
Exploring the Effect of Personalized Background Music on  
Reading Comprehension 

ABSTRACT 
It is a common phenomenon that many students study with 
background music, but the influence of background music on 
learning is still an open question, with inconclusive findings in the 
literature. Inspired by the research gap, we conducted a controlled 
user experiment on reading with 100 students from a 
comprehensive university. The participants were tasked to read 
nine academic passages. In the meantime, those who were 
randomly allocated to the experiment group listened to their self-
provided music in the background during the reading task, while 
those in the control group did not have background music during 
reading. During the experiment, participants’ reading logs, self-
reported meta-cognition and emotion status were recorded. This 
paper reports the results of comparing measures on reading 
performance, meta-cognition and emotion changes between the two 
groups. In addition, the relationships between participants’ 
personal traits and their preferred background music type were 
investigated. Findings indicated that learning with background 
music of one’s own choice could be beneficial for maintaining 
positive emotion, with no cost on reading performance. Through 
providing empirical evidence on the effect of background music on 
reading, this study contributes to furthering our understanding on 
human behaviors in multi-channel learning settings and rendering 
design implications for personalized music services for facilitating 
reading and self-learning. 
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1 INTRODUCTION 
It is not difficult to observe that numerous students enjoy studying 
with background music in daily routine. As a medium for 
regulating emotion, music is widely used in daily contexts, for 
entertaining, relaxing or as background for the purpose of working 
and learning [1]. To meet the need, online music services including 
music digital libraries/repositories have rendered digital and/or 
streaming music to the general public for daily use [2]. As a recent 
study indicates, background music service has been offered in 
intelligent libraries, yet users’ acceptance for such service varied 
across different genders, ages and preferred music types [3]. It 
points us in the direction of personalization for improving services 
related to background music in various scenarios including in the 
libraries.  

On the other hand, research has been carried out to explore the 
effects of background music on self-learning and/or reading. Some 
existing literature explained that music could relieve anxiety that 
students often experience during learning, promote learning 
motivation and enhance learning performance [4]. However, other 
studies found that music could distract students’ concentration and 
attention during learning which might result in decrease of learning 
efficiency [5]. Regarding these inconclusive findings, hypotheses 
have been raised by researchers to attribute the influence of 
background music on learning to multiple possible factors, 
including the diverse types of background music [25], 
complicatedness of learning tasks [26] and personal traits of 
listeners [27]. Therefore, how to provide students with suitable 
background music that matches personalized needs and facilitates 
learning is worthy of research. In addition, the inconsistent findings 
in the literature also call for more evidence on the effects of 
background music on learning. This study attempts to respond to 
this challenge through conducting a controlled user experiment 
with personalized music. Specifically, 100 participants were 
randomly divided into an experiment group who listened to their 
preferred music during reading and a control group who performed 
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the same reading task without background music (see section 3.3). 
By comparing reading performance, meta-cognition and emotion 
changes between the two groups, this study aims to answer the 
following research questions:  

RQ1. Is there any difference in reading performance between 
students who read with and without preferred background music?  

RQ2. Is there any difference in emotion changes between 
students who read with and without preferred background music? 

RQ3. Is there any difference in meta-cognition between 
students who read with and without preferred background music? 

 Besides, we further probed possible interactions among music 
characteristics, user characteristics, as well as students’ learning 
performance and emotion changes during the experiment, 
answering the following two research questions: 

RQ4. To what extent are students’ preferred music types related 
to their personal traits? 

RQ5. What kinds of music characteristics are related to reading 
performance or emotion changes? 

Findings of this study will shed light on the influences of 
background music on students’ learning, providing new empirical 
evidence that may help verify or refine theoretical foundations of 
background music and learning such as the arousal-mood 
hypothesis [9].  This study is also expected to contribute to the field 
of music information retrieval (MIR) and music digital libraries 
(MDL) by revealing the relationships between music 
characteristics, listeners’ personal traits, emotion changes and 
learning performances. Based on findings of this study, future 
research can hopefully be inspired to investigate how to provide 
personalized background music in the right time for facilitating and 
optimizing reading and learning.  

2 RELATED WORK 
The impacts of music on learning performance and mood 
regulation have been studied in multiple disciplines. However, 
many findings remain controversial and inconclusive. Some studies 
found that background music played a role in promoting second 
language acquisition [6], altering or maintaining mood states [31] 
and improving students’ motivation and engagement [7]. Besides, 
practical implications have also been  proposed, for example, to 
blend background music and literary work in order to improve 
aesthetic enjoyment in digital libraries [2]. Nonetheless, other 
studies indicated that music had no or negative impact on learning, 
specifically through distracting students’ concentration or attention 
during the learning process [8]. 

One explanation of the different effects of music on learning is 
the arousal-mood hypothesis [9] which states that music affects 
learning through regulating learners’ emotion status particularly in 
arousal and mood dimensions. Arousal indicates the level of energy 
which ranges from very calm to very energetic, while mood 
indicates the level of happiness which ranges from very unpleasant 
to very pleasant. Mood is equal to valence introduced in Russel’s 

two-dimensional model [10] which has been adopted extensively 
in emotion studies in the fields of psychology, education and 
MIR/MDL. The effects of music on valence and arousal are well 
recognized [11], and arousal and valence in turn can influence 
learning [12]. In general, positive and negative moods are regarded 
beneficial and harmful for learning [12][13], whereas it has been 
indicated that a certain level of arousal is helpful for learning 
performance but too much arousal could be detrimental instead 
[9][12]. 

As aforementioned research revealed, the arousal-mood 
hypothesis is mainly relevant to the influence of background music 
from learners’ emotional benefits. Nonetheless, it is inadequate in 
explaining the negative influences of background music on learning 
which is also reported in the literature [8]. Regarding the cognitive 
function in the learning process, the irrelevant sound effect (ISE) 
stresses that listening to background music increases students’ 
cognitive load and thus impairs learning [28][29]. More 
specifically, the ISE clarifies the reason that auditory reception is 
an inherent function of our brain, and listening to music during the 
learning process would inevitably expend the limited cognitive 
resources in the brain, thereby adding extra cognitive burdens to 
students [30]. 

Grounded on the above hypotheses, certain mediators related to 
the influence of background music on learning were consequently 
formulated, comprising task complexity [33], personal traits [34], 
and the information load characteristics in background music [32]. 
For instance, one experiment on reading comprehension [35] 
reported that students who were accustomed to listening to music 
while learning performed better on verbal learning tasks than 
participants who were not used to studying with background music. 
In addition, with respect to personality traits, the results from one 
mini-review [27] presented that introverted students were more 
impressionable to the adverse effects of music due to relatively 
higher cortical arousal than extroverted students.  

Previous studies have been undertaken to determine what kind 
of music deemed as enhancing or distracting reading. The user 
experiment conducted in [5] compared three background music 
conditions (i.e. hip-hop music, light classical music, without 
music). The results showed that hip-hop had more distracting 
effects on cognitive performance than light classical music, yet 
light classical music was more distractive than the condition 
without music. Another study [9] played four types of background 
music with combined tempo (slow & fast) and intensity (low & 
high) when students performed reading tasks. Results indicated 
that, fast and loud music mostly disrupted students’ reading 
comprehension. Similarly, a user experiment in [14] compared five 
audio conditions with balanced mode (minor, major) and tempo 
(slow, fast), as well as natural environmental sound. The results, 
however, showed no significant differences on reading 
performance across varied audio conditions. A user study was 
designed to exam the effects of lyrical and non-lyrical music on 
reading comprehension between two groups of students [38]. The 
results showed that although students in the condition of no lyrics 
achieved higher scores on reading comprehension than those in the 
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lyric condition, the difference was not significant. Although music 
features (e.g., genre, tempo, mode, intensity, lyric) were probed and 
controlled in aforementioned experiments, the same background 
music was applied to all participants. It has been recognized that 
the influence of music may differ across people [21], and 
acceptance of listening to background music in digital libraries also 
varies across listeners’ gender, age and music preference  [3]. Thus, 
personalized background music is worthy of consideration in 
further research. 

3 RESEARCH DESIN 

3.1 Reading Task 
In this study, participants were tasked to read nine English passages 
and answer two questions on the content of each passage. The 
passages were selected from academic reading samples from the 
Graduate Record Examinations (GRE) which are considered 
similar to academic content encountered in typical learning 
contexts at the university level. To quantitively gauge the difficulty 
level of the passages, the software, readable.io, was used to 
calculate Flesch-Kincaid Grade Level [15] for each passage. This 
grade is a widely used text readability rating score that measures 
the difficulty level of reading a piece of text against the Grade Level 
of the United States education system. Based on the grade, the nine 
passages were evenly divided into three sub-categories with 
different difficulty levels: easy, medium, and hard. The mean grade 
level and the standard deviation (in parenthesis) of passages in each 
category was: 13.2 (0.35) for easy, 17.4 (0.46) for medium, and 
21.0 (0.47) for hard.  

To minimize possible influence of passage content on users’ 
emotion, the passages were chosen to be emotionally neutral and 
with low arousal. They were selected from a variety of topics 
including archaeology, astronomy, biology, science, literature, 
history and sociology. All of the passages expressed complete ideas 
or meanings and contained similar number of words, with an 
average word count of 218 (standard deviation 9.84). To assess 
participants’ reading comprehension performance, we designed 
two multiple-choice questions (MCQs) for each passage according 
to the method introduced in [16] where one text/fact-based question 
and one inference-based question were designed for each passage.  

3.2 Background Music 
Before participant came to the experiment, they were requested to 
provide a music piece or playlist that they often listened to during 
self-learning (if they tended to listen to background music while 
studying) or a music piece or playlist they would like to listen to 
during passage reading (if they did not tend to listen to background 
music while studying). Before each participant came to the 
experiment, the music provided by the participant was processed 
and standardized. Specifically, the volume of music was 
normalized to range between 65 dB(A) and 75 dB(A) when played 
in the headphone worn by the participants, which was an acceptable 
volume for learning as suggested in the literature [17]. Besides, 

necessary audio effect pre-processing was performed to ensure 
comfortable listening experience such as fading in and fading out 
in transition to the next songs and shortening segments of 
prolonged silence. 

3.3 Procedure 
Before joining this experiment, a pre-experiment questionnaire was 
filled by participants collecting their demographic information, 
self-assessed personal traits, music training, attitude, preference 
and habits on studying with background music. Participants were 
randomly divided into groups with or without background music 
when they read the English passages. When a participant came to 
the experiment, he/she was requested to take an online English test 
LexTale [18] to measure general English proficiency. Before the 
reading task started,  the participant went through a practice block 
under the guidance of the experiment facilitator, which helped them 
become familiar with this experiment.  

The formal experiment consisted of three blocks each of which 
was assigned with three English passages with one in each 
difficulty level. The orders of the blocks were randomized across 
participants for counter-balance. At the beginning of each block, 
participants were requested to answer two questions about their 
current emotion states, one on valence and the other on arousal, 
which were the two dimensions in the Affect Grid [10]. After that, 
all participants were prompted to listen to the self-provided music 
for one minute, without any reading task. After the one-minute 
music, the participants answered the valence and arousal questions 
again. This was to measure the effect of music on participants’ 
emotional changes at rest (without reading). 

During reading, the music continued for the experiment group, 
while for control group, the background was in silence. Upon 
finishing reading each passage, the audio (for the experiment 
group) paused. Three meta-cognition questions on engagement, 
difficulty, and understanding [16] (see more in Section 3.4) were 
presented to both groups. After that, two MCQs on the content of 
the passage were presented and solicited participants’ responses, 
which was for measuring the accuracy of reading comprehension. 
The participants could take as much time as needed read and to 
answer questions. This is to simulate a typical learning context 
rather than that of examinations. Upon completing the MCQs, the 
next passage would start, and (for the experimental group) the 
background music resumed. The order of the three passages in one 
block was randomized across participants for counter-balance.  

After reading three passages, a block was about to finish. 
Participants were asked to answer valence and arousal questions 
again to measure their emotional states after reading. Before 
starting the next block, participants had a break of 2 minutes, to 
help alleviate possible fatigue in the experiment.  

After completing all three blocks of reading tasks, an exit 
interview was conducted. This was to collect participants’ thoughts 
on the experiment, e.g., their attitudes towards study with 
background music, thoughts and feelings on the experiment 
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procedure, the difficulty of the read passages and answered MCQs. 
At the end of experiment, each participant was paid 150 Hong Kong 
dollars as a nominal remuneration. 

3.4 Measures 
The following learner-centered measures were used to answer 
research questions proposed in this study. 

Reading performance was measured by three metrics.  

(a) Reading Accuracy: the percentage of correctly responded 
questions among all questions. As a metric of finer granularity, 
accuracies on text-based and inference-based questions were 
also calculated respectively.  

(b) Passage Reading Time: the time difference between the time 
point when a passage was shown to a participant and the time 
point when the participant pressed the “continue” button which 
indicates completion of reading.  

(c) Question Answering Time: the time difference between the time 
point when a question was shown to a participant and the time 
point when the participant answered the question by hitting the 
designated key on the computer keyboard. 

These three reading performance metrics were in interval scales 
measured for each passage and then aggregated across all passages. 

Emotion during listening to music, before and after reading was 
measured by the valence and arousal questions raised in the 
experiment procedure, corresponding to the following four metrics. 

(a) Music Valence Change & (b) Music Arousal Change: the 
comparison of self-reported valence & arousal levels before and 
after listening to the one-minute music without reading. 

(c) Reading Valence Change & (d) Reading Arousal Change: the 
comparison of self-reported valence & arousal levels before and 
after reading the passages. 

In this study, we followed the method in [8] to operationalize 
the emotional dimensions into two questions with 9-point Likert 
scales. For the valence question, 1 indicates “very unpleasant” and 
9 indicates “very pleasant”. For the arousal question, 1 indicates 
“very calm” and 9 indicate “very energetic”. To measure emotion 
changes, we calculated the aforementioned four metrics in each 
block, and then averaged each metric across the three blocks.  

Meta-cognition was measured based on a self-reported meta-
cognitive scale provided in [16]. In this study, the measures were 
used to examine whether music can reduce students’ perceived 
difficulty or promote engagement and understanding when reading 
passages. Specifically,  the following three self-perceived metrics 
were measured. 

(a) Engagement: how engaged a participant was during reading. 

(b) Difficulty: how difficult a participant thought the passage was. 

(c) Understanding: how well a participant understood the passage. 

Following [8], each of questions was operationalized as a 5-
point Likert scale question, with 1 standing for the lowest rating 
(i.e., not engaged at all, very easy, not understand at all) and 5 
standing for the highest rating (i.e., very engaged, very difficult, 
understand very well). For comparison, we aggregated meta-
cognition ratings across passages and participants in data analysis. 

3.5 Music Characteristics 
 Music characteristics were measured by the following three 
dimensions with eight metrics. It is noteworthy that the background 
music of each participant was a playlist with multiple music pieces, 
as the reading time in each block was longer than most music pieces. 

(a) Acoustic Features  

Rhythm includes 2 metrics, i.e. tempo and rhythm strength.  

o Tempo is represented by number beats per minute. 

o  Rhythm strength refers to the strength of rhythm counted from 
the mean of onset strength.  

Loudness includes 1 metric, i.e. RMSE.  

o RMSE compute the root-mean-square (RMS) energy value for 
each frame from spectrograms [39]. 

Timber includes 3 metrics, i.e. cent, flatness, roll-off.  

o Cent: computes the spectral centroid. The centroid (mean) is 
extracted at each normalized frame of a magnitude spectrogram 
which is treated as a distribution over frequency bins [39].  

o Flatness: computes the spectral flatness. Spectral flatness is a 
measure to quantify a sound how much it is similar to a noise or 
a tone. A high flatness value means the spectrum is close to 
white noise [39].  

o Roll-off: computes the roll-off frequency. The spectral roll-off 
is defined as the frequency which a percentage of the magnitude 
distribution is concentrated and the percentage is generally set 
as 85% [40]. 

(b) Lyric: represents whether and to what extent lyrics exist in the 
background music playlist for each participant. This metric 
includes 3 ranked values: 1 stands for no lyrics in the music 
playlist, 2 for several lyric pieces included in the playlist, and 3 
for all music pieces having lyrics. 

(c) Genre: represents the dominant genre (i.e. the genre appearing 
most often in a participant’s playlist). This study followed the 
genre classification taxonomy in [36] which contains eight 
general music genres: Rebellious (i.e. heavy metal, punk); 
Classical (i.e. piano/organ); Rhythmic & Intense (i.e. hip-hop, 
pop); Easy Listening (country, folk); Electronic; Contemporary 
Christian; Jazz & Blues; Traditional Christian. It is notable that 
the music used in this experiment did not contain music in the 
genres of Contemporary Christian and Traditional Christian. 
Besides, this study added one category named Mix to represent 
the cases where multiple genres appeared in the playlist with 
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roughly equal amount. The genre metric finally consists of 7 
values corresponding to the 7 genre categories. 

It is noteworthy that the acoustic features (i.e., rhythm, loudness, 
timber) were extracted employing a well-adopted audio processing 
library, Librosa [22]. The metrics were all in interval scales. In 
contrast, the other two music characteristics (i.e. genre and lyric) 
were determined by manual coding with a consensus protocol. That 
is, two researchers coded the measures independently, followed by 
discussion between them. Disagreed items were then judged by the 
third researcher and coded by majority votes. 

3.6 User Characteristics 
User characteristics were measured by the following five metrics. 
All of them were collected in the pre-questionnaire, including 
demographic information, music training, background music 
listening habits and personality assessment. 

(a) Gender: it is on a binary scale (Male=1, Female=2) 

(b) Age: participants recruited in this study were from 18-35 years 
old. The original age data were continuous. This study classified 
the data equally into three ranked categories (18-23=1; 24-29=2; 
30-35=3). 

(c) Music Training: it assesses whether the participants have passed 
any graded/qualification exam in music. This metric is on a 
binary scale (No=0, Yes=1) 

(d) Background Music Listening Habits: we followed the method 
introduced in the literature [14] to measure the frequency of 
listening to background music during self-learning/reading. 
This metric is a 5-point ordinal variable (Never=1, Seldom=2, 
Sometimes=3, Often=4, Always=5).  

(e) Personality Traits: we used Ten Item Personality Inventory 
(TIPI) scale to collect participants’ self-assessed personality 
traits [37]. The TIPI contains 10 questions in 7-point Likert 
scales: extraverted & enthusiastic; critical & quarrelsome; 
dependable & self-disciplined; anxious & easily upset; open to 
new experiences & complex; reserved & quiet, sympathetic & 
warm; disorganized & careless; calm & emotionally stable, 
conventional & uncreative. For each question, 1 indicates 
“disagree strongly” and 7 indicate “agree strongly”. 

4 RESULTS 

4.1 Participants 
100 participants (49 males, 51 females) in a comprehensive 
university were recruited in this experiment. All of them were non-
native English speakers. All reported no visual, hearing or learning 
impairment. Participants were divided into experiment group with 
music (50) and control group without music during reading (50). 
Mean age was 25.0 (SD = 4.24) for the experiment group and 22.5 
(SD = 3.88) for the control group. 23 participants in the experiment 
group and 19 participants in the control group had passed 
graded/qualification exam in music. In terms of habits towards 

listening to music during reading/self-learning, experiment group 
answered “like” (19 participants), “neutral” (17) and “dislike” (14), 
while control group answered “like” (17), “neutral” (24) and 
“dislike” (9). Results using Independent sample T test indicates that 
the two groups were comparable in terms of English abilities as 
measured by the LexTale scores (p=.741). The mean and standard 
deviation (in parenthesis) of the LexTale scores of experiment and 
control groups were .707 (.131) and .699 (.119). 

4.2 Effects of Music on Reading Performance 
To answer RQ1, independent sample T test was used to compare 
the three metrics of reading performance between the two groups. 
Metrics include Overall Reading Accuracy, Passage Reading Time 
and Question Answering Time (see section 3.4). The metrics were 
averaged across all passages for each participant. When analyzing 
Accuracy and Question Answering Time, the difference between 
text-based and inference questions were taken into account. To 
control Type I error in multiple comparisons, Benjamini-Hochberg 
procedure was applied [23]. Results of the t-tests, means and 
standard deviation (in parenthesis) of the metrics are shown in 
Table 1. 

Table 1: Results of T-test on Reading Performance 
Metrics Exp Group Ctrl Group p 

Overall Acc .474(.150) .431(.151) .150 
Text Acc .489(.159) .407(.162) .013* 
Infer Acc .460 (.198) .454 (.203) .885 
PasgTime 126.2 (51.6) 106.9 (47.3) .054 

Overall QSTime 30.7 (12.6) 28.6 (10.8) .366 

N=100 (Exp=50; Ctrl=50). *p < 0.05 

As we can see in Table 1, there was no significant difference 
between the two groups on reading accuracy (p =.150), indicating 
that the existence of background music did not cause detrimental 
effects on the overall reading accuracy. Regarding the fine-grained 
Reading Accuracy, a significant difference was found on the 
accuracy of answers to text-based questions (p =.013), suggesting 
that the experiment group (Mean = 48.9%) significantly 
outperformed the control group (Mean = 40.7%) in reading 
accuracy measured by text-based questions. For inference 
questions, there is no significant difference between groups (p= 
.885). Considering the differences of the two types of questions, 
text-based questions may require better memorization and storing 
of information presented in the passage. Therefore, the results seem 
to indicate that participants with their preferred background music 
might have memorized information better than those without 
preferred background music during reading. 

For the time spent on reading the passages, the difference 
between the two groups was just shy of being significant (p = .054). 
The averaged reading time spent by participants in the experiment 
group (Mean = 126.2 seconds) was approximately one fifth 
(18.1%) longer than that of the control group (Mean = 106.9 
seconds). Relating this result and the result that the two groups had 
similar reading accuracy, it could be possible that background 
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music might have added cognitive load of the participants and thus 
they needed more reading time to compensate for it [24]. It could 
also be that participants with background music were more 
comfortable to spend more time on reading the passages, whichmay 
be related to a known function of music in influencing people’s 
temporal perception [19]. 

However, in terms of Question Answering Time, there was no 
significant difference between the two groups (p = .366). This held 
true for the comparison of QSTime across both text-based and 
inference questions (p = .215 and =.613 respectively). It is 
noteworthy that, in order to standardize the condition of question 
answering, there was no music played in background for both 
groups when participants answered MCQs after reading the 
passages. This may be the reason why there was no difference in 
question answering time.  

4.3 Effects of Music on Emotion Change 
To answer RQ2, independent sample T tests were used to compare 
the valence and arousal levels between groups: 1) before and after 
listening to the one-minute music at rest (Music Valence/Arousal 
Change; 2) before and after reading the passages (Reading 
Valence/Arousal Change (see Section 3.4). It is noteworthy that the 
emotion changes for the first block (when neither group had read 
any passage) did not present any significant differences in the 
change of valence ( p =.146) or the change of arousal (p =.179), 
suggesting that the background music from ones’ own choices had 
similar impacts on the mood regulations when initially between the 
two groups. After that, we averaged the differences of the emotion 
changes across the three blocks. Type I error was controlled 
through Benjamini-Hochberg procedure [23]. Results of the t-tests, 
means and standard deviation of the metrics are shown in Table 2. 

Table 2: Results of T-test on Emotion Changes 
Metrics Exp Group Ctrl Group p 

Music_Valence_Change .71 (.99) 1.19 (1.13) .024* 
Music_Arousal_Change .27 (.93) .64 (1.58) .150 

Reading_Valence_Change -1.16 (1.26) -1.68 (1.25) .041* 
Reading_Arousal_Change -.40 (1.14) -1.06 (1.83) .033* 

N=100 (Exp=50; Ctrl=25). * p < 0.05 

It can be seen in Table 2, there was a significant difference (p = 
.024*) between the groups in valence change before and after 
listening to the 1-min music without reading. For both groups, the 
valence changes were positive meaning that participants felt more 
pleasant after listening to music. Besides, the change of valence in 
control group (Mean=1.19) was to a larger extent than the 
experiment group (Mean=.71). It can be explained that the control 
group were not listening to music while reading, but the group were 
listening to the 1-min music at the beginning of each block, and 
thus the music could cause more obvious enhancement to the mood 
in the control group than that in the experiment group. However, 
the two groups did not present significant difference (p =.150) in 
changes in the arousal dimension, which indicates the energy levels 
between the two groups increased for similar levels (Mean = 0.27 
and 0.64 respectively) during music listening (before reading). 

This paper also analyzed emotion changes before and after 
reading. As can be seen in Table 2, there was a significant 
difference (p =.041*) between the two groups in valence change 
before and after reading. For both groups, the means of valence 
changes were negative (Mean = -1.16 and -1.68 respectively), 
meaning participants felt less pleasant after reading, which could 
be attributed to the fatigue effect since the reading materials in this 
study, which were selected from GRE tests, were quite challenging 
for most second-language learners. However, the valence change 
was to a smaller extent in the experiment group than that of the 
control group. It can thus be said that the existence of background 
music played a role in alleviating negative emotions in the reading 
process. In addition, there was a significant difference (p = .033*) 
between groups in the change of arousal. In fact, the arousal levels 
of both groups reduced (Mean = -.40 and -1.06 respectively). This 
result indicates that participants in general calmed down after 
reading, which is not surprising given that reading is a sedentary 
activity. It is still noteworthy that the decrease of arousal in the 
experiment group was less than half of that in the control group, 
suggesting that background music might have helped maintain 
arousal level of the participants [11].  

Combining this finding and those from Section 4.2, we can see 
that, although participants in the experiment group seemed to have 
paid more efforts in reading (i.e., longer reading time) than those in 
the control group, they had more benefit on the emotion aspect. It 
is thus worthy of further investigation in future research whether 
the more reading time spent by participants in the experiment group 
was all about efforts or was there a hedonic factor associated with 
music as suggested in previous studies [20]. 

4.4 Effects of Music on Meta-Cognition 
To answer RQ3, independent sample T tests were used to compare 
the meta-cognitive measures (see Section 3.4) between the two 
groups. The metrics were averaged across all reading passages. 
Results of the t-tests, means and SD (in parenthesis) are shown in 
Table 3. No significant difference was found in meta-cognitive 
metrics between the two groups, indicating that music had little 
influence on self-perceived difficulty of the passage, engagement 
in reading, and understanding level of the content. 

Table 3: Results of T-test on Meta-cognition 
Metrics Exp Group Ctrl Group p 

Difficulty 2.90 (.57) 2.85 (.68) .712 
Engagement 3.26 (.78) 3.12 (.81) .372 

Understanding 3.20 (.54) 3.28 (.64) .503 

N=100 (Exp=50; Ctrl=50). * p < 0.05 

To further investigate RQ4, we ran linear regression with 
stepwise forward selection to predict reading accuracy from the 
meta-cognitive metrics in each group. The reading accuracy were 
measured by all questions, and by fine-grained measures including 
inference-based and text-based questions. Significant variables in 
the prediction models are reported in Table 4. 
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Table 4: Regression on Predicting Reading Accuracy  
Group Accuracy Predictor β t p 

Control 
Overall  

understand 
 

.498 3.982 .000* 
Inference .442 3.415 .001* 

Text .376 2.813 .007* 
Experime

nt 
Overall 

understand 
.351 2.595 .013* 

Inference .393 2.957 .005* 

N=100 (Exp=50; Ctrl=50). * p < 0.05; R2= .248, .195, .142 for the 
three predictive models in the control group; R2= .123, .154 for the 
two predictive models in the experiment group. 

As we can see in Table 4, for both groups, the metrics regarding 
participants’ perceived difficulty and engagement levels during 
reading were excluded in the regression model, meaning these 
metrics did not have predictive power in estimating the reading 
accuracy. However, in terms of self-perceived understanding level 
of the reading content, it was found statistically significant in 
predicting the overall accuracy and the accuracy measured by 
inference questions. Besides, relationship between reading 
accuracy and understanding level in each group was moderate 
positive (coefficient β > 0.3). It is also noteworthy that the 
predictive effects differ between control group (R2=.248) and 
experiment group (R2=.123), suggesting that approximately 24.8% 
of the observed variance in reading accuracy in control group could 
be explained by participants’ self-reported understanding level, 
while that in experiment group was much lower (12.3%). In 
addition, with regard to text-based questions, it is interesting to see 
that in the control group without background music during reading 
the self-reported understanding level was still significant (p =.007*) 
in predicting text-based reading accuracy. In contrast, this was not 
the case for the experiment group (reading with background music). 
It could be inferred that reading under background music could 
have possibly interfered with participants’ perceived understanding 
level, and thus when the participants in the experiment group 
answered text-based questions that required to memorize 
information on the read passages, the self-report understanding 
level seemed less matched to the actual reading accuracy. It is 
interesting to find that although the participants in the experiment 
group seems not quite confident on the understanding level to the 
read content, they got higher score on the accuracy from the text-
based questions (see the result in section 4.2). 

4.5 The Diversity of Background Music 
To assess the diversity of the background music brought by the 
participants, we first visualized the six acoustic metrics, i.e. tempo, 
rhythm strength, RMSE, cent, flatness, roll-off in boxplot, after 
being normalized into the range from 0 to 1 (Figure 1). As we can 
see, the metrics present different distribution. Tempo (one of the 
rhythm features) clusters in the middle values (between 0.4 and 0.6), 
while flatness (one of the timber feature) clusters near lower values 
between 0 and 0.3. Despite aggregating on central regions, the 
metrics also dispersed on the rest areas of the boxplot.  

 

Figure 1. Distribution of Acoustic Features  

For the lyric feature. playlists from nearly two thirds participants 
(N = 63) were with lyrics, indicting a tendency of listening to lyrical 
background music during self-learning/reading. Music brought by 
one third participants (N=31) were  without lyrics. Besides, there 
were a small number of participants (N=6) whose playlist consisted 
of both lyrical and instrumental music, showing that having lyric or 
not was not a criterion for them in selecting  background music for 
learning and/or reading. 

Figure 2 presents the distribution of music genre where the most 
prevailing was Rhythmic & Intense (56%), followed by Classical 
(21%) and Easy Listening (11%). In contrast, the rest genres (i.e. 
Mix, Rebellious, Electronic, Jazz & Blues) only accounted for a 
small percentage each (less than 5%). The distributions of music 
features made it clear that preferences for background music for 
reading differed across participants’. 

 

Figure 2. Distribution of Genre 

4.6 Relationship between Background Music 
Characteristics and User Characteristics 

This section aims to answer RQ4. Under RQ4, three hypotheses 
were formulated in consideration of three characteristics (i.e. 
acoustic features, lyric feature, genre) in the background music: 

H1: acoustic features are related to user characteristics. 

H2: lyric feature is related to user characteristics. 
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H3: genre is related to user characteristics. 

Given that acoustic features were in interval scales, to test H1, 
we calculated point-biserial correlation coefficients for user 
characteristics metrics on binary scales: Gender (Male=1, 
Female=2), and Music Training (N=0, Y=1). We also ran 
Spearman’s correlation on three ordinal variables: Age, Frequency 
of studying with background music, Personality Traits (see Section 
3.6). Results with significant correlations after Benjamini-
Hochberg correction are shown in Table 5.  

Table 5: Correlation between acoustic and user characteristics 
Character Music Feature Coefficient p 

Music Train rhy_str -.229 .022* 
Music Train flatness -.248 .013* 

Age rmse -.228 .022* 
Careless cent .256 .010* 
Careless roll-off .261 .009* 

N=100. * p < 0.05, ** p < 0.01 

As shown in Table 5, music training (a user characteristic) has 
significant and weak negative correlation with rhythm strength (a 
music feature related to rhythm) and spectral flatness (a music 
feature related to timber, indicating how much the sound is tone-
like or noise-like). This result indicates that musically trained 
persons might prefer studying under background music with soft 
light type and less noise-like. Besides, there is also a negative weak 
correlation between age and RMSE (one loudness feature of 
music). In other words, the younger the listener is, the more 
energetic background music he/she is inclined to like to listen to 
during study. In addition, the personality trait careless & 
disorganized had a positive relationship with two music features 
related to timber, i.e. roll-off and centroid. The roll-off is normally 
applied to estimate the quantity of high frequency exists in the 
music, and the spectral centroid is the means of the spectral 
distribution in each frame [40].  Relating to that human hearing 
system is sensitive to moderately high frequency band (i.e., 2 to 4 
kHz8) [41], the result might suggest that a careless person is 
possibly inclined to listen to music centring on relatively higher 
frequency band which is generally more distracting. Nevertheless, 
other two user characteristics (i.e., gender, frequency of studying 
with background music) had no significant correlation with 
acoustic features. Thus, our hypothesis H1 is partially supported.  

Given that the lyric feature was in ordinal scale, to test H2, we 
ran a one-way ANOVA to measure the correlation for categorical 
variable: Gender and Music Training. However, the result 
presented no significant correlation among these metrics (at p < 
0.05 level). Following that, we further ran ordinal least squares (i.e. 
a type of linear least squares method in a linear regression for 
examining the relationship between two or more interval/ratio 
variables) in predicting the lyric feature from the 12 ordinal 
variables: Age, Frequency of studying with background music, and 
10 variables of Personality Traits. Significant variables in the 
prediction models are reported in Table 6. 

 

Table 6: Regression on Predicting Lyric Feature  
Metric Predictor β t p 

Lyric Careless 
Reserved 

.282 2.934 .004* 
-.210 -2.190 .031* 

N=100. * p < 0.05; R2= .113 for the predictive model. 

Two personality traits were found statistically significant in 
predicting the lyric feature: careless and reserved. The correlation 
between lyric feature and careless personality was weak positive (β 
< 0.3), whereas the correlation between lyric feature and reserved 
personality presents weak negative relationship. Besides, the 
predictive power s (R2=.113) indicates that approximately 11.3% 
of the variance in the lyric feature could be explained by self-
assessed personality traits. Other user characteristics had no 
significant correlation with lyric feature. Thus, our hypothesis H2 
is partially supported. 

Given that the feature of genre was in categorical scale, to test 
H3, we ran Pearson’s Chi-Squared tests to measure the association 
between genre and other two categorical variables: Gender and 
Music Training. However, there was no significant association 
between these metrics (Gender: p = .840; Music Training: p = .599). 
Further, we ran multinomial logistic regression to predict the genre 
(categorical metric) from 12 ordinal variables: Age, Frequency of 
studying with background music, and 10 variables of Personality 
Traits. However, the logistic model did not fit significantly better 
than an empty model (p=1.000) indicating that the 12 variables of 
user characteristics could not predict the genre of students’ 
preferred background music. Thus, H3 is not supported. 

4.7 The Role of Music Characteristics 
This section aims to answer RQ5. Under RQ5, three hypotheses 

were formulated in view of the characteristics (i.e. acoustic features, 
lyric feature, genre feature) in background music. It is noteworthy 
that the following analysis  focused on the data from the experiment 
group (N=50), because RQ5 is about the effects of background 
music during reading while participants in the control group were 
reading in silent condition.  

H4: the acoustic features are related to reading performance (i.e. 
reading accuracy, reading time) or emotion changes (i.e. changes 
of valence and arousal during reading). 

H5: the lyric feature is related to reading performance or 
emotion changes. 

H6: the genre feature is related to reading performance or 
emotion changes. 

Given that acoustic features were in interval scales, to test H4, 
we used a series of linear regression to predict reading performance 
and emotion changes from acoustic features. Significant variables 
in the prediction models are reported in Table 7. 

Table 7: Regression on Predicting Emotion Changes  
Metric Predictor β t p 

Reading_Valence _Change RMSE -.350 -2.589 .013* 
N=50. * p < 0.05; R2= .123 for the predictive model. 
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As we can see in Table 7, RMSE (a music feature related to 
loudness) was found statistically significant in predicting the 
change of valence during reading . The significant correlation 
between the two variables is moderately negative (β < -0.3), 
suggesting that loud background music was possible to impair 
students’ pleasantness level when they were involved in academic 
reading tasks [9]. Just as a participant mentioned in the post-
experiment interview: “Although when I was reading especially 
those content I was not interested, music can make me less 
depressed [. However], exciting music will bother me and made me 
less focused.” (Participant #120). In addition, regarding the 
predictive effect (R2), approximately 12.3% of the variance in 
valence change during reading could be explained by the audio 
feature RMSE. The results show that metrics of reading 
performance have no significant correlation with acoustic features. 
Thus, our hypothesis H4 was partially supported. 

Given that lyric feature was in ordinal scale and genre feature 
was in categorical scale, to test H5 & H6, one-way ANOVA was 
applied to measure the correlation between reading performance 
and emotion changes. Boferroni test was used for Post Hoc 
Multiple Comparisons. Table 8 shows the results with significant 
effects. 

Table 8: Effects on Emotion Changes during Reading 
Music Ft Emotion F value Post Hoc Tests 

Lyric Reading_Valence_Change  3.895* without lyric (-0.69) 
vs. with lyric (-1.53) 

* p < 0.05; values in parentheses are mean changes in that 
condition; Music Ft=Music Feature 

From Table 8, we can see that background music with different 
lyric conditions had different effects on emotion change during 
reading (p = .023*). Nonetheless, as the Post Hoc tests indicate, the 
difference of emotion changes during reading between the lyric 
condition and no lyric condition was just shy of being significant 
(p=.079). Specifically, the music piece without lyrics decreased 
valence level for 0.69 scale on average while the piece with lyrics 
decreased valence level for 1.53 scale on average. In consideration 
of the decreased scale, it seems that, compared with music without 
lyrics, listening to background music with lyrics had more negative 
influences in participants’ pleasantness level during reading. In the 
exit interview, some participants stated that the lyric could cause 
mood fluctuations, “In the experiment, the lyric was in my mother 
tongue (Chinese), but what I read were in English. It was indeed 
disturbing, and my mood got irritable.” (Participant #06). However, 
there were also different opinions, “lyrics have little effects on my 
attention. Even if the songs are from my mother tongue, I cannot 
understand more than 50% of the lyrics while listening.” 
(Participant #19). Thus, the insignificant correlation might have 
resulted from differences across participants, reinforcing the 
importance of personalization in selecting background music. 
However, the music pieces with and without lyrics did not show 
significant difference in reading performance, i.e. reading accuracy, 
reading time at p < 0.05 level. This aligned with the results in 
research [38]. In addition, different genre types did not show 

statistical difference in reading performance or emotion changes 
either. Thus, H5 was partially supported, whereas H6 was not 
supported. 

5 CONCLUSIONS, IMPLICATIONS AND 
FUTURE WORK 

This paper reports an empirical study probing the effect of 
background music on reading with a control user experiment. In the 
study, we compared reading performance, emotion changes and 
meta-cognitions between groups of participants with or without 
music during reading. One distinctive design in this research is that 
the background music was provided by the participants as preferred 
by them in the scenario of studying with background music. The 
relationship between user characteristics and music characteristics, 
as well as the effects of music features on reading performance and 
emotion changes were also analyzed. Results demonstrated 
interesting findings. First, studying with preferred music in the 
background did not impair performance in academic reading. On 
the other hand, background music could benefit learners in their 
emotion, through maintaining their valence and arousal levels 
during reading. As for the meta-cognition, self-perceived 
understanding level  was found to be a significant predictor for the 
overall reading accuracy measured by all questions and the 
accuracy measured by inference-based questions in each group. 
However, regarding the reading accuracy measured by the text-
based questions, the understanding level in control group was still 
a significant predictor for reading accuracy, whereas in the 
experiment group the understanding level was not statistically 
significant for prediction. 

In terms of the relationship between music characteristics and 
user characteristics, several significant coefficients were indicated 
between acoustic features (related to rhythm, loudness and timber) 
and user characteristics (including age, music training and 
personality). With regard to the role of music played in the learning 
process, it was found that music with higher loudness and stronger 
intensity could be detrimental to the pleasantness level of students’ 
emotion. Besides, whether the music contains lyrics was found to 
have a significant correlation with emotion changes in the valence 
dimension, whereas the effect seemed to vary from person to 
person. By using participants preferred, personalized music, this 
study revealed findings that are different from existing studies 
using uniformed music. This calls for more research towards 
personalizing background music for facilitating learning. Future 
work is needed to investigate the effects of background on other 
learning tasks involving different cognitive abilities such as 
mathematics learning or writing. It is hoped that this study could 
help inspire more research in the MIR/MDL field to explore 
effective methods in retrieving or recommending suitable music for 
specific users in different contexts that involve learning. 
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