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Abstract

We address the question of the extent of the effect of Instrument, Harmonic Motion, and Voice on
the listeners’ choices of whether the music is classical or popular. We examine data on the choices of
listeners at the University of Pittsburgh collected by Jimenez and Rossi (2012). We proceed with our
analysis by utilizing the multi-level model to analyze each subject separately in random effects. From
our analysis, we found that the experimental factors, Voice Leading, Harmonic Motion, and Instrument,
all affect Classical and Popular ratings in different ways. In our analysis, Voice Leading helps listeners
detect Popular music while Harmonic Motion and Instrument help listeners detect Classical music. Some
suggestions for future studies are to get a wider variety group of subjects for a more unbiased study, and
have background information on subjects to understand why they made their choices.

1 Introduction

When listening to music, most listeners do not think deeply about the way music is made and what contributes
to what they are listening to. Although we may be listening to our everyday playlist without much thought,
much effort goes into the music we listen to, whether that is the instruments or voices. There are many
ways to detect music, but in our case, we are interested in the way instrument, harmonic motion, and voice
assist listeners in discerning the type of music played. In particular, we are interested in whether listeners
can identify more with popular music or classical music when given these factors.

This study explores the depth of which experimental factor, or combination of the three factors, have the
strongest influence on ratings of classical and popular music. We are given 27 variables from the original
dataset that all contains the information needed to understand how they relate and affect the two ratings.
In addition to to answering the main question above, we will address the following questions:

• Does instrument exert the strongest influence among the three design factors (Instrument, Harmonic
Motion, Voice Leading), as the researchers suspect?

• Among the levels of Harmonic Motion does I-V-VI have a strong association with classical ratings?
Does it seem to matter whether the respondent is familiar with with one or the other (or both) of the
Pachelbel rants/comedy bits?

• Among the levels of Voice Leading, does contrary motion have a strong association with classical
ratings?

• Are there differences in the way that musicians and non-musicians identify classical music?

• Are there differences in the things that drive classical and popular ratings?

The data was collected by Ivan Jimenez and Vincent Rossi in 2012 at the University of Pittsburgh.
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2 Methods

The study was conducted by asking 70 undergraduates from the University of Pittsburgh to listen to 36
musical stimuli each and have them rate how classical and popular the music sounds, both on a scale from
1 to 10 (Variables described later in this section). The two rating scales are said to be independent, as a
musical piece can be rated as both popular and classical, neither popular nor classical, or mostly popular
and not classical, or vice versa. In our given data, we have 2520 observations as each listener had 36 musical
stimuli, and the following are the variables in this study:

Classical = 1 to 10: 1 = not at all, 10 = very classical sounding

Popular = 1 to 10: 1 = not at all, 10 = very popular sounding

Subject = Unique subject ID

Harmony = Harmonic motion: I-V-VI, I-VI-V, I-V-IV, IV-I-V

Instrument = Instrument: String Quartet, Piano, Electric Guitar

V oiceLeading = Voice leading: Contrary Motion, Parallel 3rds, Parallel 5ths

Selfdeclare = Are you a musician?: 1-6 (1 = not at all)

OMSI = Score on a test of musical knowledge

X16.minus.17 = Auxiliary measure of distinguishing classical vs. popular music

ConsInstr = Concentration on instrument while listening: 0-5 (0 = not at all)

ConsNotes = Concentration on notes while listening: 0-5 (0 = not at all)

Instr.minus.Notes = Difference between previous two variables

PachListen = Familiarity with Pachelbel’s Canon in D: 0-5 (0 = not at all)

ClsListen = How much do you listen to classical music?: 0-5 (0 = not at all)

KnowRob = Heard of Rob Paravonian’s Pachelbel Rant: 0-5 (0 = not at all)

KnowAxis = Heard of Axis of Evil’s Comedy of 4 Pachelbel chords in popular music: 0-5

X1990s2000s = Listen to pop and rock from 90’s and 2000’s?: 0-5 (0 = not at all)

X90s00s.minus.60s70s = Prev minus variable referring to 60s and 70s

CollegeMusic = Have you taken music classes in college? (0 = no, 1 = yes)

NoClass = How many music classes have you taken?

APTheory = Took AP Music Theory in High School? (0 = no, 1 = yes)

Composing = Have you done any music composing?: 0-5 (0 = not at all)

PianoP lay = Do you play piano?: 0-5 (0 = not at all)

GuitarP lay = Do you play guitar?: 0-5 (0 = not at all)

X1stInstr = Proficiency at first instrument?: 0-5 (0 = not at all)

X2ndInstr = Proficiency at second instrument?: 0-5 (0 = not at all)

first12 = Which instrument was presented to subject in first 12 stimuli?

For our analysis, we relied on multi-level models to best test which factors affect listeners’ ratings of
music. We use the multi-level models to remove the bias from our study. We want to be able to analyze the
data by subject and not clump them together. With multi-level models, we are able to treat each subject
separately by adding in random effects.
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3 Results

To begin our analysis, we first clean our original data that was given to us. We cleaned the data by removing
columns we do not need. In this case, we do not need X and first12, but we also removed X2ndInstr as it
was a column full of NAs and felt that would affect our study, thus proceeded to remove it from the dataset.
Because we removed X2ndInstr, we removed X1stInstr as we would end up with a small dataset, almost half
of the original dataset. Going off of this theory, we also removed any row that contained any NAs to keep
the dataset consistent. We also rounded the values in columns in ConsInstr, Classical, and Popular since
they should be integers from the ratings. There were also values of 0 and 19 in Popular and Classical that
are out of range of ratings, thus we removed those rows from the dataset. We also made CollegeMusic 0 if
NoClass 0 since if they have taken music classes in college, then NoClass should not be 0.

Figure 1: EDA of categorical variables

Figure 2: EDA of continuous variables
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Figure 3: EDA of continuous variables

After in-depth analysis, the following is our final model for Classical ratings:

Classical = β0 + β1Harmony + β2Instrument+ β3V oice+ β4PachListen+

β5ClsListen+ β6APTheory + β7PianoP lay+

(1 +Harmony + Instrument|Subject) + ε

(1)

We do the same analysis for Popular ratings and we get:

Popular = β0 + β1Harmony + β2Instrument+ β3V oice+ β4ConsInstr+

β5Instr.minus.Notes+ β6ClsListen+

(1 +Harmony + Instrument|Subject) + ε

(2)

We perform exploratory data analysis on our cleaned up data and see if there are any further transforma-
tions needed for the variables. We plot the categorical variables as bar plots and nothing seemed too out of
place. On the other hand, we plot the continuous variables as histograms to see if any variables are heavily
skewed. We can transform the OMSI variable with square root to normalize it. We tried to transform the
NoClass variable with both square root and log, but it did not make a big difference, thus we proceeded
with the analysis without the transformation for that variable.

When we look at the conditional residuals in Figure 3 for the Classical model in equation 1, we see that
there is approximately mean 0 with no grouping structure, homoskedastic, and seems relatively normal with
no concerning outliers.

Now looking at the conditional residuals in Figure 4 for the Popular model in equation 2, we see the same
thing as we did for the Classical model with mean 0 with no grouping structure, is homoskedastic, and has
no extreme outliers.

Coefficient interpretations for equation 1 (Can all be referenced to Figure 15 below):

• A unit increase in the level piano of Instrument will result in the Classical rating to increase by 1.60573
points.

• A unit increase in the level string quartet of Instrument will result in the Classical rating to increase
by 3.49656 points.

• A unit increase in level 3 of PachListen will result in the Classical rating to decrease by 0.74797 points.
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Figure 4: EDA of continuous variables

• A unit increase in level 4 of PachListen will result in the Classical rating to increase by 1.82366 points.

• A unit increase in level 5 of PachListen will result in the Classical rating to increase by 0.04754 points.

• A unit increase in level 1 of ClsListen will result in the Classical rating to decrease by 0.15776 points.

• A unit increase in level 3 of ClsListen will result in the Classical rating to increase by 0.81040 points.

• A unit increase in level 4 of ClsListen will result in the Classical rating to increase by 1.04752 points.

• A unit increase in level 5 of ClsListen will result in the Classical rating to increase by 0.43465 points.

• A unit increase in level 1 of APTheory will result in the Classical rating to increase by 0.67653 points.

• A unit increase in level 1 of PianoPlay will result in the Classical rating to increase by 0.07453 points.

• A unit increase in level 4 of PianoPlay will result in the Classical rating to increase by 1.43100 points.

• A unit increase in level 5 of PianoPlay will result in the Classical rating to increase by 0.35643 points.

• A unit increase in level Par3rd of Voice will result in the Classical rating to decrease by 0.38689 points.

• A unit increase in level Par5th of Voice will result in the Classical rating to decrease by 0.28674 points.

• A unit increase in level I-V-IV of Harmony will result in the Classical rating to decrease by 0.01938
points.

• A unit increase in level I-V-VI of Harmony will result in the Classical rating to increase by 0.86564
points.

• A unit increase in level IV-I-V of Harmony will result in the Classical rating to increase by 0.09424
points.

Coefficient interpretations for equation 2 (Can all be referenced to Figure 16 below):

• A unit increase in level 1 of ConsInstr will result in the Popular rating to increase by 1.06146 points.

• A unit increase in level 2 of ConsInstr will result in the Popular rating to increase by 1.28420 points.
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• A unit increase in level 3 of ConsInstr will result in the Popular rating to increase by 0.68373 points.

• A unit increase in level 4 of ConsInstr will result in the Popular rating to increase by 0.93375 points.

• A unit increase in level 5 of ConsInstr will result in the Popular rating to increase by 1.80108 points.

• A unit increase in Instr.minus.Notes will result in the Popular rating to increase by 1.06146 points.

• A unit increase in level 1 of ClsListen will result in the Popular rating to increase by 1.16868 points.

• A unit increase in level 3 of ClsListen will result in the Popular rating to increase by 0.75006 points.

• A unit increase in level 4 of ClsListen will result in the Popular rating to increase by 0.63851 points.

• A unit increase in level 5 of ClsListen will result in the Popular rating to increase by 0.39988 points.

• A unit increase in level Par3rd of Voice will result in the Popular rating to increase by 0.16215 points.

• A unit increase in level Par5th of Voice will result in the Popular rating to increase by 0.23180 points.

• A unit increase in level I-V-IV of Harmony will result in the Popular rating to increase by 0.01855
points.

• A unit increase in level I-V-VI of Harmony will result in the Popular rating to decrease by 0.29207
points.

• A unit increase in level IV-I-V of Harmony will result in the Popular rating to decrease by 0.31316
points.

• A unit increase in level piano of Instrument will result in the Popular rating to decrease by 1.14552
points.

• A unit increase in level string quartet of Instrument will result in the Popular rating to decrease by
2.93279 points.

We will proceed to answer our research questions below.

3.1 Does Instrument exert the strongest influence?

We want to discover if the Instrument factor has the strongest influence on both Classical and Popular
ratings. To analyze if Instrument exerts the strongest influence, we look at our summary from the following
model with the three experimental factors on Classical ratings:

Classical = β0 + β1Harmony + β2Instrument+ β3V oice+ (1|Subject) + ε (3)

We have included the output of the summary of equation 3: Looking at the output in Figure 5 of this model,
we can observe that the coefficients for instrument is by far the highest out of all the factors, and with
coefficients of 1.60993 and 3.465. The t-values also backs this theory of instrument having the strongest
influence on classical ratings since they also have the highest values with 13.449 and 28.822.

To also see if all levels of instruments have the most influence on Classical ratings even in the final model,
we used the summary of the following model to observe the effects:

Classical = β0 + β1Instrument− 1 + β2Harmony + β3V oice+ β4PachListen+

β5ClsListen+ β6APTheory + β7PianoP lay+

(Harmony + Instrument|Subject) + ε

(4)

When we look at Figure 6, we can also see here that all levels of instrument have the highest coefficients
and t-values over all other variables, with coefficients 3.238 for guitar, 4.84 for piano, 6.73 for string. The
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Figure 5: Output of equation 3

Figure 6: Output of instrument from equation 4

t-values are 4.253, 6.172, and 8.596, respectively. This proves that instrument has the strongest influence
over Classical ratings.

We do the same analysis for Popular ratings and the following is our model for Popular:

Popular = β0 + β1Harmony + β2Instrument+ β3V oice+ (1|Subject) + ε (5)

We can see from the output for the Popular model that the coefficients and t-values for instrument are the
highest out of all three factors. The coefficients are -1.15647 for piano and -2.93727 for string quartet, which
are significantly greater than zero with t-values -9.887 and -25.005, respectively.

Popular = β0 + β1Instrument− 1 + β2Harmony + β3V oice+ β4ConsInstr+

β5Instr.minus.Notes+ β6ClsListen+

(Harmony + Instrument|Subject) + ε

(6)

We also see that from the final model of Popular, all levels of instrument, string quartet, piano, and electric
guitar, are all significant with the highest coefficient estimates and t-values out of all other experimental
factors. We can conclude that for both Classical and Popular ratings, Instrument is the most influential out
of all experimental factor.
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Figure 7: Output of instrument from equation 5

Figure 8: Output of instrument from equation 6

3.2 Does I-V-VI from Harmony have a strong association with Classical rat-
ings? Does it matter if respondent knows Pachelbel?

To determine if I-V-VI from Harmony has a strong association with Classical ratings, we use the model:

Classical = β0 + β1Harmony − 1 + β2Instrument+ β3V oice+ β4PachListen+

β5ClsListen+ β6APTheory + β7PianoP lay+

(Harmony + Instrument|Subject) + ε

(7)

From our output from Figure 9, we can see that I-V-VI has a coefficient of 3.878 and a t-value with 4.948,
which are higher than all the other coefficients and t-values of the other levels of harmony. The I-V-VI level
coefficient estimate is significantly greater than zero and since the t-value is highest out of all levels, the
I-V-VI level is the most significant. For Pachelbel, the higher the level, the more familiar the respondent is
with Pachelbel rants and comedy bits. If we look at the different levels of PachListen, we can see that the
coefficient is the highest for level 4 with a value of 1.04769. This tells us that it does matter if the listener
is somewhat familiar with Pachelbel’s rants and comedy bits to influence Classical ratings.
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Figure 9: Output of instrument

3.3 Does Contrary Motion from Voice have a strong association with Classical
ratings?

Like how we analyzed which level of harmony has the strongest association with Classical ratings, we ran a
similar model as equation 7 displayed before:

Classical = β0 + β1V oice− 1 + β2Instrument+ β3Harmony + β4PachListen+

β5ClsListen+ β6APTheory + β7PianoP lay+

(Harmony + Instrument|Subject) + ε

(8)

We observe the effect of voice from Figure 10. When we look at all three levels of voice, we see a very
distinct difference between contrary motion and the other two levels. The coefficient estimate of contrary
motion is significantly greater than zero as it has the value of 3.23859 and the t-value is 4.254, which means
it is the most significant level since it is the highest t-value out of all t-values for the other two levels of
voice. We can conclude that contrary motion from voice has a strong association with Classical ratings.

3.4 Are there any differences in the way musicians and non-musicians identify
classical music?

We want to know if there are any differences in the way musicians and non-musicians identify classical music.
People who self-identify as musicians may be influenced by effects that do not influence non-musicians. We
dichotimize the Selfdeclare variable by setting anyone with a level 2 and lower as 0 and anyone with a level 3
and higher as 1 and set the variable as Musician to analyze this hypothesis. While checking which predictors
best interact with Musician, we find that the best model is:

Classical = β0 + β1Harmony + β2Instrument+ β3V oice+

(1 +Harmony + Instrument|Subject)+
(β4PachListen+ β5ClsListen+

β6APTheory + β7PianoP lay) ∗Musician+ ε

(9)

We check our output in Figure 11, and see that the coefficient estimates and t-values with musicians are
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Figure 10: Output of voice

generally the same as those that are not with musicians. For example, we see that at level 5 of PachListen,
it is significant when it interacts with Musician with a t-value of -2.684, and when it does not interact
with Musician, it has a t-value of 3.128. However, we have one variable where the variable interacted with
Musician is significant and the one without is not significant which is PachListen at level 3. The t-value of
PachListen at level 3 interacting with Musician is -2.794 and the t-value without the interaction is 0.776.
But overall we can say that there is not much difference in the way musicians and non-musicians identify
classical music when we dichotomize the Selfdeclare variable at level 2.

We also want to see if there is a difference between the way musicians and non-musicians identify classical
music when we dichotomize at different levels of Selfdeclare. First we dichotomize at level 3 with the same
model and we get the output in Figure 12. We can see there is not much difference in the values, but there
is one thing that is noticeable and that is the fact that the interaction between PianoPlay and Musician
is not included anymore. While we keep this idea in mind, we check the outputs of when we dichotomize
Selfdeclare at 4 and 5. As we dichotomize at higher levels, we can see that more and more of our interactions
with Musician does not show in our outputs as shown in Figure 13 and Figure 14. This implies that if a
person self-claims that he or she is a musician, then it is not going to matter how much the musician listened
to Pachelbel, listened to classical music, took AP Music Theory, and played piano, since they should be able
to identify classical music without those skills.

3.5 Are there differences in what drives classical and popular ratings?

When comparing the covariates that drive the classical and popular ratings, there are noticeable differ-
ences between the two models. When looking at the classical model, we included Instrument, PachListen,
ClsListen, APTheory, PianoPlay, Voice, and Harmony as fixed effects, and had Harmony and Instrument
as random effects. However, for our popular model, we included ConsInstr, Instr.minus.Notes, ClsListen,
Voice, Harmony, and Instrument as our fixed effects, and had Harmony and Instrument as our random
effects. As the outputs show in Figure 15 and Figure 16, the coefficient estimates for Instrument, Voice,
and Harmony have opposite signs for the different models. In the classical model, we see that Voice has
negative coefficients, Instrument has positive coefficients, Harmony I-V-IV has a negative coefficient and the
other two levels have positive coefficients. For the popular model, all of the signs are the opposite of what
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Figure 11: Output of Musician with cutoff at 2

is listed for those variables in the classical model. In the case of Instrument in the classical model, since
the coefficients are positive, if a string quartet, piano, or electric guitar is played in the song, then it will be
heard as more classical. We can see with our coefficient estimates that the two models differ greatly.

4 Discussion

While interested in what influences a listener to decide whether a song is classical or popular, we particularly
are interested in the way Instrument, Harmonic Motion, and Voice Leading affect a listener’s perspective on
what genre a song is. In our exploratory analysis, we checked bar plots and histograms for skewness and
if there were any variables we should transform. We found that it would be best to transform OMSI with
a square root transformation and did not transform NoClass since it did not improve the skewness at all.
Overall, there were no alarming variables after the data cleanup in the beginning.

We wanted to understand which experimental factors affected Classical and Popular ratings and went into
detail about the influence of the factors. As a summary of our research questions, we found that Instrument
exerts the most influence on both Classical and Popular ratings out of all three factors since the coefficient
estimates were significantly greater than zero and the t-values were the most significant. The level of I-V-VI
in Harmonic Motion has the strongest association with Classical ratings out of all other levels in Harmonic
Motion. It does matter if matter whether the respondent is familiar with one or more of Pachelbel’s comedy
bits and rants as the more familiar one is with it, the higher the Classical ratings. The contrary motion level
has the strongest association with Classical ratings compared to the other levels. There is not much difference
in the way musicians and non-musicians identify classical music when we set the cut off of Selfdeclare at
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Figure 12: Output of Musician with cutoff at 3

level 2. However, as the cut off of the level is set higher, we see that the covariates do not affect the way
musicians choose classical music. There are differences that drive the classical and popular ratings such as
having different covariates and the signs of the coefficient estimates.

The strength of this study is the fact that there are many different variables to use to determine what
best predicts the Classical and Popular ratings. Another strength I can point out is that in our models, we
utilize multilevel models which includes random effects. This allows us to treat each subject separately and
share information across these subjects to make better estimates. The weakness of this study is that our
subjects are undergraduates in the University of Pittsburgh, which can heavily bias our study as they are
young and from a certain area, resulting in a certain taste in music.

Some implications from this model are that Voice, Harmony, and Instrument have different effects and
influences on the ratings of Classical and Popular music. We were able to see that Voice has a greater
influence on listeners choosing Popular music and the other two factors, Harmony and Instrument, were
more effective in helping listeners choose Classical music. This is logical as Classical music is heavily reliant
on instruments and harmony to make the melody, while Popular music is based on the lyrics and voice to
have listeners sing along.

Some unanswered questions are what kinds of subjects picked songs as classical over popular and vice
versa, and the reason behind their choices. It would be insightful to see the types of people making certain
choices and the reason why they chose it. For future research, it would be helpful to survey a more diverse
group of people such as graduate students and faculty to get different age groups. It would also add value
to the research by getting the subjects’ backgrounds such as their major, area they are from, and what part
of the song made them pick their choice of ratings as that would help us understand the mindsets behind
these choices.
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Figure 13: Output of Musician with cutoff at 4

5 Technical Appendix

l i b r a r y ( t i d y v e r s e )
l i b r a r y ( dplyr )
l i b r a r y ( magr i t t r )
r a t i n g s <− read . csv (”˜/ Downloads/ r a t i n g s . csv ”)
#c l ean data

## remove columns with X and f i r s t 1 2 , and X2ndInstr s i n c e i t conta in s only NAs
## drop a l l rows that have NAs
## Round f o r ConsInstr , C l a s s i c a l , and Popular s i n c e they should be i n t e g e r s
## Make Col legeMusic 0 i f NoClass i s 0
c l e a n r a t i n g s <− r a t i n g s %>%

s e l e c t (−c (”X” , ” X2ndInstr ” , ” X1st Ins t r ” , ” f i r s t 1 2 ”) ) %>%
drop na ( ) %>%
mutate at ( vars (” ConsInstr ” , ” C l a s s i c a l ” , ” Popular ”) , funs ( round ( . , 0 ) ) ) %>%
f i l t e r ( C l a s s i c a l != 0) %>%
f i l t e r ( C l a s s i c a l != 19) %>%
f i l t e r ( Popular != 0) %>%
f i l t e r ( Popular != 19) %>%
mutate ( Col legeMusic = i f e l s e ( NoClass == 0 , 0 , Col legeMusic ) )

summary( c l e a n r a t i n g s )

#change exper imenta l f a c t o r s as f a c t o r s
harmony factor <− as . f a c t o r ( c lean rat ings$Harmony )
i n s t r u m e n t f a c t o r <− as . f a c t o r ( c l e an ra t i ng s$ In s t rument )
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Figure 14: Output of Musician with cutoff at 5

v o i c e f a c t o r <− as . f a c t o r ( c l e a n r a t i n g s $ V o i c e )
s u b j e c t f a c t o r <− as . f a c t o r ( c l e a n r a t i n g s $ S u b j e c t )

#f i t l i n e a r r e g r e s s i o n with i n t e r a c t i o n between a l l th ree
r a t i n g r e g 1 <− lm( C l a s s i c a l ˜ harmony factor + i n s t r u m e n t f a c t o r +

v o i c e f a c t o r +
( harmony factor ∗ i n s t r u m e n t f a c t o r ∗ v o i c e f a c t o r ) ,

data = c l e a n r a t i n g s )
#l i n e a r r e g r e s s i o n as a f i n a l model
f i n a l r a t i n g r e g 1 <− lm( C l a s s i c a l ˜ i n s t r u m e n t f a c t o r +

( harmony factor ∗ v o i c e f a c t o r ) ,
data = c l e a n r a t i n g s )

summary( r a t i n g r e g 1 )
summary( f i n a l r a t i n g r e g 1 )

##Method o f f i n d i n g what should be used as random e f f e c t
#harmony
lm unpooled contrast from mean harmony <− lm( C l a s s i c a l ˜ harmony factor ,

data = c l e a n r a t i n g s )
anova ( lm unpooled contrast from mean harmony )
s harmony <−

sum( c o e f ( summary( lm unpooled contrast from mean harmony ) ) [ , 4 ] < 0 . 0 5 )
s harmony/ length ( unique ( c lean rat ings$Harmony ) )
h i s t ( c o e f ( lm unpooled contrast from mean harmony ) [ −1 ] )

#instrument
lm unpoo led contrast f rom mean instrument <−

lm( C l a s s i c a l ˜ in s t rument fac to r , data = c l e a n r a t i n g s )
anova ( lm unpoo led contrast f rom mean instrument )
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Figure 15: Output of Classical final model

s in s t rument <−
sum( c o e f ( summary( lm unpoo led contrast f rom mean instrument ) ) [ , 4 ] < 0 . 0 5 )

s in s t rument / l ength ( unique ( c l e an ra t i ng s$ In s t rument ) )
h i s t ( c o e f ( lm unpoo led contrast f rom mean instrument ) [ −1 ] )

#vo i c e
lm unpoo led contras t f rom mean vo ice <− lm( C l a s s i c a l ˜ v o i c e f a c t o r ,

data = c l e a n r a t i n g s )
anova ( lm unpoo led contras t f rom mean vo ice )
s v o i c e <− sum( c o e f ( summary( lm unpoo led contras t f rom mean vo ice ) ) [ , 4 ] < 0 . 0 5 )
s v o i c e / l ength ( unique ( c l e a n r a t i n g s $ V o i c e ) )
h i s t ( c o e f ( lm unpoo led contras t f rom mean vo ice ) [ −1 ] )

lm unpoo led contras t f rom mean subjec t <− lm( C l a s s i c a l ˜ s u b j e c t f a c t o r ,
data = c l e a n r a t i n g s )

anova ( lm unpoo led contras t f rom mean subjec t )
s sub <− sum( c o e f ( summary( lm unpoo led contras t f rom mean vo ice ) ) [ , 4 ] < 0 . 0 5 )
s sub / l ength ( unique ( c l e a n r a t i n g s $ S u b j e c t ) )
h i s t ( c o e f ( lm unpoo led contras t f rom mean subjec t ) [ −1 ] )

#f i t t i n g lmer per s u b j e c t

l i b r a r y ( lme4 )
l m e r a l l <− lmer ( C l a s s i c a l ˜ 1 + v o i c e f a c t o r + i n s t r u m e n t f a c t o r +

harmony factor + (1 | s u b j e c t f a c t o r ) ,
data = c l e a n r a t i n g s , REML = FALSE)

summary( l m e r a l l )

#which f a c t o r s should be random e f f e c t s
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Figure 16: Output of Popular final model

lmer be s t <− lmer ( C l a s s i c a l ˜ 1 + v o i c e f a c t o r + harmony factor +
i n s t r u m e n t f a c t o r +
( harmony factor + i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( lmer be s t )
anova ( l m e r a l l , lmer be s t )

#best model
lmer cov <− lmer ( C l a s s i c a l ˜ 1 + i n s t r u m e n t f a c t o r + as . f a c t o r ( PachListen ) +

as . f a c t o r ( C l sL i s t en ) + as . f a c t o r (APTheory) +
as . f a c t o r ( PianoPlay ) + v o i c e f a c t o r + harmony factor +
( harmony factor + i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( lmer cov )

#look at a l l l e v e l s o f instrument
l m e r i n s t r <− lmer ( C l a s s i c a l ˜ i n s t r u m e n t f a c t o r − 1 + as . f a c t o r ( PachListen ) +

as . f a c t o r ( C l sL i s t en ) + as . f a c t o r (APTheory) +
as . f a c t o r ( PianoPlay ) + v o i c e f a c t o r + harmony factor +
( harmony factor + i n s t r u m e n t f a c t o r | s u b j e c t f a c t o r ) ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( l m e r i n s t r )

#look at a l l l e v e l s o f vo i c e
lme r vo i c e <− lmer ( C l a s s i c a l ˜ v o i c e f a c t o r − 1 + as . f a c t o r ( PachListen ) +
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as . f a c t o r ( C l sL i s t en ) + as . f a c t o r (APTheory) +
as . f a c t o r ( PianoPlay ) + harmony factor + i n s t r u m e n t f a c t o r +
( harmony factor + i n s t r u m e n t f a c t o r | s u b j e c t f a c t o r ) ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( lmer vo i c e )

#look at a l l l e v e l s o f harmony
lmer harmony <− lmer ( C l a s s i c a l ˜ harmony factor − 1 + as . f a c t o r ( PachListen ) +

as . f a c t o r ( C l sL i s t en ) + as . f a c t o r (APTheory) +
as . f a c t o r ( PianoPlay ) + i n s t r u m e n t f a c t o r +
( harmony factor + i n s t r u m e n t f a c t o r | s u b j e c t f a c t o r ) ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( lmer harmony )

#p lo t r e s i d u a l s f o r bes t model o f c l a s s i c a l
p l o t ( r e s i d u a l s ( lmer cov ) , main = ” Res idua l s f o r C l a s s i c a l ”)
a b l i n e (h=0, c o l = ” red ” , lwd = 2)

#dichotomize music ian with c u t o f f at 2
c l e an r a t i n g s $ Mu s i c i a n <− i f e l s e ( c l e a n r a t i n g s $ S e l f d e c l a r e <= 2 , 0 , 1)
#c u t o f f at 3
c l e a n r a t i n g s $ M u s i c i a n 3 <− i f e l s e ( c l e a n r a t i n g s $ S e l f d e c l a r e <= 3 , 0 , 1)
#c u t o f f at 4
c l e a n r a t i n g s $ M u s i c i a n 4 <− i f e l s e ( c l e a n r a t i n g s $ S e l f d e c l a r e <= 4 , 0 , 1)
#c u t o f f at 5
c l e a n r a t i n g s $ M u s i c i a n 5 <− i f e l s e ( c l e a n r a t i n g s $ S e l f d e c l a r e <= 5 , 0 , 1)
#check that c u t o f f at 2 i s about h a l f
l ength ( which ( c l e a n r a t i n g s $ Mu s i c i a n == 1))/ l ength ( c l e a n r a t i n g s $ Mu s i c i a n )

#model with music ian as i n t e r a c t i o n
c l a s s i c a l m u s i <− lmer ( C l a s s i c a l ˜ 1 + harmony factor + i n s t r u m e n t f a c t o r + v o i c e f a c t o r +

( harmony factor +
i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) +

( as . f a c t o r ( PachListen ) +
as . f a c t o r ( C l sL i s t en ) + as . f a c t o r (APTheory) +
as . f a c t o r ( PianoPlay ) )∗Musician ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( c l a s s i c a l m u s i )

#model with c u t o f f 3
musi 3 <− lmer ( C l a s s i c a l ˜ 1 + harmony factor + i n s t r u m e n t f a c t o r + v o i c e f a c t o r +

( harmony factor +
i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) +

( as . f a c t o r ( PachListen ) +
as . f a c t o r ( C l sL i s t en ) + as . f a c t o r (APTheory) +
as . f a c t o r ( PianoPlay ) )∗Musician 3 ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )
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summary( musi 3 )

#model with c u t o f f 4
musi 4 <− lmer ( C l a s s i c a l ˜ 1 + harmony factor + i n s t r u m e n t f a c t o r + v o i c e f a c t o r +

( harmony factor +
i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) +

( as . f a c t o r ( PachListen ) +
as . f a c t o r ( C l sL i s t en ) + as . f a c t o r (APTheory) +
as . f a c t o r ( PianoPlay ) )∗Musician 4 ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( musi 4 )

#model with c u t o f f 5
musi 5 <− lmer ( C l a s s i c a l ˜ 1 + harmony factor + i n s t r u m e n t f a c t o r + v o i c e f a c t o r +

( harmony factor +
i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) +

( as . f a c t o r ( PachListen ) +
as . f a c t o r ( C l sL i s t en ) + as . f a c t o r (APTheory) +
as . f a c t o r ( PianoPlay ) )∗Musician 5 ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( musi 5 )

#model o f pop with each s ub j e c t
lmer pop <− lmer ( Popular ˜ 1 + v o i c e f a c t o r + i n s t r u m e n t f a c t o r +

harmony factor + (1 | s u b j e c t f a c t o r ) ,
data = c l e a n r a t i n g s , REML = FALSE)

summary( lmer pop )

#which should be random
lmer bes t pop <− lmer ( Popular ˜ 1 + v o i c e f a c t o r + harmony factor +

i n s t r u m e n t f a c t o r +
( harmony factor +

i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) ,
data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( lmer bes t pop )
anova ( lmer pop , lmer bes t pop )

#best model
lmer cov pop <− lmer ( Popular ˜ 1 + as . f a c t o r ( ConsInstr ) +

I n s t r . minus . Notes + as . f a c t o r ( C l sL i s t en ) +
v o i c e f a c t o r + harmony factor + i n s t r u m e n t f a c t o r +
( harmony factor + i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( lmer cov pop )

#see a l l instrument l e v e l s
l m e r c o v p o p i n s t r <− lmer ( Popular ˜ i n s t r u m e n t f a c t o r − 1 + as . f a c t o r ( ConsInstr ) +
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I n s t r . minus . Notes + as . f a c t o r ( C l sL i s t en ) +
v o i c e f a c t o r + harmony factor + i n s t r u m e n t f a c t o r +
( harmony factor + i n s t r u m e n t f a c t o r | s u b j e c t f a c t o r ) ,

data = c l e a n r a t i n g s , REML = FALSE,
c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )

summary( l m e r c o v p o p i n s t r )
#p lo t r e s i d u a l s o f popular
p l o t ( r e s i d u a l s ( lmer cov pop ) , main = ” Res idua l s f o r Popular r a t i n g s ”)
a b l i n e (h=0, c o l = ” red ” , lwd = 2)

#popular with music ian i n t e r a c t i o n
popular musi <− lmer ( Popular ˜ 1 + harmony factor + i n s t r u m e n t f a c t o r +

( harmony factor +
i n s t r u m e n t f a c t o r + 1 | s u b j e c t f a c t o r ) +

( as . f a c t o r ( ConsInstr ) +
I n s t r . minus . Notes + as . f a c t o r ( C l sL i s t en ) +
v o i c e f a c t o r )∗Musician , data = c l e a n r a t i n g s ,

REML = FALSE, c o n t r o l = lmerControl ( opt imize r = ’ bobyqa ’ ) )
summary( popular musi )

#eda
l i b r a r y ( gr idExtra )
l i b r a r y ( g r id )
c o n t i n u o u s r a t i n g s <− data . frame ( as . numeric ( c lean rat ings$OMSI ) , as . numeric ( c l ean ra t ing s$X16 . minus . 1 7 ) , c l e a n r a t i n g s $ I n s t r . minus . Notes , c l ean rat ings$X1990s2000s . minus .1960 s1970s , as . numeric ( c l e an ra t ing s$NoCla s s ) )
cont inuous eda <− l i s t ( )
f o r ( i in names ( c o n t i n u o u s r a t i n g s ) ) {

cont inuous eda [ [ i ] ] = ggp lot ( c o n t i n u o u s r a t i n g s ) + geom histogram ( a e s s t r i n g ( i ) , f i l l = ” ye l low ”) + labs ( y = ”Frequency ”)
}
do . c a l l (” g r id . arrange ” , c ( cont inuous eda , nco l = 2) )

h i s t ( s q r t ( as . numeric ( c lean rat ings$OMSI ) ) )
h i s t ( s q r t ( as . numeric ( c l e an ra t ing s$NoCla s s ) ) )

c a t e r a t i n g s <− data . frame ( c l e a n r a t i n g s $ C l a s s i c a l , c l ean ra t ing s$Popu la r , c l e a n r a t i n g s $ S u b j e c t , c lean rat ings$Harmony , c l ean ra t ing s$ In s t rument , c l e an ra t i ng s$Vo i c e , c l e a n r a t i n g s $ S e l f d e c l a r e , c l e an ra t i ng s$Cons In s t r , c l ean rat ings$ConsNotes , c l ean ra t ing s$PachL i s t en , c l e a n r a t i n g s $ C l s L i s t e n , clean ratings$KnowRob , c lean rat ings$KnowAxis , c l ean rat ings$X1990s2000s , c l e an ra t ing s$Co l l eg eMus i c , c lean ratings$APTheory , c lean rat ings$Compos ing , c l ean rat ings$P ianoPlay , c l e an ra t i ng s$Gu i t a rP lay )
cate eda <− l i s t ( )
f o r ( i in names ( c a t e r a t i n g s ) ) {

cate eda [ [ i ] ] = ggp lot ( c a t e r a t i n g s ) + geom bar ( a e s s t r i n g ( i ) , f i l l = ” ye l low ”) + labs ( y = ”Frequency ”)
}
do . c a l l (” g r id . arrange ” , c ( cate eda , nrow = 4 , nco l = 6) )
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