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Abstract. Can listeners distinguish unfamiliar performers playing the same piece on the same
instrument? Professional performers recorded two expressive and two inexpressive interpretations of
a short organ piece. Nonmusicians and musicians listened to these recordings and grouped together
excerpts they thought had been played by the same performer. Both musicians and nonmusicians
performed significantly above chance. Expressive interpretations were sorted more accurately than
inexpressive ones, indicating that musical individuality is communicated more efficiently through
expressive performances. Furthermore, individual performers’ consistency and distinctiveness with
respect to expressive patterns were shown to be excellent predictors of categorisation accuracy.
Categorisation accuracy was superior for prize-winning performers compared to non-winners,
suggesting a link between performer competence and the communication of musical individuality.
Finally, results indicate that temporal information is sufficient to enable performer recognition,
a finding that has broader implications for research on the detection of identity cues.

1 Introduction

Humans possess a remarkable and well-documented ability to identify individuals on the
basis of their physical characteristics, such as facial features (Carey 1992), movements
(Blake and Shiffrar 2007), or voice (Belin et al 2004). This ability, which is essential for
survival in species that value kin recognition (Tang-Martinez 2001) and social interaction
(Thompson and Hardee 2008), is not specific to humans: monkeys can recognise faces
or vocalisations (Rendall et al 1996; Sugita 2008), while seals (Charrier et al 2001)
and chickadees (Charrier and Sturdy 2005) can reliably identify conspecifics based on
their vocal production.

Voice is not the only culturally universal auditory stimulus capable of carrying
identity information; music appears to be another likely candidate. Indeed, certain
famous musicians, such as John Coltrane or Sonny Rollins, need only to play a few
notes to be unequivocally recognised (Benadon 2003). Yet, whereas the processes by
which speaker identification is achieved have been extensively analysed, no published
study has focused explicitly on the communication of identity information through
music performance in a controlled experimental setting. This article aims to fill that
void by examining the influence of listeners’ musical training, performers’ expertise,
and performance expressiveness on the listeners’ ability to associate different perfor-
mances by the same performer in a sorting task.

A great deal of research on voice recognition has been devoted to the perception
of characteristic attributes of individual speakers. The classical model, supported by
substantial evidence, posits a perceptual dissociation between the linguistic features of
an utterance, related to prosody and higher-level phonetic structures, and its indexical
or ‘paralinguistic’ features, described as speaker-specific acoustical properties related to
vocal timbre (Abercrombie 1967). However, more recent accounts have shown that speak-
ers can be identified from sinewave replicas of their voices lacking natural intonation and
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voice quality, implying that other prosodic properties convey sufficient speaker-specific
information to allow identification (Remez et al 1997, 2007). Further converging evidence
indicating that acoustically based identification is possible in the absence of timbral cues
is provided by studies showing that temporal information is sufficient for recognising
one’s own clapping (Flach et al 2004), and that pianists recognise their own performances
better than those of other pianists from modified recordings in which only timing
information is available (Repp and Knoblich 2004; Repp and Keller 2010). However,
self-recognition may be explained by greater experience with one’s own productions.

Artificial intelligence experts have also attempted to build computational models
that could identify music performers (Saunders et al 2008; Stamatatos and Widmer
2005). For instance, Stamatatos and Widmer presented a learning ensemble that
achieved a 70% recognition rate, using a database of piano performances of 22 pianists
playing two pieces by Chopin. The authors noted that their model displayed a level of
accuracy “unlikely to be matched by human listeners”.

The principal objective of the present study was, therefore, to assess whether human
listeners could accurately group together excerpts played by the same (non-self) performer
in the absence of timbral or dynamic differentiation by relying exclusively on temporal
cues. Organ music, which offers only limited timbral and dynamic differentiation, was
chosen to address this question. Furthermore, all recordings were realised on the same
instrument and using the same registration (configuration of organ stops controlling
the timbre), thus ensuring that timbre and intensity were identical for all performances.

A secondary objective was to identify the acoustical parameters used by listeners
to discriminate between performers. Given the lack of timbral or dynamic differentia-
tion between the excerpts, we sought to estimate the relative contribution of available
temporal cues, such as tempo and articulation (the degree of overlap between two
successive notes), to the listeners’ solutions in the sorting task.

Domain-specific expertise has been shown to affect one’s ability to identify special-
ised stimuli in both the visual and auditory domains. This is particularly true in the case
of musical stimuli, as several studies have demonstrated a timbre-processing and pitch-
processing advantage for musicians versus nonmusicians (for a review, see Chartrand et al
2008). On the other hand, a number of responses to musical stimuli do not seem to be
affected to a great extent by musical training (Bigand and Poulin-Charronnat 2006).
More specifically, both musicians and nonmusicians are able to distinguish among
different levels of expressiveness in performances of the same piece (Kendall and
Carterette 1990), to recognise the emotions that performers intend to communicate
(Juslin 2000), and to discriminate between familiar and novel performances of the same
piece (Palmer et al 2001). Especially relevant to the topic at hand is the finding by
Timmers (2005) that predictive models of perceptual similarity between performances
were highly similar for nonmusicians and musicians: for both groups, models based on
absolute values of tempo and loudness were better predictors of perceptual similarity
than models based on normalised variations. These studies suggest that the effect of
musical expertise could be task-dependent. In the present study, the role of musical
expertise was assessed by comparing musicians’ and nonmusicians’ ability to discriminate
between performers.

Because earlier research has shown that recordings from performers with a higher
level of expertise tend to be perceived by listeners as exhibiting more individuality
than those of graduate students (Repp 1997), we also sought to explore a potential link
between the performers’ level of expertise and listeners’ ability to correctly identify
their performances. Therefore, performers were divided into two groups: organists having
previously won one or more prizes at national organ competitions and non-prize-winners.
We surmised that prize-winners would be easier to identify, either because their superior
technical proficiency would result in more consistent performances or because their
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success in competitions could be related to their ability to successfully convey their
musical individuality.

A further objective of this study was to assess the effect of musical expressiveness
on the ability of listeners to discriminate between performers. Previous research on
movement-based recognition from point-light displays has shown that subjects recog-
nise actors more accurately when they perform expressive actions, such as boxing
or dancing, instead of less expressive actions, such as walking (Loula et al 2005);
similarly, exaggerated temporal differences between arm movements enhance recog-
nition (Hill and Pollick 2000). On the basis of these findings, we predicted that a
performer’s musical individuality would be conveyed more clearly when performing
a piece in an expressive manner, rather than in an inexpressive rendition. In order to
evaluate whether listeners’ ability to accurately group together recordings from the same
performer was higher for expressive performances than for inexpressive ones, performers
were asked to record expressive and inexpressive interpretations of the piece.

2 Methods

2.1 First phase: Recording organ performances

2.1.1 Participants. Eight professional organists participated in exchange for financial
compensation. Their mean age was 26 years (range: 19 to 30 years). All performers
identified themselves as right-handers. They had received organ instruction for a mean
duration of 9 years (range: 3 to 13 years) and had 4 to 21 years of experience playing
the organ. All of them held or had held a position as church organist for an average
of 8 years (range: 1 to 21 years). Three of them had previously won one or more prizes
in national organ competitions.

2.1.2 Materials. A chorale setting of Wachet auf, ruft uns die Stimme by Samuel Scheidt
(1587 —-1654) was selected for this experiment. This piece, which is representative of a
typical genre of the Baroque organ repertoire, is not technically demanding and does
not require the use of the pedals. None of the performers was familiar with the piece
prior to the experiment.

2.1.3 Procedure. The score of the piece was given to the performers 20 min before
the recording session began, in order to give them time to practice. Performers were
asked to practice two interpretations of the piece: an expressive interpretation and an
inexpressive interpretation, for which they were instructed to play as mechanically
as possible without adding any expressiveness beyond what was notated in the score
(Palmer 1989). Two versions of the expressive interpretation were recorded, followed
by two versions of the inexpressive interpretation. Performances were recorded on the
Casavant organ of the Church of St-Andrew & St-Paul in Montreal (Canada), which
is equipped with a MIDI console (Solid State Organ Systems) that allows precise
recording of the moments at which organ keys are pressed and released. The scan-
ning rate of the MIDI system was estimated at 750 Hz (1.33 ms), the on and off points
being determined by key-bottom contact.() For the experiment, the stops used were
the Spitz Principal 8, the Spitz Principal 4’, and the Fifteenth 2’ on the Great manual.
All performers used the same registration (configuration of organ stops controlling
the timbre), thus ensuring that timbre and intensity were identical for all performances.
Because the organ used was an electro-pneumatic organ, performers had no direct
control over the attack and decay phases (the valve is either open or closed). The audio
signal was recorded through two Boehringer ECM 8000 omnidirectional microphones.
The microphones were located 1.20 m behind the organ bench, at a height of 1.70 m, and
were placed 60 cm apart. Audio and MIDI signals were sent to a PC computer through a
MOTU audio interface.

M Information provided by Mark Gilliam, sales manager of Solid State Organ Systems.
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2.2 Second phase: Sorting task

2.2.1 Participants. Twenty students with 2 or fewer years of musical training and limited
exposure to organ music (mean age = 22.1 years, SD = 2.8 years; mean number of
years of training = 0.6 years, SD = 0.8 years, range: 0 to 2 years), henceforth referred
to as nonmusicians, and twenty students having completed at least a year in an
undergraduate degree in music performance or musicology (mean age = 21.6 years,
SD = 1.9 years; mean number of years of training = 13.8 years, SD = 4.1 years, range:
7 to 20 years), henceforth referred to as musicians, participated for course credit or
financial compensation.®®

2.2.2 Materials. The first musical phrase of the piece, representing a syntactically
coherent musical unit, was used in the sorting task (figure 1). In order to reduce the
number of excerpts to a manageable number, the recordings of the performers with
the fastest and slowest mean tempi were discarded. All four recordings from the
remaining six performers (three prize-winners and three non-prize-winners) were used.
In addition, an identical duplicate of the first expressive performance of each organist
was added as an experimental control. Thus, there was a total of 30 excerpts ranging
in duration from 10 to 14 s. The task was practiced with a reduced training stimulus
set using three recordings (two expressive, one inexpressive) by two different perform-
ers of a phrase of similar character and duration from the same piece, for a total of
six excerpts.

In Organo Pleno

N

N

DL

bl

| JEER

[ JEEE

ol -

oL

I\ 15

s dih s d

L .

L L NN
Q@]
\L 1NEE
N\ EEE

:
%—I -JEJ

)

[

.

Q_

. -

el
&
el

| ) |
[ -] P S— a
/K3 PN i e — ) O P —— P¢
L O O I R > y 2 I i
w == S o <=

Figure 1. Excerpt from Samuel Scheidt’s chorale setting of Wachet auf, ruft uns die Stimme used
for the main phase of the listening experiment (boxed section).

2.2.3 Procedure. The experimental interface consisted of a computer monitor on which
the excerpts were represented by 30 randomly numbered icons which would play the
corresponding audio recordings when clicked. Participants were instructed to play each
excerpt in any order they liked and to sort them by moving the icons into one of six
boxes, corresponding to each of the six performers. The sorting task was constrained:
listeners were informed that the excerpts had been recorded by six different performers
and that each performer had recorded the piece five times. However, they were not made
aware that performers had recorded inexpressive and expressive versions and that some
excerpts were duplicates. Listeners were free to rearrange their categorisation and listen
to the excerpts as many times as necessary. Prior to the sorting task, listeners practiced
the task in a familiarisation phase using six alternate excerpts, consisting of a musical
phrase similar in character and duration to the one used in the sorting task, recorded by
two performers. No feedback was provided on the listeners’ performance in the familiar-
isation phase. The experiment took place in a sound-attenuated booth. Listeners wore
Sennheiser HD 280 Pro headphones and were screened for peripheral hearing problems
by a standard audiometric procedure. Following the experiment, participants filled out
a questionnaire concerning their musical background and listening habits.

@ Note that musicians admitted to university-level training at McGill University are required to
demonstrate a high level of proficiency in music performance.
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3 Results

3.1 Characterisation of the musical features of the excerpts

In order to compare the excerpts on the basis of their musical features, an analysis was
conducted on the following parameters: mean tempo (expressed as mean quarter-note
duration), tempo variability (expressed as the coefficient of variation of the quarter-
note duration, which corresponds to the standard deviation of the quarter-note duration
normalised by the mean duration), articulation (expressed as the degree of overlap
between successive notes), and onset asynchrony (referring to the difference in onset
times between notes that are attacked simultaneously in the score, such as notes
belonging to the same chord). These parameters essentially comprise the range of
expressive factors that are controlled by the performer in Baroque organ music
(excluding registration effects, which were controlled for in this experiment). Table 1
lists the mean values for these parameters averaged over the four recordings of each
performer (identified by the letters A to F). Since the purpose of this analysis was to
compare the excerpts both on the basis of their respective performers and of their
expressive intent, mixed-model analyses of variance were conducted for each of the
aforementioned parameters, with performer as a random factor and expressive intent
as a fixed factor, on the 24 excerpts that were used in the sorting task (table 2).
A-posteriori tests (Tukey HSD) were conducted to identify the parameters on the basis
of which individual performers could be significantly differentiated.

Table 1. Mean values for the expressive parameters, averaged for each performer.

Expressive parameters Performer
A* B C D* E F*
Mean quarter-note duration/ms 637 716 723 839 832 656
) (41) (14) 1D (63) (23)
Mean coefficient of variation of 8.54 5.91 7.15 8.02 7.03 6.27
quarter-note duration/% (0.76)  (0.68) (0.76)  (3.18) (1.65)  (2.66)
Mean overlap/ms —63 —106 —44 —-160  —109  —161
(61) (40) (10) (37) (34) ®
Mean onset asynchrony/ms 9.0 10.7 7.8 8.5 8.5 7.2

(0.9) (12) (04 (2.6) (0.8) (0.4

Note: Prize-winners are indicated with an asterisk. Standard deviations of the mean values
obtained for each of the four recordings per performer are given in parentheses.

3.1.1 Mean tempo. The inter-onset interval (IOI) was computed for each quarter note
for all excerpts, and the mean value obtained for each excerpt was used as a measure
of mean tempo. Significant differences in mean quarter-note duration were observed
between performers, but no effect of expressive intent was observed. A-posteriori tests
confirmed that performers could be divided into three distinct groups on the basis of
the mean tempo, comprising D and E (slowest tempi), B and C (medium tempi), and
A and F (fastest tempi).

3.1.2 Tempo variability. The coefficient of variation of the IOI, obtained by dividing
the standard deviation of the IOI by the mean quarter-note duration and expressing the
result as a percentage of the mean quarter-note duration, was used as a measure of
the degree of tempo variability. An effect of expressive intent was observed, indicating
that tempo variations were significantly smaller for inexpressive excerpts than for
expressive ones. These results are congruent with previous studies reporting that expres-
sive performances typically exhibit more pronounced tempo variability than mechanical
or ‘deadpan’ performances (Palmer 1989). In contrast to mean tempo, performers did not
vary significantly with respect to the amount of tempo variation they used.
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Table 2. Analyses of variance for the expressive parameters of the excerpts used in the sorting task.

Expressive parameters Factors A-posteriori tests
performer  expressive  performer comparison by
F o, intent X expressive performer
’ F | intent
’ F.

5,12

Mean quarter-note duration 59.88 *** 2.22 391*
Mean coefficient of variation 2.73 7.19%* 2.62 ADCEFB
of quarter-note duration

Mean overlap 44 .57 *H* 0.07 20.18***

Mean onset asynchrony 5.54 %% 0.56 3.11%

SELL

Note. For a-posteriori tests, performers whose means did not differ significantly are circled
together; means are ranked from the highest to the lowest. *p < 0.05; **p < 0.01; ***p < 0.001.

3.1.3 Articulation. Mean overlap was defined as the time interval between two consec-
utive notes, and calculated as the offset of note event »n minus the onset of note event
n+ 1. A positive overlap indicates a legato articulation, while a negative value repre-
sents a detached or staccato articulation. Significant differences in the amount of
overlap were found between performers, but no effect of expressive intent was observed.
A-posteriori tests confirmed that performers could be divided into three distinct groups
on the basis of the mean overlap, with D and F using a very detached articulation, while
A and C played quasi-legato. The highly significant interaction between performer and
expressive intent reflects the fact that some organists performed the mechanical excerpts
in a more staccato fashion than the expressive ones, while others did the exact opposite.
In contrast, Palmer (1989) reported that pianists played unexpressive excerpts in a more
detached way than expressive ones.

3.1.4 Onset asynchrony. Onset asynchrony was measured as the standard deviation of
the difference in onset times between notes of a chord (Palmer 1989; Rasch 1979). As
with other expressive parameters analysed here, the degree of synchronisation differed
significantly among performers. However, unlike results reported for piano perfor-
mance (Palmer 1989), onset asynchronies were not significantly larger in expressive
performances than in mechanical ones. Given the lack of dynamic differentiation on
the organ, these results are perhaps not unexpected, in light of more recent studies
suggesting that onset asynchrony is related to dynamic differentiation between voices
(Gingras 2006; Goebl 2001; Repp 1996). It should also be noted that asynchronies
across all excerpts averaged 9 ms (SD = 2 ms), which is noticeably less than the asyn-
chronies of 15 to 20 ms which are typically observed in piano performance (Palmer
1989). It is therefore unlikely that excerpts from different performers could have been
segregated on the basis of differences in onset asynchrony, since the reported threshold
for detecting onset asynchronies is around 20 ms (Hirsh 1959).
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From these analyses, we may conclude that performers could be statistically differ-
entiated on the basis of mean tempo, mean overlap, and amount of onset asynchrony,
although the latter may not have been a perceptually relevant parameter given the
small size of the asynchronies observed here.()) Importantly, these analyses indicate
that some performers, such as D and E, could not be discriminated solely on the basis
of differences in mean tempo. Furthermore, we observe that the only statistically signif-
icant difference between expressive and inexpressive excerpts lies in the magnitude of
the tempo variability.

3.2 Analysis of the sorting data

Sorting data were analysed in terms of listeners’ categorisation accuracy and under-
lying perceptual space. From the standpoint of the performer, we analysed the effects
of performer expressiveness and expertise on categorisation, as well as differences in
categorisation accuracy for individual performers.

3.3 General assessment of the listeners’ categorisation accuracy

A measure of the listeners’ categorisation accuracy can be obtained by comparing their
partitioning of the excerpts with the correct solution, which corresponds in this case
to a partition in which all the excerpts recorded by the same performer are grouped
together. Categorisation accuracy was assessed on the basis of the adjusted Rand index
(Hubert and Arabie 1985), a chance-corrected measure of the agreement between the
correct categorisation solution and that which was arrived at by the participants.
Positive adjusted Rand index values, indicating above-chance categorisation accuracy,
were obtained for 20 musicians (100% of the participants) and 18 nonmusicians (90%).
Furthermore, the adjusted Rand index was significantly above chance for 15 musicians
(75%) and 13 nonmusicians (65%) (p < 0.05) estimated with bootstrap methods (Efron
and Tibshirani 1993). Although musicians fared slightly better than nonmusicians,
no significant difference was observed between the adjusted Rand index values of the
two groups (t;3 = 1.24, p = 0.22).

3.4 Representing the listeners’ perceptual space

A multidimensional scaling (MDS) analysis was conducted on the listeners’ partitioning
of the excerpts in order to uncover the main dimensions of their perceptual space. We
assumed that excerpts that were often grouped together were perceived to be more
similar than excerpts that were not (Arabie and Boorman 1973). In a group analysis,
the INDSCAL procedure (Carroll and Chang 1970) was used to estimate the relative
weight of each spatial dimension for each individual listener. A two-dimensional group
space (shown in figure 2) provided the best fit as determined by fit-by-dimensionality
analyses taking into account both the stress measure (Kruskal stress-I = 0.15; range
of participant-specific values: 0.06—-0.22) and the proportion of variance explained
(RSQ = 0.87; range of participant-specific values: 0.71 —0.98).

3.4.1 Interpretation of the dimensions. As a means of interpreting the listeners’ percep-
tual space recovered from the MDS analysis shown in figure 2, regression models
were used to predict the MDS dimensions (Kruskal and Wish 1978), based on the four
parameters used to characterise the musical features of the excerpts, namely mean tempo,
tempo variability, overlap, and onset asynchrony. Importantly, this analytical approach
assumes that the timing information extracted from the MIDI data corresponds closely
to the perceived overlap or onset asynchrony. To that end, the organ registration used
here only made use of pipes 8 or shorter, avoiding longer bass organ pipes, which
may need more time to reach full amplitude (Braasch and Ahrens 2000). In addition,
the music spanned a limited pitch range comprising slightly more than two octaves in

® Although the analyses presented here refer only to the first phrase of Scheidt’s chorale setting which
was used in the sorting task, similar results were obtained for performances of the entire piece.
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1.5

Figure 2. Multidimensional scaling (INDSCAL)
of the perceptual distances between excerpts,
based on the co-occurrence matrices from
the sorting task. Letters A to F identify
individual performers; ex (open symbols)
refers to expressive excerpts and in (filled
symbols) to inexpressive ones. Numbers
refer to the order of recording. Asterisks
indicate duplicate excerpts. Excerpts from
the same performer are enclosed in the same
15 s s ‘ ‘ ‘ region.
—1.5 —1 -0.5 0 0.5 1 1.5

the excerpts selected for both the training phase and the main phase of the listening
experiment, thus minimising potential differences in temporal envelope between lower-
and higher-pitched organ tones. Finally, the analyses presented here only involve
comparisons on mean values computed over the entire excerpt, thus balancing out
any envelope differences that would affect these measures.

Mean tempo was the sole parameter that correlated significantly with coordinates
on the first MDS dimension (abscissa) (3 = 0.89, p < 0.001, £, ,; = 102.94, p < 0.001),
whereas only mean overlap correlated significantly with coordinates on the second dimen-
sion (ordinate) (r,s = —0.78, p < 0.001, F ,3 =31.12, p < 0.001). These observations
suggest that tempo and articulation were the most important parameters used by listeners
to discriminate between performers.

3.4.2 Individual weights. Musicians (mean weights for the first dimension: 0.70,
SD = 0.03; for the second dimension: 0.69, SD = 0.03), and nonmusicians (mean
weights for the first dimension: 0.70, SD = 0.02; for the second dimension: 0.68,
SD = 0.01) ascribed nearly identical importance to both dimensions, indicating that
tempo and articulation were of equal perceptual relevance in the sorting task for both
these groups.

3.5 Effect of expressiveness on categorisation accuracy

To analyse the effect of the expressiveness of the performances on the listeners’ ability to
sort them correctly, the participants’ partitions must be decomposed by comparing the
performer’s identity and the expressive intent of excerpts that were grouped together.
Such analyses typically involve comparisons of pairs of excerpts (Daws 1996; Miller 1969).
The proportion of pairs of excerpts grouped together (observed pairs) out of the total
number of possible pairs was then computed for each of the following types of pairs
(figure 3):

(a) One inexpressive and one expressive excerpt from different performers (I # E in
figure 3).

(b) Two expressive excerpts from different performers (E # E).

(c) Two inexpressive excerpts from different performers (I # I).

(d) One inexpressive and one expressive excerpt from the same performer (I = E).

(e) Two inexpressive excerpts from the same performer (I =1I).

(f) Two expressive excerpts from the same performer (E = E).

(g) Two identical expressive excerpts from the same performer (duplicates).
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Figure 3. Proportion of observed pairs compared to the total number of possible pairs (indicated
in parentheses) for all pair types. Error bars indicate standard errors of the mean. Asterisks
indicate values that are significantly different from chance performance (for both musicians and
nonmusicians) as determined by two-tailed single-sample 7 tests (Bonferroni-corrected, p < 0.02
in all cases). Points are connected to help distinguish the two participant groups visually.

Combinatorial probabilities are used to determine the chance performance level.
In the present case, a partition of 30 excerpts into six groups of five excerpts contain
60 pairs of excerpts {6 x[5!/(3!x2!)]}. The total number of possible pairs is given by
30!/(28! x 2!), yielding 435. The chance performance level corresponds to the probability
of randomly assigning a pair to a given partition, which is equivalent to 60/435, or
p =0.138.

The proportion of observed pairs was significantly above chance for all types of
correct pairs (representing excerpts from the same performer), with expressive —expressive
pairings occurring more frequently than pairs comprising at least one inexpressive excerpt.
For incorrect pairs (corresponding to excerpts played by different performers), the propor-
tion of observed pairs involving at least one expressive excerpt was significantly below
chance, while the frequency of inexpressive —inexpressive pairings did not differ signifi-
cantly from chance.

A repeated-measures logistic regression analysis was conducted on the proportion
of pairs of excerpts grouped together with the following factors: listener’s musical
training (musician or nonmusician), and, for each pair of excerpts, performer identity
(same for both excerpts/different for each excerpt) and expressiveness (inexpressive/
inexpressive, inexpressive/expressive, and expressive/expressive). Duplicate pairs were
included with the same-performer expressive —expressive pairings for this analysis.

Listeners grouped pairs of excerpts played by the same performer more often than
those from different performers (35 =25.91, p < 0.001). Expressive excerpts were
categorised more accurately than were inexpressive excerpts (y; = 19.57, p < 0.001).
Whereas pairs of expressive excerpts from the same performer were more likely to be
grouped together than pairs of inexpressive excerpts, the reverse was observed with
pairs from different performers, as indicated by the interaction between expressiveness
and performer identity (33 = 15.17, p < 0.001). Again, no significant effect of musical
training was observed. A separate model was built for each level of the expressiveness
factor, showing a significant effect of musical training only for the expressive pairs
played by the same performer (y; = 3.92, p < 0.05). This effect seems largely explain-
able by the lower accuracy of the nonmusicians on the duplicate pairs (see figure 3).
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3.6 Predicting the categorisation accuracy for individual performers

We also sought to predict the categorisation accuracy for individual performers based
on the musical parameters extracted from the MIDI data. Because mean tempo and
mean overlap were found to be reliable predictors of the perceptual similarity between
performers (as shown by the MDS analysis of the listeners’ partitioning of the
excerpts), we surmised that the degree of similarity in note-by-note expressive patterns
between performances would likely be a relevant parameter for predicting the catego-
risation accuracy for different performers. Specifically, we hypothesised that performers
exhibiting more consistency in their use of expressive patterns, as well as greater dis-
tinctiveness from the patterns of other performers, would be sorted more accurately.
The degree of similarity between the expressive patterns of different excerpts was
evaluated by computing tempo correlations on a quarter-note basis and overlap corre-
lations on a note-by-note basis. These correlations were then averaged across all
excerpts from the same performer, providing a measure of consistency. Excerpts from
each performer were also compared with excerpts from other performers, and the
averaged correlation coefficients yielded a measure of distinctiveness. The correlation
ratio (1), a measure of statistical dispersion that is computed by dividing the sum of
the between-group variance by the total variance, was used to quantify a consistency-
to-distinctiveness ratio between the correlation coefficients obtained for excerpts played
by the same performer and those obtained with excerpts from other performers. As
shown in table 3, the value of n for tempo was generally higher for prize-winners
(performers A, D, and F), who were also the performers who were sorted most accu-
rately; however, no such trend was observed for overlap. Performer B, by far the most
poorly identified, scored very low on the consistency-to-distinctiveness scale for both
tempo and overlap. A repeated-measures logistic regression analysis was conducted
on the proportion of pairs of excerpts correctly grouped together for each performer with
the correlation ratios for tempo and overlap as continuous covariates. The correlation

Table 3. Correlation coefficients for tempo and overlap and proportions of pairs correctly grouped
for each performer.

Performer

A* B C D* E F*
Tempo
Mean within-performer correlation 0.89 0.43 0.80 0.76 0.64 0.59

(0.05) (0.29) (0.08) (0.09) (0.18)  (0.12)
Mean between-performer correlation 0.46 0.35 0.41 0.24 0.35 0.19
(0.23)  (0.29) (0.23)  (0.33) (0.29)  (0.28)

n 0.20 0.01 0.17 0.15 0.07 0.13
Overlap
Mean within-performer correlation 0.46 0.44 0.57 0.48 0.71 0.87

(0.26)  (0.18)  (0.25) (0.22) (0.10)  (0.05)
Mean between-performer correlation 0.40 0.35 0.24 0.37 0.43 0.38
(0.20)  (0.20)  (0.18)  (0.20)  (0.13)  (0.21)
n 0.01 0.01 0.18 0.02 0.24 0.27

Proportion of correct pairs 353% 21.8% 33.0% 37.0% 31.0% 42.5%

Note. Mean within-performer correlation: mean correlation coefficients between excerpts played
by the same performer. Mean between-performer correlation: mean correlation coefficients between
excerpts played by a given performer and excerpts from the other performers. Proportions of correct
pairs: proportion of pairs of excerpts played by the same performer that were correctly grouped
together by listeners. Prize-winning performers are marked with an asterisk. Standard deviations
are given in parentheses.
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ratios for both tempo (37 = 23.80, p < 0.001) and overlap (y; = 8.97, p < 0.05) were
significantly predictive of the number of pairs correctly classified, thus supporting the
hypothesis that consistency and distinctiveness constitute the main determinants of musical
individuality.

3.7 Predicting the categorisation accuracy for individual listeners

Although no significant difference was observed in the categorisation accuracy of musi-
cians and nonmusicians as a group, large differences were observed between individual
listeners. In order to identify the factors responsible for these differences, each parti-
cipant’s log file was examined. Listening activity, defined by the total number of times a
participant listened to each excerpt, was found to be significantly correlated with catego-
risation accuracy (musicians: r,3 = 0.46, p < 0.05; nonmusicians: r;3 = 0.47, p < 0.05).
Musicians listened to more excerpts than nonmusicians on average (mean number of
excerpts listened to for musicians: 207.6; for nonmusicians: 178.6). Although this differ-
ence did not reach significance, it may account for the musicians’ slightly higher accuracy.
As can be seen in figure 4, the slope of the linear regression for the proportion of correct
pairs versus listening activity was indeed very similar for both groups.

1.0
« musicians
o 1 « nonmusicians
‘é 0.8
‘g 4
5 0.6
Q °
L 4
5]
g 04
é 4
09_ 0.2 4 Chance performance
| 0.138
0.0

0 50 100 150 200 250 300 350

Listening activity
Figure 4. Proportion of correct pairs versus listening activity for musicians and nonmusicians.
Regression lines are indicated for musicians (solid line) and nonmusicians (dashed line). Partici-
pants minimally had to listen to each of the 30 excerpts twice in order to complete the sorting
task (vertical dotted line).

3.8 Effect of performer expertise on categorisation accuracy

In order to model the effect of the performers’ expertise on the participants’ performance
in the sorting task, a repeated-measures logistic regression analysis on the proportion of
correct pairs was conducted, with participants’ musical training as a between-subjects
factor, performer expertise (prize-winners versus non-prize-winners) and expressiveness
(inexpressive/inexpressive, inexpressive/expressive, and expressive/expressive) as within-
subject factors, and listening activity as a continuous covariate. In line with prior
analyses, significant effects were observed for listening activity (7 = 27.36, p < 0.001),
and expressiveness (3 = 11.32, p < 0.001). Performer expertise was also found to be
a significant predictor (37 =9.71, p < 0.01), with prize-winners being sorted more
accurately than non-prize-winners. As with previous analyses, no main effect of musi-
cal training was observed. No two-way interactions between the categorical factors
(musical training, performers’ expertise, and expressiveness) reached significance, with
p values above 0.5 in all cases. However, a significant three-way interaction emerged
(3 = 4.76, p < 0.01), which can be explained by the better performance of musically
trained participants on expressive/expressive pairs recorded by prize-winning performers,
relative to nonmusicians (see also the analysis in section 3.5).
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4 General discussion

We evaluated the combined effects of listener expertise, performer expertise, and
performance expressiveness on listeners’ ability to recognise different performances of
the same piece as being played by the same performer in the absence of timbral and
dynamic differentiation. Most listeners, whether musicians or nonmusicians, performed
significantly above chance in this task, suggesting that sufficient information to identify
a performer’s individual style is contained in a short (10— 14 s) recording. In contrast
to experiments that require the explicit detection of localised pitch or temporal
modifications, in which musicians generally outperfom nonmusicians (Rammsayer and
Altenmiiller 2006; Tervaniemi et al 2005), implicit knowledge of, or passive exposure
to, a specific musical culture may be more relevant to the present task than formal
musical training (Bigand and Poulin-Charronnat 2006; Honing and Ladinig 2009).
The agreement between musicians and nonmusicians may also be explained on the
basis that the judgments can be made without much prior knowledge, suggesting a
bottom —up process based on global and local characteristics. Indeed, the perception
of individuality in general, and in the particular task employed in this study, are
in all likelihood based on a general process of similarity estimation; there is a tight
empirical link between similarity, categorisation and identification, as evidenced by
previous research (Ashby and Lee 1991).

Both musicians and nonmusicians grouped excerpts mainly on the basis of tempo
and articulation, a finding which is in agreement with earlier results (Repp and
Knoblich 2004). Whereas mean tempo and mean overlap correlated reliably with the
dimensions of the listeners’ perceptual space as obtained from a MDS analysis,
the consistency-to-distinctiveness ratio in note-by-note expressive patterns (for both
tempo and articulation) was a good predictor of the listeners’ categorisation accuracy
for individual performers. Additionally, categorisation accuracy was superior for prize-
winning performers compared to non-prize-winners, suggesting a link between performer
competence and the communication of musical individuality. These findings imply that
both superior consistency and the use of distinctive expressive features may be closely
associated with the projection of a well-defined musical personality (Sloboda 2000).

Expressiveness affected categorisation accuracy: expressive interpretations from the
same performer were more likely to be grouped together than inexpressive ones, and
expressive performances from different performers were less likely to be grouped
together than inexpressive ones. These observations provide evidence that performer
individuality was conveyed more efficiently through expressive recordings, thus corrob-
orating earlier findings on movement-based recognition (Hill and Pollick 2000; Loula
et al 2005). Because expressiveness is linked to the magnitude of tempo variations
(Palmer 1989), it may be surmised that musical individuality is conveyed, at least in
part, through expressive variations in tempo patterns. Indeed, the fact that listeners
were less accurate in grouping inexpressive excerpts than expressive ones points to an
important role for tempo variation, because the only statistically significant difference
between inexpressive and expressive excerpts was that the former exhibited a smaller
tempo variability (table 2).

Although this study has shed some light on the transmission of musical individ-
uality in music performance, it also leaves several questions unanswered. For instance,
even though we have provided evidence that a performer’s individual style could be
recognised across varying degrees of expressiveness on several recordings of the same
piece, it remains to be seen whether listeners could recognise an unfamiliar performer’s
style across different pieces or even different genres. The fact that artificial intelligence
approaches have achieved high recognition rates in such a task (Saunders et al 2008;
Stamatatos and Widmer 2005) suggests that some characteristics associated with a
performer’s specific style remain more or less invariant across various pieces and



1218 B Gingras, T Lagrandeur-Ponce, B L Giordano, S McAdams

genres, potentially enabling listeners to recognise it. Possible associations between
specific musical features or acoustical parameters of the performances and perceived
personality traits should also be investigated. Because emotions (Juslin 2000) and
even person-related semantic dimensions such as male —female (Watt and Quinn 2007)
have been shown to be reliably transmitted through music performance, it is not unrea-
sonable to suppose that some aspects of the performers’ personalities may be conveyed
as well.

The ability of listeners to accurately discriminate between unfamiliar performers
using only timing cues points towards the existence of generalised perceptual mecha-
nisms for the detection of identity cues conveyed by biological movement, possibly
based on a tight coupling between action and perception (eg Aziz-Zadeh et al 2006;
Knoblich and Prinz 2001). Time appears to play a fundamental role in such a system
as an information-bearing dimension common to all types of biological motion
(Wohlschlédger et al 2003), whether it concerns the visual identification of individuals
from their movements (Hill and Pollick 2000), the aural identification of individuals from
their voice (Remez et al 1997) or hand clapping (Repp 1987), the offline recognition of
one’s own actions such as handwriting (Knoblich and Prinz 2001), or the identification
of music performers. The existence of such a general identity-detection mechanism
would predict that these tasks share common neural processes, which remain to be
characterised.
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