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Abstract.  This study examines the influence of six learning quality indicators technology access, 

content quality, teaching quality, resource availability, interaction and collaboration, and learning 

experience on overall student satisfaction across study programs at University X. Employing a 

quantitative approach, data were collected from 98 students representing 18 different study programs 

through a structured questionnaire using a Likert scale. Multiple linear regression was selected as the 

analytical method due to its capacity to simultaneously model relationships between multiple 

independent variables and a single continuous dependent variable, offering interpretable coefficient 

estimates and effect size quantification through the coefficient of determination (R²). Descriptive 

statistics, outlier detection, and heatmap-based per-program analysis were performed prior to 

regression modelling. Results indicate that the model explains 87.3% of the variance in student 

satisfaction, with Interaction and Collaboration, Teaching Quality, and Content Quality, emerging as 

the three strongest predictors. Technology Access, despite receiving the highest aggregate score, 

demonstrated the smallest regression coefficient, suggesting that high infrastructure availability alone 

does not guarantee proportional satisfaction. Notable variation in scores across study programs further 

indicates heterogeneity in students' learning experiences. These findings provide data-driven insights 

for institutional policy-making aimed at improving the overall quality of education at University X. 

 

Keywords: higher education, learning quality, multiple linear regression, Student satisfaction, 

technology access, teaching quality  

 

INTRODUCTION 
The quality of higher education has been a central concern for universities, policymakers, and 

students worldwide. In an era marked by rapid technological change and increasing competition among 

academic institutions, universities are under mounting pressure to deliver learning experiences that meet 

or exceed students' expectations(Slade & Prinsloo, 2013).  Student satisfaction serves as a key metric 

for evaluating institutional performance, reflecting not only the perceived quality of teaching and 

facilities but also the broader academic environment, including peer interaction and resource availability 

(Douglas et al., 2006). 

Previous studies have established that student satisfaction is a multidimensional construct influenced 

by a range of academic and non-academic factors (Tinto, n.d.). Among these factors, teaching quality, 

course content, and the availability of learning resources have been consistently identified as significant 
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determinants (Marsh, n.d.). More recently, the emergence of digital learning platforms has introduced 

technology access as an additional dimension that may affect how students engage with educational 

content and, consequently, their overall satisfaction (Selim, 2007). 

Despite a growing body of literature on student satisfaction, most existing studies focus on single 

indicators or apply qualitative approaches that limit generalizability. There remains a gap in research 

that simultaneously and quantitatively evaluates the relative contribution of multiple learning quality 

factors particularly across diverse study programs within a single institution. Understanding which 

factors most strongly predict satisfaction enables universities to allocate resources strategically and 

tailor interventions to specific academic programs. 

University X presents a unique case for such analysis. With 18 diverse study programs ranging from 

engineering and informatics to humanities and social sciences, the institution exhibits considerable 

variation in infrastructure, pedagogical approaches, and student demographics. This diversity makes it 

an ideal setting for examining whether learning quality indicators affect student satisfaction uniformly 

or differentially across programs. 

This study aims to: (1) describe the overall distribution of learning quality indicator scores across 

the student population; (2) examine per-program variation in these indicators; and (3) determine the 

relative predictive strength of each indicator on student satisfaction using multiple linear regression. 

The novelty of this study lies in its simultaneous quantitative modelling of six learning quality 

dimensions technology access, content quality, teaching quality, resource availability, interaction and 

collaboration, and learning experience within a unified regression framework, offering a level of 

analytical granularity that remains underexplored in the Indonesian higher education literature 

(Puspitasari & Wahyuni, 2022). The findings are expected to contribute both to the academic literature 

on student satisfaction and to evidence-based institutional decision-making at University X. 

 

LITERATURE REVIEW 

Student Satisfaction in Higher Education 
Student satisfaction is broadly defined as students' subjective evaluations of their educational 

experiences relative to their expectations (Pascarella & Terenzini, 2005). Research consistently shows 

that satisfaction is positively associated with student retention, academic performance, and post-

graduation outcomes (Tinto, n.d.). Elliot and Healy (Elliot & Healy, 2001) argued that satisfaction 

should be treated as a strategic outcome, as it reflects the institution's success in meeting the diverse 

needs of its student population. Studies indexed in Scopus have further demonstrated that satisfaction 

is shaped by both tangible factors such as physical facilities and library resources and intangible factors 

such as faculty responsiveness and peer relationships (Alves & Raposo, 2007). 

 

Learning Quality Dimensions 
The concept of learning quality in higher education encompasses multiple dimensions. Ramsden 

(Ramsden, 2003) identified teaching quality as one of the most influential factors shaping students' 

approaches to learning. Content quality encompassing curriculum relevance, depth, and alignment with 

real-world applications has similarly been found to positively predict student engagement and 

satisfaction (Biggs & Tang, 2011). Resource availability, including access to laboratories, libraries, and 

digital tools, constitutes another critical dimension (Kuh, 2005). 

Interaction and collaboration between students and faculty, as well as among peers, has gained 

increased attention in contemporary educational research. Studies on active learning environments 

indicate that collaborative activities enhance knowledge construction and students' sense of belonging, 

both of which are associated with higher satisfaction levels (Vygotsky, n.d.). The learning experience 

dimension integrates these elements holistically, capturing students' overall perceptions of the 

educational process. 
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Technology Access in Higher Education 
The role of technology in higher education has been extensively studied, particularly following the 

accelerated adoption of digital platforms during and after the COVID-19 pandemic (Hodges et al., 

2020). Research published in IEEE Transactions on Education has shown that technology access 

facilitates flexible learning, enhances student engagement, and supports instructional variety. However, 

several studies caution against an overemphasis on technology at the expense of pedagogical quality, 

noting that access to technology without adequate instructional design yields limited benefits for 

satisfaction or learning outcomes (Selim, 2007). 

 

Multiple Linear Regression in Educational Research 
Multiple linear regression (MLR) is a widely employed statistical technique for examining the 

simultaneous effects of several independent variables on a continuous dependent variable (Hair et al., 

2019). In educational research, MLR has been applied to predict academic performance, student 

attrition, and satisfaction from sets of institutional and individual-level predictors (Delen et al., 2020). 

The method offers several advantages in this context: it provides interpretable regression coefficients 

that indicate the direction and magnitude of each predictor's effect while holding other variables 

constant; it quantifies overall model fit through R², enabling assessment of how well the predictor set 

explains outcome variance; and it can accommodate multiple predictors drawn from survey-based 

Likert data, which are widely used in educational assessment (Field, 2018). 

The choice of MLR in the present study is further justified by the nature of the research questions, 

which require estimating the relative contribution of each learning quality indicator to satisfaction. 

Alternative methods such as structural equation modelling, while capable of handling latent variables, 

require larger sample sizes and more complex model specification. Decision-tree-based methods, 

though powerful for prediction, offer less interpretability at the coefficient level. MLR thus represents 

an appropriate and parsimonious analytical choice given the study's objectives and dataset 

characteristics (Cohen et al., 2003). 

Prior studies have employed MLR to identify key predictors of student satisfaction in higher 

education settings across Southeast Asia and other regions, yielding actionable insights for institutional 

improvement (Annamdevula & Bellamkonda, 2016). Research indexed in Sinta-level journals has 

similarly applied regression approaches to evaluate learning quality in Indonesian universities, 

validating the method's suitability for the current institutional context (Puspitasari & Wahyuni, 2022). 

 

METHODS 

Research Design 
This study employed a quantitative cross-sectional research design to examine the influence of 

learning quality factors on student satisfaction across study programs at University X. A quantitative 

approach was selected because it enables the analysis of relationships between multiple learning quality 

indicators and student satisfaction using numerical data. 

The study utilized a secondary dataset obtained from Kaggle, consisting of student responses 

collected through a structured questionnaire. To achieve the research objectives, Multiple Linear 

Regression (MLR) was employed as the primary analytical method to evaluate the influence of learning 

quality indicators on student satisfaction. The research framework adopted in this study is presented in 

Figure 1. 
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FIGURE 1. Research Framework 

Research Dataset 
The dataset used in this study consists of 98 student responses obtained from a publicly available dataset 

on Kaggle. Each record represents an individual respondent and contains demographic information, 

evaluations of learning quality indicators, and overall student satisfaction. The dataset includes responses 

from students across 18 study programs. As a secondary dataset, the data were collected and published by 

the original dataset provider and subsequently used for analysis in this study. 

TABLE 1. Student Review Dataset 

 
 

Table 1 presents a sample of the dataset used in this research. The dataset includes information such as 

gender, study program, technology access, content quality, teaching quality, resource availability, 

interaction and collaboration, learning experience, and student satisfaction. 

As the study utilizes a secondary dataset obtained from Kaggle, the data collection procedure, sampling 

process, and instrument assessment were determined by the original dataset provider. Consequently, this 

study focuses on data preprocessing, statistical analysis, and interpretation of the available observations.. 

The independent variables (predictors) consist of six learning quality indicators: 
1. Technology Access (X1): availability and quality of digital tools, internet, and learning 

management systems. 
2. Content Quality (X2): relevance, depth, and currency of course materials. 
3. Teaching Quality (X3): clarity, expertise, and effectiveness of instruction. 
4. Resource Availability (X4): access to libraries, laboratories, and academic support services. 
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5. Interaction and Collaboration (X5): frequency and quality of student-faculty and peer 

interaction. 
6. Learning Experience (X6): overall perceived quality of the academic learning environment. 

The dependent variable is Student Satisfaction (Y), operationalised as students' global rating of their 

satisfaction with education at University X. 

Data Preprocessing 
Prior to statistical analysis, the dataset underwent a preprocessing stage to ensure data quality and 

consistency. The preprocessing procedures included checking for missing values and detecting 

duplicate data using Python. 

 

 

FIGURE 2. Check for data duplication and missing values 

As shown in Figure 2, all variables contained no missing values, indicating that the dataset was 

complete and no imputation or data deletion procedures were required. Furthermore, duplicate detection 

revealed no duplicate data in the dataset, confirming that each respondent was represented only once in 

the analysis. 

The results of the pre-processing stage indicated that the dataset was free from completeness and 

data redundancy issues. Therefore, all 98 observations were retained and deemed suitable for further 

analytical procedures, including exploratory data analysis and multiple linear regression modeling. 

Statistical Analysis 
Statistical analysis was conducted using Python with the Pandas, NumPy, Matplotlib, Seaborn, and 

Scikit-learn libraries. The analysis consisted of three stages: descriptive statistical analysis, exploratory data 

analysis (EDA), and regression modelling. 

Descriptive statistical analysis was performed to summarize the characteristics of the dataset and 

provide an overview of student perceptions regarding learning quality indicators and overall satisfaction. 

The analysis included the calculation of the mean, standard deviation (SD), minimum value (Min), 

maximum value (Max), and quartiles (Q1, Q2, and Q3) for each variable. In addition, a program-level 

analysis was conducted by grouping respondents according to their study programs and calculating the 

average scores of each learning quality indicator.  
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Prior to regression modelling, Exploratory Data Analysis (EDA) was conducted to examine data 

distributions, relationships among variables, and variations across study programs. The EDA results were 

visualized using heatmaps, bar charts, and boxplots to facilitate interpretation and comparison across study 

programs.  

Subsequently, Multiple Linear Regression (MLR) was applied using the Linear Regression algorithm 

from the Scikit-learn library to evaluate the influence of learning quality indicators on student satisfaction. 

MLR is a widely used statistical method for examining the simultaneous effects of multiple independent 

variables on a dependent variable and estimating the contribution of each predictor (Hair et al., 2019; Field, 

2018). The general regression model is expressed as follows: 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 +⋯+ 𝛽𝑛𝑋𝑛 + 𝜖 (1) 

where 𝑌 represents the dependent variable, namely student satisfaction; 𝛽
0
denotes the intercept; 

𝛽
𝑖
represents the regression coefficients; 𝑋𝑖denotes the learning quality indicators; and 𝜀represents the 

error term. The regression model was used to estimate the contribution of each learning quality indicator 

to student satisfaction. The model fit was subsequently evaluated using the coefficient of determination 

(𝑅2), which is expressed as follows: 

𝑅2 = 1 −
𝑆𝑆𝑆𝑆𝑆

𝑆𝑆𝑆𝑆𝑆
 (2) 

where 𝑆𝑆𝑆𝑆𝑆 = ∑𝑛
𝑖=1 (𝑦𝑖 − 𝑦ˆ

𝑖
)
2
 and 𝑆𝑆𝑆𝑆𝑆 = ∑𝑛

𝑖=1 (𝑦𝑖 − 𝑦)
2

 

where 𝑆𝑆𝑟𝑒𝑠  denotes the residual sum of squares and 𝑆𝑆𝑡𝑜𝑡  represents the total sum of squares. 

Higher 𝑅2values indicate that a greater proportion of variance in student satisfaction can be explained 

by the independent variables, reflecting stronger explanatory power of the regression model. The 

findings obtained from both descriptive analysis and regression modelling were subsequently 

interpreted to identify the most influential learning quality factors affecting student satisfaction across 

study programs at University X (Hair et al., 2019; Cohen et al., 2003). 

Python was selected as the analytical environment due to its extensive capabilities for data 

preprocessing, statistical analysis, and visualization through widely used scientific computing libraries. 

In particular, the Scikit-learn library was employed to implement the Multiple Linear Regression model 

because it provides efficient, reliable, and reproducible machine learning and statistical modelling 

functions. Furthermore, Scikit-learn offers built-in tools for model fitting, coefficient estimation, and 

performance evaluation, making it well suited for educational data analysis and predictive modelling 

tasks. The use of Python and Scikit-learn enabled a systematic and transparent analytical workflow 

throughout the study. 

 

RESULTS AND DISCUSSION 

Descriptive Statistics 
Table 1 presents the descriptive statistics for all study variables. Technology Access recorded the 

highest mean score (M = 4.32, SD = 0.84), indicating generally positive perceptions of digital 

infrastructure. Student Satisfaction had the lowest mean (M = 3.47, SD = 1.08), suggesting considerable 

room for improvement. All variables had scores ranging from 1 to 5, and standard deviations between 

0.84 and 1.17 indicate moderate variability across respondents. The 0.85-point gap between Technology 

Access (M = 4.32) and Student Satisfaction (M = 3.47) indicates that high infrastructure availability 

does not automatically translate into proportional satisfaction gains. The elevated standard deviations 

for Interaction and Collaboration (SD = 1.17) and Student Satisfaction (SD = 1.08) further signal high 

inter-student variability, justifying both the regression approach and the program-level analysis that 

follows. 
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TABLE 2. Descriptive Statistics of Study Variables 

Variable Mean SD Min Max Median 

Technology Access 4.32 0.84 1 5 4.50 

Content Quality 3.59 1.11 1 5 4.00 

Teaching Quality 3.70 1.04 1 5 4.00 

Resource Availability 3.76 1.07 1 5 4.00 

Interaction & Collaboration 3.57 1.17 1 5 4.00 

Learning Experience 3.83 1.08 1 5 4.00 

Student Satisfaction 3.47 1.08 1 5 3.00 

Per-Program Analysis 
Figure 2 presents a heatmap of mean indicator scores grouped by study program. Considerable 

heterogeneity is evident across programs. Programs such as Administrasi Negara and Pendidikan 

Olahraga achieved uniformly high scores (mean = 5.00) across all indicators, including satisfaction. In 

contrast, Teknik Sipil and Sastra Inggris recorded the lowest scores across most indicators, with 

satisfaction means of 1.67 and 1.00, respectively. Teknik Informatika, the largest represented program 

(n = 22), showed moderate scores across all dimensions, with a mean satisfaction of 3.66. 
Programs with uniformly high scores (e.g., Administrasi Negara, Pendidikan Olahraga) tend to have 

smaller sample sizes, which likely enables closer faculty-student relationships and stronger peer 

cohesion, directly reinforcing the top two regression predictors. Conversely, Sastra Inggris (satisfaction 

M = 1.00) and Teknik Sipil (M = 1.67) may reflect structural issues such as perceived curriculum 

misalignment or limited peer interaction opportunities. Teknik Informatika's moderate scores 

(satisfaction M = 3.66, n = 22) suggest convergence toward the institutional mean as enrollment 

increases. These inter-program differences confirm that uniform institutional policies are insufficient; 

targeted, program-specific interventions are required. 
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FIGURE 3. Heatmap of Mean Learning Quality Indicator Scores per Study Program 

Aggregate Indicator Totals 
Figure 3 displays the total aggregate scores for each indicator across all 98 respondents. Technology 

Access achieved the highest total score (423), followed by Learning Experience (375), Resource 

Availability (368), Teaching Quality (363), Content Quality (352), Interaction and Collaboration (350), 

and Student Satisfaction (340). The relatively lower aggregate for Satisfaction compared to the 

individual indicator totals is noteworthy and motivates the regression analysis below. 

 
FIGURE 4. Total Aggregate Scores per Learning Quality Indicator 

Score Distribution 
Figure 4 presents box plots for each indicator, illustrating score distributions and potential outliers. 

Technology Access exhibits the highest median (4.5) and a narrow interquartile range, reflecting 

relatively consistent high ratings. In contrast, Interaction and Collaboration and Content Quality show 

wider distributions, including observations at the minimum score of 1, indicating that some students 

perceived these dimensions very poorly. Student Satisfaction also shows a wide spread, with a median 

of 3.0, consistent with the descriptive statistics. 
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FIGURE 5. Box Plot Distribution of Scores Across All Learning Quality Indicators 

Multiple Linear Regression Results 
Table 3 presents the results of the multiple linear regression analysis. The model achieved an R² of 

0.873, indicating that 87.3% of the variance in student satisfaction is explained by the six predictor 

variables collectively. This represents an excellent model fit for social science research, where R² values 

above 0.70 are generally considered strong (Hair et al., 2019). The negative intercept (β₀ = −0.689) 

confirms that student satisfaction is not self-sustaining — it is entirely conditional on the combined 

presence of all six learning quality indicators. No single dimension in isolation is sufficient to generate 

satisfaction; the predictors must act collectively. 

TABLE 3. Multiple Linear Regression Results (Dependent Variable: Student Satisfaction) 

Variable Coeff

icient 

(β) 

Rank Interpretation Reference 

(Intercept) -

0.689 
— Baseline - 

Technology Access (X1) 0.081 6th Weakest effect (Flora et al., 2025) 

Content Quality (X2) 0.230 3rd Strong effect (Flora et al., 2025) 

Teaching Quality (X3) 0.234 2nd Strong effect (Flora et al., 2025) 

Resource Availability (X4) 0.185 4th Moderate effect (Flora et al., 2025) 

Interaction & 

Collaboration (X5) 
0.252 1st Strongest effect (Flora et al., 2025) 

Learning Experience (X6) 0.136 5th Moderate effect (Flora et al., 2025) 

R² (Model Fit) 0.873 — 87.3% variance 

explained 
(Gambino & 

McCoach, 2025) 

 

Interaction and Collaboration (β = 0.252) is the strongest predictor, consistent with Vygotsky's 

sociocultural theory that knowledge is co-constructed through social engagement. In a multi-program 

institution like University X, students experiencing richer collaborative dynamics, through group 

projects, active discussion, or accessible faculty mentorship, report meaningfully higher satisfaction. 

Teaching Quality (β = 0.234) ranks second, closely trailing Interaction and Collaboration. This near-

parity suggests the two dimensions are mutually reinforcing: instructional effectiveness and social 

learning quality together form the primary satisfaction drivers, replicating Marsh's global findings in a 

Southeast Asian multi-program context. Content Quality (β = 0.230) ranks third. Its coefficient 

proximity to the top two predictors positions these three variables as a core satisfaction cluster, 

collectively dominating the model's explanatory power and reflecting students' sensitivity to curriculum 

relevance and alignment with real-world outcomes, as established by Biggs and Tang's constructive 

alignment framework. 
Resource Availability (β = 0.185) demonstrated a moderate effect, suggesting that physical and 

digital resource provision meaningfully contributes to satisfaction, though not as directly as pedagogical 

quality. Learning Experience (β = 0.136) had a smaller but still positive effect, indicating that students' 
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holistic perception of the academic environment is a distinct predictor beyond individual indicator 

components. 
Notably, Technology Access (β = 0.081) recorded the highest aggregate score yet the smallest 

regression coefficient, a result explained by a ceiling effect. With most students already rating 

technology highly and consistently (M = 4.32, SD = 0.84), the variable carries insufficient variance to 

generate strong predictive power. Technology access at University X has evidently reached a baseline 

adequacy that students take for granted, producing diminishing returns in satisfaction. This directly 

corroborates Selim (2007) and Means et al., both of whom found that technology infrastructure without 

accompanying pedagogical quality yields limited satisfaction gains. Accordingly, further investment in 

technology procurement is unlikely to improve satisfaction; resources should instead be redirected 

toward faculty development, curriculum enhancement, and collaborative learning facilitation, the three 

highest-coefficient predictors. 
This result echoes findings from the IEEE education literature, which warns that technology 

infrastructure, while necessary, is insufficient on its own to drive meaningful improvements in student 

learning and satisfaction (Means et al., n.d.). The data thus reinforce a pedagogically grounded 

approach to quality improvement over a purely infrastructure-driven one. 
 

CONCLUSIONS 

 This study investigated the influence of six learning quality indicators on student satisfaction 

across 18 study programs at University X using multiple linear regression. The model achieved an R² 

of 0.873, demonstrating strong explanatory power. Among the predictors, Interaction and Collaboration, 

Teaching Quality, and Content Quality were identified as the three most influential factors, while 

Technology Access, despite recording the highest aggregate score (M = 4.32), yielded the smallest 

regression coefficient (β = 0.081), attributable to a ceiling effect in which near-universal satisfaction 

with technology infrastructure leaves insufficient variance to drive further gains in overall satisfaction. 

The negative intercept (β₀ = −0.689) further confirms that student satisfaction does not arise from any 

single factor; it is contingent on the simultaneous contribution of all six learning quality dimensions 

acting collectively. 
These findings highlight a critical discrepancy between perceived infrastructure quality and its actual 

impact on satisfaction. The results suggest that University X should prioritise investments in faculty 

development, curriculum enhancement, and the creation of collaborative learning environments over 

further technology procurement. Additionally, the substantial variation in satisfaction scores across 

study programs, ranging from a mean of 1.00 in Sastra Inggris to 5.00 in Administrasi Negara, 

underscores that uniform institutional policies are insufficient. Program-specific interventions, 

particularly targeting peer interaction structures and curriculum relevance in low-scoring programs, are 

necessary to address the root causes of dissatisfaction. 
Future research should examine the temporal dynamics of these factors for instance, how satisfaction 

evolves across academic years and explore moderating variables such as gender, year of study, and 

mode of instruction (face-to-face vs. online). Longitudinal designs and larger samples drawn from 

multiple universities would further strengthen the generalizability of the findings. 
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