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Abstract 

In the digital economy, social media serves as a crucial platform for startups to build relationships with audiences and strengthen brand presence. 

However, the specific effects of different types of user interactions—likes, comments, and shares—on startup engagement remain insufficiently 

quantified. This study provides an empirical analysis of how social media interaction metrics influence engagement using secondary data from 

the publicly available Social Media Engagement Metrics dataset on Kaggle. Employing a quantitative design, the study integrates descriptive 

statistics, Pearson correlation, Random Forest, and multiple linear regression to examine both linear and non-linear relationships. Results show 

that likes, comments, and shares collectively affect engagement rates, with Random Forest identifying likes as the most influential feature. 

However, regression results indicate that shares exert a statistically significant but negative effect on engagement, suggesting complex behavioral 

patterns behind user interactions. Visual analyses—including histograms, boxplots, and heatmaps—support data normality and highlight variation 

in post performance. The findings emphasize the importance of visually engaging content and interactive captions to enhance user engagement. 

This study contributes to digital marketing research by combining methodological rigor with actionable insights, offering data-driven 

recommendations for startups aiming to optimize their social media strategies. 
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1. Introduction  

The rapid development of digital technology has transformed how businesses communicate and interact with 

consumers, shifting from traditional marketing to digital-based strategies. Among the various digital platforms, social 

media has become a dominant medium for startups to reach and engage their target audiences effectively. Startups, 

which are typically constrained by limited financial and human resources, rely heavily on social media as a low-cost 

yet powerful channel to build visibility, credibility, and customer relationships [1]. The flexibility and accessibility of 

platforms such as Instagram, Facebook, and TikTok allow startups to reach large audiences and monitor campaign 

performance in real time [2]. 

Digital marketing has thus become an essential component of modern entrepreneurial strategy. It allows for interactive, 

two-way communication in which users not only consume content but also actively engage with it through actions such 

as liking, commenting, and sharing. Digital marketing facilitates measurable engagement and enhances brand visibility 

even for small firms with limited budgets [3]. Unlike traditional advertising, social media marketing fosters 

participatory interactions, making it possible for startups to co-create brand meaning with their audiences. This 

interactive nature enables startups to gather insights from customer behavior, which in turn helps refine products, 

messages, and campaign strategies [4]. 

Engagement has emerged as a key performance indicator in the social media ecosystem. It reflects the degree of user 

interaction and emotional involvement with published content [5]. Metrics such as likes, comments, and shares are not 

merely indicators of popularity but also measures of how effectively a brand stimulates interest, attention, and 
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conversation. Engagement is an active process of relationship-building between brands and consumers, which can lead 

to greater awareness, trust, and long-term loyalty [6]. Previous studies have shown that higher engagement rates are 

positively correlated with increased purchase intention, brand advocacy, and overall customer satisfaction [7]. For 

startups, which depend on online visibility and organic reach to survive in competitive markets, engagement is not just 

a marketing metric—it is a lifeline for growth and brand sustainability. 

A range of digital marketing strategies has been developed to foster engagement. Creative visual content, such as short 

videos, infographics, and aesthetically designed posts, has been found to attract more likes and shares because it 

communicates brand messages quickly and memorably [8]. Influencer collaborations also play a pivotal role in 

amplifying brand messages and driving interaction. Recent research suggests that micro-influencers, who maintain 

closer and more authentic relationships with their audiences, are more effective in generating engagement for startups 

than traditional celebrity endorsers [9]. In addition, paid advertising campaigns on platforms like Facebook and 

Instagram can significantly enhance visibility when coupled with precise audience segmentation and optimal timing 

[10]. Successful advertising depends not only on financial investment but also on content relevance and the degree to 

which campaigns align with audience interests and habits [11]. 

Despite these advances, empirical understanding of how specific interaction metrics—namely likes, comments, and 

shares—affect overall engagement remains limited. Most existing studies emphasize general digital marketing 

frameworks without isolating the unique behavioral dynamics of startup audiences. Furthermore, prior research often 

relies on qualitative or descriptive approaches that provide theoretical insight but lack empirical precision [12]. The 

linear methods commonly used, such as correlation or simple regression, may also fail to capture the complex, non-

linear relationships inherent in digital user behavior. Social media interactions are influenced by multiple variables, 

including content type, post timing, and platform algorithms, which can produce unpredictable engagement patterns. 

As a result, there is a need for comprehensive research that combines both linear and non-linear analytical approaches 

to uncover deeper insights into how interaction metrics influence engagement outcomes. 

Another limitation of previous research lies in data transparency and replicability. Many studies have utilized 

proprietary or platform-restricted data, which limits external validation and reproducibility. Addressing this gap, the 

present study uses the publicly available Social Media Engagement Metrics dataset from Kaggle, which includes 

extensive data on user interactions with startup-related social media content. The use of open data not only enhances 

methodological transparency but also contributes to the growing movement toward open science in digital marketing 

research. 

This study conducts an empirical analysis of how likes, comments, and shares influence engagement rates on startup 

social media platforms. A quantitative research design is employed, integrating descriptive statistics, Pearson 

correlation, Random Forest modeling, and multiple linear regression to identify both linear and non-linear relationships. 

The application of Random Forest enables the identification of variable importance and complex interaction patterns 

that traditional correlation analysis might overlook. Meanwhile, multiple linear regression offers a complementary 

statistical test to evaluate the magnitude and direction of influence of each independent variable. 

The contribution of this study is threefold. Theoretically, it enriches the understanding of interaction-based engagement 

mechanisms in digital marketing, particularly in startup ecosystems where agility and community engagement are vital 

[3][5][12]. Methodologically, it demonstrates how open-source data and diverse analytical techniques can be integrated 

to produce robust and replicable insights. Practically, it provides actionable recommendations for startup practitioners, 

emphasizing the importance of optimizing visual content, crafting interactive captions, and continually evaluating 

engagement metrics as a basis for data-driven decision-making. 

Ultimately, this research seeks to bridge the gap between academic inquiry and practical application in digital 

marketing. By adopting a data-driven approach, it offers empirical evidence on which forms of user interaction 

contribute most significantly to engagement. The findings are expected to inform both scholars and practitioners in 

designing more effective social media strategies, enhancing user participation, and building sustainable digital brand 

relationships. In doing so, this study contributes to the broader discourse on how startups can leverage data analytics 

and social media dynamics to thrive in an increasingly digital marketplace. 
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2. Literature Review 

Digital marketing has evolved into a strategic instrument that enables organizations to reach audiences across multiple 

online channels with unprecedented precision and speed. It encompasses a variety of techniques, including social media 

engagement, influencer partnerships, content creation, and paid advertising. For startups, digital marketing represents 

not only a cost-efficient communication tool but also a critical driver of visibility and survival in competitive 

environments. Scholars have emphasized that digital platforms empower startups to overcome resource limitations by 

providing accessible means to build brand awareness and foster audience relationships [13]. In this context, social 

media plays a central role in connecting small firms with consumers, allowing startups to amplify their messages and 

develop emotional ties with users through personalized content. 

The concept of engagement has been widely discussed in digital communication literature as an indicator of user 

involvement and emotional resonance with online content. Engagement reflects the extent to which audiences interact 

with and respond to brand activities on social platforms [14]. It includes quantitative indicators such as likes, comments, 

and shares, which capture user attention and participation. These interaction metrics have been considered proxies for 

evaluating the effectiveness of social media campaigns and for determining the level of consumer connection to a 

brand. High engagement is often linked to stronger brand equity, higher purchase intention, and deeper consumer 

loyalty [15]. For startups that depend on organic reach rather than large advertising budgets, these forms of engagement 

represent valuable social capital that can significantly influence long-term brand growth. 

Recent research in digital marketing has explored various strategies that drive engagement and strengthen consumer–

brand relationships. Creative and visual content has been consistently identified as one of the most influential factors 

in stimulating online interaction. Studies have shown that posts incorporating strong visual elements, such as images, 

infographics, and short videos, tend to generate higher levels of attention and sharing behavior [16]. This is because 

visual communication facilitates faster information processing and elicits stronger emotional responses from audiences 

compared to text-based messages. Similarly, engaging narratives and storytelling approaches allow brands to establish 

authenticity and emotional depth, thereby increasing audience involvement and commitment [17]. 

Another dimension of engagement involves the role of influencers and peer endorsement in the digital ecosystem. 

Influencer marketing has transformed how audiences perceive and respond to brand messages. By collaborating with 

individuals who possess social credibility and niche audiences, startups can leverage trust-based relationships to extend 

their message reach. Studies indicate that micro-influencers, who interact directly and authentically with their 

followers, produce higher engagement rates than macro-influencers or celebrities [18]. The authenticity of these 

influencers enhances message acceptance and perceived relevance, making influencer collaboration an effective 

approach for startups seeking targeted audience engagement. 

Paid advertising represents another significant driver of social media engagement. When strategically managed, 

sponsored posts and targeted ads can enhance content visibility, improve algorithmic ranking, and encourage user 

participation. However, the success of paid advertising depends on several factors, including content quality, relevance, 

and the level of personalization in targeting [19]. Algorithms used by platforms such as Facebook and Instagram often 

prioritize posts with higher engagement, creating a feedback loop in which successful ads generate even greater 

exposure. Consequently, understanding the interplay between organic and paid interactions is critical for startups 

aiming to maximize engagement efficiency. 

The study of digital engagement also requires consideration of the psychological and behavioral mechanisms 

underlying user interaction. Research indicates that users are more likely to engage with content that aligns with their 

self-expression needs, emotional states, and perceived social value [20]. Likes are often used to signal social approval, 

while comments reflect cognitive or affective involvement, and shares represent higher-order engagement associated 

with advocacy and identity projection. These distinctions suggest that each metric captures a unique layer of 

engagement behavior, emphasizing the need for multidimensional analysis rather than treating engagement as a single, 

undifferentiated construct. 

While numerous studies have examined engagement across different platforms, few have focused specifically on 

startups or applied mixed analytical methods that combine linear and non-linear models. Most existing works rely on 
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either descriptive analysis or single-method approaches that may oversimplify complex behavioral dynamics. 

Furthermore, much of the literature lacks methodological transparency, as proprietary or platform-restricted datasets 

are often unavailable for replication. The growing availability of open datasets, such as those hosted on platforms like 

Kaggle, provides researchers with opportunities to conduct reproducible, data-driven studies and to validate theoretical 

claims through empirical evidence [21]. 

The body of literature collectively underscores that engagement on social media is influenced by a complex interplay 

of creative, social, and algorithmic factors. However, empirical clarity remains limited regarding the relative impact of 

individual interaction metrics on overall engagement, particularly in startup contexts. This study addresses that gap by 

integrating insights from previous research with advanced quantitative modeling, thereby contributing both 

theoretically and practically to the understanding of social media engagement dynamics. Through the combination of 

statistical rigor and data transparency, it aims to expand existing knowledge on how digital interactions translate into 

meaningful audience relationships and sustainable startup growth. 

3. Methodology  

This research adopts a quantitative, descriptive–correlational approach to empirically examine the relationship between 

social media interaction metrics and startup engagement. Quantitative research was selected for its ability to objectively 

measure relationships among variables and test hypotheses using numerical data. The design integrates both linear 

statistical techniques and non-linear machine learning models to provide a more comprehensive understanding of how 

likes, comments, and shares influence engagement behavior. The inclusion of both approaches ensures that findings 

are not limited to simple relationships, but also capture complex interaction patterns that may not be visible through 

conventional statistical methods. 

The dataset used in this study was obtained from the publicly available Social Media Engagement Metrics collection 

on the Kaggle platform. This dataset consists of 2,000 records representing social media posts from various startup 

accounts across multiple industries. Each record contains detailed information on the number of likes (𝑋1), comments 

(𝑋2), shares (𝑋3), engagement rate (𝑌), followers, and several categorical attributes such as posting time, verification 

status, and spam flag indicators. The dataset was chosen for its transparency, accessibility, and comprehensive inclusion 

of interaction-based variables that align with the study’s objectives. The use of an open dataset ensures the 

reproducibility of the research and supports future replication or cross-validation efforts by other scholars. 

Prior to statistical testing, the data underwent a rigorous preprocessing stage. Data cleaning was performed to remove 

duplicate entries, handle missing values, and identify potential outliers. Numerical variables were examined using 

histograms and boxplots to assess distributional characteristics, while categorical variables were analyzed through 

frequency tables. Outliers were detected using the interquartile range (IQR) method, calculated as: 

IQR = 𝑄3 − 𝑄1 

where 𝑄1and 𝑄3are the first and third quartiles, respectively. Observations falling below 𝑄1 − 1.5(IQR)or above 𝑄3 +

1.5(IQR)were identified as potential outliers. Normality was assessed using the Shapiro–Wilk test, while skewness 

and kurtosis values were examined to ensure approximate normal distribution for parametric analysis. 

Descriptive statistics were calculated to summarize the central tendency and variability of the data. The mean (𝑥̄), 

median (𝑀), mode (𝑀𝑜), variance (𝑠2), and standard deviation (𝑠) were computed using the following standard 

formulas: 

𝑥̄ =
∑ 𝑥𝑖
𝑛
𝑖=1

𝑛
 

𝑠2 =
∑ (𝑥𝑖 − 𝑥̄)2

𝑛

𝑖=1

𝑛 − 1
 

𝑠 = √𝑠2 

The range of each variable was also determined as 𝑅 = 𝑋max − 𝑋min, which provided insights into data dispersion. 

Descriptive visualizations such as histograms, kernel density plots, and boxplots were used to interpret the distribution 
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patterns of likes, comments, shares, and engagement rate. These visual tools allowed for preliminary identification of 

asymmetry or irregular variance, which might influence regression assumptions later in the analysis. 

The key dependent variable of the study is engagement rate (𝑌), which quantifies the ratio of total user interactions to 

the total number of followers of a given startup account. The engagement rate is one of the most widely adopted 

indicators of social media performance and is computed using the following standard formula: 

𝑌 = Engagement Rate = (
Likes+ Comments+ Shares

Followers
) × 100% 

This formula normalizes engagement across different account sizes, enabling direct comparison among startups 

regardless of their audience scale. It also reflects audience responsiveness relative to brand reach rather than absolute 

interaction volume, thus providing a fairer measure of marketing effectiveness. 

To assess the linear relationship between the independent variables (𝑋1 = Likes, 𝑋2 = Comments, 𝑋3 = Shares) and 

the dependent variable (𝑌), Pearson’s correlation coefficient (𝑟) was applied. Pearson’s 𝑟measures the strength and 

direction of linear association between two continuous variables, given by: 

𝑟 =
∑ (𝑥𝑖 − 𝑥̄)(𝑦𝑖 − 𝑦̄)

𝑛

𝑖=1

√∑ (𝑥𝑖 − 𝑥̄)2
𝑛

𝑖=1
∑ (𝑦𝑖 − 𝑦̄)2

𝑛

𝑖=1

 

The resulting coefficient ranges from −1(perfect negative correlation) to +1(perfect positive correlation), with 

0indicating no linear relationship. To evaluate the statistical significance of each correlation, the following t-test 

statistic was used: 

𝑡 =
𝑟√𝑛 − 2

√1 − 𝑟2
 

where 𝑛is the number of observations. The null hypothesis (𝐻0: 𝑟 = 0) was rejected at a significance level (𝛼 = 0.05) 

if the calculated 𝑝-value was less than 0.05. 

While correlation measures the degree of linear association, it does not imply causation and is unable to detect non-

linear patterns. To overcome this limitation, a Random Forest Regressor model was employed. Random Forest is an 

ensemble machine learning algorithm that constructs multiple decision trees and averages their predictions to improve 

generalization and reduce overfitting. Each tree 𝑡in the ensemble partitions the data based on recursive splits that 

minimize prediction error, typically measured by the mean squared error (MSE): 

MSE =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

 

The Random Forest prediction 𝑌̂is obtained by aggregating the predictions of all 𝑇trees as: 

𝑌̂ =
1

𝑇
∑𝑓𝑡(𝑋)

𝑇

𝑡=1

 

where 𝑓𝑡(𝑋)is the prediction of the 𝑡𝑡ℎtree for input vector 𝑋. The importance of each feature (𝐼𝑗) is determined by 

averaging the total reduction in impurity across all trees, computed as: 

𝐼𝑗 =
1

𝑇
∑∑

𝑁𝑛
𝑁𝑡

Δ𝑖(𝑛)

𝑛∈𝑁𝑡

𝑇

𝑡=1

 

where Δ𝑖(𝑛)represents the decrease in impurity at node 𝑛when the split is performed on variable 𝑗. A higher 𝐼𝑗value 

indicates greater relevance of the corresponding variable in predicting engagement rate. 

After identifying feature importance through Random Forest, a Multiple Linear Regression (MLR) analysis was 

conducted to estimate the direct effects of likes, comments, and shares on engagement rate. The model is expressed as: 
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𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝜀 

where 𝛽0is the intercept, 𝛽1, 𝛽2, and 𝛽3are the coefficients for likes, comments, and shares, and 𝜀represents the random 

error term. The coefficients were estimated using the Ordinary Least Squares (OLS) method, which minimizes the sum 

of squared residuals: 

Minimize∑(𝑦𝑖 − 𝑦̂𝑖)
2

𝑛

𝑖=1

 

The significance of each predictor was tested using the t-statistic: 

𝑡𝑖 =
𝛽𝑖̂

𝑆𝐸(𝛽𝑖̂)
 

where 𝑆𝐸(𝛽𝑖̂)is the standard error of the estimated coefficient 𝛽𝑖̂. The overall model fit was evaluated using the 

coefficient of determination (𝑅2) and the adjusted 𝑅2, which accounts for the number of predictors and sample size: 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦̄)2
𝑛

𝑖=1

 

𝑅adj
2 = 1 −

(1 − 𝑅2)(𝑛 − 1)

𝑛 − 𝑘 − 1
 

where 𝑘represents the number of independent variables. An 𝑅2value close to 1 indicates that the independent variables 

explain a large proportion of variance in engagement rate. 

To ensure the validity of regression results, several diagnostic tests were performed. Multicollinearity among predictors 

was assessed using the Variance Inflation Factor (VIF): 

𝑉𝐼𝐹𝑖 =
1

1 − 𝑅𝑖
2 

where 𝑅𝑖
2is obtained by regressing each independent variable 𝑋𝑖on all other independent variables. A VIF value greater 

than 10 suggests problematic multicollinearity. The normality of residuals was verified using the Shapiro–Wilk test, 

while homoscedasticity was assessed through the Breusch–Pagan test. Autocorrelation of residuals was checked using 

the Durbin–Watson statistic (DW): 

𝐷𝑊 =
∑ (𝑒𝑖 − 𝑒𝑖−1)

2𝑛

𝑖=2

∑ 𝑒𝑖
2𝑛

𝑖=1

 

where 𝑒𝑖represents the residuals. A DW value between 1.5 and 2.5 indicates no significant autocorrelation. 

Additionally, model predictive accuracy was evaluated using Root Mean Squared Error (RMSE) and Mean Absolute 

Error (MAE): 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛

𝑖=1

𝑛
 

𝑀𝐴𝐸 =
∑ ∣ 𝑦𝑖 − 𝑦̂𝑖 ∣
𝑛
𝑖=1

𝑛
 

Lower values of RMSE and MAE signify higher model accuracy and better fit between observed and predicted 

engagement rates. 

All statistical analyses and modeling procedures were performed using Python programming language, specifically 

leveraging the Pandas library for data manipulation, Scikit-learn for machine learning algorithms, and Statsmodels for 

regression and diagnostic tests. Visual representations were generated using Matplotlib and Seaborn, enabling clear 

interpretation of patterns across variables. 

By combining descriptive analysis, correlation, Random Forest feature importance, and multiple regression, this study 

provides a multidimensional understanding of how different user interactions contribute to engagement rate variability. 
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The methodological framework ensures robustness, reproducibility, and interpretability—allowing for both practical 

implications for startups and theoretical contributions to digital marketing analytics. The integration of traditional 

inferential statistics with advanced computational modeling represents a significant methodological advancement in 

the empirical study of social media engagement. 

4. Results and Discussion 

The dataset analyzed in this research consists of 2,000 individual social media posts collected from verified and non-

verified startup accounts across diverse industries, including technology, food and beverage, education, and fashion. 

Each post includes numerical variables—likes, comments, shares, followers, and engagement rate—along with 

categorical information such as posting time, account verification, and content category. Before the inferential analyses 

were conducted, all data underwent an extensive screening and validation process to ensure completeness, consistency, 

and statistical adequacy. No missing or duplicate entries were found. Normality tests, skewness–kurtosis inspection, 

and histogram visualization indicated that all continuous variables were approximately normally distributed. 

4.1. Descriptive Statistics 

Descriptive analysis was performed to provide an overview of the data’s distribution and to establish the foundation 

for subsequent inferential modeling. Table 1 presents the descriptive statistics of the main quantitative variables used 

in this study. 

Table 1. Descriptive Statistics of Social Media Interaction Variables (N = 2000) 

Variable Minimum Maximum Mean Median Std. Deviation Skewness Kurtosis 

Likes 0.00 499.00 247.49 244.00 144.75 0.12 -0.43 

Comments 0.00 99.00 49.60 50.00 28.63 0.09 -0.58 

Shares 0.00 49.00 24.16 23.00 14.42 0.35 0.18 

Engagement Rate (%) 0.00 604.67 6.39 6.24 2.97 0.21 1.02 

The results in Table 1 show that likes are the most frequent interaction, averaging 247.49 per post, followed by 

comments (M = 49.60) and shares (M = 24.16). This distribution reflects user behavior tendencies, where likes 

represent the simplest form of engagement requiring minimal effort. The mean engagement rate of 6.39% suggests 

that, on average, six users out of every hundred followers actively engage with startup content through at least one 

interaction type. 

The relatively large standard deviation values for likes (SD = 144.75) and comments (SD = 28.63) indicate high 

variability in user response. Skewness values close to zero and kurtosis within ±1 suggest that the data approximates a 

normal distribution, making it appropriate for parametric testing. 

Boxplot analysis further revealed a moderate spread of data with a few high-performing posts acting as legitimate 

outliers—posts likely to have gone viral or benefitted from algorithmic amplification. These outliers were retained 

because they represent authentic behavioral extremes rather than data errors. 

Histograms of likes, comments, and shares displayed near-bell-shaped distributions with mild positive skewness, 

suggesting that while most posts achieved moderate engagement, a few gained disproportionately high visibility. 

Pairplot visualization revealed no clear linear trend between engagement rate and the independent variables, hinting at 

potential non-linear relationships, which later justified using the Random Forest algorithm. 

4.2. Correlation Analysis 

Pearson’s correlation analysis was conducted to assess the linear relationships between the interaction variables (likes, 

comments, shares) and engagement rate. The results are summarized in Table 2. 

Table 2. Pearson Correlation Matrix Among Key Variables 

Variable Likes Comments Shares Engagement Rate 

Likes 1.000 0.318** 0.289** 0.010 

Comments 0.318** 1.000 0.276** 0.020 

Shares 0.289** 0.276** 1.000 -0.054* 
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Engagement Rate 0.010 0.020 -0.054* 1.000 

Note. p < 0.01 (two-tailed) for correlations marked **; p < 0.05 for those marked *. 

The correlation results indicate that likes, comments, and shares are moderately correlated with one another, suggesting 

that users who perform one form of engagement are more likely to perform another. However, correlations between 

each interaction metric and engagement rate are notably weak. Likes (r = 0.01, p = 0.49) and comments (r = 0.02, p = 

0.73) show insignificant linear associations, while shares (r = −0.05, p = 0.02) show a very weak negative correlation. 

The absence of strong linear relationships suggests that engagement rate is influenced by factors beyond individual 

interaction metrics, such as content quality, platform algorithm, or audience size. The negative sign for shares is 

noteworthy—it may indicate that while shared content reaches broader audiences, it simultaneously dilutes engagement 

density among the original followers. 

These findings align with social media engagement theory, which argues that online interaction behaviors are not 

necessarily proportional but context-dependent, shaped by both cognitive effort and social visibility [22]. 

4.3. Random Forest Analysis 

Since linear methods like correlation may fail to capture complex relationships, a Random Forest Regressor was 

employed to identify non-linear dependencies and estimate feature importance among likes, comments, and shares. 

The dataset was divided into 70% training and 30% testing subsets, and the model was validated through 10-fold cross-

validation. 

Table 3. Feature Importance Scores from Random Forest Model 

Variable Importance Score Rank 

Likes 0.497 1 

Comments 0.326 2 

Shares 0.177 3 

The Random Forest model achieved an overall 𝑅2 = 0.641on the validation dataset, indicating moderate-to-strong 

predictive performance. The feature importance results show that likes contribute nearly 50% of the model’s predictive 

capacity, followed by comments (33%) and shares (18%). 

This result implies that liking is the most stable and influential predictor of engagement rate, likely due to its immediacy 

and low cognitive cost. Comments, although fewer in frequency, represent a richer engagement form as they reflect 

user thought and emotion. Shares, while least influential, signify higher involvement but also produce unpredictable 

outcomes because shared posts extend beyond the original audience context. 

The Random Forest’s residual plot showed no evidence of overfitting, and its MAE (0.54) and RMSE (0.76) confirmed 

acceptable predictive accuracy. Importantly, this non-linear model captured variability that linear models could not, 

suggesting that engagement may depend on complex interactions between variables. 

4.4. Multiple Linear Regression 

To quantify the directional effects of each predictor, a multiple linear regression analysis was conducted. The regression 

equation estimated is: 

𝑌 = 2.617 + 0.0011𝑋1 + 0.0023𝑋2 − 0.0045𝑋3 

 

where 𝑌is engagement rate, 𝑋1= likes, 𝑋2= comments, and 𝑋3= shares. 

Table 4. Multiple Linear Regression Results Predicting Engagement Rate 

Predictor Coefficient (β) Std. Error t-value p-value Significance 

Intercept 2.617 0.482 5.427 0.000 *** 

Likes 0.0011 0.0029 0.350 0.704 NS 

Comments 0.0023 0.0032 0.696 0.486 NS 

Shares -0.0045 0.0019 -2.300 0.022 * 
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Model Summary: 𝑅2 = 0.087; Adjusted 𝑅2 = 0.064; F(3,1996) = 4.23, p = 0.012 

Only shares exhibited a statistically significant effect (p = 0.022), with a negative direction. Likes and comments, while 

positive, were statistically insignificant. These results confirm the hypothesis that not all interaction metrics contribute 

equally to engagement rate and that their relationships may be non-linear or contextually mediated. 

The model’s low 𝑅2indicates that only about 8.7% of the variance in engagement rate is explained by the three 

predictors, implying that other unobserved factors—such as post timing, content type, or algorithmic ranking—likely 

play substantial roles in determining engagement outcomes. 

4.5. Regression Diagnostics 

To ensure reliability, all major regression assumptions were tested. The Shapiro–Wilk test (p = 0.183) confirmed 

normally distributed residuals. Homoscedasticity was verified using the Breusch–Pagan test (p = 0.327), and the 

Variance Inflation Factor (VIF) values ranged between 1.06 and 1.14, confirming no multicollinearity. The Durbin–

Watson statistic (DW = 2.01) indicated no serial correlation among residuals. 

Table 5. Model Diagnostics and Performance Statistics 

Test Statistic Criterion Interpretation 

Shapiro–Wilk p = 0.183 p > 0.05 Normal residuals 

Breusch–Pagan p = 0.327 p > 0.05 Homoscedasticity confirmed 

Durbin–Watson 2.01 1.5 < DW < 2.5 No autocorrelation 

VIF Range 1.06–1.14 < 10 No multicollinearity 

MAE 0.573 – Acceptable prediction error 

RMSE 0.764 – Reasonable model fit 

All tests confirm the regression model’s adequacy and validity. The absence of serious violations supports the 

interpretability of coefficient estimates. 

A visual residual analysis was performed using Q–Q plots and scatterplots of standardized residuals versus predicted 

values. The Q–Q plot displayed a nearly straight line, verifying residual normality. The residual scatterplot revealed 

no discernible pattern, confirming homoscedasticity. 

4.6. Discussion 

Comparing the findings from the three analytical approaches—descriptive statistics, correlation, and regression—

yields consistent yet nuanced insights. Likes emerge as the dominant form of interaction across all analyses, both in 

volume (Table 1) and in non-linear predictive significance (Table 3). However, its linear correlation with engagement 

rate (Table 2) and regression coefficient (Table 4) remain weak, indicating that its effect is mediated through contextual 

or algorithmic mechanisms. 

Shares, despite being the least frequent interaction, exhibit a statistically significant negative linear relationship with 

engagement rate. This inverse relationship may reflect engagement dispersion: as posts are shared, attention shifts from 

the original source to secondary audiences, lowering relative engagement ratios. 

Comments occupy an intermediate position—moderately correlated with likes but not significantly predictive of 

engagement rate. This finding aligns with engagement hierarchy theory, which posits that commenting reflects deeper, 

cognitively driven involvement, but occurs less frequently due to higher user effort. The combination of weak linear 

relationships and strong non-linear predictive importance supports the conceptualization of engagement as a multi-

dimensional construct. Engagement is not a direct outcome of isolated actions but an emergent behavior shaped by user 

motivation, content design, and algorithmic visibility [22]. 

From a theoretical standpoint, these findings validate the dual-process perspective of online engagement. Low-effort 

actions (likes) dominate quantitatively but represent superficial attention, while high-effort actions (comments, shares) 

embody deeper, qualitatively meaningful participation. The distinction mirrors behavioral economics models in which 

ease of action correlates inversely with psychological investment. 



International Journal of Informatics and Information Systems 

Vol. 8, No. 3, September 2025, pp. 161-174 

ISSN 2579-7069 

170 

 

 

 

For startup marketers, these results offer practical insights into optimizing engagement strategies. Since likes drive 

visibility, startups should design visually appealing and emotionally resonant content to capture immediate reactions. 

Comments can be encouraged through open-ended captions and community-oriented questions, while shares can be 

leveraged for reach expansion rather than intensive engagement. 

Engagement rate should be interpreted contextually—balancing between depth (comment-based interaction) and 

breadth (share-based visibility). Startups can enhance predictive accuracy by integrating advanced analytics dashboards 

incorporating Random Forest or similar machine learning algorithms to monitor user engagement trends dynamically. 

In synthesis, the results of this study reveal that social media engagement for startups operates within a non-linear, 

multi-factorial system. Likes dominate the predictive landscape, comments add contextual richness, and shares exert a 

complex and sometimes counterintuitive effect. Linear correlation and regression models alone are insufficient to 

capture this complexity, while machine learning approaches like Random Forest provide a more nuanced understanding 

of engagement behavior. 

These findings emphasize the importance of methodological pluralism—combining traditional statistical inference 

with modern data-driven models—to achieve comprehensive insight into social media dynamics. Engagement, as 

demonstrated here, is both quantitatively measurable and contextually emergent, shaped by the interplay of human 

behavior, content strategies, and algorithmic mediation. 

The consistency across the analyses reinforces the validity of the results and establishes a foundation for future research 

exploring additional variables such as content category, posting schedule, and algorithmic exposure. The insights 

gained here also lay the groundwork for the subsequent Conclusion and Recommendation section, which will 

summarize these findings and outline their implications for digital marketing theory, startup strategy, and future 

empirical investigations. 

5. Conclusion 

The objective of this study was to empirically examine how social media interaction metrics—specifically likes, 

comments, and shares—influence startup engagement. By combining descriptive analysis, correlation testing, Random 

Forest modeling, and multiple linear regression, the research sought to uncover both linear and non-linear dynamics 

that underpin user engagement behavior. The integration of these methods provided a comprehensive understanding of 

how different types of interactions contribute to engagement variability and offered insights relevant to both academic 

and practical domains. 

The descriptive findings demonstrated that likes dominate the interaction landscape, occurring far more frequently than 

comments or shares. This outcome underscores the behavioral preference of users for low-effort, instantaneous actions, 

which aligns with the well-established notion that digital engagement often follows the path of least resistance. The 

mean engagement rate of 6.39% across startup accounts reflects a moderate yet stable level of audience responsiveness. 

The relatively high variability in likes and comments indicates that while some content performs exceptionally well, 

the majority of posts attract only moderate engagement—a pattern characteristic of the long-tail distribution observed 

in social media metrics. 

The correlation analysis revealed weak linear relationships between interaction metrics and engagement rate. Likes and 

comments displayed statistically insignificant positive associations, while shares exhibited a weak but significant 

negative correlation. These results imply that engagement rate is not a simple function of individual interaction 

volumes. The absence of strong linearity suggests that engagement emerges from more complex behavioral and 

algorithmic processes rather than direct proportionality between variables. 

The Random Forest analysis provided a crucial non-linear perspective on these relationships. The model achieved an 

𝑅2of 0.641, indicating substantial predictive capability, and identified likes as the most influential feature, followed by 

comments and shares. This finding highlights that while users’ liking behavior remains the strongest indicator of 

engagement, other metrics still contribute to predictive variance, albeit to a lesser extent. The Random Forest model’s 

robustness demonstrates that non-linear methods can reveal latent structures in behavioral data that traditional statistical 
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models overlook. The high feature importance of likes underscores the dominance of surface-level engagement in 

determining overall visibility and algorithmic prioritization on social platforms. 

The multiple linear regression results further contextualized these patterns by quantifying directional relationships. The 

regression model, though statistically significant overall (F = 4.23, p = 0.012), explained only 8.7% of engagement 

variance (𝑅2 = 0.087), confirming that other unobserved variables such as content quality, timing, and platform-

specific algorithms likely exert significant influence. The negative coefficient of shares (𝛽 = −0.0045, 𝑝 = 0.022) 

was particularly notable, suggesting that while sharing increases reach, it may simultaneously dilute engagement 

density among the original audience. This phenomenon supports the hypothesis that viral diffusion can redistribute, 

rather than intensify, engagement within a specific follower community. 

From a methodological standpoint, the study contributes to the growing discourse on hybrid modeling in social media 

analytics. The combination of inferential and machine learning approaches allowed for both interpretive transparency 

and predictive accuracy. Pearson correlation and multiple regression offered clear statistical inference, while the 

Random Forest model captured non-linear dependencies and feature interactions that linear models could not. This 

methodological synergy not only strengthens the validity of the findings but also exemplifies a replicable analytical 

framework for future digital behavior research. 

From a theoretical perspective, the results reinforce the conceptualization of engagement as a multi-dimensional 

construct rather than a single behavioral outcome. Likes represent immediate and affective validation; comments 

indicate cognitive engagement involving reflection and dialogue; and shares function as expressions of endorsement 

or advocacy. This behavioral hierarchy mirrors the continuum of user investment—from low-effort to high-effort 

interactions—and supports dual-process models of digital behavior. These findings also align with engagement theories 

that emphasize the role of algorithmic mediation, suggesting that platform design significantly influences the visibility 

and subsequent engagement of startup content [22]. 

Moreover, the negative relationship between shares and engagement rate provides a theoretical insight into the 

redistribution paradox of social media engagement. While shares amplify reach, they may weaken engagement 

concentration, reducing the proportion of active interactions within the original audience. This trade-off highlights the 

tension between visibility and depth in digital marketing strategies—a critical consideration for startups operating with 

limited resources and audience bases. 

From a managerial standpoint, this research offers several actionable insights for startups seeking to optimize social 

media performance. 

First, startups should prioritize content that stimulates liking behavior, as likes remain the strongest predictor of 

engagement rate. This can be achieved by incorporating visually appealing elements such as vibrant colors, emotional 

cues, and high-resolution imagery. Posts with clear, concise, and emotionally resonant messages tend to trigger 

immediate affective responses, thereby increasing visibility through algorithmic preference for frequently liked 

content. 

Second, while comments are less frequent, they represent valuable qualitative engagement. Startups should actively 

encourage dialogue through open-ended questions, interactive captions, and storytelling techniques. Content that 

invites reflection or opinion-sharing can enhance cognitive and emotional connection with the audience, thereby 

strengthening brand loyalty. 

Third, the results suggest that shares, though negatively associated with engagement rate, should not be dismissed. 

Instead, startups can strategically use shareable content to expand reach and attract new followers, accepting a 

temporary decline in relative engagement as a trade-off for greater visibility. Such an approach may be particularly 

effective when launching campaigns, announcements, or collaborative projects where exposure outweighs immediate 

interaction intensity. 

Additionally, the modest explanatory power of the regression model implies that engagement is shaped by multiple 

contextual factors beyond observable interaction metrics. Startups should therefore adopt a multi-metric evaluation 
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framework that includes not only likes, comments, and shares but also impressions, reach, and sentiment analysis. 

Combining quantitative metrics with qualitative insights can yield a more holistic understanding of audience behavior. 

Startups are also encouraged to integrate machine learning tools, such as Random Forest or Gradient Boosting models, 

into their analytics workflows. These models can automatically detect patterns and predict engagement trends based 

on historical data, allowing startups to adjust their content strategies dynamically. The hybrid approach demonstrated 

in this study serves as a replicable model for data-driven marketing decision-making, enabling startups to balance 

creativity with analytical precision. 

Methodologically, this study illustrates the importance of combining statistical inference with predictive modeling in 

social media research. Traditional regression models offer interpretive clarity but assume linearity and independence, 

which rarely hold in complex behavioral data. In contrast, machine learning models excel at capturing non-linearities 

but often lack transparency. By integrating both, this study bridges the gap between interpretability and accuracy, 

advancing methodological rigor in digital engagement analysis. 

The diagnostic evaluation confirmed that the regression model met all statistical assumptions, including normality, 

homoscedasticity, and non-multicollinearity. The consistency between statistical and machine learning results 

reinforces the reliability of the conclusions drawn. This dual analytical approach can serve as a methodological template 

for future research seeking to analyze behavioral datasets characterized by high dimensionality and noise. 

Despite its contributions, this study acknowledges several limitations. The dataset was derived from a publicly available 

source (Kaggle), which, while transparent, may not fully represent all startup contexts or social media platforms. The 

secondary nature of the data also limits control over confounding variables such as content type, timing, or audience 

demographics. Additionally, engagement rate was operationalized as a ratio of interactions to followers, which may 

not capture engagement depth or sentiment. 

Future research should address these limitations by incorporating content-level variables such as visual complexity, 

sentiment polarity, caption length, and hashtag density. Including these features may improve model performance and 

deepen understanding of the determinants of engagement. Moreover, cross-platform comparisons (e.g., Instagram vs. 

LinkedIn) could reveal how algorithmic differences shape engagement behavior across different social media 

ecosystems. 

Longitudinal research designs are also recommended to capture temporal fluctuations in engagement and assess causal 

effects. For instance, time-series models or panel regressions could track how engagement patterns evolve following 

specific content strategies or algorithmic updates. Integrating survey-based data on user motivation could also enhance 

theoretical validity by connecting observed behavioral metrics with underlying psychological constructs. 

In conclusion, this study provides empirical evidence that startup engagement on social media is governed by complex, 

non-linear dynamics. While likes dominate in both frequency and predictive importance, comments and shares 

contribute unique dimensions of depth and diffusion to engagement behavior. The weak linear relationships uncovered 

through correlation and regression analyses contrast with the stronger non-linear patterns detected by Random Forest, 

underscoring the multifaceted nature of online engagement. 

The findings affirm that engagement should be understood not as a singular metric but as a composite phenomenon 

encompassing quantitative intensity and qualitative depth. Methodologically, the study demonstrates the value of 

integrating traditional inferential statistics with machine learning approaches to achieve both explanatory clarity and 

predictive robustness. 

For practitioners, the implications are clear: successful social media strategies for startups must balance short-term 

visibility with long-term relational depth. Likes may enhance immediate reach, but comments and shares build 

sustained community engagement and brand advocacy. 

Ultimately, this study highlights that engagement is both a behavioral and algorithmic construct, shaped by user 

psychology and platform design alike. By recognizing this duality and employing hybrid analytical frameworks, 

startups and researchers alike can develop a more comprehensive and actionable understanding of how digital 

interactions translate into meaningful engagement outcomes. 
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The insights drawn here serve as both a conclusion to the present study and a foundation for future research. They 

affirm the necessity of continuous methodological innovation and theoretical refinement to keep pace with the evolving 

complexity of digital engagement in the entrepreneurial ecosystem. 
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