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1.	
  (a)	
  

I	
   use	
   an	
   individual	
   fixed	
   effect	
   model	
   as	
   the	
   baseline	
   model,	
   and	
   see	
   how	
   do	
  
‘Instrument’,	
  ‘Harmony’	
  and	
  ‘Voice’	
  improve	
  the	
  model	
  fit.	
  

First	
   we	
   fit	
   the	
   model	
   including	
   only	
   individual	
   indicators	
   (factor	
   variable	
  
‘Subject’).	
  

>	
  fit.1a.baseline<-­‐lm(Classical~Subject)	
  
>	
  summary(fit.1a.baseline)	
  

	
  

The	
   result	
   shows	
   that	
   the	
   R-­‐square	
   is	
   0.2536,	
   meaning	
   that	
   the	
   individual	
  
indicators	
  can	
  explain	
  about	
  25%	
  of	
  the	
  variation	
  in	
  the	
  classical	
  ratings.	
  

Then	
  we	
  include	
  the	
  factor	
  variable	
  ‘Instrument’	
  into	
  the	
  model.	
  

>	
  fit.1a.instru<-­‐lm(Classical~Subject+Instrument)	
  
>	
  summary(fit.1a.instru)	
  

	
  

It	
  can	
  be	
  seen	
  from	
  the	
  results	
  that	
  R-­‐square	
  is	
  hugely	
  increased	
  from	
  0.2536	
  to	
  
0.4877,	
  meaning	
  that	
   ‘Instrument’	
  has	
  brought	
  considerable	
  explanatory	
  power	
  
to	
   the	
  model.	
   Additionally,	
   both	
   instrument	
   indicators	
   are	
   significant	
   at	
   0.001	
  
level.	
  This	
  means,	
  with	
  other	
  factors	
  equal,	
  a	
  stimuli	
  of	
  piano	
  is	
  associated	
  with	
  
an	
  average	
  of	
  1.37	
  more	
  points	
  in	
  classical	
  rating	
  compared	
  to	
  a	
  stimuli	
  of	
  guitar;	
  
a	
  stimuli	
  of	
  string	
  is	
  associated	
  with	
  an	
  average	
  of	
  3.13	
  more	
  points	
  in	
  classical	
  
rating	
  compared	
  to	
  that	
  of	
  guitar.	
  Overall,	
   the	
  results	
   indicate	
  that	
   ‘Instrument’	
  
has	
  significant	
  influence	
  on	
  Classical	
  ratings.	
  

Similarly,	
  we	
  include	
  the	
  factor	
  variable	
  ‘Harmony’	
  into	
  the	
  model,	
  to	
  examine	
  its	
  
influence	
  on	
  classical	
  ratings.	
  



>	
  fit.1a.harmony<-­‐lm(Classical~Subject+Harmony)	
  
>	
  summary(fit.1a.harmony)	
  

	
  

It	
   can	
   be	
   seen	
   from	
   the	
   result	
   that	
   ‘Harmony’	
   doesn’t	
   improve	
   the	
   model	
   fit	
  
significantly.	
   R-­‐square	
   only	
   increases	
   from	
   0.2536	
   to	
   0.2693.	
   As	
   to	
   the	
  
coefficients	
   of	
   ‘Harmony’	
   indicators,	
   only	
   one	
   of	
   them	
   (I-­‐V-­‐VI)	
   is	
   statistically	
  
significant.	
   An	
   I-­‐V-­‐VI	
   stimuli	
   is	
   associated	
  with	
   a	
   0.77	
  more	
   points	
   in	
   classical	
  
rating	
  with	
  everything	
  else	
  being	
  equal.	
  This	
  is	
  in	
  line	
  with	
  the	
  researchers’	
  guess	
  
that	
  I-­‐V-­‐VI	
  might	
  be	
  frequently	
  rated	
  as	
  classical	
  due	
  to	
  people’s	
  familiarity	
  with	
  
Pachelbel’s	
  Canon	
  in	
  D.	
   	
  

Finally	
  we	
  include	
   ‘Voice’	
   into	
  the	
  model	
  and	
  examine	
  how	
  does	
  it	
   improve	
  the	
  
model.	
   	
  

>	
  fit.1a.voice<-­‐lm(Classical~Subject+Voice)	
  

>	
  summary(fit.1a.voice)	
  

	
  

Again,	
  adding	
  ‘Voice’	
  into	
  the	
  model	
  doesn’t	
  improve	
  the	
  model	
  fit.	
  However,	
  the	
  
coefficients	
  of	
  the	
  two	
  voice	
  indicators	
  are	
  both	
  significant.	
  Stimuli	
  of	
  par3rd	
  and	
  
par5th	
   are	
   both	
   associated	
  with	
   a	
   less	
   classical	
   rating	
   compared	
   to	
   that	
   of	
   the	
  
contrary	
  motion.	
  This	
   is	
   in	
   line	
  with	
   the	
  researchers’	
  expectation	
   that	
  contrary	
  
motion	
  would	
  be	
  frequently	
  rated	
  as	
  classical.	
  

	
  

1.	
  (b)	
  



i.	
   The	
   model	
   is	
   as	
   follows.	
   Note	
   that	
   we	
   denote	
   participants	
   as	
   !,	
   and	
   each	
  
observation	
  as	
   !.	
  We	
  won’t	
  include	
  any	
  individual	
  covariates	
  in	
  the	
  intercept	
  for	
  
now.	
  

!"#$$%&#" = !![!] + !! ∗ !"#$%&'("$ + !! ∗ !"#$%&' + !! ∗ !"#$%

+ !! , !!~!(0,!!)	
  

	
   	
   	
   	
   	
   	
   !! = !! + !! , !!~!(0, !!)	
   	
  

ii.	
  We	
  use	
   two	
  methods	
   to	
   test	
  whether	
   the	
   random	
  effect	
   is	
  needed.	
  The	
   first	
  
method	
  is	
  to	
  compare	
  the	
  DIC	
  of	
  the	
  model	
  with	
  and	
  without	
  random	
  effect.	
  The	
  
second	
  method	
  is	
  to	
  check	
  with	
  simulation.	
  

Method	
  1:	
  Compare	
  DIC	
  

First	
  we	
  fit	
  the	
  original	
  model	
  without	
  random	
  effect	
  in	
  WinBUGS	
  and	
  get	
  its	
  DIC.	
  
The	
  model	
  takes	
  the	
  following	
  form,	
  where	
  ‘Subject’	
  is	
  a	
  factor	
  variable.	
   	
  

!"#$$%&#"~!"#$%&' + !"#$%&'("$ + !"#$%&' + !"#$%	
  

	
  
####	
  we	
  first	
  construct	
  variables	
  to	
  store	
  the	
  numeric	
  value	
  of	
  Subject	
  and	
  Instrument	
  
Subject.num<-­‐as.numeric(Subject)	
  
Instrument.num<-­‐as.numeric(Instrument)	
  
Harmony.num<-­‐as.numeric(Harmony)	
  
Voice.num<-­‐as.numeric(Voice)	
  
####	
  calculate	
  the	
  n	
  and	
  J	
  
n<-­‐nrow(rating.data)	
   	
   #2520	
  
J<-­‐length(unique(Subject))	
   	
   	
   #70	
  
####	
  write	
  the	
  rube	
  model	
  
rube.lm.fixef<-­‐"model	
  {	
  
for	
  (i	
  in	
  1:n)	
  {	
  
Classical[i]~dnorm(mu[i],sig2inv)	
  
mu[i]<-­‐b0[Subject.num[i]]+b1[Instrument.num[i]]	
  +	
  b2[Harmony.num[i]]+	
  b3[Voice.num[i]]	
  
}	
  
for	
  (j	
  in	
  1:J)	
  {	
  
b0[j]~dnorm(0,0.0001)	
  
}	
  
for	
  (k	
  in	
  1:3)	
  {	
  
b1[k]~	
  dnorm(0,0.0001)	
  
}	
  
for	
  (p	
  in	
  1:4)	
  {	
  
b2[p]~	
  dnorm(0,0.0001)	
  
}	
  
for	
  (q	
  in	
  1:3)	
  {	
  
b3[q]~	
  dnorm(0,0.0001)	
  



}	
  
sig2inv<-­‐pow(sig,-­‐2)	
  
sig~dunif(0,100)	
  
}"	
  
data.list<-­‐list(Classical=rating.data$Classical,	
  Subject.num=Subject.num,	
  
Instrument.num=Instrument.num,	
  Harmony.num=Harmony.num,	
  Voice.num=Voice.num,	
  n=n,	
  
J=J)	
  
rube.lm.fixef.inits<-­‐function()	
  {	
  
list(b0=rnorm(J),	
  b1=rnorm(3),	
  b2=rnorm(4),	
  b3=rnorm(3),	
  sig=runif(1,0,10))	
  
}	
  
rube(rube.lm.fixef,	
  data.list,	
  rube.lm.fixef.inits)	
  
rube.lm.fixef.fit<-­‐rube(rube.lm.fixef,	
  data.list,	
  rube.lm.fixef.inits,	
  
parameters.to.save=c("b0","b1","b2","b3","sig"),	
  n.chains=3)	
  
rube.lm.fixef.fit	
  

	
  

As	
   shown	
   in	
   the	
   above	
   result	
   screenshot,	
   the	
   DIC	
   of	
   this	
   fixed	
   effect	
  model	
   is	
  
10334.14.	
  

Next,	
  we	
  fit	
  the	
  random	
  effect	
  version	
  of	
  the	
  model	
  and	
  get	
  the	
  DIC.	
  

####	
  write	
  the	
  rube	
  model	
  
rube.lmer.ranef<-­‐"model	
  {	
  
for	
  (i	
  in	
  1:n)	
  {	
  
Classical[i]~dnorm(mu[i],sig2inv)	
  
mu[i]<-­‐a0[Subject.num[i]]+b1[Instrument.num[i]]	
  +	
  b2[Harmony.num[i]]+	
  b3[Voice.num[i]]	
  
}	
  
for	
  (j	
  in	
  1:J)	
  {	
  
a0[j]~dnorm(b0,tau2inv)	
  
}	
  
b0~dnorm(0,0.0001)	
  
for	
  (k	
  in	
  1:3)	
  {	
  
b1[k]~	
  dnorm(0,0.0001)	
  
}	
  
for	
  (p	
  in	
  1:4)	
  {	
  
b2[p]~	
  dnorm(0,0.0001)	
  



}	
  
for	
  (q	
  in	
  1:3)	
  {	
  
b3[q]~	
  dnorm(0,0.0001)	
  
}	
  
tau2inv<-­‐pow(tau,-­‐2)	
  
tau~dunif(0,100)	
  
sig2inv<-­‐pow(sig,-­‐2)	
  
sig~dunif(0,100)	
  
}"	
  
data.list<-­‐list(Classical=rating.data$Classical,	
  Subject.num=Subject.num,	
  
Instrument.num=Instrument.num,	
  Harmony.num=Harmony.num,	
  Voice.num=Voice.num,	
  n=n,	
  
J=J)	
  
rube.lmer.ranef.inits<-­‐function()	
  {	
  
list(b0=rnorm(1),	
  b1=rnorm(3),	
  b2=rnorm(4),	
  b3=rnorm(3),	
  a0=rnorm(J),	
  sig=runif(1,0,10),	
  
tau=runif(1,0,10))	
  
}	
  
rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits)	
  
rube.lmer.ranef.fit<-­‐rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits,	
  
parameters.to.save=c("b0","b1","b2","b3","a0","tau","sig"),	
  n.chains=3)	
  
rube.lmer.ranef.fit	
  

	
  

As	
   shown	
   in	
   the	
   above	
   result	
   screenshot,	
   the	
   DIC	
   of	
   this	
   fixed	
   effect	
  model	
   is	
  
10331.85.	
  

The	
   difference	
   of	
   the	
   DIC	
   between	
   the	
   fixed	
   effect	
   model	
   and	
   random	
   effect	
  
model	
   is	
   2.29.	
   By	
   the	
   rule	
   of	
   thumb,	
   the	
   difference	
   is	
   marginally	
   interesting,	
  
which	
  means	
  that	
  a	
  random	
  effect	
  model	
  may	
  perform	
  better.	
  

Method	
  2:	
  Simulation	
  

To	
  check	
  whether	
  a	
  participant	
  random	
  effect	
  is	
  needed,	
  we	
  fit	
  the	
  original	
  fixed	
  
effect	
  model	
  where	
  subjects	
  are	
   included	
  as	
   factor	
  variables,	
  and	
  simulate	
  new	
  
data	
  based	
  on	
  the	
  fitted	
  model.	
  We	
  examine	
  the	
  spread	
  in	
  the	
  simulated	
  data	
  and	
  
compare	
  it	
  with	
  the	
  observed	
  data.	
  If	
  the	
  simulated	
  data	
  is	
  more	
  spread	
  out,	
  then	
  
we	
  probably	
  need	
  a	
  random	
  effect	
  model.	
  

####First	
  we	
  get	
  the	
  estimated	
  parameter	
  values	
  
attach(rube.lm.fixef.fit$sims.list)	
  



b0.hat<-­‐apply(b0,2,mean)	
  
b1.hat<-­‐apply(b1,2,mean)	
  
b2.hat<-­‐apply(b2,2,mean)	
  
b3.hat<-­‐apply(b3,2,mean)	
  
sig.hat<-­‐mean(sig)	
  
detach()	
  
	
  
####	
  write	
  the	
  rube	
  model	
  
rube.lm.fixef.new<-­‐"model	
  {	
  
for	
  (i	
  in	
  1:n)	
  {	
  
Classical[i]~dnorm(mu[i],sig2inv)	
  
mu[i]<-­‐b0[Subject.num[i]]+b1[Instrument.num[i]]	
  +	
  b2[Harmony.num[i]]+	
  b3[Voice.num[i]]	
  
}	
  
for	
  (j	
  in	
  1:J)	
  {	
  
b0[j]~dnorm(0,0.0001)	
  
}	
  
for	
  (k	
  in	
  1:3)	
  {	
  
b1[k]~	
  dnorm(0,0.0001)	
  
}	
  
for	
  (p	
  in	
  1:4)	
  {	
  
b2[p]~	
  dnorm(0,0.0001)	
  
}	
  
for	
  (q	
  in	
  1:3)	
  {	
  
b3[q]~	
  dnorm(0,0.0001)	
  
}	
  
sig2inv<-­‐pow(sig,-­‐2)	
  
sig~dunif(0,100)	
  
for	
  (i	
  in	
  1:n)	
  {	
  
newClassical[i]~dnorm(mu[i],sig2inv)	
  
}	
  
}"	
  
data.list<-­‐list(Classical=rating.data$Classical,	
  Subject.num=Subject.num,	
  
Instrument.num=Instrument.num,	
  Harmony.num=Harmony.num,	
  Voice.num=Voice.num,	
  n=n,	
  
J=J)	
  
rube.lm.fixef.new.inits<-­‐function()	
  {	
  
list(b0=b0.hat,	
  b1=b1.hat,	
  b2=b2.hat,	
  b3=b3.hat,	
  sig=sig.hat)	
  
}	
  
rube(rube.lm.fixef.new,	
  data.list,	
  rube.lm.fixef.new.inits)	
  
rube.lm.fixef.new.fit<-­‐rube(rube.lm.fixef.new,	
  data.list,	
  rube.lm.fixef.new.inits,	
  
parameters.to.save=c("newClassical"),	
  n.iter=400,n.chains=1)	
  

newClassical<-­‐rube.lm.fixef.new.fit$sims.list$newClassical	
  

(n.sims	
  <-­‐	
  rube.lm.fixef.new.fit$n.keep)	
  

Next	
   we	
   visualize	
   the	
   variability	
   in	
   ‘Classical’	
   ratings	
   between	
   participants.	
  



Simulated	
  data	
  is	
  in	
  green,	
  and	
  observed	
  data	
  is	
  in	
  red.	
  

boxes	
  <-­‐	
  function(i,col=2:3,ylim=c(0,10))	
  {	
  
tmp	
  <-­‐	
  c(t(cbind(Classical,newClassical[i,])))	
  
boxplot(split(tmp,rep(Subject.num,rep(2,n))),col=col,ylim=ylim)	
  
}	
  
par(mfrow=c(2,2))	
  
samp	
  <-­‐	
  sample(1:n.sims,4)	
  

for	
  (i	
  in	
  samp)	
  boxes(i)	
  

	
  

It	
   can	
  be	
  seen	
   that	
   the	
  green	
  boxes	
  are	
  a	
   little	
  more	
  spread	
  out	
   than	
  red	
  ones.	
  
This	
   means	
   that	
   this	
   fitted	
   model	
   tends	
   to	
   spread	
   data	
   out	
   than	
   what	
   is	
  
happening	
  in	
  reality.	
  Therefore	
  we	
  can	
  shrink	
  the	
  data	
  by	
  making	
  the	
  participant	
  
rating	
  intercept	
  as	
  a	
  random	
  effect.	
  

iii.	
   We	
   first	
   estimate	
   the	
   ‘repeated-­‐measures	
   model’	
   with	
   only	
   the	
   random	
  
intercept	
  for	
  participants,	
  and	
  then	
  add	
  the	
  three	
  main	
  experimental	
  factors.	
  

First,	
  we	
  estimate	
  the	
  ‘repeated-­‐measures	
  model’	
  with	
  only	
  the	
  random	
  intercept	
  
for	
  participants.	
  

####	
  write	
  the	
  rube	
  model	
  
rube.lmer.ranef<-­‐"model	
  {	
  
for	
  (i	
  in	
  1:n)	
  {	
  
	
  
Classical[i]~dnorm(mu[i],sig2inv)	
  
mu[i]<-­‐a0[Subject.num[i]] 
} 
for	
  (j	
  in	
  1:J)	
  {	
  
a0[j]~dnorm(b0,tau2inv)	
  
} 
b0~dnorm(0,0.0001) 



tau2inv<-­‐pow(tau,-­‐2) 
tau~dunif(0,100) 
sig2inv<-­‐pow(sig,-­‐2)	
  
sig~dunif(0,100)	
  
}"	
  
data.list<-­‐list(Classical=rating.data$Classical,	
  Subject.num=Subject.num,	
  n=n,	
  J=J)	
  
rube.lmer.ranef.inits<-­‐function()	
  {	
  
list(b0=rnorm(1),	
  a0=rnorm(J),	
  sig=runif(1,0,10),	
  tau=runif(1,0,10)) 
} 
rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits)	
  
rube.lmer.ranef.fit<-­‐rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits,	
  
parameters.to.save=c("b0","a0","tau","sig"),	
  n.chains=3)	
  

rube.lmer.ranef.fit	
  

	
  

Then	
  we	
  add	
  ‘Instrument’	
  to	
  the	
  model	
  

####	
  write	
  the	
  rube	
  model	
  
rube.lmer.ranef<-­‐"model	
  {	
  
for	
  (i	
  in	
  1:n)	
  {	
  
Classical[i]~dnorm(mu[i],sig2inv)	
  
mu[i]<-­‐a0[Subject.num[i]]+b1[Instrument.num[i]] 
} 
for	
  (j	
  in	
  1:J)	
  {	
  
a0[j]~dnorm(b0,tau2inv)	
  
} 
b0~dnorm(0,0.0001) 
for	
  (k	
  in	
  1:3)	
  { 
b1[k]~	
  dnorm(0,0.0001) 
} 
tau2inv<-­‐pow(tau,-­‐2) 
tau~dunif(0,100) 
sig2inv<-­‐pow(sig,-­‐2)	
  
sig~dunif(0,100)	
  
}"	
  
data.list<-­‐list(Classical=rating.data$Classical,	
  Subject.num=Subject.num,	
  
Instrument.num=Instrument.num,	
  n=n,	
  J=J)	
  
rube.lmer.ranef.inits<-­‐function()	
  {	
  
list(b0=rnorm(1),	
  b1=rnorm(3),	
  a0=rnorm(J),	
  sig=runif(1,0,10),	
  tau=runif(1,0,10)) 



} 
rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits)	
  
rube.lmer.ranef.fit<-­‐rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits,	
  
parameters.to.save=c("b0","b1","a0","tau","sig"),	
  n.chains=3)	
  

rube.lmer.ranef.fit	
  

	
  

The	
   DIC	
   increases	
   from	
   11360.67	
   to	
   10426.3,	
   and	
   the	
   variance	
   of	
   residual	
   is	
  
reduced	
   from	
  2.33	
   to	
   1.93,	
   indicating	
   that	
   adding	
   ‘Instrument’	
   hugely	
   improve	
  
the	
  model	
  fit.	
  ‘Instrument’	
  helps	
  a	
  lot	
  to	
  explain	
  the	
  variation	
  in	
  data.	
  This	
  means	
  
that	
   ‘Instrument’	
   is	
  an	
  important	
  factor	
  that	
  influences	
  people’s	
  classical	
  rating.	
  
As	
  shown	
  in	
  the	
  result,	
  a	
  guitar	
  usually	
  leads	
  to	
  about	
  1.38	
  points	
  (b1[2]-­‐b1[1])	
  
less	
  in	
  terms	
  of	
  Classical	
  rating	
  than	
  a	
  piano;	
  a	
  piano	
  usually	
  leads	
  to	
  about	
  1.75	
  
points	
  less	
  than	
  a	
  string.	
  The	
  result	
  is	
  in	
  line	
  with	
  that	
  of	
  problem	
  (a).	
  

We	
  then	
  add	
  ‘Harmony’	
  into	
  the	
  model,	
  and	
  estimate	
  it	
  using	
  rube.	
   	
  

####	
  write	
  the	
  rube	
  model	
  
rube.lmer.ranef<-­‐"model	
  {	
  
for	
  (i	
  in	
  1:n)	
  {	
  
Classical[i]~dnorm(mu[i],	
  sig2inv)	
  
mu[i]<-­‐a0[Subject.num[i]]+b1[Instrument.num[i]]	
  +	
  
b2[Harmony.num[i]]	
  
}	
  
for	
  (j	
  in	
  1:J)	
  {	
  
a0[j]~dnorm(b0,tau2inv)	
  
}	
  
b0~dnorm(0,0.0001)	
  
for	
  (k	
  in	
  1:3)	
  {	
  
b1[k]~	
  dnorm(0,0.0001)	
  
}	
  
for	
  (p	
  in	
  1:4)	
  {	
  
b2[p]~	
  dnorm(0,0.0001)	
  
}	
  
tau2inv<-­‐pow(tau,-­‐2)	
  
tau~dunif(0,100)	
  
sig2inv<-­‐pow(sig,-­‐2)	
  
sig~dunif(0,100)	
  



}"	
  
data.list<-­‐list(Classical=rating.data$Classical,	
  Subject.num=Subject.num,	
  
Instrument.num=Instrument.num,	
  Harmony.num=Harmony.num,	
  n=n,	
  J=J)	
  
rube.lmer.ranef.inits<-­‐function()	
  {	
  
list(b0=rnorm(1),	
  b1=rnorm(3),	
  b2=rnorm(4),	
  a0=rnorm(J),	
  sig=runif(1,0,10),	
  tau=runif(1,0,10))	
  
}	
  
rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits)	
  
rube.lmer.ranef.fit<-­‐rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits,	
  
parameters.to.save=c("b0","b1","b2","a0","tau","sig"),	
  n.chains=3)	
  
rube.lmer.ranef.fit	
  

	
  

It	
   is	
   shown	
   that	
   adding	
   ‘Harmony’	
   decrease	
   the	
   model	
   DIC	
   from	
   10426.3	
   to	
  
10361.23,	
  indicating	
  that	
  ‘Harmony’	
  has	
  influence	
  on	
  classical	
  ratings.	
  From	
  the	
  
coefficient	
   estimates,	
   we	
   see	
   that	
   b2[1],	
   b2[2]	
   and	
   b2[4]	
   are	
   all	
   close	
   to	
   each	
  
other;	
   only	
   b2[3]	
   has	
   an	
   about	
   0.7	
   increment	
   compared	
   to	
   the	
   others.	
   In	
   the	
  
model,	
   b2[3]	
   is	
   the	
   coefficient	
   for	
   I-­‐V-­‐VI.	
   This	
  means	
   that	
   a	
   stimuli	
   of	
   I-­‐V-­‐VI	
   is	
  
more	
  likely	
  to	
  get	
  a	
  higher	
  classical	
  rating.	
   	
  

Finally,	
  we	
  add	
  ‘Voice’	
  to	
  the	
  model,	
  which	
  is	
  the	
  model	
  we	
  fit	
  in	
  (b.	
  ii).	
  The	
  DIC	
  
value	
   is	
   10331.85,	
   smaller	
   than	
   10361.23.	
   This	
   means	
   that	
   ‘Voice’	
   also	
   have	
  
influence	
  on	
  classical	
  ratings.	
  

1.	
  (c)	
  

i.	
  We	
  estimate	
   the	
  model	
   including	
   all	
   the	
   three	
   random	
  effects	
   as	
  well	
   as	
   the	
  
three	
  design	
  factors	
  (please	
  refer	
  to	
  iii.)	
  using	
  WinBUGS	
  

(An	
  equivalent	
  approach	
  would	
  be	
  to	
  estimate	
  using	
  
lmer(Classical~(1|Subject:Instrument)+(1|Subject:Harmony)+(1|Subject:Voice)
+Instrument+Harmony+Voice))	
  

####	
  write	
  the	
  rube	
  model	
  
rube.lmer.ranef<-­‐"model	
  {	
  
for	
  (i	
  in	
  1:n)	
  {	
  
Classical[i]~dnorm(mu[i],	
  sig2inv)	
  
mu[i]<-­‐a_instr[Subject.num[i],Instrument.num[i]]+a_har[Subject.num[i],Harmony.num[i]]+a_voi
ce[Subject.num[i],Voice.num[i]]+b1[Instrument.num[i]]+b2[Harmony.num[i]]+b3[Voice.num[i]]	
  



}	
  
for	
  (j	
  in	
  1:J)	
  {	
  
for	
  (k	
  in	
  1:3)	
  {	
  
a_instr[j,k]~dnorm(a1,tau1inv)	
  
}}	
  
for	
  (j	
  in	
  1:J)	
  {	
  
for	
  (p	
  in	
  1:4)	
  {	
  
a_har[j,p]~dnorm(a2,tau2inv)	
  
}}	
  
for	
  (j	
  in	
  1:J)	
  {	
  
for	
  (q	
  in	
  1:3)	
  {	
  
a_voice[j,q]~dnorm(a3,tau3inv)	
  
}}	
  
for	
  (k	
  in	
  1:3)	
  {	
  
b1[k]~dnorm(0,0.0001)	
  
}	
  
for	
  (p	
  in	
  1:4)	
  {	
  
b2[p]~dnorm(0,0.0001)	
  
}	
  
for(q	
  in	
  1:3)	
  {	
  
b3[q]~dnorm(0,0.0001)	
  
}	
  
a1~dnorm(0,0.0001)	
  
tau1inv<-­‐pow(tau1,-­‐2)	
  
tau1~dunif(0,100)	
  
a2~dnorm(0,0.0001)	
  
tau2inv<-­‐pow(tau2,-­‐2)	
  
tau2~dunif(0,100)	
  
a3~dnorm(0,0.0001)	
  
tau3inv<-­‐pow(tau3,-­‐2)	
  
tau3~dunif(0,100)	
  
sig2inv<-­‐pow(sig,-­‐2)	
  
sig~dunif(0,100)	
  
}"	
  
data.list<-­‐list(Classical=rating.data$Classical,	
  Subject.num=Subject.num,	
  
Instrument.num=Instrument.num,	
  Harmony.num=Harmony.num,Voice.num=Voice.num,	
  n=n,	
  
J=J)	
  
rube.lmer.ranef.inits<-­‐function()	
  {	
  
list(a1=rnorm(1),	
  a2=rnorm(1),	
  a3=rnorm(1),	
  b1=rnorm(3),	
  b2=rnorm(4),	
  b3=rnorm(3),	
  
a_instr=matrix(rnorm(70*3),70,3),	
  a_har=matrix(rnorm(70*4),70,4),	
  
a_voice=matrix(rnorm(70*3),70,3),	
  sig=runif(1,0,10),	
  
tau1=runif(1,0,10),tau2=runif(1,0,10),tau3=runif(1,0,10))	
  
}	
  
rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits)	
  



rube.lmer.ranef.fit<-­‐rube(rube.lmer.ranef,	
  data.list,	
  rube.lmer.ranef.inits,	
  
parameters.to.save=c("a1","a2","a3","b1","b2","b3","a_instr","a_har","a_voice","tau1","tau2","tau3
","sig"),	
  n.chains=3)	
  
rube.lmer.ranef.fit	
  

The	
  results	
  are	
  as	
  follows	
  

	
   	
   	
  

…	
   	
   …	
   	
   …	
  

	
  

From	
  the	
  above	
  result	
   table,	
  we	
  can	
  see	
   that	
   the	
  model	
  DIC	
   is	
  9870.439,	
  much	
  
smaller	
   than	
   that	
   of	
   any	
   model	
   in	
   1(a)	
   and	
   1(b).	
   Additionally,	
   the	
   residual	
  
variance	
   sig=1.562,	
   much	
   smaller	
   than	
   any	
   of	
   that	
   in	
   previous	
   models.	
   This	
  
means	
  that	
   this	
  model	
  with	
  all	
   three	
  random	
  effect	
   terms	
  fit	
  better	
  than	
  any	
  of	
  
the	
  previous	
  models.	
  

ii.	
  In	
  this	
  model,	
  we	
  still	
  see	
  that	
  ‘Instrument’	
  should	
  have	
  the	
  biggest	
  impact	
  on	
  
‘Classical	
  ratings’,	
  because	
  the	
  personal	
  bias	
  distribution	
  regarding	
  ‘Instrument’	
  
is	
  the	
  most	
  spread	
  out	
  one	
  (tau1	
  is	
  biggest,	
  even	
  as	
  big	
  as	
  the	
  residual	
  variance).	
  
Besides	
  the	
  personal	
  bias	
  being	
  accounted	
  for	
  in	
  the	
  model,	
  we	
  see	
  that	
  guitar	
  is	
  
negatively	
   associated	
   with	
   classical	
   rating	
   (b1[1]=-­‐0.616),	
   and	
   the	
   other	
   two	
  
instruments	
   are	
   both	
   positively	
   associated	
   -­‐-­‐-­‐-­‐	
   piano	
   is	
   associated	
   with	
   an	
  
average	
  of	
  0.749	
  points	
  and	
  string	
  with	
  2.514	
  points.	
  Compare	
  this	
  result	
  to	
  what	
  
we	
  have	
  in	
  the	
  conventional	
  regression	
  in	
  (a),	
  we	
  have	
  got	
  very	
  similar	
  results:	
  
treating	
   guitar	
   as	
   a	
   baseline,	
   piano	
   is	
   associated	
  with	
   about	
   1.37	
   points	
  more,	
  
and	
   string	
   is	
   associated	
   with	
   about	
   3.1	
   points	
   more.	
   We	
   can	
   reach	
   the	
   same	
  



conclusion	
  for	
  ‘Harmony’	
  and	
  ‘Voice’	
  by	
  examining	
  their	
  coefficients.	
  

The	
   three	
   estimated	
   variance	
   components	
   are	
   tau1=1.494,	
   tau2=0.669	
   and	
  
tau3=0.143.	
  We	
  can	
  see	
  that	
  the	
  ‘personal	
  bias’	
  regarding	
  ‘Instrument’	
  varies	
  the	
  
most,	
   followed	
   by	
   that	
   regarding	
   ‘Harmony’	
   and	
   then	
   ‘Voice’.	
   The	
   estimated	
  
residual	
   variance	
   is	
   1.562,	
   only	
   a	
   little	
   bigger	
   than	
   the	
   variance	
  of	
   ‘Instrument	
  
personal	
  bias’	
  distribution.	
  

iii.	
  Write	
  this	
  model	
  in	
  mathematical	
  terms	
  

!"#$$%&#" = ![!:!"#$%][!] + ![!:!"#][!] + ![!:!"#$%][!] + !!!"#!"#$%&! + !!!"#$%&'

+ !!!"#$% + !! , !!~!(0,!!)	
  

	
   	
   	
   	
   	
   	
   ![!:!"#$%][!] = !! + ![!:!"#$%], ![!:!"#$%]~!(0, !!!)	
  

	
   	
   	
   	
   	
   	
   ![!:!"#][!] = !! + ![!:!"#], ![!:!"#]~!(0, !!!)	
   	
  

	
   	
   	
   	
   	
   ![!:!"#$%][!] = !! + ![!:!"#$%], ![!:!"#$%]~!(0, !!!)	
   	
  

2.	
  (a)	
  

To	
  simplify	
  the	
  exploratory	
  process,	
  we	
  use	
  lmer()	
  instead	
  of	
  WinBUGS	
  to	
  fit	
  the	
  
model.	
  We	
  add	
   the	
   listed	
   individual	
  variable	
  one	
  by	
  one	
   into	
   the	
  model	
   in	
  1(c)	
  
and	
  see	
  whether	
  the	
  coefficient	
  of	
  the	
  variable	
  is	
  significant.	
  By	
  the	
  rule	
  of	
  thumb,	
  
we	
  will	
  keep	
  the	
  variables	
  whose	
  t-­‐value	
  is	
  larger	
  than	
  2.	
  

It	
   turns	
   out	
   that	
   only	
   one	
   variable	
   has	
   a	
   t-­‐value	
   larger	
   than	
   2,	
   that	
   is	
  
X16.minus.17.	
   As	
   shown	
   in	
   the	
   below	
   result	
   screenshot,	
   the	
   coefficient	
   of	
  
X16.minus.17	
   is	
   estimated	
   to	
   be	
   -­‐0.09786,	
  with	
   a	
   standard	
   error	
   0.03804,	
   and	
  
the	
  t-­‐value	
  is	
  -­‐2.572.	
   	
  

	
  

We	
   estimate	
   the	
   same	
  model	
   again	
   in	
  WinBUGS,	
   and	
   the	
   results	
   are	
   the	
   same.	
  
Here	
  b4	
  is	
  the	
  coefficient	
  of	
  X16.minus.17.	
  



	
  

By	
  the	
  rule	
  of	
  thumb,	
  the	
  coefficient	
  is	
  significant,	
  indicating	
  that	
  X16.minus.17	
  is	
  
negatively	
  associated	
  with	
  classical	
  ratings.	
  All	
  the	
  other	
  individual	
  variables	
  are	
  
not	
  statistically	
  significant.	
  Therefore,	
  the	
  final	
  model	
  takes	
  the	
  following	
  form	
  

Classical~(1|Subject:Instrument)+(1|Subject:Harmony)+(1|Subject:Voice)+Instr
ument+Harmony+Voice+X16.minus.17	
  

2.	
  (b)	
  

We	
   compare	
   the	
   random	
   effects	
   of	
   the	
   two	
   models	
   (with	
   and	
   without	
  
X16.minus.17).	
  Overall,	
  the	
  random	
  effects	
  don’t	
  vary	
  much.	
  It	
  worth	
  to	
  note	
  that	
  
the	
  random	
  effects	
  regarding	
  ‘Instrument’	
  has	
  the	
  relatively	
  biggest	
  change	
  after	
  
we	
   add	
   the	
   individual	
   covariate	
   X16.minus.17	
   into	
   the	
   model.	
   Its	
   variance	
   is	
  
reduced	
  from	
  2.198	
  to	
  2.133.	
  This	
  indicates	
  that	
  X16.minus.17	
  actually	
  captures	
  
some	
   of	
   the	
   variation	
   reflected	
   in	
   people’s	
   personal	
   judgments	
   regarding	
  
instruments.	
  

	
  

	
  

2.	
  (c)	
  

People	
  have	
  intrinsic	
  personal	
  biases	
  when	
  rate	
  music	
  and	
  such	
  biases	
  vary	
  with	
  
the	
   type	
   of	
   instruments,	
   harmony	
   and	
   voice	
   leading.	
   Among	
   them,	
   the	
   biases	
  
regarding	
   instrument	
   vary	
   the	
   most	
   (variance	
   of	
   (1|Subject:Instrument)	
   is	
  
2.1327),	
   followed	
   by	
   that	
   regarding	
   harmony	
   (0.4424)	
   and	
   biases	
   regarding	
  
voice	
   has	
   the	
   least	
   spread	
   out	
   distribution,	
   with	
   only	
   a	
   0.0281	
   variance.	
   This	
  
means	
   that	
   instrument	
   type	
   is	
   the	
   most	
   important	
   factor	
   that	
   leads	
   to	
   the	
  
variation	
  in	
  classical	
  ratings.	
  

As	
  can	
  be	
  seen	
  from	
  the	
  coefficients	
  of	
   ‘instrument’	
   indicators,	
  music	
  played	
  by	
  



string	
   on	
   average	
   earns	
   the	
  highest	
   classical	
   ratings,	
  which	
   is	
   about	
  1.8	
  points	
  
more	
  than	
  that	
  played	
  by	
  Piano	
  and	
  about	
  3.12	
  points	
  more	
  than	
  that	
  played	
  by	
  
guitar.	
  As	
  to	
  the	
  type	
  of	
  harmony,	
  we	
  see	
  that	
  harmony	
  type	
  I-­‐V-­‐VI	
  leads	
  to	
  the	
  
highest	
  classical	
  ratings	
  among	
  all	
  the	
  harmony	
  types.	
  On	
  average,	
  the	
  difference	
  
between	
  I-­‐V-­‐VI	
  and	
  other	
   types	
   is	
  about	
  0.77	
  points.	
  There	
  exists	
  a	
  statistically	
  
significant	
   difference	
  between	
   the	
   voice	
   type	
  Contrary	
  Motion	
   and	
  Parallel	
   3rd,	
  
5th.	
   A	
   stimuli	
  music	
   of	
   Contrary	
  Motion	
   tends	
   to	
   be	
   rated	
   0.4	
   points	
   higher	
   in	
  
classical	
  rating	
  than	
  the	
  other	
  two	
  voice	
  types	
  do.	
  

3.	
  

We	
   recode	
   ‘Selfdeclare’	
   to	
   a	
   new	
   variable	
   ‘Musician’.	
   We	
   group	
   the	
   cases	
  
‘Selfdeclare=1,2’	
   to	
   ‘Musician=0’,	
  and	
  the	
  rest	
  are	
   ‘Musician=1’,	
  so	
  that	
  we	
  have	
  
about	
  half	
  people	
  musicians	
  and	
  half	
  non-­‐musicians.	
  

>Musician<-­‐ifelse((Selfdeclare==1|Selfdeclare==2),0,1)	
   	
  

Now	
   we	
   interact	
   the	
   ‘Musician’	
   indicator	
   with	
   the	
   three	
   design	
   factors	
  
‘Instrument’,	
   ‘Harmony’	
   and	
   ‘Voice’,	
   and	
   examine	
   how	
   does	
   this	
   change	
   the	
  
model	
  estimates.	
  

First	
  we	
  interact	
  ‘Musician’	
  with	
  ‘Instrument’.	
  

	
  

Although	
   the	
   two	
   interaction	
   estimates	
   ‘Musician:Instrumentpiano’	
   and	
  
‘Musician:Instrumentstring’	
   are	
   not	
   statistically	
   significant	
   at	
   0.05	
   level,	
   their	
  
t-­‐value	
  are	
  both	
  larger	
  than	
  1	
  and	
  their	
  signs	
  are	
  both	
  negative.	
  This	
  indicates	
  to	
  
some	
  extent	
  that	
  musicians	
  tend	
  to	
  be	
  more	
  conservative	
  than	
  non-­‐musicians	
  in	
  
terms	
   of	
   rating	
  music	
   played	
   by	
   piano	
   and	
   string	
  music	
   as	
   classical.	
   In	
   others	
  
words,	
   factor	
   ‘instrument’	
   is	
   less	
   influential	
   for	
   musicians	
   than	
   for	
  
non-­‐musicians.	
  

Then	
  we	
  interact	
  ‘Musician’	
  with	
  ‘Harmony’	
  



	
  
It	
   can	
   be	
   seen	
   from	
   the	
   above	
   results	
   that,	
   after	
   adding	
   the	
   interaction	
   terms,	
  
‘HarmonyI-­‐V-­‐VI’	
   is	
   no	
   longer	
   significant,	
   but	
   the	
   interaction	
   term	
  
‘Musician:HarmonyI-­‐V-­‐VI’	
   is	
   very	
   significant	
   and	
   is	
   positive.	
   This	
   means	
   that	
  
musicians	
   and	
   non-­‐musicians	
   do	
   treat	
   Harmony	
   I-­‐V-­‐VI	
   differently.	
   Musicians	
  
tend	
   to	
   give	
   music	
   of	
   I-­‐V-­‐VI	
   type	
   a	
   high	
   classical	
   rating	
   while	
   non-­‐musicians	
  
don’t.	
  

Finally,	
   we	
   interact	
   ‘Musician’	
   with	
   ‘Voice’.	
   The	
   interaction	
   terms	
   are	
   not	
  
significant.	
  There	
  is	
  no	
  obvious	
  evidence	
  that	
  musicians	
  and	
  non-­‐musicians	
  treat	
  
‘Voice’	
  differently.	
  

	
  

4.	
  (a)	
  

We	
  fit	
  the	
  similar	
  hierarchical	
  linear	
  model	
  on	
  ‘Popular	
  Ratings’	
  in	
  WinBUGS.	
  We	
  
first	
  estimate	
  a	
  model	
  with	
  only	
  the	
  three	
  random	
  effects,	
  and	
  then	
  include	
  the	
  
three	
  design	
  factors	
  one	
  by	
  one,	
  to	
  see	
  how	
  they	
  improve	
  the	
  model	
  fit.	
  



The	
  DIC	
  of	
  the	
  three	
  random	
  effects	
  model	
  is	
  DIC=10036.85.	
  Adding	
  ‘Instrument’,	
  
the	
  model	
   DIC=9953.106;	
   adding	
   ‘Harmony’,	
   the	
  model	
   DIC=9968.583;	
   adding	
  
‘Voice’,	
  the	
  model	
  DIC=9984.148.	
  This	
  indicates	
  that	
  ‘Instrument’	
  has	
  the	
  biggest	
  
influence	
  among	
  the	
  three	
  desing	
  factors	
  on	
  the	
  variability	
  of	
  popular	
  rating.	
  

4.	
  (b)	
  

	
  

Similar	
  with	
  the	
  case	
  of	
  ‘classical	
  rating’,	
  instrument	
  type	
  is	
  the	
  most	
  important	
  
factor	
   that	
   leads	
   to	
   the	
  variation	
   in	
  people’s	
   intrinsic	
  bias	
   regarding	
  whether	
  a	
  
music	
  is	
  popular.	
  The	
  fixed	
  effects	
  are	
  mostly	
  opposite	
  with	
  that	
  in	
  the	
  ‘classical	
  
rating’	
  case.	
  As	
  can	
  be	
  seen	
  from	
  the	
  coefficients	
  of	
  ‘instrument’	
  indicators,	
  music	
  
played	
  by	
  string	
  on	
  average	
  earns	
  the	
  lowest	
  popular	
  ratings,	
  which	
  is	
  about	
  1.7	
  
points	
  less	
  than	
  that	
  played	
  by	
  piano	
  and	
  about	
  2.6	
  points	
  less	
  than	
  that	
  played	
  
by	
  guitar.	
  As	
   to	
   the	
   type	
  of	
  harmony,	
  we	
  see	
   that	
  harmony	
  type	
   I-­‐V-­‐VI	
   leads	
   to	
  
the	
   lowest	
   popular	
   ratings	
   among	
   all	
   the	
   harmony	
   types.	
   On	
   average,	
   the	
  
difference	
   between	
   I-­‐V-­‐VI	
   and	
   other	
   types	
   is	
   about	
   0.27	
   points.	
   There	
   exists	
   a	
  
difference	
  between	
  the	
  voice	
  type	
  Contrary	
  Motion	
  and	
  Parallel	
  3rd,	
  5th.	
  A	
  stimuli	
  
music	
  of	
  Contrary	
  Motion	
  tends	
  to	
  be	
  rated	
  0.16	
  points	
  lower	
  in	
  popular	
  rating	
  
than	
  the	
  other	
  two	
  voice	
  types	
  do.	
  

4.	
  (c)	
  

Now	
   we	
   interact	
   the	
   ‘Musician’	
   indicator	
   with	
   the	
   three	
   design	
   factors	
  
‘Instrument’,	
   ‘Harmony’	
   and	
   ‘Voice’,	
   and	
   examine	
   how	
   does	
   this	
   change	
   the	
  
model	
  estimates.	
  

First,	
  we	
  show	
  the	
  result	
  of	
  the	
  original	
  model	
  

>summary(lmer(Popular~(1|Subject:Instrument)+(1|Subject:Harmony)+(1|Subject:Voice)+Instr
ument+Harmony+Voice+X16.minus.17))	
  



	
  
Then	
  we	
  interact	
  ‘Musician’	
  with	
  ‘Instrument’.	
  

	
  

The	
  two	
  coefficients	
  of	
  instrument	
  indicators	
  are	
  still	
  significant,	
  and	
  none	
  of	
  the	
  
interaction	
   terms	
   are	
   significant.	
   Therefore	
   we	
   believe	
   there’s	
   no	
   obvious	
  
evidence	
  that	
  musicians	
  and	
  non-­‐musicians	
  treat	
  instrument	
  differently.	
  

Next,	
  we	
  interact	
  ‘Musician’	
  with	
  ‘Harmony’	
  



	
  

We	
   see	
   that,	
   after	
   adding	
   the	
   interaction	
   term,	
   ‘HarmonyI-­‐V-­‐VI’	
   is	
   no	
   longer	
  
significant,	
   while	
   the	
   interaction	
   term	
   ‘Musician:HarmonyI-­‐V-­‐VI’	
   is	
   significant	
  
and	
   negative.	
   This	
   means	
   that	
   musicians	
   and	
   non-­‐musicians	
   treat	
   Harmony	
  
I-­‐V-­‐VI	
  differently	
  when	
  rate	
  whether	
  a	
  music	
  is	
  popular	
  or	
  not.	
  Musicians	
  tend	
  to	
  
give	
  music	
  of	
  I-­‐V-­‐VI	
  type	
  a	
  low	
  popular	
  rating	
  while	
  non-­‐musicians	
  don’t.	
  

Finally	
  we	
   interact	
   ‘Musician’	
  with	
   ‘Voice’.	
  Still	
  none	
  of	
   the	
   interaction	
   terms	
   is	
  
significant,	
   so	
  we	
   believe	
  musicians	
   and	
  non-­‐musicians	
   are	
   similar	
   in	
   terms	
   of	
  
the	
  influence	
  of	
  ‘Voice’	
  on	
  ‘popular	
  ratings’.	
  

	
  

5.	
  

Overall,	
   among	
   the	
   three	
   experimental	
   factors,	
  we	
   find	
   that	
   the	
   ‘Instrument’	
   is	
  



the	
  most	
  important	
  factor	
  that	
  influences	
  people’s	
  judgment	
  on	
  whether	
  a	
  music	
  
piece	
   is	
   classical	
   or	
   popular,	
   followed	
   next	
   by	
   ‘Harmony’.	
   ‘Voice’	
   has	
   the	
   least	
  
influence.	
   People	
   who	
   declare	
   themselves	
   as	
   musicians	
   take	
   into	
   account	
  
‘Instrument’	
   and	
   ‘Harmony’	
   differently	
   compared	
   with	
   those	
   who	
   declare	
  
themselves	
  as	
  non-­‐musicians.	
  

In	
  our	
  analysis,	
  instead	
  of	
  a	
  standard	
  repeated	
  measures	
  model,	
  we	
  use	
  a	
  model	
  
with	
   three	
   random	
   effects	
   that	
   captures	
   people’s	
   intrinsic	
   bias	
   regarding	
   to	
  
different	
  types	
  of	
  the	
  three	
  factors.	
  In	
  both	
  ‘classical	
  rating’	
  and	
  ‘popular	
  rating’,	
  
the	
  random	
  effect	
  of	
   ‘instrument’	
   turns	
  out	
   to	
  have	
   the	
   largest	
  variance	
   (about	
  
1.5),	
   followed	
   by	
   that	
   of	
   ‘harmony’	
   (about	
   0.2)	
   and	
   ‘voice’	
   (about	
   0.03).	
   This	
  
indicates	
   that	
   the	
   personal	
   bias	
   distribution	
   regarding	
   ‘instrument	
   type’	
   is	
   the	
  
most	
   spread	
   out	
   one.	
   Therefore	
   we	
   believe	
   that	
   instrument	
   type	
   is	
   the	
   most	
  
important	
   factor	
   that	
   leads	
   to	
   the	
  variation	
   in	
  people’s	
   intrinsic	
  bias	
   regarding	
  
whether	
  a	
  piece	
  of	
  music	
  is	
  classical	
  or	
  popular.	
  

Besides	
   the	
  personal	
  bias	
  reflected	
   in	
  random	
  effects,	
  we	
  gain	
  more	
   insights	
   in	
  
interpreting	
  the	
  fixed	
  effect	
  coefficient	
  estimates.	
  Music	
  played	
  by	
  guitar	
  tends	
  to	
  
be	
   rated	
   as	
   the	
   least	
   classical	
   music;	
   in	
   contrast,	
   music	
   played	
   by	
   piano	
   and	
  
string	
   tends	
   to	
   be	
   associated	
   with	
   respectively	
   1.4	
   and	
   3.2	
   more	
   points	
   in	
  
classical	
  rating	
  compared	
  to	
  that	
  played	
  by	
  guitar.	
  As	
  to	
  ‘harmony’,	
  only	
  I-­‐V-­‐VI	
  is	
  
shown	
  to	
  be	
  a	
  significant	
  type	
  that	
  impact	
  people’s	
  judgement.	
  An	
  I-­‐V-­‐VI	
  stimuli	
  
is	
   associated	
   with	
   a	
   0.77	
   more	
   points	
   in	
   classical	
   rating	
   with	
   everything	
   else	
  
being	
   equal.	
   This	
   is	
   in	
   line	
   with	
   the	
   researchers’	
   guess	
   that	
   I-­‐V-­‐VI	
   might	
   be	
  
frequently	
  rated	
  as	
  classical	
  due	
  to	
  people’s	
  familiarity	
  with	
  Pachelbel’s	
  Canon	
  in	
  
D.	
  For	
  ‘voice’,	
  we	
  find	
  that	
  stimuli	
  of	
  par3rd	
  and	
  par5th	
  are	
  both	
  associated	
  with	
  
a	
  less	
  classical	
  rating	
  compared	
  to	
  that	
  of	
  the	
  contrary	
  motion.	
  This	
  is	
  in	
  line	
  with	
  
the	
  researchers’	
  expectation	
  that	
  contrary	
  motion	
  would	
  be	
  frequently	
  rated	
  as	
  
classical.	
  As	
  to	
  the	
  ‘popular	
  rating’	
  case,	
  the	
  fixed	
  effects	
  are	
  mostly	
  opposite	
  with	
  
that	
   in	
   the	
   ‘classical	
   rating’	
   case.	
  Music	
   played	
  by	
   guitar	
   is	
   rated	
  high	
   ‘popular	
  
rating’	
  and	
  string	
  is	
  rated	
  least.	
  I-­‐V-­‐VI	
  is	
  also	
  rated	
  significantly	
  lower	
  than	
  other	
  
‘harmony’	
  types.	
  Voice	
  types	
  don’t	
  have	
  significant	
  influence	
  on	
  ‘popular	
  ratings’.	
  

We	
   further	
   examine	
   the	
   difference	
   between	
   self-­‐declared	
   musicians	
   and	
  
non-­‐musicians	
   in	
   considering	
   the	
   three	
   experimental	
   factors.	
  The	
   results	
   show	
  
that	
  musicians	
  rely	
  their	
  judgement	
  less	
  on	
  instruments	
  than	
  non-­‐musicians	
  do.	
  
In	
   others	
   words,	
   factor	
   ‘instrument’	
   is	
   less	
   influential	
   for	
   musicians	
   than	
   for	
  
non-­‐musicians.	
  Additionally,	
  musicians	
   tend	
  to	
  be	
  more	
   likely	
   to	
   identify	
   I-­‐V-­‐VI	
  
music	
   as	
   classical	
   music,	
   while	
   non-­‐musicians	
   don’t	
   have	
   this	
   tendency.	
  
Musicians	
   and	
   non-­‐musicians	
   don’t	
   exhibit	
   significant	
   difference	
   in	
   treating	
  
‘voice’	
  type.	
  

Finally	
  we	
   find	
   that	
   the	
  more	
   capable	
   the	
   listener	
   is	
   to	
   distinguish	
   classical	
   vs	
  
popular	
  music,	
  the	
  more	
  likely	
  he	
  will	
  give	
  high	
  classical	
  rating.	
  


