90
	3
	33
	15
	25
	Sadness

	19
	23
	Non-binary
	LinkedIn
	50
	1
	8
	3
	12
	Neutral

	20
	32
	Female
	Instagram
	140
	5
	70
	22
	33
	Happiness

	21
	26
	Male
	Facebook
	75
	2
	25
	10
	18
	Anxiety

	22
	24
	Female
	Twitter
	105
	4
	28
	14
	20
	Anger

	23
	29
	Male
	LinkedIn
	60
	2
	11
	5
	17
	Boredom

	24
	33
	Non-binary
	Instagram
	190
	8
	95
	26
	45
	Happiness

	25
	22
	Female
	Twitter
	70
	3
	20
	12
	15
	Sadness

	26
	31
	Male
	Facebook
	80
	2
	18
	8
	21
	Neutral

	27
	27
	Non-binary
	LinkedIn
	55
	1
	9
	2
	11
	Anxiety

	28
	25
	Female
	Instagram
	160
	6
	85
	19
	32
	Happiness

	29
	30
	Male
	Twitter
	90
	4
	38
	17
	24
	Anger

	30
	26
	Non-binary
	Facebook
	45
	1
	6
	3
	10
	Sadness

	31
	34
	Female
	LinkedIn
	65
	2
	13
	4
	14
	Boredom

	32
	28
	Male
	Instagram
	145
	5
	75
	20
	35
	Happiness

	33
	23
	Non-binary
	Twitter
	70
	3
	27
	11
	18
	Neutral

	34
	21
	Female
	Instagram
	130
	6
	88
	15
	30
	Sadness

	35
	29
	Male
	Facebook
	65
	2
	22
	8
	20
	Anxiety

	36
	24
	Non-binary
	LinkedIn
	55
	1
	10
	5
	11
	Boredom

	37
	33
	Female
	Instagram
	170
	7
	90
	25
	40
	Happiness

	38
	27
	Male
	Twitter
	85
	4
	35
	15
	20
	Anger

	39
	22
	Female
	Instagram
	115
	3
	55
	12
	25
	Neutral

	40
	28
	Non-binary
	Facebook
	100
	2
	18
	10
	22
	Anxiety

	41
	31
	Male
	LinkedIn
	45
	1
	6
	2
	9
	Sadness

	42
	25
	Female
	Instagram
	150
	6
	80
	18
	30
	Happiness

	43
	29
	Male
	Twitter
	95
	4
	40
	20
	22
	Anger

	44
	23
	Non-binary
	Facebook
	105
	2
	20
	8
	18
	Neutral

	45
	35
	Female
	LinkedIn
	60
	1
	12
	5
	14
	Boredom

	46
	30
	Male
	Instagram
	175
	7
	85
	23
	38
	Happiness

	47
	21
	Female
	Twitter
	90
	3
	33
	12
	20
	Sadness

	48
	26
	Non-binary
	Facebook
	75
	2
	28
	11
	18
	Anxiety

	49
	32
	Male
	Instagram
	130
	5
	70
	19
	31
	Neutral

	50
	28
	Female
	LinkedIn
	55
	1
	8
	4
	10
	Boredom

	51
	27
	Male
	Instagram
	165
	6
	78
	22
	27
	Happiness

	52
	24
	Female
	Twitter
	75
	3
	29
	15
	19
	Anger

	53
	29
	Non-binary
	Facebook
	85
	2
	25
	7
	20
	Neutral

	54
	33
	Female
	Instagram
	145
	4
	60
	18
	35
	Sadness

	55
	31
	Male
	LinkedIn
	60
	1
	10
	3
	17
	Anxiety

	56
	22
	Female
	Whatsapp
	70
	2
	40
	8
	21
	Anxiety

	57
	25
	Male
	Telegram
	90
	3
	20
	10
	22
	Boredom

	58
	29
	Non-binary
	Snapchat
	50
	2
	15
	5
	18
	Sadness

	59
	28
	Female
	Twitter
	95
	4
	45
	20
	25
	Happiness

	60
	27
	Male
	Facebook
	60
	1
	10
	4
	15
	Boredom

	61
	30
	Female
	Instagram
	175
	6
	70
	23
	33
	Happiness

	62
	23
	Male
	Whatsapp
	70
	3
	20
	8
	18
	Anger

	63
	34
	Non-binary
	Telegram
	80
	2
	18
	7
	20
	Neutral

	64
	26
	Female
	Snapchat
	120
	4
	50
	15
	30
	Anxiety

	65
	25
	Male
	Twitter
	90
	6
	40
	12
	26
	Sadness

	66
	29
	Non-binary
	Facebook
	60
	1
	8
	2
	12
	Boredom

	67
	28
	Male
	Instagram
	165
	5
	75
	18
	35
	Happiness

	68
	31
	Female
	Whatsapp
	65
	2
	25
	8
	20
	Neutral

	69
	27
	Male
	Telegram
	105
	3
	45
	15
	28
	Anxiety

	70
	22
	Non-binary
	Snapchat
	75
	2
	18
	6
	20
	Sadness

	71
	24
	Female
	Instagram
	140
	4
	60
	18
	30
	Happiness

	72
	35
	Male
	Twitter
	70
	1
	12
	7
	10
	Boredom

	73
	21
	Non-binary
	Facebook
	55
	3
	15
	5
	12
	Neutral

	74
	29
	Female
	Whatsapp
	90
	2
	20
	9
	22
	Anger

	75
	25
	Male
	Telegram
	80
	4
	28
	11
	25
	Neutral

	76
	28
	Non-binary
	Snapchat
	115
	3
	36
	12
	27
	Anxiety

	77
	32
	Female
	Instagram
	155
	6
	72
	20
	38
	Happiness

	78
	26
	Male
	Twitter
	75
	2
	22
	10
	18
	Sadness

	79
	33
	Non-binary
	Facebook
	65
	1
	12
	5
	14
	Anxiety

	80
	27
	Female
	Whatsapp
	90
	4
	35
	14
	20
	Neutral

	81
	31
	Male
	Telegram
	50
	2
	18
	6
	12
	Sadness

	82
	24
	Non-binary
	Snapchat
	85
	3
	30
	13
	18
	Happiness

	83
	34
	Female
	Instagram
	120
	5
	55
	19
	25
	Anger

	84
	22
	Male
	Twitter
	70
	1
	20
	5
	22
	Neutral

	85
	29
	Non-binary
	Facebook
	75
	2
	18
	8
	20
	Boredom

	86
	28
	Female
	Whatsapp
	100
	4
	35
	12
	26
	Anxiety

	87
	31
	Male
	Telegram
	85
	3
	40
	15
	28
	Sadness

	88
	21
	Non-binary
	Snapchat
	60
	1
	15
	5
	12
	Neutral

	89
	25
	Female
	Instagram
	170
	6
	78
	22
	33
	Happiness

	90
	30
	Male
	Twitter
	70
	2
	28
	10
	20
	Anxiety

	91
	27
	Non-binary
	Facebook
	50
	1
	8
	2
	10
	Boredom

	92
	32
	Female
	Whatsapp
	105
	4
	50
	18
	25
	Anger

	93
	24
	Male
	Telegram
	75
	3
	33
	13
	22
	Neutral

	94
	29
	Female
	Snapchat
	95
	2
	20
	7
	28
	Sadness

	95
	26
	Male
	Instagram
	150
	5
	65
	20
	30
	Anxiety

	96
	33
	Non-binary
	Twitter
	85
	4
	30
	13
	18
	Boredom

	97
	22
	Female
	Facebook
	70
	1
	12
	5
	10
	Neutral

	98
	35
	Male
	Whatsapp
	110
	3
	45
	20
	25
	Happiness

	99
	28
	Non-binary
	Telegram
	60
	2
	15
	6
	18
	Anger

	100
	27
	Female
	Snapchat
	120
	4
	38
	13
	22
	Neutral





xxxv

image1.png
Likes Recieved per Day

100

S

60|

a0

20

Daily usage time

R o
° o8
o o
o o ©
o
000
000
o o
0 00 o
o ogoo
g ogo °
880° o
285°% o
8.0
o Ooo oooo
o0
8o
088
o8
: ; : r ;
H ® T ) 20





image2.png
Comment Recieved per Day

25

15

o o
°
o oo
o o 000 o
o
o coo o
o
o 00 o o o
o o
o o o
o o o oo
coo
00 0000 o
o
0000 o
0000 o
oo o
00000
600
0000
00000
T T T T
Bl 100 150 200

Daily usage time





image3.png
Messages Sent per Day

a0

30

20

10

°

o
ogo

oofo
g o
88°
°

°

° 008
o ooo

o §0%000
000 0 o

86
8°5% ¢

Bl

T
100

Daily usage time

200





