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ABSTRACT

In this study it was researched whether there are features of music that have an influence on
music being perceived as human made or computer generated, and if they exist, which musical
features they are. There were multiple features that had significant results. These features
followed three main themes: repetition, tonality, and pitch change. Melodies with more
repetition, less tonality, and little change in pitch were deemed more artificial. If someone wants
to create an artificial composer which generates human-sounding music, it might be useful to

pay attention to these three features.



INTRODUCTION

In the last years, many researchers and scientists have tried to create an artificial composer
that creates enjoyable music. To achieve this, a wide variety of Al techniques were used. There
are three main techniques within Al that are used to generate music: Knowledge- and rule-
based systems, optimization systems, and machine learning systems (Fernandez et al., 2013).
Rule-based systems use a set of rules or constraints, which are used to construct a song or
melody. Optimization systems, which are also called evolution systems, use a heuristic to
evaluate different songs. They start with a set of randomly generated songs, which are
evaluated. The best songs (according to the heuristic) are taken and copied multiple times, but
each time with a slight alteration. These songs are again evaluated, and this process is
repeated, for a certain amount of iterations, or until the songs do not get any better. Machine
learning systems use a certain model which can be trained, for example Markov Chains or
Neural Networks. These models have nodes and weights between nodes, which can be
“trained” by giving the models a training set of songs. Once they have been trained, they are
able to generate their own songs, imitating the style of the training set.

There are not only different ways to generate songs, but researchers also have different
goals with the music they generate. The different systems researchers create can be put in
one of three groups, each with its own goal. These groups are: programs that focus on
Composition, those that focus on Improvisation, and those that focus on Performance (De
Manteras & Arcos, 2002). The first group of programs, those that focus on composition, create
a composition, most of the times displayed as either a score or a midi-file. These compositions
are made from the ground up (although most of the time they do follow a certain style of music
or composer), and are not made to be played by the artificial composer itself, but by human
musicians. The systems that focus on improvisation use a song as their basis, which is then
altered, to create a song that is a variation on the original song. This creates improvisations
based on the original song. The last group, performance, focuses on generating music from
the ground up, much in the same way as the composition systems, but performance songs are
meant to be played by the artificial composer itself. The music it plays should sound good and
expressive, and to a further extent, human-like.

To create an artificial composer that generates enjoyable music, the creators need to
know what makes music enjoyable. There has been extensive research into this area. For
example, Baars (1998) has shown that most neurons receiving auditory stimuli show an effect
called habituation. This means that when neurons repeatedly get the same stimuli, their firing
rate will drop. Following this study, research has found that music which has alterations in

rhythm, pitch and loudness is considered more interesting by most people (De Manteras &



Arcos, 2002). People use the results from studies in this area to improve their artificial
composers, with the goal to generate better sounding music.

Some people do not only want to generate music that is enjoyable, but music that
cannot be distinguished from human-made music. The research into what makes music
enjoyable has not studied whether the same features also makes it sound human-made. What
makes music sound human-made might be caused by entirely different features. | have not
been able to find any research into this topic. If someone wants to create a music generation
system that produces human-sounding music or music which people cannot differentiate from
human music, which features should he focus on? Which features of music have the greatest
influence between music being perceived as human made or computer generated? This is the
guestion | have tried to answer in this study.

These features could be used in music-generation programs. Certain people want their
programs to produce human-like music. If that is their goal, it is useful if they know what
determines this humanness in music. This study will provide a nhumber of features on which
these programs can focus. It is also interesting to look at this from a cognitive point of view.
The features that are found in this study tell us how humans think computer-generated music
sounds. This information provides an insight in what humans believe artificial composers are
capable of and what they believe artificial composers still lack in. Since artificial composers
are a part of Al, the results of this study could potentially increase our understanding of how
humans perceive Al in general.

To find the features that influence whether songs are perceived as human-made or
computer-generated, a regression analysis is needed on a music database of which is known
what features define the individual songs, and whether these songs are perceived as human-
made or computer-generated. The music database that has been used is the “RWC music
database (Popular Music)” (Goto, M., 2002). To find the features that define these songs, a
toolbox in the language R was used, named FANTASTIC (Mullensiefen, 2009). This toolbox is
developed for the purpose of music analysis. There will be a full explanation of the FANTASTIC
toolbox after the methods section. To find whether the songs are perceived as human-made
or computer-generated, an experiment was needed. In this experiment the participants had to
categorize the songs. They were asked if they thought the songs were made by a human
composer or by an artificial composer. Once this was both known, it was possible to analyse
the data and see which features correlate with the human/atrtificial ratings. This results in the
features that have the greatest influence between music being perceived as human made or

computer generated.



METHODS

The experiment had 26 participants in total (13 men and 13 women). Their age ranged from
19 to 59 years old. The majority of the participants were students at Radboud University
Nijmegen, with an age ranged from 19 to 25. Of these 26 patrticipants, 10 participated in the
pilot experiment. Since only one thing changed between the pilot experiment and the actual
experiment, being the number of melodies listened to, the data of the pilot experiment was
included in the final results. In the pilot the participants listened to 15 melodies, and in the
actual experiment, they listened to 20 melodies.

In the experiment, songs from the “RWC Music Database (Popular Music)” were used
(Goto, M., 2002). From the songs in this database, the melodies that occurred more than once
were extracted and saved as midi-files. This was done by Makiko Sadakata. 40 melodies were
selected to be used in the experiment. These melodies were all altered to have the same
tempo, 100 bpm, the same MIDI-instrument, acoustic guitar, and around the same average
pitch. To achieve the same average pitch over all melodies, every melody was lowered or
raised in half-note steps, until the average pitch seemed to be around the note G4, denoted by
the G clef. This was not done very exact, since the goal was to remove big differences in pitch,
not small ones. In addition to these changes, the length of any file that was deemed too long,
being more than 20 seconds, was cut down to 15-20 seconds. The cut was made at a logical
place within the melody to maintain a normal ending to the melody. All these alterations were
done to standardize the database and keep it as simple and clean as possible, reducing the
amount of factors playing a role within the music. The alterations were made with the program
Musescore 2 (Schweer, 2015).

The experiment was conducted in a closed, silent space, with the participants facing
the wall. The questionnaire was answered using mouse and keyboard on a laptop. The
participants wore headphones.

The experiment started with a textual and verbal explanation of the experiment, in which
was stated that they had to listen to 20 different melodies (15 in the pilot), of which half were
made by humans and half by an artificial composer. It was stated that they had to answer three
guestions per melody, concerning how artificial, how familiar and how natural it sounded. It
was also made clear that there were some extra questions at the end of the experiment, and
that the melodies were all played as a midi-file with the same midi-instrument, meaning only
the melody itself changed.

After this explanation, the participants had to answer three questions, for one melody
at a time. The 20 melodies were randomly picked from the 40 total melodies used in the
experiment, and the presentation order was shuffled. The first of the three questions was

whether the participant thought the melody was made by a human or a program. There were



6 possible answers: Three answers saying it was human, three answers saying it was a
program. Within each of the three answers there was a distinction on how strongly the
participant believed he was right. The second and third question asked whether the participant
thought the melody was natural and whether they thought it was familiar. They were asked
after familiarity to see if a song that was familiar would give off a more human response. They
were asked after naturalness as a backup to the main question. Per question there were three
possible answers: not natural/familiar, neutral, natural/familiar. The answers to the questions
were saved. The amount of time spent answering the question and how many times the melody
was listened to was also saved. Before the participant could go to the next melody, they had
to answer all questions, and listen to the melody at least once.

After answering these questions for all melodies, there were more questions covering
general demographic information consisting of the age, gender, and musical knowledge of the
participant, and how well they thought artificial composers could compose music compared to

humans.

FANTASTIC ANALYSIS

To analyse the song database, the toolbox FANTASTIC (Mullensiefen, 2009) was used. This
toolbox is developed in the language R. The aim of the program is “to characterise a melody
or a melodic phrase by a set of numerical or categorical values reflecting different aspects of
musical structure” (Mullensiefen, 2009). With the program you can analyse a database of Midi-
songs and find out which features of music define the database. Since the FANTASTIC toolbox
analyses more than 80 different features, on which all songs score a different score, it is difficult
to see the bigger picture in it. That problem can be solved by using a Principal Component
Analysis (PCA). A PCA creates Principal Components (PCs), which describe a part of the
variance of the complete dataset. They are correlated with all features, and describe the
variance captured in the features they highly correlate with. Most of the time, these PCs
correlate with features that have to do with the same subject, for example tonality or variation
in pitch, making it easier to interpret the results.

There are two terms that are often used within the different features FANTASTIC
analyses, which need some explanation. The first of these two terms is an m-type. An m-type
is a small group of notes. Melodies contain multiple m-types, as shown in figure 1. The groups

of four notes, shown by the red, green and blue brackets, are all different m-types, meaning
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figure 1 — melody from RWC database, with m-types shown using coloured brackets.



that m-types within a melody can overlap. There can be multiple instances of one m-type in a
melody, shown by the two red brackets. M-types can have different lengths. In figure 1 only m-
types of four notes are shown, but m-types can contain three to six notes. These m-types are
used for many different features, but most of them have to do with some form of repetition.
The second term is corpus. The corpus is the set of all melodies that are analysed. For
some features attributes of a melody are compared with the same attributes of the other
melodies within the corpus, to see if the melody shows normal or abnormal behaviour in that

attribute.
RESULTS
The answers on the main question of the experiment were encoded as the following scores:
Human Probably Maybe Human Maybe Probably Program
Human Program Program
-3 -2 -1 1 2 3

The results from the experiment show that there is a big diversity among the melodies. Some
received a very strong negative (human) score and some receive a strong positive (computer)
score. In figure 2 the mean scores of all melodies are plotted in a line graph, with the most
human songs at the left and the most artificial songs on the right. The melodies are sorted.

This big diversity among the melodies is useful in further analysis.

Mean Human-Computer Scores

2,5

1,5

o

Human - computer

-2,5
Melodies

figure 2 — Mean Human-Computer Scores



When the data was gathered, the first analysis was to see if there was a correlation between
the three questions of the experiment. There was a negative correlation between familiarity
and computer-human (r = -.39), meaning that melodies which were seen as familiar were more
often seen as human than melodies that were not seen as familiar. There was a strong
negative correlation between naturalness and computer-human (r = -.76), meaning that
melodies which were seen as natural were much more often seen as human than melodies
that were not seen as natural. Both correlations were highly significant (p < .0001).

The second analysis that was done was a Fantastic analysis of the melody database.
From this analysis it became clear which features were most important within the database.
The results from this analysis were used together with the results of the experiment in the
regression analysis. In this analysis a PCA was done, creating 9 PCs. The PCs are written
below in order of most important to least important in the amount of variance they explain (see
table 1). It was known how strong every PC correlated with every melody in the database. The

complete data from the Fantastic Analysis can be found in the Appendix.

MR2: repetition of m-types.

MR4: The correlation between speed and change in pitch.

MR1: repetition of m-types in relation to the corpus.

MR7: the amount of change in note duration (in combination with actual note length).
MR5: The amount of change (variation) in pitch.

MR3: Combination between amount of change in pitch interval and the repetition of (unique)

m-types.
MR6: The tonality of the melody: how much it adheres to a musical scale.
MR9: The likelihood to find this range of note durations in relation to the corpus.
MR8: The number of unique m-types in a melody.

MR2 MR4 MR1 MR7 MR5 MR3 MR6 MR9 MR8
Proportion 0.114 0.105 0.101 0.082 0.074 0.062 0.057 0.042 0.042
Var

Cumulative | 0.114 0.219 0.320 0.402 0.476 0.538 0.596 0.637 0.679
Var

table 1 - Variance explained by PCs



With both the computer-human ratings of the participants on the melodies, and the correlations
between the PCs and the melodies, it is possible to do a regression analysis to see if any of
the PCs have a significant influence on the Computer-Human ratings of the participants. This
analysis gave the following results (table 2). The last column gives the p-value of each principal
component. Four principal components had a significant influence on the Computer-Human

ratings. These components are MR2, MR3, MR6, and MR8, respectively.

Estimate Std. error z-value PR(>|z|)
(Intercept) -0.21188 0.14085 -1.504 >0.1 (0.1325)
MR1 0.01958 0.11305 0.173 >0.1 (0.8625)
MR2 -0.28176 0.11058 -2.548 <0.05 (0.0108)
MR3 0.51157 0.10771 4.750 <0.001 (2.04e-06)
MR4 -0.02801 0.10384 -0.270 >0.1 (0.7874)
MR5 -0.09370 0.10986 -0.853 >0.1 (0.3937)
MR6 0.29025 0.10433 2.782 <0.01  (0.0054)
MR7 0.18851 0.10522 1.791 <0.1 (0.0732)
MR8 0.37726 0.09665 3.903 <0.001 (9.49e-05)
MR9 0.03854 0.10307 0.374 >0.1 (0.7084)

table 2 - results regression analysis

DISCUSSION

In this study | researched whether there are features of music that have an influence on music
being perceived as human made or computer generated, and if they exist, which musical
features they are.

To answer this question, a regression analysis was done, and from the results of the
regression analysis | conclude that the differences between human-perceived songs and
artificial-perceived songs can be explained by certain musical features. These features are
described by the four significant principal components. These components encompass four
features:

The first significant component, MR2, encompasses the amount of repetition within a
song. It looks at the entropy (unpredictability) within a song, at the amount of m-types (see
“Fantastic Analysis” for definition) that only occur once in a song, and the amount of repeating
m-types. The less unique m-types and the more repeating m-types there are, the more likely
it is the melody is classified as computer-generated.

The second significant component, MR3, is hard to interpret. It seems to encompass
two things: The amount of pitch change within the melody, and the amount of unique m-types
in relation to the corpus. It seems that within this database there is a correlation between the

two features, otherwise they would not be placed within the same principal component. The



pitch change is quite simple to explain: it looks at the steps in pitch made between two adjacent
notes. The smaller the average of these steps is, the more likely the melody is classified as
computer-generated. The second part is interesting. This looks at repeating m-types within the
song, but also looks for this m-type in the entire corpus. When a melody has many repeating
m-types, and these m-types are little found in the entire corpus, it will score high for this feature.
When a melody scores high for this feature, it is more likely it is classified as computer-
generated.

The third significant component, MR6, encompasses tonality. It sees how much a
melody adheres to a musical scale. It scores high if a melody adheres to one of the 24 major
and minor scales known in western music. When a melody scores low for this component, it is
more likely it is classified as computer-generated.

The last significant component, MR8, encompasses unigueness within a song. A
melody scores high on this component if it has many “unique” m-types, meaning m-types that
occur only once in the melody. The less unique m-types there are in a melody, the more likely
it is the melody is classified as computer-generated.

These combination of these components encompass most FANTASTIC features that
have to do with repetition and tonality, and a few features that have to do with pitch change:
only those that look at the steps in pitch made between two adjacent notes. It boils down to
three main themes: repetition, tonality, and pitch interval. Within this database of melodies,
those with more repetition, less tonality, and little change in pitch were deemed more artificial.

It is also worth mentioning that songs that seem familiar are generally categorized more
as human than songs that do not seem familiar. Even though the effect was not very strong, it
was present. This could be a distracting factor in this experiment.

Clear and significant results were found in this study, using a database of simple
melodies. All melodies used were monotonic, playing only one note at a time, meaning that
there was no harmony in the melodies. It would be interesting to see if a similar study using
more complex music would find similar features to this study. It would also be interesting to
see if new features can be found, concerning harmony, for example. So for further research |
suggest making the songs that are studied more complex, starting with adding harmony to the
music. This will give a more realistic view on the matter, since more complex music is more
like the music we listen to everyday. The main problem with complex music is that it is harder
to analyse the features that define it. To analyse the same features in harmonious music,
different, and in most cases more difficult, algorithms are needed to take the harmony into
account. But it also opens up the possibility of new features concerning harmony. Another
possible problem with more complex music is making it believable that it is created by an

artificial composer. Even in this research, with monotonic midi-melodies, there was a general



tendency towards thinking it was made by humans. | believe it will be hard to keep this
tendency small.

Another possible change to the music database is the length of the songs used. The
melodies used were short, so there is little in the way of looking at transitions within a song. |
believe that interesting features may be found if the complete structure of a song is taken into
account, instead of only a part of the melody.

CONCLUSION

This research has shown that there is a significant correlation between a song being seen as
human or artificial, and the amount of repetition, tonality, and pitch interval in that song. It is
generally thought that repetition and atonality make music sound artificial. This research
solidifies this standpoint. Although this research has clear and significant results, the main
shortcoming is that the music used is very simple. The music that is listened to in everyday life
is much more complex than the music used in the experiment. So, although this experiment
most likely has some parallels with everyday music, it is not certain. The results from this
research can be used by researchers that want to create an artificial composer, if they want to
make the music sound less artificial. This research also solidifies the view that most people
already have: the view that repetition and atonality make music sound artificial.
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APPENDIX

MR2
Proportion  0.114

Var

Cumulative 0.114

Var

MR4
0.105

0.219

MR1
0.101

0.320

Full results FANTASTIC Analysis:

Features

mean.entropy
mean.productivity
mean.Simpsons.D
mean.Yules.K
mean.Sichels.S
mean.Honores.H
p.range

p.entropy

p.std

i.abs.range
i.abs.mean
i.abs.std

i.mode

i.entropy

d.range

d.median

d.mode

d.entropy
d.eq.trans
d.half.trans
d.dotted.trans

len

glob.duration
note.dens
tonalness
tonal.clarity
tonal.spike
int.cont.grad.mean
int.cont.grad.std
int.cont.dir.change
step.cont.glob.var
step.cont.glob.dir
step.cont.loc.var

MR1
-0.08
-0.04
0.26
0.27
0.01
-0.15
0.14
0.17
0.04
-0.16
0.14
-0.08
0.25
0.18
0.24
-0.01
-0.21
-0.22
0.27
-0.08
-0.38
-0.56
-0.43
-0.26
-0.13
-0.24
-0.1
0.09
-0.01
0.05
0.01
0
-0.23

MR2
0.93
0.95

-0.79

-0.73

-0.88

-0.09
0.21
0.16

-0.02
0.24

-0.19
0.23
0.25
0.07
0.22
0.07

-0.18
0.09
0.06

-0.38

-0.02

-0.32

-0.16

-0.2
0.21
-0.02
-0.01
0
0.11

-0.07

-0.09
0.13

-0.32

MR7
0.082

0.402

MR3
-0.04
-0.08
0.05
0.09
0.02
0.31
0.12
0.21
-0.22
-0.44
-0.41
-0.74
-0.03
0.06
-0.15
-0.05
-0.12
0.01
-0.09
0.28
0.07
0.19
0.24
0.03
0.05
0.4
0.02
-0.11
-0.26
0.21
-0.13
0.07
-0.14
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MR5
0.074

0.476

MR3
0.062

0.538

MR6
0.057

0.596

Principal Components

MR4
-0.15
-0.17
-0.1
-0.1
-0.02
0.19
0.05
0.11
0.1
0.25
0.28
0.24
0.2
0.32
-0.28
-0.71
0.04
-0.14
0.17
0.05
-0.45
0.47
-0.38
0.81
0.01
0.01
-0.02
0.85
0.79
0.48
-0.08
0.45
0.49

MR5
0.05
0.04
0.04
0.04

-0.06
0.01
0.76
0.75
0.87
0.25
0.33
0.19
0.33
0.35

-0.16
0.08

-0.02
0.03

-0.04
0.01

0.1
0.05
0.04
0.04
0.47

-0.03

-0.1
0.19
0.14

-0.13

0.9

-0.05
0.27

MR6
0.04
0.09
0.17

0.2
-0.1
0.18

-0.21

-0.15

-0.02

-0.33
0.26

-0.04
0.32
0.08

-0.22
0.28
0.14

-0.16
0.01

-0.03

-0.13

-0.28

-0.28

-0.04

0.6
0.66
0.85

0

-0.06

-0.16

0.1
0.39
0.03

MR9
0.042
0.637

MR7 MRS

0.15 0
0.08 -0.04
0.12 -0.27
0.13 -0.33
0.11 -0.04
-0.15 -0.64
0.17 0.06
042 0.01

-0.01 0

-0.04 -0.09

-0.02 0.03

-0.02 -0.14

-0.14 0.12

0.11 0.02
034 0.06
0.09 0.21
0.73 -0.14
0.83 0.06
-0.78 -0.28
-0.01  0.49
0.35 -0.11
-0.18 -0.09
-0.38  -0.03
0.17 -0.11

0.3 0.03
0.05 0.14
0.05 -0.13

-0.01 0.16

-0.01 0.13

022  0.23

-0.11 -0.08

0.03 0.2

-0.34  -0.02

MR8
0.042

0.679

MR9
0.11
0.12

-0.01

0

-0.12
0.12
0.24

-0.07
0.02

0.2
0.44
0.22

-0.08
0.51
0.59
0.18
0.24
0.22

-0.08
0.04
0.07
0.11
0.37

-0.21

-0.26
0.21

-0.09
0.06
0.03

-0.08

-0.06

-0.02
0.35



dens.p.entropy
dens.p.std
dens.i.abs.mean
dens.i.abs.std
dens.i.entropy
dens.d.range
dens.d.median
dens.d.entropy
dens.d.eq.trans
dens.d.half.trans
dens.d.dotted.trans
dens.glob.duration
dens.note.dens
dens.tonalness
dens.tonal.clarity
dens.tonal.spike
dens.int.cont.grad.mean
dens.int.cont.grad.std
dens.step.cont.glob.var
dens.step.cont.glob.dir
dens.step.cont.loc.var
dens.mode
dens.h.contour
dens.int.contour.class
dens.p.range
dens.i.abs.range
dens.i.mode
dens.d.mode

dens.len
dens.int.cont.dir.change
mtcf.TFDF.spearman
mtcf.TFDF.kendall
mtcf.mean.log. TFDF
mtcf.norm.log.dist
mtcf.log.max.DF
mtcf.mean.log.DF
mtcf.mean.g.weight
mtcf.std.g.weight
mtcf.mean.gl.weight
mtcf.std.gl.weight
mtcf.mean.entropy
mtcf.mean.productivity
mtcf.mean.Simpsons.D
mtcf.mean.Yules.K
mtcf.mean.Sichels.S

0.35
-0.07
0.39
-0.12
0.26
-0.41
0.24
-0.25
0.01
-0.18
0.46
0.28
-0.13
-0.04
0.28
-0.09

0.18
0.24
-0.15
0.14
0.22
0.01

-0.12
-0.32
-0.21
0.15
0.28
-0.09
-0.09
-0.12
0.44
0.42
0.04
0.78
-0.78
0.42
-0.26
0.1
-0.83
-0.8
0.84
0.82
0.64

0.12
-0.03
0.12
0.21
0.17
-0.22
-0.06
0.21
-0.26
-0.02

0.14
-0.19
0.17
-0.1
-0.09
0.06
0.02
0.09

0.24
0.2
-0.11
-0.14
-0.04
0.13
0.2
0.12
0.11
0.04
0.8
0.81
0.25
-0.28
0.32
-0.16
0.14
-0.32
-0.87
-0.94
0.25
0.04
-0.28
-0.22
0.09

0
0.15
-0.06
-0.66
0.2
0.1
0.05
-0.05
0.18
0.15
-0.08
-0.22
0.09
-0.15
-0.35
-0.06

-0.27
0.07
-0.03
0.09
-0.07
-0.07
-0.04
0.11
-0.08
-0.43
0.19
0.23
0.07
0.09
0.07
-0.38
-0.39
0.52
0.25
-0.26
0.08
-0.13

-0.03
-0.21
-0.04
0.01
0.04
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0.03
0.14
0.32
0.2
0.48
0.16
0.45
0.09
0.02
0.25
0.37
0.43
0.82
0.15
0.09
-0.08
0.72
0.46
0.1
0.52
-0.21
-0.26

-0.51
-0.4
0.15
0.05
-0.11
0.18
0.01
0.15
0.14
-0.24
-0.41
0.24
-0.27
0.27
-0.47
0.2
0.03
0.1
-0.09
0.06
0.12
0.26

0.4
-0.68
-0.12

0.11

0.16
-0.16
-0.14
-0.09
-0.08
-0.16
-0.17
-0.06
-0.45

0.26
-0.14
-0.12
-0.08
-0.85
-0.02
-0.22
-0.11
-0.11

0.14

0.48
-0.27
-0.21

0.03

0.23

0.17

0.01

-0.1
-0.05
0.06
-0.01
0.01
0.01
-0.01
0.05
-0.01
0.04
0.07
0.08

-0.07
0.04
0.19

-0.18
0.14
0.05

-0.51

-0.21

0.1
0.22
0.4
0.15
-0.12
-0.2

-0.38
0.81
0.22

-0.24
0.04
0.23
0.02
0.09

-0.07
0.16
0.05

-0.16

-0.11

-0.19
0.18

-0.01

-0.09

-0.07
0.25
0.15

-0.25

-0.2
0.2
-0.1

-0.09

-0.04
0.04
0.17
0.01

-0.03

-0.17

0.44
0.19
-0.04
0.06
0.46
-0.27
-0.16
0.68
0.83
0.37
-0.3
0.61
-0.05
0.21
-0.02
0.02
0.12
0.44
0.07
0.08
0.21
0.19
-0.15
0.15
-0.06
-0.09
-0.08
-0.73
-0.11
0.18
-0.06
-0.06
0.32
0.34
0.11
0.06
-0.05
0.33
-0.03
0.01
0.24
0.28
-0.07
-0.09
-0.17

0.14
0.01
0.07
0.02
-0.18
0.12
-0.22
-0.15
0.2
-0.15
0.11
0.02
-0.13
-0.19
-0.26
-0.12
-0.04
0.24
0.08
0.48
0.14
-0.19
0.36
-0.02
0.29
0.23
-0.32
0.15
-0.29
-0.44
0.14
0.13
0.23
0.18
0.41
0.02
-0.01
0.18
0.24
0.14
-0.01
0.05
0.02

0.21

-0.33
-0.06
0.16
0.19
-0.01
-0.63
-0.08
-0.09
-0.03
0.08
-0.03
-0.26
-0.11
-0.06
-0.33
0.01
0.24
-0.22
0.08

-0.46
0.01
0.28
0.08

-0.16

-0.18

-0.22

0.1

-0.09

-0.44

-0.24

-0.23

-0.11
0.09

-0.03

-0.04
0.03

-0.07

-0.03
0.02
0.07

-0.06
0.12
0.15
0.15



mtcf.mean.Honores.H -0.38 0.02 0.05 0.11 0.24 0.04 -0.06 -0.39 0.26

mtcf.TFIDF.m.entropy -0.21 0.73 044 0.12 -004 -0.13 -0.17 -0.11 -0.05
mtcf. TFIDF.m.K 0.18 0.24 0.8 01 -011 0.01 0.03 -0.16 0.06
mtcf. TFIDF.m.D 0.29 027 077 004 -0.13 003 0.04 -0.14 0
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