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a b s t r a c t 

Background: The literature shows the effectiveness of music listening, but which factors and what types 

of music produce therapeutic effects, as well as how music therapists can select music, remain unclear. 

Here, we present a study to establish the main predictive factors of music listening’s relaxation effects 

using machine learning methods. 

Methods: Three hundred and twenty healthy participants were evenly distributed by age, education level, 

presence of musical training, and sex. Each of them listened to music for nine minutes (either to their 

preferred music or to algorithmically generated music). Relaxation levels were recorded using a visual 

analogue scale (VAS) before and after the listening experience. The participants were then divided into 

three classes: increase, decrease, or no change in relaxation. A decision tree was generated to predict the 

effect of music listening on relaxation. 

Results: A decision tree with an overall accuracy of 0.79 was produced. An analysis of the structure of the 

decision tree yielded some inferences as to the most important factors in predicting the effect of music 

listening, particularly the initial relaxation level, the combination of education and musical training, age, 

and music listening frequency. 

Conclusions: The resulting decision tree and analysis of this interpretable model makes it possible to find 

predictive factors that influence therapeutic music listening outcomes. The strong subjectivity of thera- 

peutic music listening suggests the use of machine learning techniques as an important and innovative 

approach to supporting music therapy practice. 

© 2019 Elsevier B.V. All rights reserved. 
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. Introduction 

Music listening is a widespread technique used by music ther-

pists in various clinical settings [1–6] . A recent survey adminis-

ered to a sample of music therapists from around the world un-

erlined that 42.7% of these professionals use music listening in

herapeutic interventions [7] . Music listening can be administered
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s self-selected or experimenter-selected music [8] . In the first case

individualized music listening), patients/clients select their pre-

erred music to listen to at various moments, while in the sec-

nd condition, the experimenter selects playlists, considering mu-

ic parameters and structures in relation to therapeutic aims. Mu-

ic listening is mainly aimed at reducing behavioral and psycholog-

cal symptoms, such as agitation, anxiety, stress, or pain. [5,9–15] .

n this light, one of the most frequent and important objectives

f music listening in clinical settings is psychophysical relaxation

deactivation). Relaxation can be defined as an absence of physical

nd emotional tension and stress, a deactivation of the mind that

romotes general wellbeing. We can consider this a possible cross-

utting outcome that involves many clinical areas: pain medicine

16] , hospitalization conditions [5] , psychological symptoms [4,17] ,
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Table 2 

Distributions of the education levels, the musical training and the sex among the 

participants. 

Years of education Musical training Sex 

Number of 

participants 

163 ( > 11 years) 156 (with training) 162 (Females) 

160 (0–11 years) 167 (without training) 161 (Males) 
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behavioral disturbances [9] , etc. The literature has shown the effec-

tiveness of music listening, but what types of music produce which

effects remains unknown, as well as how music therapists can se-

lect music while keeping therapeutic aims in mind. Moreover, the

complexity of music structures and parameters makes it difficult to

find a connection between music elements (rhythm, melody, and

harmony but also intensity, pitch, timbre, etc.) and therapeutic re-

sults [5] . Thus, the relationship between music characteristics and

their effects on therapeutic outcomes has not been thoroughly ex-

plored. In this study, we hypothesized that algorithmic music with

specific characteristics (Melomics-Health music) [18] can activate

neutral music listening, bypassing cultural and aesthetic references

and promoting relaxation and deactivation. Algorithmic music cre-

ates the possibility to study therapeutic music impact using music

structures and parameters created for specific therapeutic aims. 

Many studies have also shown a link between musical styles

and personality [19–23] or cognitive styles [24] . Cultural aspects

were implicitly present, as they influenced the musical tastes of

the participants. In all cases, the therapeutic effects of music were

not considered. Other studies have used machine learning (ML)

techniques: Vempala and Russo [25] studied the link between mu-

sical listening and emotion judgments using various ML meth-

ods, such as (ensembles of) artificial neural networks, linear re-

gression, and random forests. In that study, the relationship be-

tween music listening and therapeutic outcomes remained unex-

plored. The present study compared algorithmic music (based on

sonorous music features aimed at therapeutic effects) and individ-

ualized music listening (based on subjective choices) to find possi-

ble predictivity factors of effectiveness related to these two types

of music listening approaches. For this comparison, we relied on

decision trees: this choice is motivated by the ability of this ma-

chine learning technique in extracting complex relations among

the dependent variables while producing a human-readable model

that can be fully understood by a domain expert. 

This property distinguishes decision trees from other machine

learning methods that provide a black-box-like model. From such

a model, it is impossible (or at least difficult and time-consuming)

to extract meaningful information that can support the domain ex-

perts in their daily activities. 

2. Aims and research hypotheses 

The main aim of the present study was to use ML techniques to

investigate how personal factors (age, sex, education, music train-

ing, preferred music genre, music listening frequency) can pre-

dict/classify the effectiveness of two music listening approaches

(individualized and Melomics-Health music listening) for relax-

ation. We used decision trees, a well-known ML method [26–30] . 

3. Material and methods 

3.1. Participants 

Three hundred and twenty healthy volunteer participants were

recruited and allocated to two homogeneous groups (with and

without musical training or practice) stratified by sex, age and ed-

ucation. Each final subgroup was formally randomized to individ-

ualized or Melomics-Health music listening. Table 1 shows the ac-

tual age distribution of the participants, while Table 2 shows the

distributions of education levels, musical training, and sex. To se-
Table 1 

Age distribution of all the participants to the study. 

Age 0–24 25–44 45–64 65–74 75 + 

Number of Participants 0 109 141 59 5 
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a  

…  

i  
ect only healthy participants, before starting the questionnaire, the

xaminers asked the participants for the presence of any health-

elated problem. Participants with deafness/hypoacusis problems

r severe neurological/psychiatric diseases in the last year and par-

icipants that showed a low level of cooperation/refusal were ex-

luded from the study. 

.2. Measurement instruments 

A discrete VAS with a range of 0 to 10 was used to evaluate the

articipants’ relaxation levels. 

The variation of the relaxation level, obtained comparing VAS

cores before and after music listening, was considered as a depen-

ent variable, with three possible categories (increase, decrease, or

o variation). 

For the classification of music effects, three classes were se-

ected: positive effect (pre-listening relaxation lower than post-

istening relaxation), no effect (no change in relaxation), and neg-

tive effect (a decrease in relaxation). 

.3. Design 

This study is a Randomized Controlled Trial. For each partici-

ant, the information about musical training/practice, sex, age, ed-

cation level, and listening habits were collected as independent

ariables. Fig. 1 summarizes the study’s design and the distribu-

ion of musical training/practice, sex, age (in two categories), and

ducation level, that was planned during the selection of the par-

icipants. 

.4. Procedure 

After randomization, the participants underwent one of the two

usic listening conditions (with earphones) in a state of comfort.

ach music listening session lasted approximately 9 min. In the in-

ividualized music listening group (IMLG), before the experiment,

he researcher asked each subject to select a list of 2–3 preferred

elaxing pieces of music; the only restriction was a total length of

 min at the most. In the Melomics-Health group (MHG) partici-

ants listened to 3 relaxing pieces of music, with a total length of

 min composed by the Melomics-Health algorithm [18] . Melodies

ere composed based on experimenter-selected music parameters

ccording to the therapeutic aim of relaxation and deactivation (for

n example, see the supplementary material in Raglio and Vico,

017) [18] . 

Before and after music listening experiences, both groups com-

leted the VAS related to relaxation and, only before, a question-

aire to collect general information (age, sex, education, musical

raining or practice, music preferences, music preferences and mu-

ic listening frequency) used as independent variables. 

.5. Decision trees 

Given a series {( x 1 , y 1 ),( x 2 , y 2 ),…, ( x n ,y n )} of pairs each made of

n input x i , which might include multiple features (e.g., age, sex,

), and a class y i (e.g., positive or negative effect) called the train-

ng set , a classification task consists in finding a function f that
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Fig. 1. Study design and participants allocation. 

320 = = 

a participants to recruit; 160 = = 

b participants with musical training or prac- 

tice > 3 years and c participants without musical training or practice; 80 = = 

d males 

and e females; 40 = = 

f participants 25–50 years old and g participants 51–75 years 

old; 20 = = 

h participants with 0–11 years of education and i participants with 

> 11 years of education; RDZ = = randomization; 10 = = participants allocated to 

the individualized music listening group (IMLG) and participants allocated to the 

Melomics-Health group (MHG). 
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Table 3 

Distribution of the VAS scores. From left to right: pre-listening relaxation level for 

Melomics Health and for Individualized listening, post-listening relaxation level for 

Melomics Health and for Individualized listening. 

Pre-listening VAS scores Post-listening VAS scores 

VAS 

score 

Melomics 

health 

Individualized 

listening 

Melomics 

health 

Individualized 

listening 

0 1 0 3 0 

1 3 2 1 0 

2 6 4 8 1 

3 13 13 8 1 

4 13 13 10 1 

5 27 32 10 8 

6 37 45 28 21 

7 25 21 30 16 

8 20 22 30 36 

9 10 8 22 37 

10 2 4 7 43 
aps each input to its corresponding class, i.e., f ( x i ) = y i . To be use-

ul, the function f must be able to generalize. That is, given an in-

ut z not in the training set, f ( z ) should be the correct class label. 

In the practice of ML, there are multiple ways of defining such

 function, like Artificial Neural Networks (ANN), Support Vector

achines (SVM), and Decision trees. Among all these methods, de-

ision trees were selected because they are simple to visualize, and

hey allow us to evaluate the importance of each feature in the

nal result. In particular, a variable located near the root of the

ree produces a more important effect on the final result than a

ariable that is close to the leaves of the tree. Such analysis is ei-

her more complex or less informative with other ML methods, like

NN or SVN. 

In decision tree the main idea is that the class label (in our case

onsisting of the relaxation effect of a music listening session) is

etermined by successive choices (or questions) to be performed in

equence and whose answer depends on the value of the features

f the input. We remark that, in contrast to most ML algorithms,

he final product of the learning process can be interpreted and is

ot a black box; i.e., the actual process used to assign a class label

an be understood. Each node of a decision tree is either a leaf

ode (containing the class in which an instance is classified) or an
nternal node, with labeled outgoing edges that cover the entirety

f the values that can be assumed by one of the attributes/features.

n this case, we say that the decision tree splits the data. 

For this study, we used the general learning algorithm for de-

ision trees as follows: Starting with the entire set of participants

i.e., the training set), the first split was chosen by optimizing a

easure (in our case, the minimization of a function of entropy) by

ooking at all the possible attributes and their possible values. In-

uitively, the measure employed to select the split quantified how

well separated” the two resulting sets were while taking into ac-

ount their relative sizes. The splits were performed recursively

i.e., for each of the sets resulting from the first split) with the

emaining samples until one of the stopping criteria was satisfied

e.g., only one class remained, the number of samples was too low,

he maximum depth of the tree was reached, or no further splits

rovided an improvement of the chosen measure). 

After removing records with missing attributes, there were 314

articipants remaining, of whom 219 were used for the training of

he classifier and 96 for testing its performance. To maintain the

elative numerosity of the classes, stratified sampling was used to

ivide the original dataset into training and test sets. In fact, the

hree classes were not equally represented in the original dataset,

hich contained 233 positive samples, 44 samples with no effect,

nd 47 negative samples. 

The tuning of the parameters employed in the construction of

he decision tree was performed by executing multiple tests with a

-fold cross-validation. After the execution of these tests, the com-

ination of parameters that maximized the average accuracy on

nseen samples (validation set) was selected. The resulting set of

arameters consisted of a minimum number of samples per leaf

qual to 3 and a minimum number of samples per internal node

qual to 7. The maximum depth of the tree was 5, with a max-

mum of 14 leaves. The separation criterion employed was “en-

ropy.” The experimental phase was performed using the scikit-

earn Python package version 0.19.2 [31] , which employs a variant

f the CART algorithm described by Breiman et al. [28] . 

The study was approved by the local Ethics Committee (Pro-

ocol Number 2175CE, 11/01/2018), and participants signed an in-

ormed consent form before enrollment. 

. Results 

.1. Subjective responses 

Table 3 shows the distributions of VAS scores for pre and post-

istening relaxation levels in different music listening conditions

Melomics health and individualized listening). In both conditions,
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Fig. 2. The decision tree resulting from the learning process for the participants of the MHG. Each edge is labeled with a subset of possible values for an attribute, and each 

node contains the number of samples considered up to that point in the tree and their distribution among the three different classes. Each leaf node is also labeled with 

the classification choice. (White = = positive effect; Black = = negative effect; Grey = = no effect). 

Table 4 

The feature importance of the attributes considered, sorted in order of 

decreasing importance. The features not appearing in the table also do 

not appear in the tree and have an importance of 0. 

Attribute Feature importance 

Pre-listening relaxation 0.338 

Type of listening 0.243 

Education and musical training 0.139 

Age 0.066 

Listening frequency 0.064 

Classical music as preferred 0.061 

Pop music as preferred 0.045 

Film music as preferred 0.044 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5 

A summary of the results, showing precision, recall, and F 1 score for 

each class. 

Precision Recall F 1 score 

Positive effect 0.83 0.94 0.88 

No effect 0.62 0.38 0.50 

Negative effect 0.60 0.43 0.48 
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the average of the registered scores in the post-listening assess-

ment was higher than in the pre-listening evaluations: Melomics

health pre-listening = = 5.8/post-listening = = 6.5; Individualized

listening pre-listening = = 5.9/post listening = = 8.2. 

4.2. Decision trees 

Table 4 summarized the most significant factors in the predic-

tion of the changes in relaxation level, that, in order of importance

were: a) relaxation level before music listening; b) type of mu-

sic listening (individualized or Melomics-Health music listening);

c) education and musical training/practice combination; d) age; e)

music listening frequency; and f) music genre (mainly classical,

pop, and film music). The decision tree is split in two because the

root node corresponds to the type of listening (individualized or

with Melomics-Health). Fig. 2 shows the case in which the partici-

pants listened to Melomics-Health music and Fig. 3 shows the case

of individual listening. As a general observation, the section near

the top of the decision tree in Figs. 2 and 3 contains the most im-
ortant and significant predictive factors (plus the decision to use

ndividualized listening or Melomics-Health). The section near the

ottom of the tree reports less relevant elements. 

In more detail, in Fig. 2 , the first two splits are performed by

elaxation level and age. The next factor appearing is the educa-

ion level. There, for participants with low levels of education, the

re-listening relaxation level is the most significant factor, while in

he case of higher education, it is superseded by the presence or

bsence of musical training. 

Fig. 3 shows a less complex decision tree, in which the first

plits are on the relaxation levels and the listening frequency, fol-

owed by the musical genre (either pop or another kind of music)

nd by the level of education. 

The results of the test set for the decision tree ( Figs. 2 and 3 )

re summarized in Table 5 . We recall that to assess the quality of

n ML model, its performances should be evaluated on previously

nseen data (i.e., the test set). 

The accuracy of the classifier on the test data is 0.79. The pre-

ision of a class C indicates the fraction of correctly classified sam-

les among the one identified as C . The recall measure of a class

 identifies the fraction of correctly classified samples among all

he ones whose correct class is C . As a combination, the F 1 score is

efined as the harmonic average of precision and recall. All these
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Fig. 3. The decision tree resulting from the learning process for the participants of the IMLG. As in Fig. 2 , each edge is labeled with a subset of possible values for an 

attribute, and each node contains the number of samples considered up to that point in the tree and their distribution among the three different classes. Each leaf node is 

also labeled with the classification choice. (White = = positive effect; Black = = negative effect; Grey = = no effect). 
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easures are better when near one and worse when near zero.

he leaves that produce the highest classification errors ( > 30%) on

he test data are labeled with asterisks in Figs. 2 and 3 . The mis-

lassification errors on the test set are not uniformly distributed

mong the leaves of the decision tree, but most of them can be

raced back to four leaves (highlighted by asterisks in Figs. 2 and

 ). 

Due to the “white box” nature of the decision tree, it is possible

o derive the feature importance, which is the normalized total re-

uction of the measure used to select the split. Therefore, a higher

alue of feature importance corresponds to a higher reduction of

he measure. 

. Discussion 

This research showed how it is possible to find predictive fac-

ors that influence relaxation levels, thus answering the main re-

earch question of this study. 

Among predictive factors, sex and some music genres (other

han classical, pop, and film music) are not displayed. This can be

xplained by participants’ musical preferences oriented to classical,

op, and film music. The influence of other genres on the results

f music listening cannot be excluded if other music preferences

re expressed by participants. 

The leaves where most of the misclassification errors happen

orrespond to situations in which the split (also on the training

et) was not clear. This means that additional factors (not reg-

stered in this study) might explain the errors in those specific
ases. Of particular interest is the leftmost leaf node of the tree,

here the maximum number of classification errors (in both abso-

ute value and in percentage) is reached. In that case, we are con-

idering participants who rarely listen to music, have no musical

raining, have a low level of education, and prefer non-pop music

enres. These participants seem to be less sensitive to music lis-

ening, with the actual relaxation effect of a listening session more

ifficult to predict. These combined factors can be considered com-

on in no-response participants. In fact, listening preferences and

requency seem to indicate that the participants are only rarely ex-

osed to the music they prefer. Another possibility is that partici-

ants show a low level of sensitivity to music, which could be con-

idered an exclusion criterion for music treatment when the target

s increasing relaxation. Additional features could be considered to

urther improve the classification performances. In particular, per-

onality factors might provide additional insight for the cases pre-

enting a higher classification error. 

. Conclusion 

This study shows which factors can influence the relaxation ef-

ect of individualized or algorithmic music listening via ML tech-

iques. The use of ML techniques can potentially be considered an

mportant and innovative methodological approach in the field of

usic therapy to overcome the strong subjectivity of music listen-

ng choices. Thus, ML seems to be an important new supporting

ool for music therapy intervention; ML methods can provide mu-

ic therapy professionals with very important (though not strict)
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suggestions for music listening choices by identifying possible pre-

dictive factors of therapeutic success. Further studies, also in clini-

cal settings, will be needed to validate these findings and methods.
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