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ABSTRACT 

Music is commonly used during daily activities for entertainment, concentration, and mood 
regulation. However, the association between music-listening habits and perceived mood changes may 
vary depending on individual preferences and listening contexts. Previous research has examined the 
association between music listening and perceived stress and mood in daily life [1]. This study aims to 
describe music-listening patterns and examine the association between selected listening habits and 
reported mood changes using Exploratory Data Analysis (EDA) and multiple linear regression. Survey 
data from 150 respondents were analyzed through data preprocessing, descriptive statistics, data 
visualization, Pearson correlation analysis, and regression modeling. The initial regression model 
included 11 predictors and yielded an R² of 0.235 and an adjusted R² of 0.174. Diagnostic tests 
indicated non-normal residuals and heteroskedasticity. Based on the initial model's statistical 
significance results, two predictors were retained for the final model: the percentage of daily activities 
perceived as more comfortable with music and the indicator for listening without a specific time. HC3 
heteroskedasticity-consistent standard errors were applied to obtain more robust statistical inference 
under heteroskedasticity. The final model achieved an R² of 0.1503 and an adjusted R² of 0.1387, with 
both predictors statistically significant at the 0.05 level. These findings indicate that perceived comfort 
when listening to music and listening-time patterns are associated with reported mood changes. 
However, the model's limited explanatory power and the observational survey design mean that the 
findings do not establish causal relationships. 

Keywords: exploratory data analysis, music-listening habits, mood changes, multiple linear 
regression, HC3 robust standard errors 

 

I. INTRODUCTION 

Music is part of everyday life and is frequently used while studying, working, travelling, exercising, 
and relaxing [2]. In addition to providing entertainment, music may be associated with emotional 

experiences, including changes in mood and perceived comfort during daily activities [3]. The role of 
music in emotional regulation has attracted attention because individuals may select different types of 

music depending on their emotional state, preferences, and activity context [4]. Research involving 
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Indonesian university students has also examined music as a relaxation medium and its potential 
relationship with stress and mood [5], [6]. 

Previous studies have investigated the relationship between music and psychological conditions 

using different populations and research designs. Arcita et al. examined music as a relaxation medium 

for new students and reported that respondents perceived music as helpful in improving mood and 

providing calmness [5]. Abdullah et al. investigated the use of Javanese music to reduce stress among 
university students and reported a significant reduction in stress scores after the intervention [6]. These 

findings provide relevant background for studying music-related experiences. However, the present 

study focuses on respondents' reported music-listening habits during everyday activities and their 
perceived degree of mood change, rather than evaluating a controlled music intervention [7]. 

Exploratory Data Analysis (EDA) provides a systematic approach to understanding data through 

descriptive statistics, graphical visualization, and the examination of relationships between variables 

[8]. EDA can help identify the dominant characteristics of respondents, the distribution of listening 
habits, and possible associations among numerical variables before statistical modeling is performed 

[9]. Previous Indonesian research has demonstrated the use of EDA and visualization to explore 

datasets and communicate patterns in a more interpretable form [10]. Combining EDA with regression 
analysis allows the present study to describe the collected survey data and examine whether selected 

listening habits are statistically associated with reported mood changes. 

This study aims to describe music-listening habits among 150 respondents and examine the 

relationship between selected listening characteristics and perceived mood changes through multiple 
linear regression [11]. The analysis considers several factors, including listening frequency, perceived 

comfort when accompanied by music, listening duration, listening-time patterns, and selected 

categorical characteristics. Regression diagnostics are also conducted to evaluate the model and 
determine whether robust standard errors are needed [12]. The findings are intended to provide a 

descriptive and statistical overview of music-listening experiences in daily activities, while recognizing 

that survey-based associations do not establish causal relationships. 

  

II. METHODOLOGY 

 

A. Research Design 
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Fig. 1. Research Flowchart 

 

 

The research workflow is illustrated in Fig. 1. The study began with data collection from 150 

respondents regarding their music-listening habits and perceived mood changes during daily activities. 
The collected data were then preprocessed by removing personal identification columns, checking 

missing values and duplicate records, inspecting potential outliers using the Interquartile Range (IQR) 
method, and encoding categorical variables using one-hot encoding [13]. Subsequently, Exploratory 

Data Analysis (EDA) was conducted through descriptive statistics, data visualization, and Pearson 

correlation analysis to identify patterns and relationships among the variables [14]. An initial multiple 
linear regression model with 11 predictors was then estimated to examine the association between 

music-listening habits and reported mood changes. Regression diagnostic tests were performed to 

evaluate residual normality, multicollinearity, heteroskedasticity, and residual autocorrelation [15]. 
Because the diagnostic results indicated heteroskedasticity, the final model was estimated using HC3 

heteroskedasticity-consistent standard errors and retained two predictors according to the selection 
procedure implemented in the notebook. Finally, the regression results were interpreted by examining 

the coefficient estimates, statistical significance, model performance, relevant previous studies, and 

study limitations.   

  

B.  Data Collection and Variables 

The dataset consisted of 150 survey responses concerning music-listening habits during daily 

activities. The dependent variable was the reported degree of mood change after listening to music 
while performing activities, measured on a scale from 0 to 10, where higher values represented greater 

perceived mood change. The independent variables included the percentage of daily activities 

perceived as more comfortable with music, the difficulty of performing activities without music, music 
selection based on mood, listening duration, listening frequency per week, estimated mood-recovery 

time, gender, music-streaming platform, listening-time pattern, and the main purpose of listening to 
music. The variables were selected based on the questions available in the survey which were collected 

via google forms using convenience sampling targeting students and the predictor definitions used in 

the regression notebook. 

 

C. Data Cleaning and Categorical Encoding 

 Data preprocessing began by removing columns containing personal identification information and 

other fields that were not required for the analysis [16]. The remaining dataset contained 150 

observations and 19 columns. Missing-value checks showed no missing values in the retained 

variables, and the duplicate-record check identified no duplicate rows. Potential outliers were inspected 
using the Interquartile Range method. Because an observation flagged by IQR is not automatically an 

error, these values were treated as candidates for inspection rather than automatically removed. 

Categorical variables were subsequently converted into numerical dummy variables using one-hot 
encoding with the first category omitted as a reference category. The resulting encoded dataset 

contained 150 observations and 97 columns. 

 

D. Exploratory Data Analysis 

 EDA was performed to summarize respondents' characteristics and identify patterns in their music-

listening habits. Descriptive statistics were calculated for numerical variables, including means, 
standard deviations, minimum and maximum values, and quartiles [17]. Frequency distributions were 

used to summarize categorical variables such as gender, streaming platform, listening time, and 
listening purpose. Histograms and boxplots were used to inspect numerical distributions, while bar 

charts described categorical distributions [18]. Pearson correlation analysis was also performed to 

examine the direction and strength of linear associations among selected numerical variables, 
particularly between perceived comfort with music and reported mood change [19]. 
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E. Multiple Linear Regression 

Multiple linear regression was used to examine the association between music-listening 

characteristics and reported mood change. The general form of the multiple linear regression model is 
expressed as follows:  

 

Y𝑖 = β0 + β1 𝑋𝑖1 + β2 𝑋𝑖2 +···+ β𝑘 𝑋𝑖𝑘 + ε  

 

Where Yᵢ is the reported mood-change score of the i-th respondent, β0 is the intercept, βj is the 

regression coefficient of the j-th predictor, Xij is the value of the j-th predictor for respondent i, k is the 
total number of predictors, n is the number of respondents (n = 150), and εᵢ is the error term. For 

consistency, the following notation is used throughout this paper: Y denotes the reported mood-change 
score (scale 0–10); X₁ denotes the percentage of daily activities perceived as more comfortable with 

music (%); and X₁₀ denotes the dummy variable for having no specific listening time (1 = no specific 

listening time, 0 = otherwise). The index 10 follows the position of this dummy variable among the 11 
predictors of the initial model. 

 The initial model included 11 predictors selected from the encoded dataset. Model performance 

was evaluated using the coefficient of determination (R²), adjusted R², the overall F-statistic, and 

individual coefficient tests. To achieve a more parsimonious specification, a predictor selection 

procedure was implemented based on statistical significance in the initial model: predictors with p-
values below 0.05 were retained for the final model. The final model retained the percentage of 

activities perceived as more comfortable with music and the indicator representing respondents who 
reported having no specific listening time. The selection procedure was exploratory and should not be 

interpreted as a guarantee that these are the only relevant predictors. 

 

F. Regression Diagnostic Tests 

Regression diagnostics were conducted on the initial model using residual plots, the Shapiro–Wilk 

test, the Variance Inflation Factor (VIF), the Breusch–Pagan test, and the Durbin–Watson statistic. The 
Shapiro–Wilk test indicated non-normal residuals (p=0.0017), while the Breusch–Pagan test indicated 

heteroskedasticity (p<0.001). VIF values ranged from 1.034 to 3.846, indicating no severe 

multicollinearity, and the Durbin–Watson statistic was 2.0801, showing no strong indication of 
residual autocorrelation. HC3 heteroskedasticity-consistent standard errors were applied to the final 

model for three reasons. First, the Breusch–Pagan test indicated heteroskedasticity (p < 0.001), under 
which conventional OLS standard errors may be biased and make t-tests unreliable. Second, among 

the HC estimators, HC3 adjusts for observation leverage and has better finite-sample properties than 

HC0–HC2, which suits a moderate sample of n = 150 [4]. Third, HC3 changes only the standard errors, 
not the coefficient estimates, so the interpretation of the coefficients stays the same. HC3 does not 

correct residual non-normality or model misspecification [4]. 

 

 

III. RESULT AND DISCUSSION 

 

A. Respondent Characteristics and Descriptive Statistics 

The dataset contained 150 respondents. The descriptive results showed that respondents listened to 

music frequently during their daily activities. The mean listening frequency was 5.83 days per week, 
while the mean listening duration during activities was 3.63 hours per day. The average reported mood-

change score was 7.87 on a scale from 0 to 10. The average percentage of daily activities perceived as 
more comfortable when accompanied by music was 78.41%. These descriptive findings indicate that 

respondents generally reported frequent music use and relatively high perceived mood changes. 

Table I. Descriptive Statistics Of Selected Numerical Variables 
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Variable Mean Standard deviation Minimum Maximum 

 Age (years)  19.55 1.25 17 23 

Music-listening 

frequency based on 
mood (scale) 

 4.29 0.89 1 5 

 Difficulty 

performing 
activities without 

music (scale) 

2.67 1.05 1 5 

 Listening 

frequency 

(days/week) 

5.83 1.56 0 7 

Number of songs 

listened to per day 

14.53 8.73 2 36 

Activities perceived 

as more 

comfortable with 
music (%) 

78.41 17.12 10 100 

Music-listening 

habit (years) 

4.75 2.98 0 12 

Reported mood 

change (scale 0–10) 

7.87 1.34 3 10 

 Listening duration 

during activities 

(hours/day) 

3.63 2.51 1 17 

 Estimated mood-

recovery time 

(minutes) 

 28.28 26.83  1 180 

Note: Values are taken from the descriptive-statistics output of the analysis notebook. In the 

regression equations, the reported mood change (scale 0–10) is denoted Y and the percentage of 

activities perceived as more comfortable with music is denoted X₁. The reported mood-change 

variable measures respondents' perceived change rather than an experimentally measured difference 
between pre-listening and post-listening mood. 

Gender distribution showed that 100 respondents (66.67%) were female and 50 respondents 

(33.33%) were male. Spotify was the most frequently reported primary streaming platform, selected by 
107 respondents (71.33%), followed by YouTube or YouTube Music with 34 respondents (22.67%). In 

terms of listening time, 85 respondents (56.67%) reported having no specific listening time, while 53 
respondents (35.33%) most frequently listened at night. Regarding listening purpose, 97 respondents 

(64.67%) selected mood improvement or motivation as their main purpose, followed by 36 respondents 

(24.00%) who selected reducing boredom, traffic-related monotony, or loneliness. 

Table II. Distribution Of Selected Categorical Variable 
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Variable Category Frequency Percentage % 

Gender Female 100 66.67 

Gender Male 50 33.33 

Primary platform Spotify 107 71.33 

Primary platform Youtube / Youtube Music 34 22.67 

Primary platform Apple Music 7 4.67 

Primary platform OuterTune 1 0.67 

Primary platform MP3 download 1 0.67 

Listening time No specific time 85 56.67 

Listening time Night 53 35.33 

Listening time Morning 7 4.67 

Listening time Afternoon 3 2.00 

Listening time Evening 2 1.33 

Main listening purpose Mood improvement / 
motivation 

97 64.67 

Main listening purpose Reducing boredom / 

monotony / loneliness 

36 24.00 

Main listening purpose Avoiding environmental 

noise 

9 6.00 

Main listening purpose Improving focus / 

concentration 

8 5.33 

Note: Percentages are calculated using 150 respondents. Percentages within each variable may not 

sum to exactly 100% because of rounding. 
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Fig. 2. Distributions of selected numerical variables: (a) listening frequency (days/week), (b) activities 
perceived as more comfortable with music (%), (c) average listening duration during activities 

(hours/day), and (d) reported mood change (scale 0–10). Curves indicate kernel density estimates. 

Fig. 2 presents the distributions of selected numerical variables, complementing the descriptive 

statistics in Table I. The mood-change scores were concentrated toward the upper end of the 0–10 

scale, with a mean of 7.87 and a median of 8. This indicates that many respondents reported relatively 
substantial mood changes. However, these descriptive results alone do not establish whether music 

directly caused the reported changes. 

 

 

 

Fig. 3. Respondent distribution by (a) gender, (b) listening-time pattern, (c) primary music-streaming 

platform, and (d) main listening purpose. 

The categorical distributions in Fig. 3 show that Spotify was the dominant platform and that 

listening was commonly reported as occurring without a specific time or at night. Mood improvement 
or motivation was the most frequently reported listening purpose. These patterns describe the 

respondents in this dataset and should not automatically be generalized to all university students or 

music listeners. 
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B. Exploratory Data Analysis and Correlation 

Pearson correlation analysis was conducted to examine linear relationships among selected 

numerical variables. The correlation between the percentage of activities perceived as more comfortable 
with music and reported mood change was approximately 0.355. This represents a positive association 

of modest magnitude: respondents reporting greater comfort when listening to music also tended to 

report greater mood changes. The correlation between difficulty performing activities without music 
and mood change was approximately 0.260, while the correlation between listening frequency per week 

and mood change was approximately 0.161. These relationships were weaker than the association 

involving perceived comfort. 

 

Fig. 4. Pearson correlation heatmap of nine selected numerical variables related to music-listening 

habits and mood change. 

The heatmap helps compare the direction and relative strength of associations across variables. The 
positive correlation between perceived comfort and mood change is consistent with the descriptive 

pattern observed in the dataset. However, correlation does not demonstrate causation, and the magnitude 
of a correlation does not account for other variables that may influence respondents' experiences. 

Therefore, the correlation results are interpreted as preliminary evidence of association rather than proof 

of a direct effect. 

C. Initial Multiple Linear Regression Model 

The initial multiple linear regression model included 11 predictors. The model produced an R² of 

0.235 and an adjusted R² of 0.174. The overall F-statistic was 3.863, with a p-value of 7.19 × 10⁻⁵. Since 

the p-value was below 0.05, the null hypothesis that all predictor coefficients were jointly equal to zero 

was rejected. This indicates that the initial model was statistically significant overall. Nevertheless, the 
adjusted R² indicates that the model explained approximately 17.4% of the variation in reported mood 

change after accounting for the number of predictors. 

Table III. Summary Of The Initial Regression Model 

Metric Result 

Number of observations 150 
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Number of predictors 11 

R² 0.235 

Adjusted R² 0.174 

F-statistic 3.863 

Probability of F-statistic 7.19 × 10⁻⁵ 

 

The initial coefficient results indicated that the percentage of activities perceived as more 

comfortable with music was positively associated with mood change (β = 0.0243, p < 0.001). The 
indicator for listening without a specific time was negatively associated with mood change (β = -0.4244, 

p = 0.047). The other predictors did not reach the 0.05 significance level in this model. Based on the 

selection procedure implemented in the notebook, the two significant predictors were retained for 
further analysis. This model-selection approach is exploratory, and the resulting coefficients should be 

interpreted with consideration of the selection process. 

After evaluating the initial multiple linear regression model, diagnostic tests were conducted to 

assess whether the model satisfied the relevant regression assumptions. These tests examined residual 
normality, multicollinearity, heteroskedasticity, and residual autocorrelation. The diagnostic results 

were subsequently used to determine the appropriate approach for estimating the final regression model. 

 

D. Regression Diagnostic Tests 

The diagnostic results indicated that not all assumptions of the initial regression model were 

satisfied. The Shapiro–Wilk test produced a statistic of 0.9688 and a p-value of 0.0017, providing 

evidence against the null hypothesis of normally distributed residuals. The Breusch–Pagan test produced 

a statistic of 40.6853 with a p-value reported as 0.0000 after rounding, indicating evidence of 
heteroskedasticity. In contrast, the Variance Inflation Factor values ranged from approximately 1.034 

to 3.846 among the predictors, which did not indicate severe multicollinearity under the commonly used 
threshold of 5. The Durbin–Watson statistic was 2.0801, which was close to 2 and did not suggest a 

strong first-order autocorrelation pattern based on the simple screening criterion used in the notebook. 

Table IV. Diagnostic Result For The Initial Regression Model 

Diagnostic  Statistic  p-value / range  Interpretation  

Shapiro–Wilk normality 

test  

0.9688  0.0017  Evidence against residual 

normality  

Breusch–Pagan test  40.6853  0.0000*  Evidence of heteroskedasticity  

VIF  - 1.034–3.846  No severe multicollinearity 
indicated  

Durbin–Watson  2.0801  - Close to 2; no strong 

autocorrelation indicated by the 
screening criterion  

Note: The Breusch–Pagan p-value is displayed as 0.0000 because of rounding; it should be reported as 

p < 0.001, not as an exactly zero probability. The Durbin–Watson interpretation is a descriptive 

screening result rather than a formal test using specified critical bounds. 
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Fig. 5. (a) Histogram with kernel density curve  and (b) normal Q–Q plot of the initial regression 

residuals. 

The normal Q–Q plot should be examined together with the Shapiro–Wilk test. Deviations of the 

residual points from the reference line indicate that the residual distribution does not perfectly follow a 
normal distribution. This is consistent with the statistical test, which returned a p-value below 0.05. The 

finding does not automatically invalidate every coefficient estimate, but it should be considered when 

interpreting conventional regression inference, particularly in combination with the evidence of 

heteroskedasticity. 

 

Fig. 6. Residuals versus fitted values for the initial regression model. 

The residual-versus-fitted plot is used to inspect whether residuals show systematic patterns or 

changing dispersion across fitted values. Although the notebook's interpretation describes the residuals 
as scattered around zero without an obvious curved pattern, the Breusch–Pagan test indicates that the 

residual variance is not constant. Consequently, the graphical inspection should not be used alone to 
conclude that homoskedasticity holds. To make statistical inference more robust to this issue, the final 

model was estimated using HC3 robust standard errors. 

The diagnostic results indicated evidence of residual non-normality and heteroskedasticity in the 

initial regression model. In particular, the Breusch–Pagan test indicated that the residual variance was 
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not constant. Therefore, the final regression model was estimated using HC3 heteroskedasticity-
consistent standard errors to improve the robustness of statistical inference under heteroskedasticity. 

The final model and its coefficient estimates are presented in the following subsection. 

 

E. Final Regression Model with HC3 Robust Standard Errors 

The final regression model retained two predictors: the percentage of daily activities perceived as 

more comfortable with music and the indicator for listening without a specific time. HC3 

heteroskedasticity-consistent standard errors were applied because the initial model showed evidence 
of heteroskedasticity. The final model produced an R² of 0.1503 and an adjusted R² of 0.1387. The 

overall F-statistic was approximately 6.1626, with a p-value of 0.002691. This indicates that the final 

model was statistically significant overall at the 0.05 significance level. 

Table V. Final Regression Model With Hc3 Robust Standard Errors 

Note: The reported test statistics and p-values follow the HC3 model summary in the notebook. 

Dependent variable: reported mood change (Y, scale 0–10); n = 150; R² = 0.1503; adjusted R² = 

0.1387; F = 6.1626 (p = 0.002691). The categorical coefficient is interpreted relative to the omitted 

reference category used during dummy encoding. 

The estimated final regression equation, based on Equation (1), was: 

Ŷ = 5.9596 + 0.0275X₁ − 0.4220X₁₀ 

Where Y represents the predicted mood-change score, X₁ represents the percentage of daily 

activities perceived as more comfortable with music, and X₁₀ represents the dummy indicator for having 
no specific listening time (1 = no specific listening time, 0 = otherwise). As a consistency check, 

substituting the sample means (X₁ = 78.41 and X₁₀ = 0.567, the proportion of respondents with no 

specific listening time) gives Ŷ ≈ 7.88, which agrees with the observed mean mood-change score of 
7.87 (Table I). 

The coefficient of X₁ was positive and statistically significant (β = 0.0275, p = 0.002). Holding the 

other predictor constant, a one-percentage-point increase in activities perceived as more comfortable 
with music was associated with an estimated increase of 0.0275 points in the reported mood-change 

score. For example, a 10-percentage-point difference corresponds to an estimated difference of 0.275 
points, according to this model. This is an association within the fitted model and should not be 

interpreted as a causal effect. 

The coefficient for the no-specific-listening-time indicator was negative and statistically significant 
(β = -0.4220, p = 0.036). This means that respondents in this category had an estimated mood-change 

score 0.422 points lower than respondents in the omitted reference category, holding the other predictor 
constant. The comparison is determined by the dummy encoding and should not be interpreted as 

evidence that listening without a specific time causes lower mood changes. 

The final model's R² of 0.1503 indicates that the two predictors accounted for approximately 
15.03% of the observed variation in mood-change scores in the sample. The adjusted R² was 0.1387, or 

approximately 13.87%. Thus, most of the variation remained unexplained by the final model and may 

be related to other individual, contextual, or behavioral factors not included in the analysis. The HC3 
adjustment improves the robustness of the estimated standard errors under heteroskedasticity, but it does 

Predictor Coefficient Robust standard 

error 

 z-statistic p-value 

Constant 5.9596 0.700  8.515  <0.001  

Activities perceived as 
more comfortable with 

music (%)  

0.0275  0.009  3.158  0.002  

No specific listening 

time (dummy indicator)  

-0.4220  0.201  -2.098  0.036  
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not eliminate all limitations associated with model specification, variable selection, or the non-normality 
of residuals [20]. 

The R² value should be interpreted in light of the purpose of this study. An R² of 0.1503 means that 

X₁ and X₁₀ jointly account for about 15% of the variance in reported mood change. It is not a measure 
of prediction accuracy for an individual respondent, and the remaining variance should not be regarded 

as random noise. Reported mood change is a subjective outcome that is likely to depend on factors not 

measured in this survey, such as baseline mood, music genre and tempo, the type of activity being 
performed, and personal preference. Low to moderate R² values are common in survey-based studies of 

human perception and behavior; accordingly, the model is better suited to describing associations than 
to predicting mood change for individual listeners. 

To place the coefficients in context, the standard deviation of reported mood change was 
1.34 points and that of perceived comfort was 17.12 percentage points (Table I). A one-
standard-deviation increase in X₁ (about 17 percentage points) corresponds to an estimated 
increase of 0.0275 × 17.12 ≈ 0.47 points in mood change, or roughly 0.35 standard deviations 
of the outcome. The coefficient of X₁₀ (−0.4220) corresponds to roughly 0.31 standard 
deviations. Both effects are modest, which is consistent with the limited R² and with the 
correlation of approximately 0.355 reported in Section III.B. 

The decline in explanatory power from the initial model (R² = 0.235; adjusted R² = 0.174) to the 
final model (R² = 0.1503; adjusted R² = 0.1387) should also be noted. Because the adjusted R² is lower 

in the final model, the nine predictors removed during selection jointly contributed some explanatory 
information, even though none was individually significant at the 0.05 level. The final model is therefore 

more parsimonious and easier to interpret, but it does not explain more variance than the initial model. 

 

F. Discussion and Study Limitations 

The findings show that perceived comfort when listening to music had a positive association with 

reported mood change in the final model. This result is consistent with prior Indonesian research 

describing music as a potential relaxation medium and examining its relationship with stress among 

students [5], [6]. However, the studies differ in design, measures, and objectives. The current study uses 
observational survey responses and evaluates perceived mood change during everyday activities, 

whereas an intervention study examines outcomes under a more controlled listening condition. 
Therefore, the present findings should be viewed as complementary evidence about respondents' music-

listening experiences rather than a direct replication of previous intervention results. 

Implications of perceived comfort. The positive association between X₁ and mood change 
suggests that respondents who find a larger share of their daily activities more comfortable 
with music also tend to report a greater mood change. One plausible interpretation is that 
mood change is greater when music fits the activity and the listener's needs, rather than 
when music is simply played more often or for longer; listening frequency (r ≈ 0.161) and 
listening duration were not statistically significant in the initial model. The direction of the 
relationship cannot be established from these data, however. Respondents who experience 
stronger mood changes may also be more inclined to rate music as comfortable, and because 
both measures are self-reported they may reflect a shared general attitude toward music. 

Implications of listening-time pattern. More than half of the respondents (56.67%) reported no 
specific listening time, and this group reported mood changes about 0.42 points lower than the reference 

category after accounting for perceived comfort. A possible explanation, which this study did not test, 

is that unscheduled listening functions more as background accompaniment and is less deliberately tied 
to mood regulation than listening at a particular time of day. The difference may equally reflect other 

characteristics that differ between the groups. Because this coefficient is only marginally significant (p 
= 0.036) and was retained through an exploratory selection procedure, it should be treated as tentative. 

Taken together, the results suggest that, for people who want music to support their mood during 

daily activities, how well the music suits the activity may matter more than the amount of listening. 
Given the limited explanatory power of the model, this should be regarded as a hypothesis for further 

investigation rather than a recommendation. 

Several limitations should be considered. First, the data were based on self-reported survey 
responses and may be influenced by recall, interpretation, and individual differences. Second, the 

sample may not represent all students or music listeners. Third, the final model explained a limited 
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proportion of variation in reported mood change (R² = 0.1503), indicating that other relevant factors 
were not included. Fourth, the predictor selection procedure relied on statistical significance in the initial 

model, which can affect the stability of estimates and the interpretation of subsequent significance tests. 

Finally, the diagnostic results showed residual non-normality and heteroskedasticity in the initial model. 
Although HC3 robust standard errors were used for the final model, additional analyses with 

theoretically justified predictors, alternative specifications, and validation on independent data would 

be useful before making broader claims. Future studies could also measure mood before and after 
listening, and include variables such as music genre, tempo, baseline mood, and the type of activity, as 

well as possible interaction effects (for example, between perceived comfort and listening-time pattern), 
using longitudinal or experimental designs. 

 
 

IV. CONCLUSION 

 

This study examined music-listening habits and their association with reported mood changes 
among 150 survey respondents using EDA and multiple linear regression. The descriptive analysis 

showed that respondents listened to music on an average of 5.83 days per week, reported a mean 

listening duration of 3.63 hours per day during activities, and had an average mood-change score of 
7.87 out of 10. Spotify was the most frequently reported primary streaming platform, while mood 

improvement or motivation was the most common listening purpose. Pearson correlation analysis 

showed a positive association between perceived comfort with music and reported mood change. 
The initial regression model was statistically significant overall but showed evidence of residual 

non-normality and heteroskedasticity. The final model, estimated with HC3 robust standard errors, 
retained two statistically significant predictors: the percentage of activities perceived as more 

comfortable with music and the indicator for listening without a specific time. The final model had an 

R² of 0.1503 and an adjusted R² of 0.1387, indicating limited explanatory power. In conclusion, the 
results suggest that perceived comfort and listening-time patterns are associated with respondents' 

reported mood changes, but they do not establish causation. Further research using broader samples 

and additional theoretically relevant variables is needed to better understand the relationship between 
music-listening habits and mood. 
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