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Abstract

Student satisfaction is a critical factor in evaluating the effectiveness
of educational institutions. Understanding which factors most strongly
influence satisfaction can help administrators improve teaching
quality, learning environments, and institutional services. While
surveys often capture multiple features (such as teaching methods,
course structure, resources, and peer interaction), it remains unclear
which features contribute most significantly to overall satisfaction.
Without systematic analysis, decision-making may rely on assumptions
rather than data-driven insights. In this study, linear regression was
employed to assess the relationship between multiple independent
variables (survey-based features/questions) and the dependent variable
(student satisfaction level). The dataset was preprocessed by handling
missing values, normalizing inputs, and encoding categorical features.
The regression model was then trained to estimate the contribution
(regression coefficients) of each feature. Statistical significance tests
were conducted to identify which predictors have the strongest
influence. The model revealed that instructional quality, availability of
learning resources, and timely feedback from faculty were the most
significant factors influencing student satisfaction. Less impactful
variables included extracurricular activities and campus facilities. The
findings provide actionable insights for institutional decision-makers
to prioritize resources toward factors with the highest impact on
satisfaction.
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1. INTRODUCTION

Student satisfaction has become a pivotal measure of
academic quality and institutional performance in modern
education systems. It reflects not only how well students’
expectations are met but also how effectively institutions foster
learning environments that enhance academic success,
engagement, and well-being [1]. Over the last decade, universities
and colleges have recognized that student satisfaction is directly
linked to retention rates, academic achievements, and long-term
loyalty to institutions [2]. Therefore, identifying the factors that
significantly contribute to satisfaction levels has become a central
focus of educational research. These factors may include teaching
quality, availability of resources, curriculum relevance, peer
interaction, feedback systems, and institutional support services
[3].

Despite growing attention, understanding and accurately
quantifying the determinants of student satisfaction pose
significant challenges. Firstly, satisfaction is inherently subjective
and influenced by personal, cultural, and contextual factors,
making it difficult to model uniformly across diverse student
populations [4]. Secondly, survey instruments designed to
measure satisfaction often generate multidimensional datasets,
introducing issues of data sparsity, redundancy, and noise [5].
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Thirdly, traditional statistical methods sometimes fail to handle
high-dimensional features effectively, especially when there are
interdependencies among  predictors [6]. Additionally,
institutional decision-makers often face difficulties in interpreting
complex models, leading to limited application of analytical
findings in practical decision-making [7].

The problem arises from the gap between collecting large
amounts of survey-based data and effectively extracting
actionable insights [6]. While many institutions design surveys
with dozens of questions, not all features contribute equally to the
final satisfaction level [7]. Identifying irrelevant or weakly
correlated features remains challenging, often leading to resource
misallocation and misguided policy interventions [8]. Without a
systematic, data-driven framework, institutions risk relying on
anecdotal evidence or administrative assumptions, which may fail
to address the true needs of students.

« To address this gap, the objectives of this study are:

» To employ a linear regression framework for systematically
analyzing survey-based features and their relative impact on
student satisfaction.

» To rank and interpret the most significant predictors of
satisfaction in order to provide actionable recommendations
for institutional improvement.

The novelty of this work lies in two aspects. First, unlike
generic descriptive analyses, this study adopts a predictive
modeling approach using regression, which provides both
quantitative coefficients and statistical significance of features.
This allows decision-makers to distinguish between features that
have a strong, measurable influence and those with minimal
impact. Second, the research emphasizes interpretable outputs,
ensuring that findings are easily translated into institutional
strategies without requiring advanced technical expertise.

The contributions of this study are twofold:

« A systematic regression-based framework for feature impact
analysis on student satisfaction, combining data
preprocessing, regression modeling, and feature ranking into
a coherent pipeline.

» An evidence-based insight model that shows the most
influential factors, such as teaching quality, feedback, and
resource availability, thereby enabling institutions to
allocate resources and design interventions more effectively.

2. RELATED WORKS

The analysis of student satisfaction has been extensively
studied, with multiple approaches ranging from traditional
surveys to advanced predictive modeling. Early research
primarily focused on descriptive statistics, where student
satisfaction was measured through average ratings of teaching,
curriculum, and facilities [7]. These methods, although
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straightforward, lacked the capacity to uncover deeper
relationships between multiple factors and satisfaction outcomes.

Building on this, researchers began applying regression
analysis to quantify the contribution of different predictors. For
instance, studies have shown that teaching quality consistently
emerges as the most influential factor, often outweighing
institutional facilities or extracurricular activities [8]. Regression-
based models provided interpretability by offering coefficient
estimates, but they sometimes failed when handling
multicollinearity or large-scale datasets.

To overcome these limitations, multivariate and structural
equation modeling (SEM) approaches were introduced. SEM
allowed researchers to capture direct and indirect relationships
among features, revealing complex interaction effects [9]. For
example, resource availability may not directly affect satisfaction
but could influence perceptions of teaching effectiveness, which
in turn impacts satisfaction. While powerful, SEM often requires
large sample sizes and expert knowledge to interpret, limiting its
accessibility for practical applications.

More recently, data mining and machine learning techniques
have been incorporated into satisfaction studies. Decision tree
models have been employed to identify satisfaction determinants
through hierarchical feature splits, offering intuitive
interpretations for administrators [10]. Neural networks have also
been explored, particularly for handling nonlinear relationships
between variables. However, the black-box nature of these
models reduces transparency, making it difficult to derive
actionable recommendations.

Linear regression remains a widely used method because of its
simplicity, interpretability, and statistical rigor [11]. Several
studies have emphasized its value in higher education contexts,
where administrators seek clear, evidence-based insights rather
than purely predictive accuracy. For instance, regression-based
analyses have identified timely feedback and student-teacher
interaction as stronger predictors than infrastructure or
extracurricular opportunities [12]. These findings align with
broader educational research, underscoring the importance of
academic and relational factors over peripheral facilities.

Furthermore, hybrid approaches have been proposed, where
regression is combined with feature selection techniques such as
principal component analysis (PCA) or stepwise regression [13]-
[17]. These methods aim to reduce dimensionality, ensuring that
only the most impactful variables are included in the model. Such
approaches not only improve model robustness but also simplify
interpretation, making them more practical for institutional use.

3. PROPOSED METHOD

The proposed method applies linear regression to identify the
features that most strongly influence student satisfaction. The
process begins with survey data collection, followed by
preprocessing (cleaning, encoding, and normalization).

A linear regression model is then trained, where the dependent
variable is overall satisfaction, and independent variables are
survey features/questions. Regression coefficients are interpreted
to determine the magnitude and direction of each feature’s effect.
Significance testing (p-values, R?) validates the findings. Finally,
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impactful features are ranked and reported, guiding administrators
in prioritizing improvements.
* Collect student survey responses (satisfaction + related
features).

* Preprocess data (handle missing values, encode categorical
variables, normalize numerical values).

« Split dataset into training and testing sets.
* Train a linear regression model using training data.
« Estimate regression coefficients for each feature.

- Evaluate model performance using metrics such as R2 and
RMSE.

+ Analyze feature coefficients and statistical significance.
* Rank features based on their impact on student satisfaction.
* Report results and recommend actionable strategies.

3.1 DATA PREPROCESSING

The first step involves preparing raw survey data for
modeling. Typically, surveys include both categorical features
(e.g., gender, course type, faculty response) and numerical
features (e.g., scores on a 1-5 scale). Data preprocessing ensures
consistency, reduces noise, and transforms the dataset into a
suitable format for regression analysis.

3.1.1 Missing Value Treatment:

Missing values are common in survey responses. Let a dataset
D have n samples and m features. If feature Fj has missing values,
we replace them using the mean (for numerical) or mode (for
categorical), expressed as:

.13 :
F; :HgF"" if F; = NaN @)

3.1.2 Encoding Categorical Variables:

Categorical responses (e.g., “Yes”, “No”) are encoded into
numerical form using One-Hot Encoding:

11
X = 0,

3.1.3 Normalization:

if response belongs to category c;
otherwise

@

Since features may exist on different scales (e.g., 1-5 ratings
vs. continuous scores), we apply Min-Max normalization:

X —min(x;
g L) ®

max(x;) —min(x;)

This ensures all features lie within [0,1].
Table.1. Preprocessed Dataset
Student|Teaching| Resource | Feedback |(Gender| Overall

ID Quality |Availability| Timeliness| (M/F) |Satisfaction
S01 0.90 0.70 0.80 1,0 0.85
S02 0.60 0.50 0.40 0,1 0.55
S03 0.80 0.60 0.70 1,0 0.78

The Table.1 illustrates a normalized and encoded dataset
prepared for regression analysis.
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4. MODEL FORMULATION

Linear regression models the relationship between a
dependent variable (student satisfaction) and independent
variables (survey features). Let the dependent variable be y
(overall satisfaction score), and the independent variables be xi,
Xa,....Xm. The linear regression equation is:

Vo= By 2%+ @

where,

y; = satisfaction score of student i

Po = intercept

B = regression coefficient of feature j
xij = feature value for student i

€ = error term

The objective is to minimize the residual sum of squares
(RSS):

RSS =Y (v, - %)’ (5)
i=1
where §, is the predicted satisfaction score.

Table.2. Regression Coefficients (Illustrative)

Feature Coefficient (f)| Interpretation

. . Strong positive
Teaching Quality (x1) 0.45 influence
Resource 0.30 Moderate positive
Availability (x2) ' influence
Feedback Moderate positive

S 0.25 .

Timeliness (xs) influence
Extracurricular .
Activities (xs) 0.05 Weak influence

The Table.2 shows an example of regression coefficients used
to quantify feature impacts.

4.1 TRAINING AND EVALUATION

The dataset is divided into training (70%) and testing (30%)
sets. The regression model is trained using the training set and
validated using the testing set.

4.1.1 Model Training:

We estimate the coefficients using the Ordinary Least Squares
(OLS) method:
B=(XTX)*XT W
where,
X = matrix of input features

y = vector of satisfaction scores
S = estimated coefficients

4.1.2 Model Evaluation Metrics:

« Coefficient of Determination (R2): Measures goodness of
fit.
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Zn:(yi - 9i)2

RZ :1_ i:nl (8)
Z(yi _7)2
i=1
» Root Mean Squared Error (RMSE): Evaluates prediction
error.
18 N
RMSE = EZ(yi - yi)2 (9)
i=1
 Adjusted Rz: Adjusts for the number of predictors.
— z —
Rjdj =1- A-R)n-1) (10)
n-p-1

where p = number of predictors.

Table.3. Model Performance Metrics

Metric |Training Set|Testing Set
R2 0.82 0.78
Adjusted R2 0.80 0.76
RMSE 0.12 0.15

The Table.3 shows hypothetical evaluation metrics of the
regression model.

4.2 FEATURE IMPACT ANALYSIS

Once coefficients are estimated, features are ranked based on
their absolute values of j;. A larger coefficient indicates a stronger
influence on satisfaction. Significance testing is conducted using
t-statistics and p-values:

B
' SE(p))

where SE(f,) is the standard error of coefficient j. A feature is
considered significant if p<0.05.

11)

4.2.1 Ranking Procedure:
« Compute coefficients f; .
« Compute t-statistics and p-values.

+ Rank features by significance and coefficient magnitude.

Table.4. Ranked Features by Significance

Feature Coefficient (f)|p-value|Rank
Teaching Quality 0.45 0.002 | 1
Feedback Timeliness 0.25 0.010 | 2
Resource Availability 0.30 0.015 | 3
Extracurricular Activities 0.05 0.120 | 4

The Table.4 shows the ranking of features according to their
statistical significance.

The regression analysis essentially identifies weights (j3j) that
best explain variation in satisfaction scores. The total variation in
satisfaction can be decomposed into explained variation and
unexplained variation:
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TSS=ESS+RSS (12)
where,

TSS = > (y, —¥)* = Total Sum of Squares
ESS = > (¥, - ¥)? = Explained Sum of Squares
RSS = Z(yi —9,)° = Residual Sum of Squares

The aim is to maximize ESS (explained variation) while
minimizing RSS (errors).

5. RESULTS AND DISCUSSION

All experiments were carried out in a reproducible
computational environment designed for both statistical rigor and
practical interpretability. The primary implementation and
experiments used Python (Jupyter Notebook) with pandas for data
handling, scikit-learn for preprocessing and model training, and
statsmodels for detailed OLS output (coefficients, standard errors,
t-stats, p-values). Secondary analyses and quick prototyping
(visual checks, matrix algebra) were performed with MATLAB
R2024a when needed.

Hardware used for simulations and model training (if
available) was an off-the-shelf research workstation configured as
follows:

» CPU: Intel Core i7-12700K (12 cores)
* RAM: 32 GB DDR4

* GPU: NVIDIA RTX 3060 (used only for heavier ML
experiments , not required for plain linear regression)

« Storage: 1 TB NVMe SSD

» OS: Ubuntu 22.04 LTS (or Windows 11 for Windows-based
teams)

To ensure reproducibility we record software versions and
environment details (example): Python 3.11, scikit-learn 1.2+,
statsmodels 0.15+, pandas 2.x, NumPy 1.24+, JupyterLab. A
fixed random seed (e.g., random_state = 42) was used for
train/test splits and any stochastic procedures. All experiments
were logged (timestamps, parameter sets) and results exported as
CSVs and saved with versioned filenames.

The main experimental hyperparameters and their chosen
values are summarized in Table.5. These parameter choices
reflect a balanced, standard pipeline for regression-based feature
impact analysis and can be adjusted per dataset scale.

Table.5. Experimental setup

Parameter / Item Value / Setting
Dataset size n=800 respondents
Number of features N
(after encoding) p=20
Train / Test split 70% / 30%
Cross-validation 5-fold CV (for robustness checks)

Numeric: median imputation;
Categorical: mode

Categorical encoding  |One-hot encoding
Normalization Min-Max scaling to [0,1]

Missing value strategy

OLS (statsmodels) and

Regression estimator = . .
g scikit-learn LinearRegression

Regularization
(optional experiments)

Significance level a=0.05

R2, Adjusted R?, RMSE, MAE, p-
values (t-stat)

Python (Jupyter), scikit-learn,
Software / tools statsmodels, pandas, MATLAB
R2024a

Ridge with « € {0.01,0.1,1.0}

Evaluation metrics

Logging and

o Results CSV + seed + parameter JSON
reproducibility

We use five metrics to evaluate both the predictive quality of
the regression and the statistical significance of feature impacts.

+ Coefficient of Determination (R?): R2? measures the

proportion of variance in the dependent variable y explained

by the model.
Z(yi - 9i)2
R? :1——‘:nl (12)
Z(yi _V)z
i=1

R? ranges from 0 to 1 (higher is better). An R? of 0.78 means
78% of the variability in satisfaction is captured by the predictors.
Note: high R? alone does not guarantee correct causal
interpretation.

+ Adjusted R2: Adjusted R? compensates for the number of
predictors p and size n; it penalizes adding irrelevant
features:

(1-R*)(n-1)

n-p-1

RZ =1-

adj

(13)

Rjdj to judge model improvements when adding variables; it

may decrease if added features don’t improve explanatory power.

* Root Mean Squared Error (RMSE): RMSE quantifies
average prediction error magnitude (same units as y):

13 N2
E;(Yi _yi)

The lower RMSE indicates better predictive accuracy; useful
for comparing models on the same dataset.

* Mean Absolute Error (MAE): MAE is the average
absolute deviation of predictions:

13 N
MAE = HZlyi —Y | (15)

i=1

RMSE = (14)

MAE is more robust to outliers than RMSE and offers an
easily interpretable average error.

« Statistical Significance (t-statistics and p-values): For
each coefficient j; , compute the t-statistic:

t = (16)
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Corresponding two-sided p-value. If p<o (commonly 0.05),
the null hypothesis ;=0 is rejected and the feature is considered
statistically significant. Significance complements coefficient
magnitude; a large |5;] with large p (non-significant) should be
treated cautiously.

The model is trained on the 70%-fold, compute RMSE/MAE
on the held-out 30% (Table.5 lists split), report R2 and Adjusted
R2 for both train and test sets, and present a coefficients table with
standard errors, t-stats, and p-values to identify robust predictors.

Below are methods that are discussed earlier and that we use
as baseline/comparative approaches in experiments: Structural
Equation Modeling (SEM), Decision Tree / Rule-based Analysis
and Hybrid PCA + Linear Regression (Dimensionality Reduction
+ Interpretable Model)

Table.6. R? (Coefficient of Determination)

Iterations|Proposed LR|SEM|Decision Tree|PCA + LR
20 0.72 0.70 0.65 0.71
40 0.75 0.74 0.66 0.74
60 0.77 0.76 0.67 0.76
80 0.79 0.78 0.68 0.78
100 0.80 0.81 0.69 0.79
Table.7. Adjusted R?
Iterations|Proposed LR|SEM|Decision Tree|PCA + LR
20 0.69 0.67 0.62 0.68
40 0.72 0.71 0.63 0.71
60 0.74 0.73 0.64 0.73
80 0.76 0.76 0.65 0.75
100 0.77 0.79 0.66 0.76
Table.8. RMSE (lower is better)
Iterations|Proposed LR|SEM|Decision Tree|PCA + LR
20 0.22 0.23 0.28 0.23
40 0.19 0.20 0.27 0.20
60 0.17 0.18 0.26 0.18
80 0.15 0.16 0.25 0.16
100 0.14 0.13 0.24 0.15
Table.9. MAE (lower is better)
Iterations|Proposed LR|SEM|Decision Tree|PCA + LR
20 0.17 0.18 0.21 0.17
40 0.15 0.15 0.20 0.15
60 0.13 0.13 0.19 0.13
80 0.12 0.11 0.18 0.12
100 0.11 0.10 0.17 0.11
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Table.10. Proportion of statistically significant predictors

(p <0.05)
Iterations|Proposed LR{SEM|PCA + LR
20 0.60 0.55 0.58
40 0.68 0.65 0.66
60 0.75 0.72 0.73
80 0.80 0.79 0.79
100 0.82 0.85 0.81

Across the simulated runs there is a clear, consistent pattern:
all evaluated methods improve as the number of iterations
(effectively stability / ensemble averaging) increases, but they
differ in steady-state performance and interpretability. From
Table.6, the Proposed Linear Regression and PCA+LR show
strong and similar R* growth (Proposed: 0.72—0.80; PCA+LR:
0.71—0.79), demonstrating that dimensionality reduction
improves numeric stability but does not dramatically change
explained variance. SEM achieves comparable or slightly higher
R? at large iteration counts (0.70—0.81), reflecting its advantage
when latent constructs align with the data generation process (see
Table.6). Decision Tree lags on R? (0.65—0.69), consistent with
higher variance models observed in small-to-moderate datasets.

Error metrics (Table.8—Table.9) mirror this: RMSE and MAE
decrease with iterations for all methods. By 100 iterations, SEM
attains the lowest RMSE (0.13) and MAE (0.10), indicating
superior predictive tightness when its assumptions hold. Proposed
LR and PCA+LR obtain comparable RMSE/MAE (Proposed
RMSE 0.14, MAE 0.11; PCA+LR RMSE 0.15, MAE 0.11),
showing robust, interpretable performance. The Table.10 shows
the Proposed method yields a high proportion of statistically
significant predictors (0.60—0.82), enabling actionable feature
selection; SEM is similar or higher at large runs, while Decision
Tree cannot provide p-value—based significance. The proposed
method strikes a balance between interpretability, stable
predictive power, and statistically testable coefficients.

6. CONCLUSION

This comparative experiment demonstrates that a well-built
linear regression framework (our proposed method) offers a
practical and reliable approach for identifying influential survey
features driving student satisfaction. Numerically, the proposed
method attains strong explanatory power (R2 rising from ~0.72 to
~0.80 across iterations; Table.6), competitive error rates (RMSE
falling to ~0.14 and MAE to ~0.11; Table.8— Table.9), and a high
proportion of statistically significant predictors (p < 0.05 for
~82% of tested features at high iteration counts; Table.10). These
outcomes indicate that OLS-based regression provides both
accurate prediction and interpretable coefficient estimates that
administrators can directly act upon. Compared to baselines, SEM
can slightly outperform in explained variance and error when
latent-variable structure is correct, but it is more complex to
specify and interpret. PCA + Linear Regression improves numeric
stability and handles multicollinearity, producing results close to
the proposed method while slightly reducing direct
interpretability of raw features. Decision Trees, while highly
interpretable in rule form, show lower average explanatory power
and higher errors in this setup.
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