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To understand is to perceive patterns

Isaiah Berlin

When we can measure something

we know something about it; when

we cannot measure it our knowledge

is of a meagre and unsatisfactory kind.

Lord Kelvin

Foreword

This is an investigation on the nature of tonal music style. In the pur-

suit of this goal there were no expected results or hypotheses to be proven.

Unlike most music studies, and in spite of the philosophical leanings of its

subject, what characterizes the study is its being quantitative and striving

for objectiveness. The study is informed by the two well-known preceding

quotes. The first lends the conviction that the detection of patterns leads

to understanding; the second, that effective pattern recognition can only be

accomplished by quantitative means.

I am not advocating positivism. My stance is methodological rather than

epistemological, in the manner of Empirical Musicology, which “embodies

a principled awareness of both the potential to engage with large bodies of

relevant data, and the appropriate methods for achieving this” [11:6] and,

consequently, I expect this study presents “a potentially useful strategy for

discovery” [39:132].
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Abstract

The objective of this study is to identify the main conceptual dimensions

of tonal musical style in order to provide a theoretical understanding of the

phenomenon which could constitute the basis for a scientific taxonomy of

styles. Music style is a substantial quality of the musical material that can

be readily recognized as belonging to individual composers or associated with

their epoch.

I was initially attracted to the topic through the knowledge of the suc-

cesses of literary stylometry, in the expectation that similar accomplishments

could have been achieved in the realm of music. I was surprised to find that,

although musical style is a notion whose meaning seems familiar to every-

body, it is conceptually elusive and had not been the object of a scientific

enquiry. Therefore, music style became the core of the project. The most

outstanding characteristics of this study are its quantitative nature and the

effort to avoid subjectivity, considering only observable, measurable features.

The work has been carried out exclusively on the basis of numerical contin-

uous variables resulting from actual measurements effected by software. In

order to accomplish this goal, I was concerned exclusively with those aspects

of musical style that are detectable in notation.

The traditional paradigm of problems of this sort consists of taking a

large number of measurements on representative samples expressing the phe-

nomenon under study, and then submitting them to statistical analyses that

could be expected to lead to the determination of its main conceptual di-

mensions. Consequently, the methods comprised several stages. The project

began by creating a database of music scores that tried to represent ade-

quately the stylistic spectrum of the period of common practice. Since most

of the stylistic elements of interest are key-dependent, the next and crucial

step was to determine the key at every point in the score. This was accom-

plished following the method developed during my own previous research,

whose result is a tonal map of the musical score.

The following stage was selecting as many variables of stylistic relevance

as possible and defining them in ways amenable to measurement. This was

followed by the development of algorithms to measure them and their imple-

mentation as software routines which, run on the database, produced a body
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of numerical data.

The original plan was to use standard statistical procedures to investigate

those numerical data in search for clusters and latent factors. The obtained

dataset, however, was extremely complex, comprising a large number of vari-

ables with complex interactions, and statistic techniques proved incapable of

dealing with it. Hence, it was necessary to resort to data mining algorithms,

which are able to handle large numbers of variables, and have no comparable

demands on their distribution. Three main algorithms were employed: Clas-

sification and Regression Trees (CART), Random Forests (RF) and Gene

Expression Programming (GEP).

The results of the application of the algorithms showed very good mutual

agreement. The variables of highest predictive validity turned out to be Key

indicators, rhythm measures, and frequencies of use of scale degrees, in that

order, and the best classification of pieces was obtained by means of three

scalar variables that measure the propensity to modulate, to change mode,

and the degree of tonalness.

The numerical data set resulting from the measurements suffices to allow

these data mining algorithms to map music pieces to a multidimensional

space and classify them by composer, with an accuracy related to the size

of the database. In this case, with a database consisting of almost three

hundred pieces, the accuracy of the best performing data mining algorithm

to identify the author of new pieces is on average almost three correct out of

four.

This system has a great potential in two areas of music where objective

tools are lacking: as a musicology tool in authorship studies, and as the basis

for a scientific theory of style.
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Chapter 1

Introduction

This chapter describes the study in the context of the relevant research. Sec-

tion 1.1 presents the motivation for this research. Section 1.2 outlines its

historical context. Section 1.3 states the research problem. Section 1.4 de-

scribes the Research approach and argues for its appropriateness. Section

1.5 describes the significance of the study. Section 1.6 outlines the remaining

chapters of the thesis.

1.1 Motivation

This section describes the kind of experiences and related thought that orig-

inated this project

1.1.1 Motivating experience

You happen upon a place where some unknown instrumental music is playing.

If you have some interest in music, you wonder what it is. If you have some

familiarity with the canon, after only seconds you know roughly the time

when this piece was written and you ponder who the composer is. Or, if you

are so well acquainted with the repertoire that you identify the composer,

you may guess which this one is among those works you do not really know

well. But one way or another, your brain is performing an instance of pattern

recognition in which, to the extent it is possible, the identification rapidly

comes into focus.

1



1. Introduction

1.1.1.1 The information is in the music

This is not an uncommon experience among people fond of music, and one

that has occasionally even made it into media shows in which the interest

rested on the encyclopædic knowledge of the contestants. However, what

matters here is not the recognition of a specific work – which would make it

a mere feat of memory – but the placing of an unknown work into its stylistic

pigeonhole. You may have the training that allows you to give the piece the

standard label, be it Rococo or Post-romantic, or you may not. But the

mere fact that this can be done means that the process hinges entirely on

information embodied in the music, which your brain proceeds to extract.

To say that the mind detects the style does not explain the process, since

“style” at this stage is nothing but a label for an unknown phenomenon.

1.1.1.2 The view of musical style in this project

The concept of style, which originated in ancient Greek rhetoric, refers to

a characteristic manner in which something is done. This meaning is vague

enough to be easily extended to refer to particular sorts of objects, or modes

of oral or written expression, and tends to contrast how something is done

and what is done, as when “style” is opposed to “substance”[44]. In reference

to modes of living, it acquires the meaning of luxurious or ostentatious. And

so, “in style” becomes “fashionable”, and to say that something “has style”

means it is elegant or sophisticated. Individuals, groups, or historical periods

are identified by characteristic ways of thought and expression, and the more

one specific manner differs from the average, the easier it is to perceive that

a peculiar style is at work.

If one tries to restrict the meaning to the area of music, the term style

is still imprecise enough to create confusion, especially with the notion of

‘genre’. Other meanings turn up in the literature, as will be noted. In music,

style can be understood in many ways. Pascall [70] observes that “it may be

used to denote music characteristic of an individual composer, of a period, of

a geographical area or centre, or of a society or social function” and also that

“a style . . . may be seen as present in a chord, phrase, section, movement,

work, group of works, genre, life’s work, period (of any size) and culture”.

It is indispensable to begin by circumscribing the meaning of style for this

project.

2



1.1. Motivation

There are three main points that could be made in relation to the moti-

vating experience described above:

The music embodies the information: According to my own experience

and observations, the style of an unknown piece of tonal music can

usually be narrowed down after a brief exposure, often less than one

minute. All the necessary information the mind uses to carry out the

recognition is conveyed by the music.

Identification works as a series of successive approximations: Although

occurring relatively fast, the delimitation of the style is a process. If

the piece was from the Baroque, you would know it within seconds, but

distinguishing Handel from Telemann would take much longer. The

process entails a gradual coming into focus that occurs as more infor-

mation is gathered.

Style is a substantial – i.e. microscopic – property of music: Since style

recognition occurs far before any formal structure can be detected, it

must be patent that form is not relevant to the process of identifica-

tion. While there is no denying that form is an important element of

musical style, form is macroscopic; it has to be gleaned in time. It is

not a property of the musical substance but of the shape of the piece.

The elements that could be of value for the mind to identify style are

those characteristics that are present at every instant.

These characteristics have to be perceptual elements. Since the most recent

significant structural changes in the brain occurred 300,000 years ago [86],

and evidence of the existence of music dates back 50,000 years – although it

could be as old as 250,000 years [39] – there is little doubt that music arose

once evolution had already made the brain what it is today. Therefore, it

must have been shaped by peculiarities of perception that had evolved to deal

with characteristics of the natural world that are not different from current

ones. In “Perception of Music”, [22] W. Jay Dowling writes

The broadest set of constraints on music perception are imposed

by the limitations of psychophysics: a range of hearing roughly

between 20 and 20,000 Hz, and 10 and 120 dB SPL. To these

limits we can add that of temporal resolution. We are able to
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resolve separate events in sequences presented at rates of up to

10-12 per second, and we have difficulty linking events into a co-

herent pattern when they proceed much slower than one every 2

seconds (Warren, 1993). Thus we have a window in frequency, in-

tensity and time in which musical events occur. Those events are

extended in time (and space) with properties of pitch, loudness,

and timbre. [22:470]

These limitations have to frame the general characteristics of music through-

out the world. For example, Dowling observed that “There is a limit to

the number of pitches within the octave: five to seven in most cultures. The

same pattern of pitches recur in each octave . . . The scale serves as a cognitive

schema or framework in terms of which the pitches of music are perceived”

[22:472]. Consequently, it is reasonable to base a quantitative study of music

in those perceptual characteristics, as they are surely not culturally bound.

1.1.1.3 Composer and performer’s share in the style of the music

Since music is a performing art, a piece of music does not exist in the manner a

visual art work does, but rather as a rendition carried out following a detailed

recipe. Composer and performer are uneasy partners in the actual creation

of music, and the history of music chronicles the fluctuating vicissitudes of

the tug of war between them about the limits between their respective areas

– of which a good example is Ravel’s cry [82] “I hate to have my music

interpreted: it suffices merely to play it”.

The issue is complex because composers, for their score writing, rely on

current conventions which are well known to the performers of their time.

This means they may omit from the score elements of performance that are

taken for granted. But those conventions change along history, thus the per-

formance of a score from ancient times becomes a challenging and specialized

task. The performer’s art and knowledge fleshes out what the composer’s no-

tation only expresses with necessary limitations. Hence, it would be fair to

compare a music score with a low-resolution graphical sketch to which the

performer supplies all the fine details. Consequently, a significant proportion

of the style of a piece of music may be attributable to the performer.

Unfortunately, the great majority of the period of common practice was

over before recordings become possible. If a mechanical device equivalent to
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a player piano had been invented around 1700 – which was probably within

the reach of the science and technology of the time – a hard record of the

way performers handled tempo, dynamics, rhythm strictness and phrasing

would have been preserved. Sadly, these core components of the performer’s

art are lost. All we have left, from most of the period, are only scores, and

we get by with the musicological research that allows, for example, a pianist

to play what we believe is a scholarly correct rendition of a Scarlatti Sonata

on a Steinway grand.

Now, let us suppose that an assembly of musicologists were presented with

a just-discovered anonymous manuscript whose notation presumably placed

it within the period of common practice. If they were challenged to identify

the composer without the benefit of a performance – although they could be

allowed to enter it into music software, and have the computer play it back,

for whatever use a robotic performance could be – would anybody argue that

the task is impossible, or that such piece cannot possess an identifiable style?

Surely its style would be made more obvious by a competent performance –

and admittedly there is an element of circularity here, in the sense that the

performance would be more convincing if the composition date was known

to the performer. But this thought experiment suggests that sufficient style

characteristics remain within the score for a style categorization. There is no

argument about how essential the performance components of the style are,

but they are also inevitably beyond the scope of this study, and I made the

assumption that, in their absence, enough of the composer’s style has been

preserved in notation, whatever the score shortcomings.

As a consequence, this study concentrated on the composer’s contribution

to the style, and in what follows all references to ‘musical style’ have to be

understood in this restricted sense.

To sum up, for this study, the meaning of ‘style’ is limited to ‘that sub-

stantial quality of the musical material that can be identified as the contri-

bution of individual composers or associated with their epoch’.
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1.1.2 Stylometry as a further motivation

The successes of stylometry [85] provided another motivation for this project.

Work in the last 40 years had created a new discipline able to use comput-

ers to attribute or deattribute literary works on quantitative grounds. In

contrast, authorship analysis in music is still a matter of subjective opinion.

Music lacks an objective tool for attributional studies, hence the plethora of

dubia and the long list of works that had been misattributed, in some cases

until the fortuitous finding of external evidence gave the true author its due.

However, many dispute that stylometry is a science. Love [60] gives two

reasons: (a) that it has no general body of theory its results can be referred

to, and (b)“second and more serious”, that “it possesses little explanatory

power” [60:158]. The second reason shows Love’s bias – on the same grounds

he could have invalidated any discipline based on statistics. He goes as far

as quoting the unjustifiable comparison of stylometry to phrenology by cryp-

tologist Eric Sams, “nobody has ever proved that minds can be measured

by bumps, or style by numbers” [60:155]. The first reason, however, is a

serious objection; it is undeniable that stylometry has not yet tried to quan-

tify the style of different authors. History shows that its practitioners have

concentrated on the search for style markers that turn out to be distinctive.

Their quest is no different to the search for reagents to identify particular

substances, a task whose success is not necessarily informed by a full under-

standing of chemistry. To the extent that this work produces good results,

it follows that a set of distinctive features would increase the reliability of

the results and, ideally, finding a comprehensive set of features would be the

stylometric equivalent of mapping the human genome. But no effort seems

to have been invested in quantifying style or identifying the main dimensions

of the phenomenon, only on what kind of words are the most distinctive.

Thus, this project, albeit inspired by stylometry’s quantitative approach,

did not intend to create the musical equivalent of stylometry but rather aimed

at providing foundational grounds for a scientific taxonomy and perhaps a

theory of musical styles. The identification of style markers that are distinc-

tive becomes a means to such end, and it is worth mentioning that while

many stylistic elements may be useful to differentiate between works of a

particular historical moment, they may be irrelevant for a different period

– for example, the harmonic relationships between the different voices in
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16th century counterpoint. Hence, the main interest resides in finding those

markers whose usefulness proves general.

1.1.3 Probable origin of musical style

A core observation about how style emerges is that the elements of a com-

poser’s music form a set of preferences selected from among a larger set of

possibilities [88]. For this reason, the choices of composers who share a time

and a space tend to be alike. The consistency of their choices establishes a

commonality between their works, particularly noticeable in those of similar

genre, function and epoch. It seems that style differentiation is the result

of the cumulative effect of these choices, which act as perceptual elements

very much in the same manner as those giving origin to prototypes in cog-

nitive science [84]. As in prototype formation, individual perceptions are

involved as a necessary intermediate step. The prototype acquired, however,

is not dependent on individual subjectivity but a matter of demonstrable

consensus.

1.1.4 Style differentiation vs style recognition

There is a distinction between style differentiation and style recognition.

While the latter is the result of formal music training and consists of the abil-

ity to assign music samples their accepted historical labels, it has been shown

that stylistic differentiation may occur without explicit style knowledge [17].

In other words, individuals unfamiliar with the material can detect differ-

ences between styles purely based on the music itself. Hence, differentiation

is based on objective elements, which should point at the main dimensions

of the phenomenon of style. Naturally, if somebody untrained were asked

to produce a classification of excerpts, it would be too much to expect that

the resulting classes or the relative importance of the distinguishing elements

had great similarity to the way scholars would deal with the same material.

Among other reasons, music scholars have different perspectives, which in-

clude a wide scope of extra-musical elements. Therefore, this project did not

primarily intend to find data-driven corroboration of the standard classifica-

tion of styles according to the history of western music, but rather to identify

the main conceptual dimensions along which quantitative differences appear.

7



1. Introduction

1.2 Historical context

My first research task was to investigate the manner in which music style

had been already studied, and whether a theoretical framework about style

already existed. I was reasonably optimistic. At that time, composer David

Cope had been presenting his computer-generated “Mozart’s Symphony No.42”

and I assumed that being able to create such a convincing example would

imply a fundamental understanding of the variables involved in dealing with

style. Cope had begun his Experiments in Musical Intelligence in 1981. Suf-

fering from composer’s block, he thought he could enlist a computer as a

composition aid, “believing that computational procedures would cure my

block. Since random processes did not fit my aesthetic, I also began study-

ing musical style” [14:18]. He intended to provide the computer with enough

information about his own style to be able to use it as a composing aid.

Initially he programmed the computer to produce “a kind of vanilla mu-

sic” following the basic rules of part-writing. Most of the results, he writes,

seemed “lifeless” and “uninteresting”. [14:28] Four years later, he declared

that a just-completed computer-generated seven-movement composition still

“lacks coherence and serious evidence of my style”. He realized it would be

a long while before this method was able to create believable music.

He proceeded to build a dictionary of chord successions and melodic notes

of Bach, including enough Baroque peculiarities of motor-rhythm and con-

trapuntal writing. The resulting examples were “convincingly Bach-like”.

Examples created using the same rules and a Bartók dictionary were equally

satisfactorily Bartók-like works.

Cope had intended to provide the program with a series of rules for choice,

but he reconsidered. “Having an intermediary - myself - form abstract sets of

rules for composition seemed artificial and unnecessarily premeditative. As

well, having to code new sets of rules for each new style encountered proved

daunting. I therefore revised the program to create new output from music

stored in a database.” (artsites.ucsc.edu/faculty/cope/experiments.htm).

In relation to his study of style, he declared at the outset, “Empirical def-

initions of style seem not to exist.” [14:27] After discussing ideas from Meyer,

LaRue and others, he gave his own definition of style, to be “the identifiable

characteristics of a composer’s music which are recognizably similar from one

work to another.” [14:30]
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Cope lacked “a quantifiable definition of style”, but got his “first real

insight” in his discovery of what he called signatures, melodic motives used

extensively and repeatedly by the same composer.

Signatures typically contain two to nine notes melodically and

more if combined with harmonies. They are generally divorced

from rhythm, though rhythmic ratios often remain intact. Signa-

tures are work-independent. They do not sound as if they come

from a certain work of a composer but rather from the style of

the composer (or a group of composers).[14:46]

Cope developed his ideas into his software Experiments in Musical Intelli-

gence (EMI). His style synthesis is based on (a) taking a number of original

works of a composer from which the software extracts signatures by means of

pattern-matching techniques; (b) analyzing the pieces and separating them

into small parts; and finally (c) recombining these with the signatures in a

logical way following a complex protocol, the Augmented Transition Network

(ATN).

This might be a convincing way to imitate a composer’s music. But, even

assuming that every composer includes identifiable signatures in all his works

– which cannot be taken for granted without a thorough investigation – the

procedure essentially keeps all the original material, only reshuffled. It does

not provide any further insight into the conceptual dimensions of style.

In relation to pre-existing theoretical frameworks for musical style, while

at least one theoretician, Leonard Meyer, purported to have proposed a the-

ory of style, I found that what was sometimes referred to as “style analysis”

was more often called “structural analysis”, a study area related to music

style in indirect ways.

Described as a ‘natural science’ approach to music, structural analysis is

a discipline that deals with a small group of works or more often individual

works, dismounting the piece and analyzing its structure with the intention of

explaining how it works and how its parts mutually articulate, just as a piece

of clockwork is disassembled in order to find how it is put together and how

it works. Structural analysis seeks to determine what the structural elements

are, and their function. As a consequence of this goal, the centerpiece of its

attention is the work’s form or, in general, what is called larger-scale features,
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and its method is essentially dependent on the identification of structural

elements by the analyst, which makes it a subjective enterprise.

Nicholas Cook, in his ‘Guide to Musical Analysis’, offers an insightful

panorama of the area. He explains that there are many [structural] analytical

approaches, which seem startlingly different. Most of them, however, ask the

same questions:

They ask whether it is possible to chop up a piece of music into

a series of more-or-less related independent sections. They ask

how components of the music relate to each other, and which

relationships are more important than others. More specifically,

they ask how far these components derive their effect from the

context they are in. [12:2]

In the first five chapters of his book, Cook reviews the most prevalent current

analytical methods – traditional methods, Schenkerian, Psychological ap-

proaches (Meyer, Reti), Formal approaches (Set-theoretical, Semiotic), and

Comparative techniques – and in the sixth concludes that

. . . it seems to me that the principal types of musical analysis

current today do not have any real scientific validity, and we

therefore need to rethink what it is that they can tell us about

music. [12:224]

The musicologist Joseph Kerman points out, “the original masters of anal-

ysis left no doubt that for them analysis was an essential adjunct to a fully

articulated aesthetic value system . . . It seems to me that the true intellectual

milieu of analysis is not science but ideology” [45:313/4].

Structural analysis does not deal with style in itself. As has been shown,

its object is not directly related to style, and its methods are centered on

subjectively assessed large-scale architecture rather than surface features.

Consequently it has been disregarded as a method for this study.

Composers are usually well aware of the stylistic elements they are dealing

with. As an example, Klaus Döge, in his article about Dvořák in Grove music

online [21] tells how the composer, after arriving in the USA in 1892, studied

spirituals and plantation songs and asked for transcriptions of Amerindian

melodies, and then in newspaper articles and interviews he
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expressed his belief that a national American style could be based

on such traditional elements among which he included penta-

tonism in the melodic line, a flattened leading note, plagal ca-

dences, drone accompaniment, rhythmic ostinato and strongly

syncopated rhythms (with the Scotch snap constituting a special

case).

features that, he says, occur in Dvořák’s works composed in the USA. From

today’s perspective, it seems surprising that a consciousness about the pres-

ence of particular musical elements able to reach such fine detail had not led

to a fully developed theoretical characterization of musical style. But today’s

perspective may be a short-sighted one. As Cook explains [12:4],

A hundred years ago comparison lay at the heart of musicology.

Style was seen as a fundamental musicological issue, and it was

studied through the comparison of musics from different times

and places, with the intention of extrapolating fundamental mu-

sical principles that applied everywhere and distinguishing them

from those variable features that defined music of different na-

tionalities or historical periods.

This must have been one of the consequences of the rise of the national schools

during the Romanticism. But, Cook tells us, the whole project was taken

over by the National Socialism, consequently stamping it as an imperialist

exercise. After the Second World War,

‘Comparative musicology’ was replaced by ethnomusicology, the

basic principle of which is that all cultural productions have to

be understood in the context of their own society and that to

make comparisons across cultures is illegitimate. In the same way

though later, ‘style analysis’ was replaced by structural analysis,

according to which a particular music pattern means nothing in

itself, but only in its particular structural context – from which

it follows that it is illegitimate to make comparisons between

different pieces, each of which has to be considered on its own

terms. [12:4]

What this story tells us, even if it is “put rather crudely” as the author says,

is that ‘style’ has not always been neglected but rather, that external factors
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combined to make musicologists lose sight of it in the last part of the 20th

century.

Thus, although current research in the musical style field focuses on dis-

tinguishing genres, moods or particular instances of composers’ works, this

was not the situation half a century ago, partly as a result of the “the culture

of objectivity that characterized much postwar musicology and theory (and

in which some of the origins of empirical musicology are to be found)” [11:5],

even if “the positivist approaches of the postwar period were more a matter

of appearances than of substance” [11:6].

An appropriate example was Matt Hughes (1968) “quantitative analysis”

of Schubert’s Moment Musical in C major Op.94 No.1 [37], which, Clarke &

Cook tell us, “was certainly objective in the sense that a suitably programmed

computer could have carried out the analysis without human intervention”

[11:6]. That might be the impression that the paper produces, with its rows

of numbers without explanatory text, as in a mathematics book, which sug-

gests the use of an automatic procedure, but the quantitative method is not

borne out. While the author begins by accumulating the durations for each

note name, his method is frequently tentative, inconsistent and unexplained.

‘Tonal complexity’ is measured, not having being defined. He calculates the

arithmetic means of ill-defined ‘peaks’, but leaves their significance wrapped

in mystery. Ultimately, his “attempt to perceive a tonal orientation” (my

emphasis) consists of just listing the seven note names of highest frequency

and observing what major scale they form, without discussing modes or the

problems that appear when the notes do not happen to form a scale. In spite

of the appearances, no computer could have been programmed to produce

Hughes’ analysis.

Significant research on music style had started as soon as computers first

became available after the 2nd World War. The reason is the problem de-

scribed by Crane & Fiehler: “A musical style is so complex an organism that

common-sense methods can hardly deal with it, except one element at the

time” [15:209]. Researchers had the expectation that the advent of computers

would allow them to undertake studies of unprecedented complexity.

In his essay “Musicke’s Handmaiden: Or Technology in the Service of

the Arts”, Edmund Bowles [4] chronicles early attempts such as B.H. Bron-

son’s first application of computers to music in his comparative study of
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British-American folk songs in 1949, and the so-called Ford-Columbia sys-

tem, the first digital representation of musical scores for computer input.

Bowles mentions as the first musical application of computers, “the handling

and analysis of large masses of quantitative musical data”, and as the sec-

ond, stylistic analysis [4:17]. Specifically, he stated, ”One has the feeling that

computerized content analysis will lead slowly to a more satisfactory answer

as to what style really is, at least in a quantitative sense.” [4:19] There were,

at that time, a number of important studies in this area. The Princeton

project (1974/8), for example, was a large-scale study of the rules of disso-

nance in the masses of Josquin Desprez, [71][72] recognized to be among the

earliest examples in computational musicology [13:5] which was particularly

concerned with proving or disproving on quantitative grounds the authen-

ticity of the Et in Spiritum section of the Missa L’homme armé, which is

missing in the earlier manuscripts [64:41-52].

F.T. Hofstetter’s (1979) study “The Nationalistic Fingerprint in Nineteenth-

Century Chamber Music” [36] perfectly illustrates the clash between the as-

pirations of the scholars and the limited power of the computers of the time.

Hofstetter set out to make a comparative study of 19th century chamber

music in order to test for the presence of elements from the nationalistic

schools. He used as style marker the relative frequency of melodic intervals

between 2, 3 or 4 notes. For his database, he chose mature non-programmatic

string quartets from two composers from each of the main national styles -

French, German, Czech and Russian. While those were excellent choices,

Cook [12:190] questions the validity of the study on the grounds of the small

size of the sample and the insufficiency of the chosen variable for style char-

acterization. But it is clear that Hofstetter went as far as his computer

could take him. He had to content himself with just one style marker, us-

ing only melodies taken from just two works each from his eight composers.

The statistical significance of the study was problematic from the start. The

complexity of the problem proved greater than early computers could handle.

Unfortunately, as Cook points out, the rise of computing power that

made it possible to compare large bodies of data, occurred “just as this kind

of approach was going off the musicological agenda” and those earliest quan-

titative studies “are at the same time some of the last examples of traditional

style analysis” [13:5].
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There were other problems as well. Researchers had to struggle with

the drudgery of feeding the computer large amounts of data. Often studies

included too few dimensions of analysis and too small a number of cases. Par-

ticularly in music, ways of inputting the information had to be invented, and

implementations were generally limited to one particular computer model

whose obsolescence placed the research on a dead end and wasted the time

invested in entering the data. Such was, for example, the case of Mendel [64]

whose group coded 1100 pages of Josquin Desprez for the IBM 7094, which

by the time the study was published, had been already replaced by the IBM

360. Disappointment at the results contributed to making such studies wane,

or rather, veer into something else.

Starting with “Syntactic Structures” (1957), Chomsky had revolutionized

linguistics. The underlying phrase structure below the surface of language

he unveiled was so similar to Schenkerian analysis that it was inevitable

that some music theoreticians would try the same approach, based on the

apparent resemblance between music and language. The most influential

of these attempts was Lerdahl and Jackendoff’s (1983) Generative Theory

of Tonal Music (GTTM), later extended by Lerdahl’s (2001) Tonal Pitch

Space. GTTM is a system of music analysis whose purpose is to be “a

formal description of the musical intuitions of a listener who is experienced

in a musical idiom”, that is “to reproduce the kinds of judgment that human

musicians make about tonal music of the common-practice period” [11:132].

At approximately the same time, on the basis of ideas from John Dewey

and the Gestalt school, Meyer [65] had argued that the principal emotional

content of music was the result of the composer’s fulfilling or thwarting lis-

tener’s expectations. Somehow, Meyer’s expectation idea and GTTM com-

bined with the rise of Cognitive psychology in the 1970s to give rise to the

extraordinary development of music psychology that occurred at the end

of that decade. It involved a wide range of music scholars and psychology

researchers, ranging from the application of clinical psychology findings to

music and experimental psychologists dealing with music phenomena, to mu-

sic scholars interested in the implications of perception findings for music.

Carol L. Krumhansl, herself a trailblazer in the area, touches on many of

these trends as she chronicles her search for the cognition of tonality [55].
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Probably the most important of such developments, from the point of

view of this study, is the area that musicologist David Huron refers to as

Cognitive Musicology. Huron combines the quantitative approach that has

led him to debunk a number of traditional musical myths with a passion for

tracing the evolutionary roots of music perception, which has allowed him,

for example, to thoroughly reveal the underpinnings of absolute pitch [41].

He specifically states, “quantitative methods allow us to observe patterns

of organization that might otherwise be difficult or impossible to decipher”

[39:155], and in regard to the possibilities created by the development of

computers,

Changing conditions simply allow us to be better music scholars,

to embrace higher standards of evidence, and to be more acutely

aware of the moral and aesthetic repercussions of our knowledge

claims, including claims that something is unknowable or that

some phenomena ought not to be investigated. Our strongest

criticisms should be levied at those who insist on speculative

discourse when the resources are readily available to test such

knowledge claims. [39:177]

Thus, studies about style may have been abandoned in the ebb of the em-

phasis on objectivity after World War II, but Cognitive Musicology – and

Empirical Musicology more generally – brings a new push for the quantita-

tive approach and to convert musicology into the data-rich area that it could

be.

After the late 1980s, the emphasis of Artificial Intelligence music appli-

cations shifted mainly to musical analysis and synthesis by computer. In

the last decade most developments have concentrated on the area of content-

based Music Information Retrieval whose efforts are not concerned with mu-

sic style in the sense used here (see Chapter 2).

As a brief summary, the notion of “style” has been restricted in this study

to that substantial quality of the musical material that can be identified

as the contribution of individual composers or associated with their epoch.

Style was a central preoccupation when the power of computers was too

small to be of practical use. Changing circumstances and ideologies made
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the interest in style wane just before personal computers come of age. No

theoretical framework about style has been developed because style analysis

was replaced by structural analysis. But considering that the foundations of

style studies were sound and the interest widespread, there is no reason not

to go back to such a promising area now that the power of computers is able

to handle an appropriate amount of data and a large number of variables.

1.3 Objectives

Given that there is no pre-existing theoretical framework about style – at

least in the restricted sense adopted here – nor competing theories or mod-

els that could need proving or disproving, this project is exploratory work.

It does not aim to obtain anticipated results. It does not have a research

hypothesis but a research question, namely what are the conceptual dimen-

sions of tonal music style? The overall aim is to gain a global understanding

of tonal music style, i.e., to unveil the conceptual structure that makes this

substance recognizable. This amounts to identifying analytical dimensions

that make possible the automatic grouping of tonal music pieces into style

classes.

The main assumption behind this study is that musical style is measurable

from data in the score and it should be possible to design an automatic

procedure to categorize it.

The objective makes the subject of the study the totality of the music of

the common practice period, with two exclusions:

• atonal and serial music, because most of the intended measurements

refer to the tonal frame of the music.

• vocal music, because lyrics and voices add confounding variables.

Thus, this study – with the limitations posed by the representativeness of

the database – refers to all of the instrumental music of the common practice

period.

The ideal result of the project is a software system capable of mapping a

score into the space of style dimensions.
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1.4 Research approach

This section comprises two main topics. The first is the description of the

problem to be researched. The second is the manner in which I have faced

the problem from the methodological point of view.

1.4.1 Research problem

As a research area, tonal music style has been dormant for the last decades,

and although studies in previous decades concerned specific stylistic trends,

such as the Venetian Baroque or the 15th century chansons, I have been

unable to find any study dealing with the nature of style itself, which suggests

that style is a neglected phenomenon.

In my experience, the understanding of any general topic, for example,

human personality, is best carried out by identifying its conceptual structure.

Figure 1.1: Extraversion/Introversion and Neuroticism/ Stability in relation
to earlier personality schemes (After Eysenck & Eysenck, 1964)

The great value of discovering the principal conceptual dimensions of a

phenomenon resides in their explicating power. As Hair et al. [34] put it,

“The identification of structure offers not only simplicity but also a means
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of description and even discovery” [34:553]. In this particular respect, the

four-temperament personality classification from the ancient Greeks reflected

their gift for observation and their notable discovery that individual varia-

tions are not random but follow patterns. Beyond the four-bodily-humours

‘explanation’ – their time’s equivalent of the Freudian id - ego - super-ego

structure – at first glance the scheme may seem strange and idiosyncratic,

and doubts may arise about how comprehensive and adequate a classification

system it was. But after Eysenck [25], Cattell, LeSenne and others identified

the two conceptual variables behind it, the soundness of the scheme became

apparent (Fig.1.1). Further dimensions have been identified later – for exam-

ple Eysenck added ‘psychoticism’, which seems to be approximately opposite

to ‘consciousness’ in the scheme of the NEO-PI – but the agreement about

the first two dimensions seems to be general.

In an analogous manner, the knowledge of the conceptual structure of

tonal musical style could provide the necessary insight for the development

of a theory of tonal music style, as well as the theoretical underpinnings of a

taxonomy of tonal music.

1.4.2 Research Method

This subsection begins with general considerations about the method fol-

lowed in this research and its nature, followed by an overview of its stages.

1.4.2.1 General considerations

In the case of the conceptual structure of personality, despite the bewildering

diversity of methods followed by different researchers, their respective studies

led to an agreement about the two main dimensions. This suggests that the

method might be immaterial provided that the information used as input

is thorough. Because of my background and inclinations I decided early

that the method should be quantitative and as free of subjective influence as

possible. Its goal would be identifying a set of variables that are fundamental

enough to span a space where all the styles of tonal music find a distinct

mapping. The study should cover the spectrum of styles from the whole

period of common practice. Although the dates framing this period vary

slightly according to individual historians, the general consensus defines it

as ca.1700 - 1900. In this study it will be considered to extend through 1950
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because music continued to be written within the general tonal framework

beyond the emergence of atonality and serialism.

This project falls within the guidelines of the trend that looks at the

low-level features of the music for evidence of musical characteristics. This

means not to deny the existence of structural features of music, but that it

is possible to work without needing to identify them. Hence I have tried to

avoid considerations that were structural analytical in nature. The most def-

inite characteristic of this study is its quantitative nature, i.e. being based on

numerical data, which aligns it with empirical musicology. Although there

are other studies that share this approach – e.g van Kranenburg & Backer

[48] – they are a small minority.

I started from the experience that the brain performs a pattern recog-

nition based on some undetermined features of the music. I had assumed

this ability was the result of westerners’ brains being trained on Western

music, which, after years of unconscious learning, makes individuals capable

of categorizing style. Experimental evidence may suggest otherwise, though.

According to Krumhansl,“the general assumption that musical knowledge de-

velops gradually over years” is contradicted by findings that “listeners have

strategies for abstracting pitch structures from unfamiliar musical styles”

[55:258/9]. Nevertheless, whether its core is brain training or instinctive

strategies, necessarily the brain has to extract the information from percep-

tual characteristics of the music. Therefore, the project had to concentrate

on the observable features of general validity of the music for the whole pe-

riod, in the assumption that the main musical elements that identify this

substance are detectable in notation.

It is not known which these features are. What matters is that the mu-

sic conveys enough information for style recognition to take place. On the

basis of that information it should be possible to ascertain the most efficient

variables to effect the categorization. The practical problem consisted of

capturing the musical information that could be gathered in a short lapse,

in a way that could be fed to a computer. It is not necessary to assume

that a computerized system would do the job in a way comparable to the

brain, or that the dimensional structure of the brain ‘image’ of style coincides

with the best resulting classification system. It probably should, as long as

the information captured by the system was not lacking some fundamental
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element that the brain is able to extract. This means that an ideal method

should measure every conceivable aspect of the music. In practical terms

a compromise would have to be found between time and resources on one

side and comprehensiveness on the other, and the system should be able to

analyze simultaneously all the gathered information.

My familiarity with multivariate statistics suggested that Principal Com-

ponent Analysis would in principle be an appropriate technique. Many music

studies had shown that it is possible to use a mathematical or statistical al-

gorithm to tell apart works of different composers. As early as 1965, James

Gabura [30][31] had used a training method for separating hyperplanes to

distinguish between piano sonatas of Haydn, Mozart and Beethoven based

only on chord pitch structure. More recently, van Kranenburg [50] used 20

features or style markers extracted from scores to discriminate among organ

fugues of J.S. Bach, W.F. Bach and J.L. Krebs. It can be inferred that the

pursuit is practicable, although not many have followed this path in the in-

tervening 40 years. In other words, the feasibility of computers telling apart

works that are quite similar or determining whether or not a particular work

of dubious composer falls within somebody’s loci has been sufficiently estab-

lished.

This project straddles the fence between two disjoint areas. As such, a

double thread runs through it. On one side, its object is the instrumental

music of the common practice period, and specifically its perceptual aspects,

i.e. ignoring the theoretical, formal and interpretive aspects. Hence, constant

attention is paid to the perceptual reality of music in order to remain true

to it. On the other, the study adopts the perspective of statistics/machine

learning. As such, emphasis is laid upon the observable, measurable aspects

of music, with a view to extracting features that preferably give rise to con-

tinuous variables.

1.4.2.2 Method overview

Having defined the principal characteristics of the project, it is possible to

proceed to outline its method. There are three basic stages:

• corpus collection and digitization

• feature selection and measurement
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• data analysis and interpretation

Each stage is briefly discussed below.

1.4.2.3 Corpus collection and digitization

Whenever the subject of a study implies an unmanageable number of cases, a

suitable sample has to substitute for the subject. There was no other way to

take on the whole of the instrumental music of the common practice period

than using an appropriate database, ‘appropriate’ meaning, in this case, that

it included a large enough number of samples to cover without large gaps the

complete range of styles.

There are many sets of music data available in the internet but none

was found that complied with these requirements at the time this project

began, in 2003. There was one format, David Huron’s kern which, together

with its considerable database and the Humdrum kit, allowed parsing and

a number of calculations to be done on the music. This would have been

the most appropriate for this study. Unfortunately the database comprised

almost exclusively music from the 18th century, what makes it unsuitable for

a study about the whole of the common practice period.

Consequently, I undertook to build the database myself. To cover the

wide range of styles of the period would require including a large number of

composers, with enough works from each one to yield reliable measures of

their style. The process was time consuming and labor-intensive, conflicting

with the limited time allocated to the project, which led to an attainable

compromise, a set of slightly less than 1000 pages of keyboard scores in

digital form.

Having the spectrum of styles represented by a limited sample brings

about a reduction in the number of detectable conceptual dimensions. If

the database were huge, effective algorithms could be trusted to identify a

large number of dimensions, subsequently dealt with by means of procedures

of dimensionality reduction. Trying, however, to get the algorithms to do

the same work with a database of small size, would perhaps risk forcing

them to overfit the data, limiting the reliability and generalizability of the

results. This notion can also be found in the Cantometrics project, discussed

in Chapter 2, where a significantly larger database was used to classify the

whole spectrum of the world’s songs, but only to figure out the gross style
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differentiations, avoiding the fine detail. For this reason, in this project only

the main conceptual dimensions emerging from the clustering were taken into

account.

1.4.2.4 Feature selection and measurement

As with other complex phenomena, tonal music style can be studied in a

multi-dimensional space. Hence, observable features were extracted from

the main conceptual domains in music, i.e., harmony, melody, and rhythm.

It is important to note that these areas are not mere conventions. Apart

from the well-known fact that the ear performs harmonic analysis, studies

have shown [73] that the processing of melody and rhythm follow separate

neural paths almost from the beginning, and “rhythm disorders can occur

independently from pitch disorders . . . arguing for the functional separabil-

ity of rhythm and pitch-based processing of music”. This early separation

of melody and rhythm processing may be due to the different processing

needed for transients and sustained sounds [74]. A feature hyperspace based

on these observable characteristics yielded a representation in which musical

pieces were viewed as vectors.

The plan was to measure as many style-relevant features as possible for

each one of the database pieces, in the expectation that collectively they

would capture the style. Eventually entropies were also calculated for the

vectorial features.

Every feature to be measured required first a specific operationalization,

and subsequently the devising of an algorithm that measured what was in-

tended. In this process, preference was given to the derivation of continuous

variables, in the understanding that style is very much a continuous phe-

nomenon and categorical separations between styles could not be expected

to be found. Each operationalization was tested by hand on a number of

examples, and once the measurement validity seemed assured, the algorithm

was programmed and tested on the same examples in order to verify it at-

tained the same results. The following step was to apply the algorithm to

every piece in the database, yielding a number of numerical results for each

piece. These results were stored in a large number of files.

It is worth noting here that the ideographical nature of musical notation
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traces a somewhat blurry line between raw and analytical data. David Huron

writes,

For example, the pitches of a score do not directly encode the

melodic intervals. The concept of ‘melodic interval’ relies on the

assumption of an underlying “voice” or “part”... In fact, few

features can be identified in the ‘raw data’ of an artifact. Like

melodic intervals, most features are deciphered, interpreted, or

derived from the object of analysis. ... What makes data seem

ontologically ‘raw’ is that the interpretations are comparatively

stable and uncontentious. [40:8/9]

This point of view is rather extreme. In a score for solo flute, pitches do

encode the melodic intervals. If composers and editors of keyboard music

had followed a rigorous rule regarding the distribution of voices in separate

staves or enforced strict stem directions, surface elements would be cleaner

and more in focus, and this problem would not have arisen. Sadly, the loss

of explicit melodic lines in keyboard scores makes automatic melodic extrac-

tion impossible. The criterion that I follow consists of working only with

features that can be extracted from the score without making any additional

assumptions.

1.4.2.5 Data analysis and interpretation

After all the intended measuring tools had been applied to every piece in the

database, the numerical results were transferred to spreadsheets in order to

carry out the analyses, using statistics and data mining algorithms to identify

the main conceptual dimensions. As stated before, the emerging dimensions

need not be the same that the brain uses for categorization. This project was

not about psychoacoustics. It was only necessary to find enough quantitative

variables to effectively classify the style of the pieces.

Unsupervised clustering applied to the results was used to identify the

main dimensions of the tonal music style phenomenon. The data mining

algorithm known as Classification and Regression Trees (CART) contains a

cluster analysis option that is ideal for datasets with high dimensionality

and exhibiting strong collinearity. This approach has proved most useful in

datasets with many predictor variables as well as with variables that are not

normally distributed. The procedure can also accommodate outlier variables
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and can handle datasets with missing predictor variables by using variable

surrogates [89:264]. This procedure is described in greater detail in section

4.5. Here it will suffice to say that in essence CART, by using an algorithm

that determines whether or not there is a structure underpinning the data,

embodies a unique ability to unveil the cluster structure of the data. The

algorithm ranks the variables used to split all the tree nodes in the final

solution, effectively generating a list of the most important variables used in

the tree cluster solution. Other data mining algorithms – Random Forests,

Gene Expression Programming – were used to corroborate the main variables

used for classification and to classify the dataset by composer.

1.5 Significance of the Study

At its most practical, the software system developed during the study, in com-

bination with the employed data mining algorithms, constitutes a system of

automatic classification by composer based only on the information present

in scores. Even considering only the three most significant variables, the allo-

cation of new pieces to composers reaches a precision of almost three correct

out of four. This precision increases with the use of additional variables and

with the size of the database, suggesting it would be useful to establish a

large reference corpus of digital scores to be used by musicologists interested

in using this approach for authorship studies.

On a more theoretical note, the concept of generating quantitative mea-

sures of music variables combined with the use of data mining algorithms

to cluster and classify music scores by composer could be construed as the

foundation of a promising new kind of style studies. Unveiling the main

dimensions of the style phenomenon furnishes the basis for a scientific taxon-

omy of styles and could set the foundations of a future theory of tonal music

style.

The applicability of the study is not limited to classical music. Most

popular music is recognizably tonal, and consequently could be analyzed on

the same basis. Naturally, carrying out the study on popular pieces, though

possible, would have involved a number of difficulties. Popular songwriters

rarely write their songs – often because they are unable to read music. The

commercial scores of popular hits are penned by unnamed musicians and

their fidelity to the original recordings is often questionable, given that the
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whole purpose of the edition is to make the music available to a mass of

aficionados of limited ability. But nothing would preclude using the methods

developed in this project as a starting point for a classification of popular

music.

Currently, music studies lack quantitative tools for authorship analysis

and attribution, and related chronological problems. The availability of an

objective way of measuring style should be invaluable for those studies.

1.6 Thesis outline

Chapter 2 offers a review of the relevant literature on music style; chap-

ter 3 describes the corpus used in the study and related problems; chapter

4 discusses the methods applied to them in order to obtain feature measure-

ments; chapter 5 presents the data resulting from the measurement process

and discusses their characteristics; chapter 6 deals with the analyses of the

data and implications; finally, chapter 7 summarizes the conclusions and the

limitations of the study, making suggestions for future research.

25



1. Introduction

26



Chapter 2

Literature Review

This chapter reviews the literature on musical style. The first section (2.1)

refers to background in musical style; the second to studies based on Infor-

mation Theory (2.2); the following subsections focus on studies that cover

particular regions of the style area: multiple styles (2.3.1), limited style range

(2.3.2) and single style (2.3.3). Finally section (2.4) summarizes the conclu-

sions.

2.1 Background in musical style

If the meaning of musical style is restricted, as in the previous chapter,

to “a substantial quality of the musical material that can be identified as

belonging to individual composers or associated with their epoch”, style has

been a concern at least from the Renaissance, and the history of European

music has been described by Adler as the story of its styles [71:5]. Musical

theory, however, has not dealt with style in the systematic way that such

a fundamental notion requires. Although the particular styles of influential

composers have been analyzed in detail, there seems to be a vacuum about

the general outline of musical style as a phenomenon in itself, its conceptual

dimensions, extension and range. This is the strange case of an entity that

is well known and recognized but neglected.

In the general area of musical style the most recognized landmark is

Leonard Meyer’s (1989) “Style and Music” [67], which purports to offer a

theory of style. Meyer writes in the Preface “though I have tried to make my

book coherent in thought and consistent in argument, it presents neither an
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axiomatic account of the nature of style nor a philosophical theory of style

change” [67:x]. The first part of the book is said to deal with the nature of

style. The purpose of his book is specific:

What I hope to understand and explain are the compositional

choices made by individual men and women who are members of

some culture. These choices create what we call musical styles,

and it is from changes in choice that we construct musical histo-

ries. [67:x]

Note that Meyer aims to understand and explain the composer’s choices.

That is a very ambitious goal, and its psychological nature goes far beyond

the understanding of style itself. Meyer’s definition of style is:

Style is a replication of patterning . . . that results from a series

of choices made within some set of constraints. An individual’s

style of speaking or writing, for instance, results in large part

from lexical, grammatical, and syntactical choices made within

the constraints of the language and dialect he has learned to use

but does not himself create. And so it is in music, painting, and

the other arts. [67:3]

This definition does not conceptualize “style” as a phenomenon but as a

compositional procedure. While the importance of pattern replication in

style is undeniable, to call it the essence is probably an overstatement. It

is also a very abstract definition. It is unfortunate that Meyer chose not to

give a musical example. Since in music there are no ‘lexical, grammatical,

and syntactic choices’, the language analogy brings little light about the

constraints that he thought were relevant for musical style.

Meyer’s first important point is rejecting the concept of style as deviation

from the norms. This notion comes from a paper by W.J. Paisley (1964),

which constitutes one of the early attempts at quantifying style by means

of ‘minor encoding habits’. Meyer argues that such ideas are “mistaken and

misleading because they equate the style of a work or group of works primar-

ily with those features that make identification and classification possible”

[67:7]. What Meyer appears to be saying here is that he is aware of the ef-

fectiveness of the quantitative approach - i.e. classification and identification

by extracted features - and that it leads not in the direction he is interested
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in, because there are “more fundamental connections among the elements of

some work or group of works than the recognition and classification of a

style” such as “an explanation or analysis of the structural and functional

relationships within the style” [67:7] (italics in the original). He adds he does

not care for identifying and counting traits because

if nothing is known about their functions (structural, processive,

expressive, and so on), it will be impossible to explain why they

are there, how their presence is related to other features observed,

or why their frequency changes over time. Such traits may even

serve as reasonably reliable ‘identifiers’, yet contribute nothing to

our understanding of how the style functions. [67:12]

In order to “exemplify the kind of argument that would, in (his) view,

illuminate style”, Meyer offers the case of Wagner’s mature style. He lists

ten recognized features of this style, such as the use of deceptive cadences,

frequent modulations, often to remote keys, and melodic and harmonic chro-

maticism. He then develops an engaging possible explanation about how

those features are interrelated [67:45-8]

It is perfectly legitimate for Meyer to be more interested in understanding

and explaining style in such manner than measuring and categorizing it.

But he is also eager to discredit the quantitative approach. He argues that

“. . . in absence of hypotheses about syntactic rules and strategic goals, raw

statistical data may lead to meaningless or plainly foolish results [67:58]”. In

this context, Meyer quotes an example from John Searle, where the analyst

is compared to an unacquainted observer of a football match trying to make

sense of its rules. Trying to show “the inadequacy of attempting to account

for institutional facts in terms of brute facts”, he argues,

This raises what seems a fundamental issue in the epistemology

of the arts: whether we can ever have a satisfactory knowledge of

the constraints of a style – whether we can successfully infer the

rules of the game from the behaviour of the players. I believe that

we can in principle. But to do so, we must be able to describe,

analyze, and interpret the variable behavior exhibited by works in

diverse styles in terms of the invariable laws of human perception

and cognition. [67:12]

29



2. Literature Review

In order to ponder this fundamental question let us consider what Ottman

had to say about the rules of part-writing:

A composer writes in any way which best expresses his ideas, and

best pleases himself. While a competent composer will never be

tied down to a set of given procedures, it is also true that he will

usually be strongly influenced by his musical heritage and envi-

ronment. This usually results in some degree of similarity in the

works of composers of a specific chronological era and a specific

geographical area. . . In looking back over a period of music com-

position, the music theoretician attempts to discover, clarify and

codify the procedures of composers of that period. For purposes

of part-writing pedagogy, we have observed those part-writing

procedures frequently and successfully used by composers in the

period c. 1650-1900, and codified them into a set of ‘rules’.. . . Our

rules simply show a few basic and certain ways of producing ef-

fective part-writing easily and quickly. [69:97]

On the same spirit, in the first volume of ‘Gradus’, Leo Kraft [48] wrote an

illuminating page explaining Music and the Rules, in which he points out:

We learn by observing what happens in pieces, then by gener-

alizing about them. We hope our generalizations are inclusive

enough and consistent enough so that we do not have to study

every piece of music ever written before we can extrapolate the

norms of compositional procedure. For composers do not follow

rules; the rules are abstractions of what composers have already

written. [48:118] (my emphasis)

To summarize these quotes, composers do not follow rules. During their

training, consciously or not, they absorb models of acceptable compositions,

and gradually, as they become more self-confident, get less attached to these

models and begin to find their own voices. Later on, theorists come along

and, after examining a large number of works, produce lists of ‘rules’, whether

they are for writing counterpoint in Palestrina style, for defining what a

‘sonata form’ is, or for the correct procedures for harmony and voice leading.

So, for example, the ‘rules’ of harmony are a perfect illustration of Searle’s

‘institutional facts’. They have been inferred, quite adequately, from what
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composers used to do, and they go a long way to ‘explain’ the presence of

chords, their successions and even a great deal of the melody. We have known

all the time that the answer to Meyer’s fundamental question is a definite

‘yes’; we can infer the rules of the game from the behavior of the players.

This is the work musical theorists have been doing since the Renaissance,

and to do so they needed no understanding of “the fundamental laws of

human perception and cognition”. This process is not unusual in sciences.

As a physicist explains, “It is essential to recognize that in the absence of ...

theory, the construction of models is unavoidably pragmatic, and primarily

based on the rational use of empirical information” [33:890].

At first glance, it seems that if we knew nothing at all about music or

style it would be difficult to learn about them just by measuring the frequency

distributions of features. But this impression is wrong. Dalla Bella & Peretz

[17] have shown that people without musical training can group samples by

style similarity, which means that everybody understands unfamiliar music at

least enough to make gross style differentiations. Interestingly, Meyer quotes

(in a footnote [67:61]) the seminal Posner & Keele (1968) study that intro-

duced the prototype-distortion task [79]. After mentioning that “previous

work had shown that subjects can learn to classify sets of patterns which are

distortions of a prototype even when they have not seen the prototype”, this

paper argues “As the variability among the memorized patterns increases,

so does the ability of subjects to classify highly distorted new instances”

[79:353]. So, it would be quite reasonable for a person who does not know

much about music to begin roughly classifying samples by style by means

of simple observation of similarities. As the task progressed, the person’s

abilities would develop, allowing for finer and more detailed differentiations,

and the results would not be “meaningless and plainly foolish”, as Meyer

believes. Hence, a theory of style is not a prerequisite to study style, and

objective analysis techniques could lead to such a theory.

Meyer’s theory of style seems to be the division of constraints into ‘laws,

rules and strategies’, which he postulates are hierarchically related [67:13].

He refers to the psychological principles derived from Gestalt Theory with the

term ‘laws’; his ‘rules’ “specify the permissible material means of a musical

style” such as those dealing “with voice leading and dissonance treatment”

[67:17], and he labels the available compositional choices ‘strategies’ [67:20],
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which are further hierarchically divided into Dialect, Idiom and Intraopus

style. What he is interested in is relating recurring patterns in musical com-

positions to the ideology of their dominant stylistic trend, which he carries

out by means of large-scale features [52:1]. Meyer states the purpose of style

analysis as follows:

It is the goal of style analysis to describe the patternings repli-

cated in some group of works, to discover and formulate the rules

and strategies that are the basis for such patternings, and to

explain in the light of those constraints how the characteristics

described are related to one another. [67:38]

This appears to be saying that the goal of style analysis is to describe the

style in some group of works, discover the stylistic choices in which it is based,

and explain, considering the constraints, the mutual relationships of those

characteristics. This looks like an acceptable definition of the purpose of style

analysis; the problem with this sensible statement is Meyer’s redefinition

of the terms ‘rules’ and ‘strategies’. What he is really saying is that the

goal of style analysis is framing the permissible uses of the materials among

the available choices, and explaining their mutual relationships, and this is

not quite the same. The change in meaning amounts to substituting ‘style

analysis’ with ‘structural analysis’. In fact, Meyer’s represents one of the

Psychological approaches to structural analysis discussed by Cook, who sheds

light on this matter:

Meyer uses the term ‘style analysis’ for the study of the particular

norms by means of which (general psychological principles such as

openness and closure) are realized in a specific style, and is con-

stantly complaining about the inadequacy of our understanding

of them. [12:71]

These considerations confirm that, while still calling it ‘style analysis’, what

Meyer is doing is structural analysis, using an approach to some extent based

on cognitive psychology, which agrees with Clarke & Cook’s [11] view that

style analysis was replaced by structural analysis in the wake of the postwar

reaction to comparative musicology.

To recapitulate, Meyer takes a psychological approach to the problem

of style, and his main goal is to explain structurally and functionally the
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compositional choices made by composers. He disregards the use of low level

features, which make possible classifying and recognizing styles, because they

do not contribute to our understanding of how the style works. He dismisses

the quantitative approach because, on the one hand, explaining and inter-

preting style is more important to him than classifying and identifying styles,

and on the other, he thinks that in absence of hypotheses about syntactic

rules and strategic goals, raw statistical data may lead to meaningless re-

sults. And he is sceptical about the possibility of figuring out the rules of

the game without understanding the fundamental laws of human perception

and cognition.

In reply to this, I have argued that the rules of the game can be inferred

from the music without a deep understanding of the laws of perception and

cognition, which is what theorists have been doing since the Renaissance. A

theory of style is not a prerequisite to study style. It has been shown that

people can make rough style differentiations on material they are unfamiliar

with, and the results are not meaningless, as Meyer suggested.

As to Meyer’s theory of style, it can be understood to be a psychological

approach to structural analysis, in which he concentrates on large-scale fea-

tures. In contrast, the approach I follow in this study is to try to unveil the

characteristics of style from low-level features. Thus, Meyer’s style theory

cannot be of assistance to this project.

There are a few other books that seem to deal with style analysis but

actually do structural analysis. A well known one is Jan LaRue’s “Guide-

lines for Style Analysis” (1970)[57]. Its goal is explicit. It provides music

students with a method of structural analysis. The book was intended to fit

as part of existing courses devoted to musical analysis. The author writes:

“the main goal of detailed analysis, as of all style analysis, is . . . to discover

the contribution (of every single detail) to higher structures and functions”

[57:9]. And then “Only by studying the materials in action can we begin to

understand the essential goal of analysis, the explanation of musical function

and interaction” [57:17-8]. All of this agrees with what we know structural

analysis to be about, i.e. to dismount the musical piece and explain how it

works.

The book divides music into four Contributing Elements: Sound, Har-

mony, Melody and Rhythm (SHMR), plus a fifth Combining Element, Growth,
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which absorbs them “into the simultaneous processes of Movement and Shape”

[57:11]. That is to say, ‘Growth’ replaces the usual term ‘Form’, which the

author feels “seems increasingly unsatisfactory to describe the immense vari-

ability and flexibility of musical processes” [57:ix].

The most interesting section is the one on rhythm. He begins by pointing

out that “Rhythm is a layered phenomenon” [57:88] and “Stress is variable in

duration” [57:89]. These two points, he says, “expand the concept of Rhythm

to embrace all dimensions of Movement”. “Rhythm results from changing

combinations of duration and intensity within all elements and dimensions of

Growth” [57:9]]. LaRue’s ‘contributing elements’ are the usual ones. There

is no attempt in his book to address the nature of style nor to provide a

framework for understanding it.

It is worth insisting on the differences between the goals of this project and

those of ‘structural analysis’. As mentioned in Chapter 1, structural analysis

is a discipline that tries to unveil the structure of individual works and explain

it, its parts and their interrelationship, which makes the work’s form its center

point; the method of structural analysis depends on subjective appreciations

by the analyst. This study, on the contrary, is not about individual works

but rather about a general view of tonal music style extended to the whole

of the common-practice period, and the subject of study is not how style is

manifest in individual pieces but rather the phenomenon of style itself as it

can be abstracted from a relatively large sample of pieces. The elements on

which the study is based are small-scale or surface features, which can be

detected automatically, leading to their ability to be measured by software,

avoiding subjective interventions.

Therefore, even when structural analysis deals with music style, it focuses

on stylistic details but not on the phenomenon of style per se. That is the

main reason why it does not provide meaningful ideas for this study.

2.2 Works based on Information Theory

Soon after World War II, the advent of Information Theory excited people’s

imagination. Entropy was seen as a possible style discriminator. The earliest

examples of the use of entropy are over fifty years old [76][102]. Although

R. C. Pinkerton’s (1956) article “Information Theory and Melody” [76] was
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only “an exercise in the analysis of melody”, it is the first example of musical

application of entropy. He took 39 nursery rhymes, counted the frequencies

of the scale degrees and their transitions, and calculated the corresponding

entropies. He also showed how to apply a statistical scheme to rhythm and

harmony, in order to devise a music-creating machine.

Joseph Youngblood’s (1958) “Style as Information” [102] considered a cor-

pus of eight songs of Schubert, six of Schumann and six arias of Mendelssohn.

The primary purpose was not to compare their styles but rather to use them

“in a preliminary way” to assess the value of information theory as a measure

of style. After transposing the songs to the same key, the author considered

only the melodies in major keys, measured the frequency of each of the 12

pitch classes and the first-order transitions, and calculated the corresponding

entropies. The differences between these results were uncomfortably small,

and he concluded: “The real significance of these deviations cannot, of course,

be determined until a range is established through the analysis of much more

music”, suggesting also that “an analysis from the harmonic point of view

. . . would probably bring out these differences more clearly” [102:30].

Twenty-five years later, Knopoff & Hutchinson [47], writing in the same

journal, discussed the effect of sample length for the calculation of entropy,

and unnecessarily took Youngblood to task for the small size of his samples.

Their own conclusions, nonetheless, were that in relation to numerical dif-

ferences in entropy, “a sufficiently long sample of two texts . . . is capable of

defining two contrasting musical styles” and“a further penetration into mu-

sical style through the use of information theory appears to necessitate that

ways are developed of choosing those musical parameters which are . . . the

best discriminators or musical style” [47:93].

Seven years later, John Snyder’s (1990) “Entropy as a Measure of Musical

Style: The Influence of a Priori Assumptions” [92] gave Knopoff & Hutchin-

son their share of criticism, suggesting that their study had failed “because

of faulty preanalytical assumptions”. Snyder addressed the shortcomings of

their procedures and recalculated their figures, coming to results “both more

discriminating and more plausible”, and suggested future possible refine-

ments in method. The most important of these was “to treat pieces, rather

than notes, as the units of consideration, and weight each note according to

its duration expressed as a fraction of the entire piece”. Snyder envisioned

tackling “larger musical structures. For example, it would seem possible to
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deal with harmonies or chords, tabulating such entries much as notes have

been tabulated here” [92:141]. After recommending that data be based on

scale degrees instead of pitch-classes, he concluded stating that his criticisms

and the “remedies for perceived shortcomings proposed in this article are

meant to be the beginning of a process of refinement in methodology, aimed

at making information theory the useful tool for studying musical style that

it can be” [92:143].

More recently, Margulis & Beatty (2008)[63] made another contribution

to this trend, proposing the measurement of the entropy of multiple music

parameters. Among the difficulties of dealing with entropy and music, they

mentioned that “the practical obstacle of extracting and tabulating the mu-

sical items whose entropy is of interest has stymied progress in the musical

application of information theory”. They argued that the kern format and its

associated set of tools is “the only one form of symbolic data . . . that allows

for the extraction and manipulation of the kinds of data likely to be use-

ful in a perception-based account of entropy” and that it has the additional

advantage in respect to the Musical Instrument Digital Interface (MIDI)

protocol that kern “preserves key signatures, staves and stem directions”.

Although they admitted that the amount of music encoded in this format

is substantially smaller than the corpus in MIDI, they said“it is still large

enough to permit information-theoretic analysis by the standards of Knopoff

& Hutchinson (1983)”.

Their paper “pursues an investigation of entropy and musical style”.

The data used represent eight ‘styles’ which had a large enough available

database: 38 Bach chorales; the 48 preludes and fugues from Das wohltem-

perirte Klavier (WTC), 33 barbershop quartets; 12 Corelli trio-sonatas, 12

Handel trio sonatas, 12 Telemann solo violin sonatas; 5 Haydn string quar-

tets and 7 Mozart string quartets. The parameters of interest were extracted

using the Humdrum toolkit and a separate C++ program read the data and

performed the statistical calculations.

The authors stated that this was an exploratory study where “parameters

were chosen purely pragmatically in an effort to capture as various a snap-

shot of musical dimensions as possible within the constraints of the measures

that were automatically extractable from the kern representation”. Unfor-

tunately, the limitations imposed on them by the format and the database
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caused two serious problems. First, apart the barbershop quartets, all the

data is from the 18th century – hardly conducive to evaluate style in general

terms. Second, the data are inhomogeneous, ranging from works for solo

violin, string quartet, and harpsichord, to vocal quartet, which introduces

confounding variables.

Pitches were translated to scale degrees but in the process they lost the

information about mode. Worse still, as the authors acknowledged,“no al-

lowance was made for key changes across the course of a movement (be-

cause this was not straightforwardly calculable from the kern representa-

tion)” about which they reflect, “Rather than allow key changes to confound

these parameters, it would be ideal to track key changes, constantly adjusting

[the conversion to scale degrees] to the local tonic” [63:68].

As a result of these difficulties, the authors had to speculate about the

explanations of their results. For example, they surmised that the minimal

variation in the entropy of the scale degrees “likely stems in part from the

fact that it measures tonal relatedness . . . Additionally, the repertoires inves-

tigated in this study stem from a relatively narrow time period – namely the

18th century . . . and it is possible that 19th and 20th century tonal repertoires

would produce different chromatic scale degrees values. Another explanation

. . . implicates statistical noise created by key changes within pieces” [63:69].

This quick review of fifty years of work on entropy ends with inconclusive

results. This project, like Margulis & Beatty’s, is based on scale degrees,

but when the entropy of each of the vectorial variables was measured, mode

information was retained, modulations were taken into account, and was

based on a much wider repertoire in historical scope.

2.3 Studies on musical style

Studies on musical style vary widely in terms of the extension of their area

of interest. To bring order to the variety of research, they will be discussed

in order of gradual narrowing of scope.
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2.3.1 Works based on multiple styles

At the wide scope extreme, studies deal with the whole spectrum of styles or

at least a wide range of them. One of the most interesting of these is a study

by Järvinen, Toiviainen & Louhivuori [43]. The brief paper argues that the

proved sensitivity of listeners to statistical properties of music suggests that

statistical analysis of various features could allow classification of musical

styles on the basis of perceptual similarity. The authors considered melodies

in several styles: Finnish spiritual folk-songs, chorales, folk songs, North

Sami yoiks and tangos, classical European art music songs and bebop-style

jazz improvisations. The samples were previously transposed to C major

and C minor; for each style they measured two features: note distribution

(which in view of the transposition means scale degree distribution) and two-

note transitions distribution. The distribution of scale degrees they found

for Finnish tangos and spiritual folk hymns shows very good agreement with

my own data (shown in Table 4.1). In relation to their Self-Organizing Maps

(SOMs), their scale degree distribution results show two main dimensions:

one that differentiates between major and minor modes, and one that they

interpreted as being related to melodic complexity. The SOM for pitch tran-

sitions was similar, although its results were not as clear-cut as the former.

As an evolution of this method, Toiviainen & Eerola [97] proposed another

based on the extraction of six features – the distributions of pitches, inter-

vals, durations, and their respective transitions – each of which is mapped

by the SOM, and then a super-SOM is trained with the vectors consisting

of the output of those SOMs “on which melodies with similar features are

proximally located” [97:43]. They applied this procedure to two separate cor-

pora, 6,252 folk songs from the Essen collection and 2,262 Chinese folk-songs

which are encoded in Huron’s kern format.

In recent times there has been a profusion of studies in the area of Music

Information Retrieval (MIR). Although their number keeps increasing and

their scope diversifying, the central themes are musical genre recognition,

content-based classification and retrieval, and similarity measures. The over-

whelming majority of papers are about processing audio material for the

purposes of automatic genre recognition based on top-level clusters – classi-

cal, country, disco, hiphop, jazz. rock, blues, reggae, pop, metal. Naturally,

given the commercial purpose of those studies, what is referred to as ‘styles’
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are gross classes corresponding to such labels. The intention of those studies

is to find automatic ways of classifying music recordings, usually in order to

offer customers who are searching for a particular song, recordings of similar

pieces. Most of these studies have been done on the basis of sound record-

ings, although a few work with MIDI files – a fact usually referred to by

the label ‘symbolic’, which allows them to be classed together with musical

scores. While there is no established guideline to distinguish the meaning

of ‘style’ from ‘genre’, to the extent that many dictionaries treat them as

synonyms, the use associates genre with function, most often through his-

torically established categories. For example, opera or concerto are genres,

whatever their musical style. Accordingly, the classes resulting from such a

coarse classification of music pieces should more properly be called ‘genres’.

It is worth mentioning that Music Information Retrieval studies, accord-

ing to the specialist Stephen Downie (2003), “consists of seven facets: Pitch,

temporal, harmonic, timbral, editorial, textual and bibliographic”. That is

to say that style is not an area of MIR, although the same author states ex-

plicitly he expects that style will become part of MIR in some distant future

[23:313-4]:

As MIR research progresses, and issues of aural and experiential

similarity are addressed, we should add two important types of

queries:

1. Which compositions ‘sound’ like or are in the same ‘style’ as

this piece

2. Which compositions will induce happiness (or sadness, or

stimulation, or relaxation)

Studies in this region are too numerous to mention, and as their objective has

nothing in common with this project, their interest is very limited. Just as

an example, on the basis that its methods could have points in common with

this project, let us consider the 2007 paper ‘Pattern Recognition Approach

for Music Style identification Using Shallow Statistical Descriptors”, by P.

Ponce de León and J.M. Iñesta [77].

The authors’ indistinct use of the terms ‘style’ and ‘genre’ is apparent:
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Our working hypothesis is that melodies from a same musical

genre may share some common features, permitting a suitable

pattern recognition system, based on statistical descriptors, to

assign the proper musical style to them. [77:249]

The material for their study consists of collected MIDI files: samples taken

from undisclosed works of several composers of the 18th and 19th centuries,

and standard tunes from jazz players. They state, “All the melodies are

monophonic sequences (at most one note is playing at any given time)”.

This means their starting point was internet MIDI files, out of which they

took “the melody track, from which the input data are extracted”.

They aimed at developing a system to distinguish “music styles”, but

they declared they initially chose “two well-defined music styles, like jazz

and classical, as a workbench”, adding that these styles “were chosen due to

the general agreement in the musicology community about their definition

and limits”. This is a disputable criterion. Classical and jazz are perhaps the

most diversified genres and – given their mutual influences from the 1920s –

in the intervening eight decades their boundaries could have hardly become

more blurred.

In relation to the features selected for the study, Ponce de León and Iñesta

explained:

A description scheme has been designed based on descriptive

statistics that summarize the content of the melody in terms of

pitches, intervals, durations, silences, harmonicity, rhythm, etc.

This kind of statistical description of musical content is sometimes

referred to as shallow structure description . . . We have defined an

initial set of descriptors based on a number of feature categories

that assess the melodic, harmonic, and rhythmic properties of a

musical segment, respectively. [77:248]

This sounds reasonable at first glance, but a closer look at the variables

reveals problems with their approach. What they did was consider the six

indicated properties of the ‘shallow structure’ and, for each, take as features

the maximum, minimum (or range), average and standard deviation.

Average and standard deviation are representative measures of central

tendency and dispersion, as long as the data are normally distributed. As-
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suming this has been verified, it is worth considering what information could

have been gathered in this way.

The ranges of two tracks may differ because they are dictated by the

tessitura of the instruments, the difference having no bearing on the content.

In relation to pitch, music of a certain mode can be written in any of the

12 keys. While the distribution of scale degrees is the most significant feature

of tonal music [3], the distribution of pitches depends on the key for each of

the collected samples. Taking together samples of different keys introduces

an important confounding variable because the pitch-class distributions for

different keys combine unpredictably and tend to cancel mutually, and so the

information they convey may approach zero. Moreover, considering two key-

board pieces from two very different styles, e.g., J.S. Bach and E. Krenek’s,

it can be easily verified that the distribution of pitches turns out to be very

similar because the main determining factor is the location of the keys in

relation to the player’s body. The most frequent notes are those surround-

ing middle C and taper off in both directions. The music content has little

influence on it.

Similar considerations apply to most of their features, raising doubts

about what were they actually measuring. They justified their choices based

on consensus only: “This descriptive statistics is similar to histogram-based

descriptions used by other authors” [77:250].

Thus, in spite of the subject similarity between their paper and this

project suggested by their title – i.e. they aim at distinguishing music styles

on the basis of shallow descriptors using pattern-recognition procedures –

materials, methods and objectives do not have much commonality.

2.3.2 Works based on a limited style range

On the opposite end of the scope spectrum, it is noticeable that dealing with

a narrow style range, sometimes to the extreme, was a frequent characteristic

of early stylistic studies.

Crane & Fiehler’s “Numerical Methods of Comparing Musical Style” [15],

was a study of twenty chansons by three composers of the early 15th century.

The authors explained their choice of repertoire saying those three composers

were very close together in space and time. Being confident about their
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method, they correctly thought that, were it successful, the study would

provide “the most exacting test of the methods’ effectiveness: If their works

could be distinguished effectively, those of composers more distant to each

other should be still more easily separated”.

Crane & Fiehler had conceived musical style as characterized by a large

number of variables, and as a consequence stated that the style of a work

could be represented by a point in multidimensional Euclidian space. “For

accurate results, the analysis of each work must yield as many discrete fea-

tures as possible, and must be comprehensive in covering all possible aspects

of the work” [15:211]. Multivariate methods were then new, and they consid-

ered their study as “a first test of some of the techniques described” [15:219].

They applied cluster analysis to compare musical styles, on the basis of 145

variables. Although they did not publish a complete list of their features,

they said that 21 of these gave the same results for all of the songs in their

database and were discarded. “Of the 124 aspects used, 23 are binary and

101 continuous. The aspects chosen fall into the categories Voices and ranges

(20), Scale (7), Diastematics (14), Rhythm and meter (23), Melody (5) Coun-

terpoint (20) Modality (4), Form (13) and Text and its relations to music

(18) [15:220]. In view of the importance of their conception and method, had

they had more computer power at their disposal, they could have gone on to

leave their mark on the research in the area.

Another early study that concentrated in a narrow stylistic area was

Alfred Sentieri’s PhD dissertation “A method for the specification of style

change in music” (1978)[89], where he tried to systematize the characteriza-

tion of style of individual composers by means of their consistent preference

for some particular choices. He proposed to measure change in selected style

details. Starting with a definition, “The commonality, the frequency and the

relative occurrence of [characteristic] details make up the information which

analysts observe and quantify in order to define style”, his study assumed

that “aspects of style can be detected in the order and pattern of the music

symbols found on the written page” [89:9]. Following the definition of per-

sonal style as “an individual’s deviations from norms”, attributed to W.J.

Paisley, he viewed the composer as a chooser of a reduced number of ele-

ments within the potential complete set they belong to: “A musical artist’s

preference for certain details . . . can therefore be expressed statistically”.
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Although Sentieri intended his method to be able to measure stylistic

change over several historical periods, he only used it as a test on the study of

the sacred vocal works of the Venetian Baroque, namely a group of composers

associated with the St.Mark Basilica between 1600 and 1750 – Gabrielli,

Croce, Monteverdi, Cavalli, Lotti and Vivaldi. In spite of the small number

of works considered in the study (between three and five per composer), a

number of interesting trends and individual differences were found. For ex-

ample, from Gabrielli through Vivaldi he found a steady decline in rhythmic

variety and an increase in the use of perfect melodic intervals.

Lynn Trowbridge’s (1985) “Style change in the 15th-century chanson”

[98] was a remarkable quantitative study of styles. She considered a number

of continuous features measured to characterize styles. She explained that

her approach attempted “to define style through the study of classes of events

found in groups of related compositions”. For melodic movement, conjunct

movement percentage was measured for each voice; under Chord analysis,

sonorities of one, two and three pitches were classified according to interval

configuration; summaries were given for the melodic movement of the bass,

root progression and placement, and non-harmonic tones resolutions. Other

summary features were:

Root progression - expressed as percentage of total number of progressions

(ascending or descending and progressions with same root)

Root distribution - expressed as percentage of total rhythmic length

Non-harmonic tones - expressed as percentage of total rhythmic length (plus

unclassified non-harmonic tone percentage)

Chord duration - expressed as percentage of total number of chords

Texture index - Number of pitch changes per chord expressed as percentage

of total number of chords minus one per composition

Texture reduction - expressed as percentage of total rhythmic length

Melodic direction - expressed as percentage of total melodic motion in each

category

Melodic activity - Number of pitch changes per voice expressed as percentage

of total melodic motion (for each voice)

(Number of) Melodic changes (for each voice)

Relative melodic motion - expressed as percentage of total number of chords

minus one per composition
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Voice crossing - expressed as percentage of total rhythmic length

Maximum harmonic range

Average harmonic range

Chord Analysis (i.e. structure - Monads, Dyads (3rds, 5ths, 6ths), Triads

and 4-note discriminated by inversion) - expressed as percentage of total

rhythmic length

Average harmonic range - expressed as percentage of total number of com-

positions

Average melodic range - expressed as percentage of total number of compo-

sitions.

She concluded that “The generation of statistical summaries of two- and

three-chord progressions now appears to be a task of some priority” [98:164].

A much more recent example is van Kranenburg and Backer’s “Musical

style recognition - a quantitative approach” [49]. The authors were mostly

interested in the possibilities of machine learning for attribution studies in

classical music. Working on the basis of scores, they focused on low-level

counterpoint features and used 20 style markers to which they applied k-

means clustering, k-nearest neighbor classifier and decision-tree (C4.5) algo-

rithm. They expressed the need to work with symbolic scores and rejected

MIDI as unsuitable:

[the most] important problem with MIDI is the lack of precision

in indicating pitches. There is no difference between e.g. a F] and

a G[ because they have the same pitch number. Since this affects

the sizes of most intervals (e.g. an augmented fourth cannot be

distinguished form a diminished fifth), determination of harmonic

characteristics becomes impossible. [49:3]

They used Huron’s kern representation in order to take advantage of the

existing database of compositions in the CCARH at Stanford University.

Their dataset, chosen from the available pieces, consisted of a large number

of works by JSBach (40 cantata movements, 33 fugues from WTC, 11 fugues

from Kunst der Fugue, 8 movements from the violin concertos and 14 fugues

for organ); from Handel, 14 movements from the Concerti Grossi Op.6 and 14

movements from the trio sonatas Op.2 and 5; from Telemann, 30 movements

from Fortsetzung des Harmonischen Gottesdienstes and 24 movements from
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Musique de table; and finally the string quartets of J. Haydn and Mozart.

Their set of features included:

StabTimeslice - The stability of the length of successive timeslices

DissPart - The ratio between the duration of the dissonant sections and the

total duration.

BeginBarDiss - The ratio of the number of bars that begin with a dissonance

to the total number.

SonorityEntropy - Entropy was defined, as usually, according to Shannon:

H = −
N∑
i=1

pi.log(p.i)

where N is the total number of sonorities and pi the probability of occurrence

of sonority i. ‘Sonority’ is a concept originated by Howard Hanson [35] who

used it to refer to each possible pattern of intervals between tones - either

simultaneous or successive. For each sonority, the accumulated duration of

all occurrences was measured, and their relative frequency was used as an

estimation of their respective probability in order to calculate the entropy.

HarmonyEntropy - A certain sonority can be constructed on each pitch class,

giving in each case a different harmony. Harmonies received here the same

treatment as the sonorities in the previous feature.

PitchEntropy - The same calculations were carried out here for each accu-

mulated pitch duration.

VoiceDensity - The average number of active voices in measures that are

strictly polyphonic only.

StepSuspension - A count of suspensions

Intervals - The following nine variables measured the duration amount of

several intervals between all the different voice-pairs, normalized with the

accumulated duration of all intervals considered:

Seconds, Thirds, Fourths, Augmented fourths, Diminished fifths, Fifths,

Sixths, Sevenths, Octaves, Parallels.

The subsequent three variables measured the duration amounts of successive

equal intervals, normalized as before: Thirds, Fourths, Sixths.

These features showed varying discriminating power depending on the

data set they were applied to. The usefulness of many of them is restricted

to music of the particular period they worked with.
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Once they established the effectiveness of the application of their method

to low-level characteristics of counterpoint, in “On musical stylometry - a

pattern recognition approach” (2005)[50] the same authors applied it to the

problem of an organ work, the Fugue BWV 534.ii in F minor attributed

to J.S. Bach, whose authorship had been disputed, with W.F. Bach and

J.L. Krebs proposed as alternative composers. Using the same database

and variables, they introduced a method of overlapping windows covering a

whole composition, whereby a composition can be mapped “to a cloud of data

points on the basis of which global densities can be estimated” [50:302], giving

rise to a path in the feature space. Using the six best discriminating features

of their set of 20 for training a Bayesian classifier and C4.5 decision tree,

their conclusion was that “there is experimental evidence that J.L. Krebs

has to be considered with all probability as the real composer” [50:308].

Further, in “Composer attribution by quantifying compositional strate-

gies” [52], van Kranenburg applied the method to a set of six disputed works

ascribed to J.S. Bach. He showed that while BWV 536.ii and BWV 546.ii

map to the same area as another ten undisputed organ works of J.S. Bach, a

large part of BWV 537.ii is not consistent with J.S. Bach style, and neither

is BWV565.ii, “the second part of the most famous organ work in existence”,

which is not projected among the other compositions of J.S. Bach, thus con-

firming the doubts expressed by Peter Williams about the first part in 1981.

Also working in a very constrained stylistic area, Jürgensen & Knopke

[45] concentrated on a repertoire where authorship is really problematic due

to a lack of concern by the compilers of manuscripts: a set of about 200

intabulations of 15th century songs, many by the leading composers of the

time but most of them unattributed. The intentions of the researchers was

to eventually attempt to classify all the anonymous pieces based on those of

known author. They had to enter their data by hand and, in order to use the

tools available in the Humdrum Toolkit, they had to write software to convert

their format. A number of features were extracted, of which those least use-

ful were discarded by means of principal component analysis. Most of their

features were specifically tailored for their vocal repertoire – for example ca-

dential structure, favoured cadential pitches, leap movement (a measurement

of the proportion of leaps greater than a third to total melodic intervals) or

dissonance treatment – and therefore are not meaningful for this project.
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These papers are really exciting as they are the closest that music has

come to attributional studies. It has to be noted that this kind of work, just

like literary stylometry studies, can only add – perhaps considerable – weight

to claims of authorship by one of a few probable composers, but cannot dispel

the possibility that the real author is a third unknown person.

An important observation concerns the set of features considered. D.

Huron writes, “What constitutes a feature depends on the scope of our gaze”

[40:15]. As mentioned above, van Kranenburg and Backer, working within a

very constrained stylistic area, were able to use variables suited to their par-

ticular repertoire. Contrapuntal music comprises interweaving lines, making

possible the calculation of the density of voices and counting the number of

suspensions. But these features would be undefined or even meaningless for

music of a very different historical period, such as the Romanticism. This

is a philosophical problem related to the extension-comprehension duality:

the more similar two objects are, the more characteristics they share, and

the more variables are needed if one intends to differentiate between them.

Conversely, when they are quite different, mere gross characteristics are able

to separate them. This relates to some experiments, such as the one of

Porter & Neuringer [78], who were able to train pigeons to categorize be-

tween Bach and Stravinsky – and even classify samples of other composers

between Bach-like and Stravinsky-like.

2.3.3 Works based on a single genre

Centered between the two extremes of multiple styles and restricted style

range, there are a few studies that are concerned with a single genre or style

area. The first one deals with the whole of jazz.

Roger Dannenberg, leading a research group at Carnegie Mellon Uni-

versity, together with Thom and Watson published “A Machine Learning

Approach to Musical Style” [18] (as well as a follow-up, Dannenberg, [19])

where they tried to move away from low-level perceptual features and show

that machine learning can be applied to higher-level parameters and used to

build “a reliable real-time performance classifier”. They worked with inter-

active performance systems and their goal was to devise a computer system

to accompany a jazz soloist in real time by reacting to the performer’s style.

In this case, the term ‘style’ was used to depict what more properly could be
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called ‘performance mood’ and their ‘higher-level music processing’ refers to

the ability of the machine to distinguish among eight of such styles which they

refer to as: lyrical, frantic, syncopated, pointillistic, blues, quote (i.e.‘play a

familiar tune’), plus ‘high’ and ‘low’, which they unfortunately do not define,

but say of them: “The exact meaning of these terms is not important” [18:2].

They applied naive Bayesian, linear and Cascade-correlation neural networks

classifiers to a set of 13 features, comprising: the number of notes; both the

average and standard deviation for five variables (MIDI key number, dura-

tion, duty factor, pitch, and volume), plus two messages: pitch-bend and

volume change. Unfortunately, as in the case of Ponce de León and Iñesta,

these features are mostly distribution measures, hence of limited interest for

this project and many of them only applicable to performance files.

Of greater relevance to this study is an old, enormous and inspirational

work, the Cantometrics Project (Lomax A. & Grauer V.) [58], which covered

the whole range of folk song styles worldwide. Cantometrics was “an attempt

to establish universally applicable guidelines for the study of folksong; a way

of defining song style for major cultural areas (e.g. India, West Africa); and

an approach to a broader understanding of the interrelationship between

the song and its function” [96]. It was a piece of anthropological research

that “set up a behavioral grid upon which all song styles can be rated and

compared on a series of scales taxonomically applicable to song performance

in all cultures” [58:3]. One of its basic tenets was that “song performance

and life-style vary together” and “features of song performance symbolize

significant traits in culture” [58:6]. This is a very different understanding

of what style means, because it stresses the connection between song style

and social style rather than seeing the former as the result of individual

expression. According to Lomax, a style is an unconscious summary of the

ranges of acceptable behavior within a culture. “Any culture member can

immediately sense that something is stylistically wrong about a greeting, a

cooking pot, a song or a dance without being able to explain why this is so”

[58:12].

Although for this reason it falls outside the range of musical studies,

Cantometrics deserves a detailed comment, not only for its importance and

the wide range of its coverage, but for its similarity to this project in several

methodological aspects. Alan Lomax reported it in detail in “Folk Song Style
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and Culture” (1968) [58]. The Cantometrics project was an ambitious effort

towards “the establishment of a structurally and historically meaningful tax-

onomy of world’s folk song styles” [58:75]. Its principal finding was “that song

style symbolizes and reinforces certain important aspects of social structure

in all cultures [58:vii] and “a culture’s song performance style seemed to rep-

resent generalized aspects of its social and communication systems” [58:ix].

They found that the clusters defined by their variables coincided with the

culture regions familiar to ethnologists and historians of culture [58:xi].

The system analyzed 2,557 song performances from 233 cultures along

37 categorical variables “taxonomically applicable to song performances in

all cultures” [58:3]. Following Murdock’s Ethnographic Atlas, the world was

divided into 56 culture areas, each of which was represented on average by

about 40 samples presumed to be representative of the modes and ranges of

style in their areas. For a given sample, the modal attributes on each of the

coded lines were taken to stand for the salient features of a dominant areal

style, and the statistically significant dispersions around such modes were

taken to express the range of variability in the style [58:75/6].

The study was limited to song performance, “on the ground that, while

singing is a universal trait of culture, instrumental music seems to be a

derivative system” [58:xi].

An initial central concept of Cantometrics is that “A song style, like other

human things, is a pattern of learned behavior, common to the people of a

culture. Singing is a specialized act of communication, akin to speech, but

far more formally organized and redundant” [58:3]. “A culture’s favored song

style reflects and reinforces the kind of behavior essential to its main subsis-

tence efforts and to its central and controlling social institutions” [58:133].

“Expressive behavior may be one of the most sensitive and reliable indica-

tors of culture pattern and social structure. Apparently, as people live, so

do they sing” [58:4]. The inference is that if song performance and life-style

vary together, one is the reflection and reinforcement of the other.

Cantometrics finds then that no branch of the human family

. . . fails to symbolize its social norms in a suitable song style.

Each culture raises its voice in a way that speaks for its economy,

its sexual mores, its degree of stratification, its way of organizing

groups, etc.. . . Song style seems to summarize, in a compact way,

the ranges of behaviour that are appropriate to one kind of cul-
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tural context. . . . Song presents an immediate image of a culture

pattern. A man’s favourite tune recalls to him not only some

pleasant memory, but the web of relationships that makes his life

possible. [58:6]

Hence, the main song performance profile in a culture will match an impor-

tant behavioral profile made up of many general features of social structure.

“Both song and social profiles are models for human behavior, the former

organizing some sort of collective, public exercise in phonation, the latter a

framework for relations between the people in everyday life. We have found

that a small number of song profiles accounts for most of our data” [58:8].

Lomax emphasized the importance of style:

One validation of the stylistic method is its efficiency in classify-

ing and epitomizing culture regions. . . . Style is a potent culture

classifier because it goes to the level where people actually expe-

rience and shape culture patterns. [58:11]

In Chapter 2, Lomax explained his approach to the problem: “Our study

began with the perception that there are powerful stylistic models shaping

the majority of song performances in large regions of the world. . . . The goal

of our research was, first, to devise a descriptive technique that would locate

these grand song-style patterns in the recorded data itself and, second, to

find what cultural regularities underlie and are relevant to these far-ranging

and powerful formative styles [58:13].

Another important idea is that

song and dance style symbolize and summarize attitudes and

ways of handling situations upon which there is the highest level

of community consensus. . . . this is why we have found high cor-

relations between the norms of song performance and patterns of

social interaction [58:15]

One important methodological detail that relates to the previous discussion

of extension and comprehension is that the Cantometrics coding system “was

designed to portray the gross stylistic patterns” [58:29]. It operates “with an

intentionally coarse grid” so as to
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broadly characterize song performance style in such a way that

the main families of sung performance may be recognized, their

geographical distribution mapped, and their relationship to cul-

tural continuity, acculturation, and the expressive arts perceived

. . . At first we were somewhat concerned because so many de-

tails of song had been left out of the rating scheme. With more

experience we began to wish for an even simpler system. [58:35]

In other words, the number of features cannot be too large because the scope

is so vast. Lomax specifically discussed this problem:

Any attempt to cast 56 multi-song samples, described in 37 ways,

into a scheme of ordered relationships encounters the classical

dilemmas of the taxonomist. How much of the available informa-

tion is to enter the classification? How is the scheme to be made

with sufficient detail to bring out significant variations, yet simple

enough to be comprehensible? Distribution of small number of

attributes do, in many cases, produce orderly mappings of song

style. . . . But no such small subset of attributes will map the en-

tire world. The subsets just described, although they single out

specific regions, are entirely useless in comparisons among regions

where they do not occur. [58:76]

This quote has a direct relevance to this project which, like Cantometrics,

tried to encompass the big picture. It was necessary to accept that the search

for the main dimensions of style inevitably implied disregarding the fine

detail, and so, for example, the variables that allow Backer & van Kranenburg

to tell Handel from Telemann, cannot be used to categorize the whole scope

of styles of the period of common practice.

Another relevant point discussed by Lomax is the effect of particular

choices of samples: “Song is so redundant and is so much a learned cultural

artifact that, like other art, is hard to fake successfully” [58:28]. For this

reason, Lomax rested importance to the particular selection of songs used,

and arbitrarily limited the number of songs per culture sample to ten. The

method

takes advantage of the highly redundant and formalized character

of the sung performance in which a vocal stance, a group rela-

tionship, an approach to musical elaboration, or a kind of rhythm
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is maintained prominently and steadily throughout the event. It

picks out the set of overall qualities which strongly characterize

a performance in terms of which it may be compared to another

song. Our discovery was that each culture has a few favored ways

of handling major paramusical controls and that these could be

compared level for level with the same set of phenomena in the

singing posture of other human communities. [58:34]

One relevant consequence of Cantometrics’ feature selection was “we have

been able to find no orderly relationship between melodic form, metrical

structure, or harmonic style and aspects of social culture” [58:36]. This

means that the variables with most ‘musical’ character are least relevant to

the social context, presumably because they fall within the control of the

individual performer.

Lomax made a point that has a perceivable resemblance to my rejection

of structural analysis: their coding system was “designed to record readily

identifiable acoustical phenomena” (i.e. observables) and consequently the

coder “should not attempt to be analytical over and above the outlines of

the coding book, nor should he attempt to read into a given performance

what the performers really meant or really felt or perhaps failed to do. Prior

expert knowledge of song style may actually impede coding. Strong aesthetic

bias makes good rating impossible”(my italics) [58:36].

Most of the features used in Cantometrics apply only to sound as it is

based on recorded performances. Lomax used a scalar measure of similarity

between pairs of samples in order to cluster them. Although there were 37

coded variables, “inspection of rank-order listouts and distribution maps in-

dicated that certain lines produced little or no clustering on either a regional

or a cultural-functional basis. . . . ” To meet these problems ten problematic

variables were removed.

While discussing the rhythmic relationships within the group, Lomax put

western music in perspective, noting:

On the whole, Western European art music is more highly devel-

oped harmonically than rhythmically. Much of its drama, motion,

and subtlety depends upon the effect of harmonies and harmonic

progressions. Though it does exhibit considerable rhythmic vari-

ety and invention, this dimension is considerably less developed
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in the music of the West than in certain other cultures. Even

in so complex a work as a Bach fugue, where the composer has

striven for the maximum amount of independence for each ‘voice’

or ‘part’, all of the voices usually conform to the same pulse and

the same meter. [58:53]

When discussing Polyphonic type he indicated that “two part ‘chords’ are

considered polyphony” [58:65], a notion I have used in this project.

The following Cantometrics quotes point out to further methodological

issues that are relevant to this project:

• “The cantometric taxonomy of world folk song is cast into several very

large style regions.” [58:79]

• “The statistical approach on which the final regional taxonomy is based

. . . brings into relief a wealth of detail, an intricate multileveled pattern

of relationships which, because of its complexity, could never have been

discovered by ear.” [58:80]

• “Basically, the effect of factor analysis, as applied to the comparison of

profiles, is the definition of a few ‘average’ or ‘ideal’ profiles to which

the much larger number of cultural profiles can be related. Each cul-

tural profile can be characterized in terms of its likeness or contrast to

each of the ‘ideal’ models, and a clustering of styles emerges, defined by

the distribution of high congruences . . . The scale derives its taxonomic

power from gross differences in level, rather than from the fine distinc-

tions that would emerge from an exact count or words and syllables.”

[58:130]

• “The tools of cantometrics will certainly not serve to measure differ-

ences between very similar cultures or among situations within the same

cultural setting, but the success of the present experiments suggest that

such measurements might be contrived.” [58:163]

• “The taxonomic efficiency of cantometrics stems directly from the mod-

esty of its aims and its methods. . . . Its variables correspond, we be-

lieve, to the ways in which ordinary people make their minds about the

general tone of conversation or any piece of music they hear.” [58:117]
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The Cantometrics system appears to have managed to capture the essen-

tial dimensions of folksong, which provided encouragement to apply similar

methods to music of the common practice period.

There is one further study worth mentioning that deals with a different

problem but uses a similar approach to this project. In “Multidimensional

Scaling of Emotional Expression in Music” (1969) [100], Wedin used a mul-

tidimensional scaling model in order to determine the main dimensions of

the perception of musical expression. This was a typical psychological study,

with subjects asked to describe instrumental music excerpts lasting 30-45

seconds by means of 10 words taken from a list of 150 emotionally colored

adjectives. The data suggested that the best fit was a four-dimensional model

but, considering computational costs, a crucial factor in the 1960s, the author

choose the three-dimensional solution. The first dimension was labelled Ten-

sion/Energy, characterized by attributes such as vehement, violent, stormy

and wild on one end and soft, mild, relaxed, dreamy and peaceful on the

other. The second was labelled Gaiety-Gloom. It was characterized by play-

ful, airy, exuberant, and glad versus doleful, serious, fateful and unhappy.

The third dimension was characterized by majestic, solemn, sublime, and

grand as opposed to strange, uneasy, ghostly and seductive, and he labeled

it Solemnity. The author reports that this study showed “extremely good

agreement” with a previous factor analysis study. It would have been in-

teresting to know the results of the four-dimensional model. It is worth

stressing that this study was about psychological responses to music, for

which the found dimensions “constitute an economical descriptive system”

[100:127], but it would make sense if those dimensions correlated with the

styles of the music. After all, the perception of composers is unlikely to be

qualitatively different from the rest of the population.

2.4 Conclusions

This review has discussed a variety of studies related to style in varying de-

grees, although none was found that was devoted to style itself. Style studies

range in extension from a wide scope in terms of genres to fine distinctions

within a constrained style space, but the emphasis of style studies is not

style conceptualization. Instead, researchers concentrate on using statistical
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or IT techniques to tell apart specific instances of styles, on both ends of

the spectrum. For this project, however, style is not a framework for specific

works but the main object of interest. The aim is to gain a new insight into

what style is and how to characterize it. As this project addresses all the

tonal music of the common practice period, it lies mid-way between those

studying a wide scope in terms of genres and those making fine distinctions

in a narrow style space, and, it could be said, sits together with Cantometrics

and the Dannenberg’s studies, both of which take up the whole range of a

particular genre - i.e. folk songs and jazz, respectively.

This study is unique in taking on the whole of the instrumental music of

the common practice period, and belongs with a minority of studies in several

aspects. For example, while many studies work with melodies, few do so on

the base of actual scores. Nevertheless, it is firmly entrenched in the tradi-

tion of existing studies in that it shares a large number of ideas contributed

by different researchers. I have written the following outline of the project

in order to highlight these connections, making use of points expressed by

notions or quotes from the literature just reviewed. These appear in italics,

with the respective authors mentioned in each case:

Style is a microscopic quality of the music. In the absence of a theory of

style, it is measurable on the basis of observable elements.

Musical style can be characterized by a large number of variables, and as

consequence the style of a work could be represented by a point in multidi-

mensional space. For accurate results, the analysis of each work must yield

as many discrete features as possible, and must be comprehensive in covering

all possible aspects of the work (Crane & Fiehler)

These measurable features make identification and classification possible

(admitted but rejected by Meyer)

The commonality, the frequency and the relative occurrence of character-

istic details make up the information which analysts observe and quantify in

order to define style; a composer’s preference for certain details can therefore

be expressed statistically (Sentieri)

Statistical analysis of various features allow classification of musical styles

on the basis of perceptual similarity. (Järvinen et al)

The way to carry out this research begins with the notion that it has to

be based on scores:
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Features of style can be detected in the order and pattern of the music

symbols found on the written page (Sentieri, van Kranenburg and Backer)

The basic method consists of using machine learning techniques focused

on low-level features (van Kranenburg and Backer)

The method treats pieces as the units of consideration, weighs each note

according to its duration expressed as a fraction of the entire piece, and the

data are based on scale degrees instead of pitch-classes (Snyder)

In order to accomplish this, a prerequisite for the study was a method

to determine the key as a point function, an idea that has the support of

Margulis & Beatty when they say that it would be ideal to track key changes,

constantly adjusting the conversion to scale degrees to the local tonic.

Just as Cantometrics took up on the whole world of folk-song, this project

takes on 250 years of western European music. Therefore, they both share

a number of important ideas. A structurally and historically meaningful

taxonomy has to be designed to portray the gross stylistic patterns, operating

with an intentionally coarse grid to broadly characterize style. Since the

scope of the study is so vast, it cannot be expected to aim at fine details.

Success in capturing the essential dimensions of style means that the richness

of detail that can emerge has to be in inverse proportion to its range. Many

variables are relevant only to the fine detail and no such small subset of

attributes will map the entire world. Hence,the tools developed in the project

will certainly not serve to measure differences between similar styles.

In this study it was necessary to leave structural analysis aside. Like-

wise, Lomax pointed out that prior expert knowledge and strong aesthetic

bias makes good rating impossible. Finally, he remarked that the statistical

approach on which the final taxonomy is based, because of its complexity,

could never have been discovered by ear, and the taxonomic efficiency of the

system stems directly from the modesty of its aims and its methods. This

study has similar aspirations and limitations, hence the goal is to identify

only the main dimensions of style.
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Corpus

This chapter describes the corpus used in this research, discussing the avail-

able alternatives, the choices made and the reasons for them, as well as the

most important practical issues in making the corpus available for computer

processing.

The immediate objective of this research was to measure features that

characterize the style of tonal music of the common practice period. Thus,

the corpus must

1. constitute a representative sample of the complete range of styles since

the beginning of the 18th century to the present,

2. include enough pieces to avoid significant stylistic gaps, and

3. be available in digital form.

Leaving aside concrete and electronic music, in the western world music has

to be either improvised or composed. Since sound recording only became a

practical possibility once the largest part of the period was already past, for

this research improvisations were disregarded. Hence, for most of the period,

it is only possible to deal with the composed pieces that have reached us in

the form of printed scores.

3.1 Limitation to instrumental music

Early on I decided that vocal music should be excluded from the database.

Setting a text affects the style of the music for two main reasons. In the first
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place, its meaning and the structure of the sentences shape the melody to

which it is set. Secondly, those constraints emerging from the limitations of

the human throat in terms of range, the need to breathe, and difficulties of

emission, happen to be constant through time. These two reasons could be

seen as two sources of ‘noise’ that distort the style of the music. As a result,

in my experience, on hearing unknown works it is much more difficult to

estimate the time of composition of a choral piece than that of a symphonic

piece. Hence, I decided to limit the study to instrumental music.

Orchestral music is ideal. The orchestral composer is able to choose

the sound with minimal limitations, thus expressing a style that is as close

to ‘pure’ as possible. However, orchestral scores are very complex and vo-

luminous. As building a database of orchestral music would be too time

consuming, I needed a more practical option.

A compromise embodying certain limitations was using keyboard pieces

only. It is arguable that such a database could cover a stylistic scope identical

to that of an orchestral database, and that individual styles would remain

distinctive enough in spite of the loss of that most distinctive stylistic aspect,

the timbral/textural one. Regrettably, as in the case of vocal music, the

limitations of the keyboard idiosyncrasies impose constraints on the score

due to:

• hand reach;

• maximum number of possible simultaneous notes;

• the unavoidable decay typical of all percussion instruments;

• the presence in the score of keyboard devices intended to simulate con-

tinuous sounds:

– repeated chords,

– tremolos,

– and the piano pedal, whose effect is invisible in the score.

These constraints may have an obscuring effect on the composer style.

Another major problem is the absence from the database of crucial com-

posers who did not write piano music of comparable signification to his or-

chestral works. Naming Berlioz, Wagner, Bruckner, Mahler, Elgar, Strauss,
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Sibelius, Stravinsky is enough to raise the doubt that significant loci of style

may be left uncovered.

On the positive side, keyboard pieces are polyphonic, have a wide ex-

pressive range and are concise. The choice to use only keyboard pieces has

not only the advantages of size and simplicity over using orchestral ones. In

the keyboard literature there is an abundance of short pieces lasting between

30 seconds and three minutes, which leaves no doubt about their style ho-

mogeneity. These reasons were weighty enough to justify basing a database

purely on piano-harpsichord pieces. Organ works were not considered be-

cause organ peculiarities are different enough to introduce confounding vari-

ables. For example, organ notes do not decay, hence organ music is largely

free of tremolos and repeated chords. The pedal, apart from flexibility, allows

the use of the characteristic long sustained notes called ‘organ points’ which

in piano music are ineffective. These and other differences affect the style of

the music.

3.2 Database composer selection

Since the aim of this project was to consider the whole range of tonal styles,

it was desirable to include in it music of as many composers from throughout

the period as practicable, trying to ensure that the stylistic range was covered

with minimal gaps. Examining the lifespan of the most well known composers

in the canon suggested as a minimum criterion including enough composers

so that in any one year in the period from 1700 to 1950 at least three were

alive. Furthermore, the pieces should preferably be short so that their style

could be expected to be uniform throughout, and each one could be closely

represented by a single dot in the style space. In addition there should be

enough works by each composer that work idiosyncrasies could be expected to

mutually cancel, allowing for the general style characteristics of the composer

to come through. There is no systematic way to address these concerns. They

are stated here as guiding principles.

Tentatively, I decided that a minimum database should comprise not less

than 250 works, and following Lomax, who in Cantometrics limited the num-

ber of songs per culture to 10, estimated that a reasonable choice would be 10

pieces from each of 25 composers who could be considered the cornerstones

of the keyboard repertoire, spanning about 250 years. There is a consensus
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about the canon of classical music, and the choice of the greatest 25 keyboard

composers is unlikely to create great controversy.

Subject to the minimum constraint mentioned above, my chosen com-

posers were, in chronological order: Handel, J.S.Bach, D.Scarlatti, J.Haydn,

Mozart, Beethoven, Schubert, Mendelssohn, Chopin, Schumann, Liszt, Franck,

Tchaikovsky, Brahms, Grieg, Fauré, Debussy, Satie, Scriabin, Rachmaninov,

Ravel, Bartók, Prokofiev, Khachaturian, and Shostakovich. After my initial

selection, however, I felt obliged to add two more composers because their

exclusion would have left significant gaps. C.P.E. Bach, considered to be

‘the father of the Sonata form’ was a crucial figure in the transition from

the Baroque to the Classicism, and his Prussian and Württemberg keyboard

sonatas are a landmark in the history of keyboard music. C. M. von Weber’s

life was framed within the span of Beethoven’s, but his operas created the

transition from Mozart to Wagner. His piano Sonatas are radically different

from Beethoven’s, offering an insight into the differences between Classicism

and Romanticism.

After adding these composers, I decided to add one more piece per com-

poser, bringing the total number of pieces to 297.

3.3 Options that determine the selection of

format

The selection of pieces was contingent on the available sources. Early on I

had expected that my database could be harvested from the Internet. That

was too hopeful an expectation, and the previous chapter pointed out some

of the problems incurred by research that uses music data mined from the

Internet. It is apparent that the only practical alternative worth considering

was the database that accompanies the Humdrum kit and the kern language,

which suffers from a very limited repertoire in terms of time span, making

it unsuitable for this study. Therefore, I had to build the database myself.

This decision still left the choice open whether to use a database of symbolic

or sound data.

Music is a psychoacoustic phenomenon. In principle, the most straight-

forward way to study it is to apply techniques of signal analysis to the sound.

However, recorded sound includes several sources of noise in varying amounts.
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A selection of single recordings standing for individual pieces of music would

create an epistemological nightmare in terms of delimiting the relative pro-

portions attributable to each source of noise from the extracted features.

From my experience in signal processing, it is generally less onerous to gen-

erate a clean signal than to try to clean a dirty one post-hoc.

Music does not exist in the same way as paintings or sculptures do. The

composer’s imagination in sound translates into a graphic recipe, which the

player uses to create a performance. This means that the sound one hears

is not “the music”, but merely a performer’s particular version of it. As dis-

cussed in the Introduction, a particular rendition of a work combines a basic

substratum conceived by the composer, with the performer’s realization of all

the concrete details – choices about tempi, dynamics, phrasing, articulations

– which, from a signal processing perspective, could be construed as a source

of noise superimposed onto the admittedly fuzzy substructure. This does not

mean to belittle the performer’s contribution but to acknowledge that differ-

ent performers contribute conflicting details to any single piece. Compiling

a database of recordings of about three hundred pieces would require using

multiple interpreters. This is an a priori difficulty which would enormously

complicate the task of extracting features from the pieces. Hence I chose to

base the study on symbolic sources.

Symbolic means essentially a choice between scores and MIDI, an indus-

trial protocol invented in 1983 for the purpose of allowing electronic musical

instruments to communicate. MIDI is the only widely accepted music stan-

dard, and on that grounds has become the focal point for MIR. By means

of a musical instrument connected to a computer, or simply using software,

it is possible to convert a musical score into a performance file of the piece

with all the necessary values for the actual sound to be generated by a syn-

thesizer. The MIDI standard embodies the limitations decided upon at the

time. Significant information was dropped from the score and accurate re-

conversion of a MIDI file to the original score is not possible. A MIDI file is

but a performance file. Gone is the information about staves, stems, beams,

and measures, and no distinction is made between enharmonic alternatives

such as B and C[ or between voices, thus blocking any possibility of analyz-

ing variables a priori deemed of interest for this project. As this necessary

information is available from scores, I considered MIDI an unacceptable al-
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ternative. Thus, this study was based exclusively on scores.

In the West, scores began in the Middle Ages as a memory aid for singers,

and grew in a haphazard way with contributions from different sources. How-

ever unlikely, they managed to coalesce into what is essentially a semiloga-

rithmic plot of frequencies versus time. For an example that shows the good

correspondence between notation and plot, Fig.3.1 shows the opening melody

of Prokofiev’s “Peter and the Wolf” in score and, aligned underneath, as a

semilogarithmic graphic in which the horizontal axis shows time in seconds

and the vertical axis the frequency of each pitch (indicated by f) divided,

in this case, by the frequency of G4, the lowest pitched note in the excerpt.

referred to as fo ( that is, f
fo

).

Figure 3.1: Theme of Peter and the Wolf

Thus, a score is close enough to the graphic of the music that would

theoretically be produced if a suitable laboratory device existed to derive all

the information from a performance in a reliable way. In fact there have

been attempts to automatically produce a similar graphic, for example, from

a singer’s voice, by means of an electronic device. The results have been

remarkably similar to this example, the main differences being that horizontal

lines turned out as slightly waving curves and the vertical shifts did not show

the same monotone regularity. These differences could allow us to equate the

score to a ‘rudimentary’ or ‘robotic’ performance, or perhaps to a noise-free

blueprint for the music.
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Notice that the example shown corresponds to a melody alone. Represent-

ing a more complex score would generally mean superposing several values

at any one time, to which no graphed sound could be compared except if the

individual instruments were separately recorded.

The importance of this ‘rational’ interpretation of notation is that scores

could be seen as fair materials for scientific study.

3.4 Selection of database pieces

Having decided to build a database of scores, the next issue was the selection

of individual pieces. The list of composers ensured a reasonable coverage of

the range of styles, even if the concentration increased gradually toward more

recent times. But there is no way to make sure that significant styles have

not been omitted. I considered that almost three hundred pieces to cover

250 years was a minimally acceptable compromise.

Individual pieces of music range in duration from a few seconds to several

hours. While it is arguable that the style of a short piece is homogeneous,

the same cannot be said about multi-movement pieces or extended single

movements. For example, it is known [9] that the chord distributions for

different movements of works by Mozart, Schumann and Mendelssohn differ

significantly. In order to consider each piece of data as the representation

of a unique style, it would be necessary to select either very short works or

excerpts of works that appear to be self-consistent. The extension of each

piece varies with their nature but a sensible option could be typically excerpts

of around one to three minutes, or roughly between 15 to 120 measures,

depending on the tempo.

The aspiration was that the pieces were as representative of the style as

possible. Since this is a matter of consensus, well-known works were preferred

in general, under the assumption that vox populi provides a good filter. The

pieces were chosen following as much as possible the mentioned guidelines:

short pieces of one to six pages were preferred; otherwise, excerpts that

constitute complete sections, such as the exposition in a Sonata movement.

Whenever possible, similar works were included for composers of the same

epoch – dances from suites of Handel and J.S. Bach; Sonatas for C.P.E. Bach,

Haydn, Mozart, Beethoven and Weber; Preludes and Études for Chopin,

Scriabin and Rachmaninov; Sonatinas for Ravel, Khachaturian and Bartók;
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pieces from the Album for the Young for Schumann and Tchaikovsky. If

the style of a composer changed radically during his life, the works were

selected from only one stylistic period (e.g. middle Beethoven, late Liszt,

early Scriabin).

The database comprises an average of about 34 pages (or between 20

and 30 minutes) of music by each composer. This is not a random sample,

and the concern is that my choices could have been biased, particularly in

relation to those composers I am most fond of, because I tended to select

favorite works. The example of Lomax suggests that this might not be a

serious concern, but it would have been preferable not to take anything for

granted.

Figure 3.2: Chronological distribution of the database

With hindsight, one consideration that could have been made for the se-

lection of pieces, apart from those mentioned, was the date of composition,

which could have made for a more balanced chronological distribution. This

information was considered only in those cases in which just one period in

the composer’s output was sampled. As a result, there are some time gaps

in the database, the largest being 1757 - 1775, 1848 - 1865 and 1918 - 1932.
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The complete list of the database appears in the Appendix. The chrono-

logical distribution of the pieces has been represented in Fig.3.2 superimposed

over the life span of the respective composers.

3.5 Pros and cons of musical scores

Even if musical scores are the best source available for a study like this,

they are not ideal. For one who imagines that scores are snapshots of the

composer’s thought it is difficult to accept that they fall short of that no-

tion. Cook says scores are not texts but “merely a convenient though rather

inaccurate way of representing musical sounds for the purposes of perfor-

mance” [12:123]. Scores are inaccurate for several reasons. In the first place,

a variable amount of information is missing because it was omitted by the

composer. Throughout history, composers have relied on contemporary play-

ers’ awareness of the conventions in use and have considered it unnecessary to

write down certain details. The level of this reliance has varied historically.

This is a sample list, starting from the most recent examples:

• In the 19th century, piano pedaling was considered part of the per-

former’s art and rarely written down by the composer.

• Before the invention of the metronome in 1812, tempo was only coarsely

indicated. Some composers, e.g. Mendelssohn, according to Berlioz’s

Memories, even argued that tempo markings were unnecessary as a

true musician’s intuition realizes what the tempo should be.

• Dynamic changes are considered an innovation from mid-18th century,

and no prior such markings exist.

• In the Baroque period, usually the harmony was merely ciphered or

left for the copyists to fill in.

Performing standards also change with time, and the more remote the epoch

the less confident we can be about how the score should translate into sound.

In the second place, an unknown amount of noise has been introduced

by copyists, editors and reviewers in the form of fill-ins, changes for easy

reading, mistakes and alterations. It is often shocking to compare different
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editions of the same work. For example, a particular song may feature several

tone signature changes or none at all, depending on the preference of the

reviewer/editor.

In the third place, there are even mistakes introduced by the composers

themselves, sometimes uncovered by musicologists. Examples are plentiful in

critical editions. Particularly illuminating are the meticulous Notes in Deryk

Cooke’s Performing edition of Mahler’s Tenth Symphony [62] which uncovers

dozens of errors, including passages copied to the wrong place, incorrect

alterations, and notes out of the instrument range. For example, in bar 99 of

the first movement, there is a bassoon part marked ‘a 3’ with two separate

parts on lower stave. Cooke notes:

What Mahler meant is unclear, but there can be no possibility

that he was envisaging the use of 5 bassoons. Possibly he wrote

the 3 parts first for single instruments, then thought that the

upper part needed strengthening and marked it ‘a 3’ without

considering the lower parts.

As another example, in building the database for this project I discovered

multiple examples of ‘impossible notation’, the musical equivalent to the

drawing of impossible objects – i.e., passages that cannot possibly be per-

formed as written – by almost every composer in the list. Fig.3.3 shows a

simple example from Mendelssohn Op.38 No.6:

Figure 3.3: An example of impossible notation

Notice that the top voice is supposed to play two 16ths – G5 and A5 – in

the third beat whilst the middle voice plays a triplet of 16ths – G5, B4 and
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A5. If the two G5s coincide in time, then the two A5s cannot. In cases like

these, the solutions adopted were conjectural.

Lastly, the information itself is imprecise by its own nature. It is reason-

able to assume that composers have a very clear idea of the music they are

writing, but it is also necessary to realize that the notation system captures

the composer’s thought through a low-resolution grid. In effect, the available

dynamic range is divided into at most 10 levels, from pppp to ffff. Likewise,

the tempo is specified in eight categorical steps, according to the standard

metronome markings, from Largo to Prestissimo (plus some additions, i.e.,

Adagietto, Andantino). The Cantometrics project considers only six tempo

categories from very slow to very fast, and five volume categories from pp to

ff. In a comparison with another creative art, it is unlikely that a graphic

artist would accept being constrained to work with only eight non-mixable

hues and ten discrete levels of saturation.

In order to translate scores into sound, specialized knowledge is required

to assign appropriate values to parameters that have not been made explicit,

much as an expert draftsman joined with a smooth curve the dots represent-

ing the measurements in a scientific experiment.

3.6 Format of the input files for the project

Scores are graphics, and do not become part of the database until they have

been converted to some computer-readable format. But there is no standard

coding for digital musical notation. Each computer program – and there

are many, ranging from freeware to the very expensive – that, as well as

sequencing, typesetting or playing music, also does notation, creates its own

format and it is generally impossible to convert from one to another. This

situation, which has lasted decades, has prevented the emergence of proper

collections of digital music. Even successful programs that could be consid-

ered as de facto standards such as Finale use a format that its creators have

for years refused to make public. L. Peter Deutsch [20] recently summarized

graphically the current state of affairs in notation formats:

Imagine a world in which countries were so jealous of their na-

tional languages that they refused to publish dictionaries, gram-

mars, or lexicons, or allow anyone to emigrate: the only way to
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communicate with their residents would be to travel to the coun-

try and pay an interpreter. That is the state of music notation file

formats today: not only do the makers of the two dominant com-

mercial score editing applications decline to publish any informa-

tion about their native file formats (even though they obviously

maintain complete documentation for internal use), one of them

stringently forbids its customers to even attempt to decipher it.

However, since 2001, a format intended for exchange of information and

analysis, musicXML (http://www.recordare.com), has been available on a

royalty-free basis and has been adopted by a large number of applications,

making it the inevitable choice for this research. The characteristics and

limitations of the format, however, deserve a brief mention because they had

an impact on the methods used in this study.

3.7 The MusicXML format

MusicXML is a subset of XML. MusicXML files are text documents speci-

fying all the elements present in the score – clefs, time and tone signatures,

notes, rests, slurs, ornaments – giving their musical characteristics – such as

pitch, duration – as well as details about their graphic appearance in the

score – such as location and size. It is a necessarily verbose coding made up

of a header followed by the successive description of all the musical elements.

Figure 3.4: Theme from the Adagio of Rachmaninov’s Second Symphony

Let us consider a simple example, the code for the solo clarinet theme

that opens the Adagio from Rachmaninov’s Second Symphony (Fig.3.4). The

corresponding musicXML file depicts all the musical elements, measure by

measure. Small as this example is, it generates 550 lines of XML code. The
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header, which comprises the first 68 lines, is followed by the information

contained in the first measure such as clef, key signature and time signature,

which takes another 27 lines. The information about notes and rests follows,

in consecutive order. This is the code for the first measure:

<note default-x="84">

<rest/>

<duration>12</duration>

<voice>1</voice>

<type>quarter</type>

</note>

<note default-x="126">

<pitch>

<step>G</step>

<octave>5</octave>

</pitch>

<duration>24</duration>

<voice>1</voice>

<type>half</type>

<stem default-y="-30.5">down</stem>

</note>

<note default-x="194">

<pitch>

<step>E</step>

<octave>5</octave>

</pitch>

<duration>8</duration>

<voice>1</voice>

<type>quarter</type>

<time-modification>

<actual-notes>3</actual-notes>

<normal-notes>2</normal-notes>

</time-modification>

<stem default-y="-40">down</stem>

<notations>

<tuplet number="1" placement="above" type="start"/>

</notations>
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</note>

<note default-x="225">

<pitch>

<step>F</step>

<octave>5</octave>

</pitch>

<duration>4</duration>

<voice>1</voice>

<type>eighth</type>

<time-modification>

<actual-notes>3</actual-notes>

<normal-notes>2</normal-notes>

</time-modification>

<stem default-y="-35">down</stem>

<notations>

<tuplet number="1" type="stop"/>

</notations>

</note>

</measure>

Consider now a string quartet, shown in Fig.3.5.

Figure 3.5: Opening of Mozart’s Dissonance quartet

The corresponding musicXML file has to combine the parts for each in-

strument. As this can be done in two different ways, there are two options,

part-wise and time-wise. Part-wise is the default.
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Figure 3.6: Structure of the musicXML formats

In order to explain their differences, Fig.3.6 graphically illustrates a hy-

pothetical five-bar, four-part score (where rectangles represent the measures

for each part) and the lay-out of the structure of the two musicXML options.

After the header, the file for the part-wise format comprises as many

sections as instruments; each section is just like the single part in the previous

solo clarinet example, i.e., it describes all the successive measures in the first

part from the beginning to the end of the piece; this is followed by those

corresponding to the second part and so on.

In the time-wise format, instead, the document comprises as many sec-

tions as measures; the first section shows successively the first measures corre-

sponding to each part from top to bottom; the second section, the succession

of the second measures for every part, and so on. Notice that in a score with

only one part, like the solo clarinet example, the question of what is the op-

tion becomes meaningless. The same would be the case for an instrumental

group score written without bar lines, because the whole score would look

like a single measure.

The important observation here is that a musicXML file could be seen

as an arrangement of blocks – one block being one measure of any one part.

What changes from one option to the other is the way the blocks are arranged.

The part-wise format places the blocks in rows which are then piled up one

upon another; the part-wise format arranges them in columns that are then

lined up to form a row. But nothing has been said about the internal struc-

ture of one individual block, which is always the same. Examination of the
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internal structure of the block reveals that it follows the part-wise concept.

Within each measure, the musical elements are described in chronological

order whenever possible.

The reason for the final qualification is that the code treats chords differ-

ently to separate parts. The solo clarinet part illustrated in Fig.3.4 consisted

of single notes in succession, and so its musicXML code was a straightforward

chronological list. But some instruments such as violins can play double–

stops. Since this technique is seldom used for very long passages, the score

generally remains written on a single staff. However, it would be possible

to write a whole piece for solo violin as if there were two independent parts.

The way musicXML would portray this depends on the score appearance.

Consider two possible notations for a measure from J.S. Bach’s Ciaccona for

solo violin (Fig.3.7).

Figure 3.7: Two alternative notations of the same bar

If the two lines were written as two independent voices, as in the left,

musicXML would first describe the succession of notes with stems up, then

back up to the beginning of the measure and continue with the notes with

stems down. But if the two lines were written with stems in the same direc-

tion, as in the right, then musicXML would take the form of a succession of

“chord” elements. In such cases, the code first describes the bottom note as

a regular note, and then proceeds to the one above, for which it would be

stipulated that it is a ‘chord’ element and its duration would be omitted.

Another exception occurs with instruments such as keyboards and harps,

whose parts are normally written in the grand-staff. In the code, these two

staves are habitually linked into a single part. In these cases, musicXML

proceeds in the first described manner, beginning with the top staff, then

backing up to the beginning of the measure and dealing with the bottom

staff. That is, the two staves of the grand-staff are treated in time-wise
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fashion.

As a consequence, particularly when one has to work with piano scores,

musicXML turns out to be particularly unsuited to dealing with harmony.

Consider a very normal example (Fig.3.8):

Figure 3.8: Measure 58 of Franck’s Prelude, Chorale et Fugue

Of the initial chord, the top note appears with its stem in the opposite

direction to indicate it is part of the melody. In the musicXML file, the

notes of this chord will be spread over several pages of code, beginning with

the top note as part of a separate voice, then, after reaching the end of the

measure, backing up to the beginning of the measure to the first chord in the

right hand, which will be described as ‘chord’; then, moving right again until

reaching the end of the measure, and then backing up to tackle the bottom

staff until reaching the rightmost chord of the left hand side. Because of this,

any attempt to process harmonic information would need to proceed measure

by measure, since the information corresponding to a vertical combination

cannot be assembled until the whole of the measure has been acquired.

It is not uncommon for multiple voices to exist in an instrumental piece. It

would be reasonable if musicXML included an internal requirement that each

voice covered the whole of each measure, padding each with rests whenever

necessary, which would simplify the parsing. However, no such provision has

been made, the probable reason being that in instrumental music, ‘voices’

tend to appear and disappear whimsically. Thus, if one or two extra voices

appear in the middle of a measure, musicXML will generally show a series

of ‘back-up’ and ‘forward’ motions going to and fro along the multiple-voice

elements as if they were a single part.

The best option would be for musicXML to include a third format that
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was truly time-wise, that is, time-wise within the block, a format whose

elements presented the notes contained in vertical ‘time slices’ of the score,

with each slice made up of all the different notes present at a certain instant

and ending at the next note change. For example, in a score comprising a

succession of block chords, each slice would list all the notes in a chord, from

bottom to top. I verified that an example like this, in part-wise format, could

be turned into an equivalent musicXML slice-wise (if such a format existed)

simply by cutting and pasting. However, when different voices contained

notes of different durations, any ‘slice’ would be as short in duration as the

shortest note present at each particular point in time. Consequently, those

notes that continued to sound beyond the slice would have to be replaced by

notes as short as the one defining the slice duration and tied to same-pitched

notes in successive slices (See Fig.3.10). I proposed this third format to the

creator of MusicXML, Michael Good, but he replied:

A timeslice oriented format like you suggest is definitely nice for

analysis, but would cause problems in interchange with other ap-

plications. So we left it out to keep MusicXML from getting even

more complex than it already is. [personal communication]

Consequently, I decided to devise my own slice-wise format and convert the

database files into it.

3.8 This project’s slice-wise format

There was no need for this project to devise a musicXML-compatible for-

mat with all its verbosity and complicated parsing. On the contrary, it was

convenient to make the code as compact and easy to process as possible. In

order to do this, all elements, if possible, should be replaced by numbers; the

first step was to adopt a convention to manage note names in a way that

allowed them to be sorted by pitch.

The problem consisted of dealing with the complexity of note names.

In musicXML, the ‘pitch’ element specifies the note by means of the ‘step’

element giving the English note names and the ‘octave’ element giving the

octave number – plus the ‘alter’ element, if needed, to indicate accidentals.

Every pitch class can be referred to by three names – e.g. B],C\,D[[ –

except for G],A[, which has only two. Sorting these 35 names by pitch using
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a table would be silly. I came to the conclusion that I had better adopt a

numerical codification that complied with three conditions:

• the conversion from names to numbers should be as straightforward as

possible;

• the pitches should be correctly sorted by sorting their number codes;

and

• the number codes should be convertible back to pitches, if the need

arose.

MIDI codes do not comply with these conditions because enharmonic notes

receive the same code, making it impossible to go back to the original names.

The problem was easily solved with four procedural steps:

First, assign:

C → 0;D → 6;E → 12;F → 16;G→ 22;A→ 28;B → 34

Second, add to these numbers the octave number times 37, thus making

the note numbers in successive octaves the same modulo 37 - which would

simplify collapsing all the octaves into pitch classes if desired.

Third, take into account alterations by adding to the previous values:

[[→ −5; [→ −3; \→ 0; ]→ 2; → 5

The result is a set of mostly different numbers for each note name.

Fourth, to make them all different, six out of 35 have to be adjusted

individually by adding or subtracting 1 in each case. For:

C] add 1;

D[ add 1;

F[[ subtract 1;

F\ subtract 1;

G[[ subtract 1; and

C[ add 1;

According to this convention, C\4 (middle C) for example, becomes 148.

In this way, the numerical sorting agrees with the pitch order for the note

names irrespective of the enharmonic possibilities. Only two numbers (20

and 26) from 0 through 36 do not receive an associated note name. Fig.3.9

shows the numerical code names for octave 0.

With this information, a new file is generated from the XML file, which

will subsequently be referred to as ‘slice-wise’. A header with the name of
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the composer and title of the work is added for convenience. A typical line

in the file representing a C major triad slice, is of the form:

0× 12× 22× ∼ 8

where the numbers represent the notes according to the convention above,

the × character (ALT-158) is a separator (better than a space) and the ∼
precedes the duration, which is, in this case, 8. All the lines with added text

information begin with the non-printable character ALT-255 in order to be

skipped in processing.

Figure 3.9: Numerical codes for note names

As shall be discussed in Chapter 4, a crucial piece of information needed

to process harmonies is the key at the point where the slice occurs. Hence,

a numerical codification for keys was also necessary. The codes used for the

24 keys were obtained from the simple algorithm expressed by the formula
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below.

The information in the musicXML header includes the misleadingly named

key element which codifies the key signature and mode of the music. It com-

prises two numerical elements: signature, expressed as a positive integer for

the number of sharps or a negative integer for the number of flats in the key

signature, and mode, expressed as 0 for major and 1 for minor.

Code Key
0 C major (0)
1 B / C[ major (5]/7[)
2 B[ major (2[)
3 A major (3])
4 A[ major (4[)
5 G major (1])
6 F]/G[ major (6]/6[)
7 F major (1[)
8 E major (4])
9 E[ major (3[)

10 D major (2])
11 C]/D[ major (5[/7])
12 C minor (3[)
13 B minor (2])
14 A]/B[ minor (5[/7])
15 A minor (0)
16 G]/A[ minor (5]/7[)
17 G minor (2[)
18 F] minor (3])
19 F minor (4[)
20 E minor (1])
21 D]/E[ minor (6[/6])
22 D minor (1[)
23 C] minor (4])

Table 3.1: Numerical codes for keys

Using these numbers, the keynumber code is calculated by the equation:

keynumber = (5 ∗ signature+ 3 ∗mode) (mod 12) + 12 ∗mode
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For example, for B[ minor (5 flats), signature = −5 and mode = 1, and

(5 ∗ (−5) + 3 ∗ 1) (mod 12) + 12 ∗ 1 = −22 (mod 12) + 12 = 2 + 12 = 14

Table 3.1 shows the resulting key numbers.

Therefore, once the key as a point function was found, the file took its

definitive form as exemplified by the beginning of Handel’s Sarabande from

Suite 16. Fig.3.10 shows the first four measures of the score with the slices

marked in red. The longer notes have been rewritten in equivalent notation

as tied notes in order to show the separation in slices.

Figure 3.10: Slices at the beginning of Handel’s Sarabande 16

The corresponding slice-wise file is shown below:

Sarabande (from Suite No.16)

0|1|17|3x6x22x31x~8|

1|1|17|3x6x22x31x~8|

2|1|17|3x0x18x28x~6|

3|1|17|4x0x18x22x28x~2|

4|2|17|3x6x22x31x~16|

5|2|17|3x6x22x31x~8|

6|3|17|3x0x9x22x~8|

7|3|17|4x0x9x15x28x~8|

8|3|2|3x6x15x31x~6|

9|3|2|3x9x15x31x~2|

10|4|2|3x0x15x28x~8|

11|4|2|3x0x15x28x~8|

12|4|2|3x0x15x28x~8|
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Each line following the title shows successively:

1. four items separated by vertical bars. The first three are slice number,

measure number, and key code, in that order;

2. the fourth item, comprised of a variable number of elements, each fol-

lowed by a separator ×; the first is the number of notes in the slice; it

is followed by a list of as many note number codes; and

3. preceded by ∼, the slice duration (expressed in ‘divisions’, a topic dis-

cussed in the next section).

3.9 Durations issues in musicXML

Practically all the measurements carried out in this project are related to

durations. This brings about a difficulty that needs mentioning. In the

implementation of MusicXML, the choice was made to code durations as

integers. The simplest way to accomplish this was to take as unity the

shortest note used in the piece. Dividing the duration of a quarter note

by the duration of the shortest note, the resulting ratio is called ‘divisions’,

which is used for all the reported durations in the piece. Thus, for example,

if the shortest note is the 32th, then dur(32th) = 1 and

divisions =
1
4
1
32

= 8

that is, the unit duration equals the quarter note split in eight divisions.

This would have been straightforward enough were it not for the existence of

irregular values. In order to accommodate them, the corresponding solution

could have been making ‘divisions’ equal to the ratio between the duration

of the quarter and a duration value equal to the least common multiple

(LCM) of the denominations of the notes used in the piece. For example,

if the shortest note in the piece was the 16th with no irregular values, then

dur(16th) = 1 and divisions = 4; but if the piece also included triplets of

eights, whose denomination is 3
2
· 8 = 12, the LCM of 16 and 12 is 48, then

divisions =
1
4
1
48

= 12; dur(16th) =
1
16
1
48

= 3; dur(triplet eighth) =
1
12
1
48

= 4
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These are, usually, the values calculated for Finale but this was not the only

consideration for setting the value of ‘divisions’; some graphic elements in

musicXML have an impact on its value, and as a result it can never be

assured that the value of ‘divisions’ reflects the LCM of the duration values.

Often, durations is larger by a factor 2, 3 or 4. This has to be taken into

account in case of any attempt to relate the complexity of rhythm to the size

of ‘divisions’ as this value cannot be trusted to reflect the value of the notes’

duration.

Moreover, depending on the complexity of the piece’s notation, the value

of the LCM could grow more than is practical. The program that converted

musicXML for Finale limited the maximum value to 1024 to stop runaway

division values. Therefore, if the exact value had to be larger than 1024, the

durations of the shortest notes would not be integers and would have to be

approximated by Finale. A typical example occurs in the Grave, first page

of Beethoven’s Sonata Op.13. It is written in 4
4 and the shortest note is the

128th, so that were there no irregular values in it, divisions = 1
4
/ 1

128
= 32.

However, measure 4 includes a ninthtuplet of 128ths (9
8
· 128 = 144), and

measure 10, two sextuplets of 64ths (6
4
· 64 = 96) and a septuplet of 64ths

(7
4
· 64 = 112). Consequently, LCM(144; 96; 112; 128) = 27 · 32 · 7 = 8064

and divisions = 1
4
/ 1

8064
= 2016. With this value, the duration of the 128th

should be

dur(128th) =
1

128
/

1

2016
= 63 dur(ninth−tuplet128th) =

1

1152
/

1

2016
= 56

The musicXML coding of the piece, however, shows divisions = 1024 which

would make the value for the duration of the ninth-tuplet 128th a fractionary

number, 28.4; thus, in the coding, the duration values for successive notes

in the ninth-tuplet of 128ths vary. Five of them are 28 and the other four

29 in order to round up the correct total for the ninth-tuplet. This compro-

mise would wreak havoc on any attempt to take the value of ‘divisions’ as a

reference unit duration for assessing rhythmic complexity.

More important still is the influence the value of ‘divisions’ has on the

files. Since its value is affected by the notational complexity of the piece,

works of comparable size and duration may have widely differing values for

‘divisions’. Thus, ‘divisions’ acts as an unpredictable durational scale factor

that needs to be removed before any comparison between different pieces can
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take place. Therefore, part of the process of measurement implies normaliz-

ing, i.e., dividing the reported durations by the value of ‘divisions’.

3.10 Issues about SharpEye2 and Finale

Once the list of the database was completed, the following step was converting

the scores into digital form. The chosen tool was the SharpEye2 program,

a Music Optical Character Recognition (OCR) program that can output

MusicXML. The process is the same as in text OCR. The score is scanned to

obtain a .tiff image. SharpEye2 acquires the image and produces a musicXML

output. In order to be successful, the score image has to be clear and as free

of noise as possible, and preferably done at 300 DPI. The program tries to

reconcile the durations with the time signature and marks all the trouble

spots. Depending on the edition and the age of the print, cleaning a score

of noise can vary from straightforward to more laborious than entering the

score note by note. In the best, infrequent cases, a score can come out free

of errors. It should be noted, however, that there are important musical

elements that SharpEye2, at least at that time, did not recognize:

• arpeggios

• tremolos

• simultaneous grace notes

• cross-staff beams

• cross-bar beams

• repeat bars within measures

Such elements are ubiquitous in piano music; scanning a score containing

them to SharpEye2 would produce a musicXML version with many missing

elements and severe errors. The actual process, then, needed a complication:

• importing the obtained MusicXML file to Finale;

• using Finale to do the necessary additions and corrections until the

visual and auditory results coincided with the original score; and

• exporting it back to MusicXML.
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This process entails a minor further problem. The header of musicXML files

specifies the mode of the piece, but since no provision for reporting it has

been implemented, by default the mode is reported as major. Thus, for every

piece which begins in a minor key, the file had to be corrected by hand, with

the correction repeated each time the later detection of an error required

reprocessing of the musicXML file.

3.11 Ornaments in notation

As scores are standardized, it is possible to obtain editions of works pre-

dating 1700 that seem perfectly comprehensible today. However, there are

some equivocal elements in scores whose correct interpretation often requires

specialized historical knowledge. These elements are ornaments, indicated

in scores by special symbols that always imply unwritten embellishing notes

of indeterminate durations. They are often problematic because in order to

be played, they require extra information, i.e., what these implied notes are,

what their durations are, are they accented or not, and which among the

adjacent notes should yield part of their duration to them. To make matters

worse, Kreitner notes that “composers, performers, music copyists and edi-

tors, and scholars have by no means always shown consistency or agreement

in the use of specific symbols . . . ” [53]. It is necessary to briefly discuss

ornaments because their presence in scores requires a consistent approach.

The problem is twofold:

3.11.1 In older times, ornaments were played but not

notated

Human nature dictates that performers enjoy showing off what they can do

with their throats or instruments. Performing is a wholly individual endeav-

our and P.F. Tosi (1723) explained that to a singer, ornaments

will become so familiar to him by continual Practice, that by the

Time he is come out of his first Lessons, he will laugh at those

Composers that mark them, with a Design either to be thought

Modern, or to shew that they understand the Art of singing better

than the Singers. (Quoted in Walls [99])
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Tosi even dismisses as ‘foreign infantile practice’ the composer’s tendency to

indicate ornamentation in scores. “Performers of the Renaissance, instru-

mentalists and singers alike, saw improvised ornamentation as part of their

fundamental training and their daily musical duty” [99]. As a result, the

scores often appear “deceptively bare”. It was understood that the perform-

ers knew what to add to them. J.J. Quantz noted in 1752 that “in the Italian

style in former times no embellishments at all were set down, and everything

was left to the caprice of the performer.” (Quoted in Kreitner [53]).

3.11.2 The meaning of ornaments when notated is un-

certain

“The earliest known use of stylized ornamental signs is seen in keyboard

sources of the 14th and 15th centuries. . . In all these cases it is clear that some

sort of ornament is being indicated, but its exact nature (or even whether

the same figure was meant every time) remains obscure” [53]. The extent of

this uncertainty is clarified by Walls:

Until the early 19th century small notes extra to the value of the

bar indicated several quite different things. The meaning of such

notation is (and was) often difficult to determine. . . . These might

indicate any of three things: notes taking a substantial portion

of the one they precede (hereafter referred to as appoggiaturas);

notes tied to the one they precede and executed very quickly on

or just before the beat (the term grace note is used here with no

necessary suggestion of pre-beat performance); or notes tied to

and taking time from the one they follow (anticipatory notes),

which were common in the late 18th century and throughout the

19th century in the context of trill endings and certain types of

portamento. [99]

The concern for the precise notation and performance of ornaments increased

from about 1700. According to Brown,

Between the middle of the 18th century and the beginning of the

20th attitudes towards the role, function and usage of ornaments

underwent a radical transformation. An aesthetic in which almost

all music involved an element of free ornamentation gradually
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gave way to one in which, for the most part, composers expected

ornaments to be introduced only where specifically marked. At

the same time, the number of ornament signs in common use

declined. Furthermore, 19th-century composers were not content,

as many of their 18th-century predecessors were, to leave the

realization to the performer. [8]

Thus, more recent scores represent the image of the music more closely than

before. But this also highlights the fact that the meaning of the symbols

used to represent ornaments has varied along the period. There are three

major German treatises after 1750 – by Quantz, C.P.E. Bach and L. Mozart

– that clarify the performance of ornaments in instrumental music. But, as

Schulenberg notes,

the immediate orientation of these writers is mid-century secular

music in the galant style, and thus their advice cannot be applied

automatically to earlier repertories. Moreover, it is misleading

to apply their terminology in older music. For example, 17th-

century sources had no single expression for what came to be

called the trill, and the latter word had several distinct meanings.

[88]

Briefly, the meaning of ornaments is impossible to ascertain, varying accord-

ing to the epoch and place. More importantly, they do not have an associated

duration nor there are rules as to which actual notes provides the duration

for the adjacent ornament.

3.12 Ornaments in musicXML

The preceding discussion of ornaments in scores posed the problem of how to

deal with them. A criterion cannot be devised without considering the way

ornaments appear in musicXML. It turns out that ornament symbols of the

squiggle/letter sort are treated merely as visual elements. On the other hand,

grace notes – whether alone or combined in arpeggios or cadenza passages

– are legitimate notes in that they have a pitch, but they lack a duration

parameter. In this study everything is measured according to its duration.

Therefore, grace notes are naturally disregarded. The only way not to do so

would be to resort to extra steps:
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• Importing the musicXML file into Finale,

• deleting the grace notes and replacing them by actual notes,

• adjusting down the durations of the adjacent notes to fit the time sig-

nature, and finally

• exporting the corrected file into musicXML.

Though work-intensive, this method is possible, provided that the ‘transla-

tion’ of the grace notes to actual notes can be done in a consistent manner.

Unfortunately this is not the case. Determining the meaning of grace notes

in scores from the 18th century is a problem of analysis, which is excluded

from this study. By default, Finale gives grace notes the duration of one

128th, subtracting it from the preceding note, a solution that does not suit

the music of the 18th century. This can be changed but, one way or the

other, such ‘translation’ does not apply to generating musicXML files but

only affects Finale’s ‘Play’ function. The conversion would have to be done

by hand, previous decision about the involved durations. This would also

entail deciding which note is to have its duration reduced to make room for

the converted grace note, which amounts to deciding whether the grace note

is to sound before or after the beat – another analytical problem. In any case,

as this task cannot be done in an automatic way, the problem has no solu-

tion. Accordingly, grace notes have been ignored, with three exceptions in

the database that had to be handled manually. One of them is Mendelssohn’s

Op.62 No.6, because in this particular piece there are multiple grace notes

in every measure, inevitably forming part of the structure, which would be

distorted beyond recognition without it. The other two are Chopin’s Prelude

Op.28 No.24 and Rachmaninov’s Prelude Op.32 No.10, both of which include

extended passages written as cadenzas with small noteheads. In both cases,

in the affected passages the grace notes were converted to regular notes in a

way that agrees with the performing tradition for the piece. The converted

passages are suitable for pitch analyses but had to be disregarded in relation

to rhythm.

This chapter has discussed the corpus needed for the project, considering

the use of sound vs symbolic data, and MIDI vs scores, giving reasons for the

choices made. The conveniences and limitations of the scores were outlined,
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with some emphasis on the topic of ornaments. The conversion from scores

to a digital format led to a discussion of the musicXML format and associated

problems. The following chapter details the methods used to measure features

from digital files.
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Chapter 4

Feature measuring methods

This chapter discusses the methods of feature measurements used in this

project. The first section (4.1) discusses the process of measurement of mu-

sic features, with special attention to pitch issues and the problem of key

determination, concluding with the consideration of three indexes that seem

to measure tonality. The following sections deal with the measurements of

harmony (4.2), rhythm (4.3), and melody (4.4).

4.1 General issues

Tonal music style is a complex phenomenon. The style of a piece of music can

be readily categorized on a perceptual basis. The fundamental assumption

in this research was that this categorization occurs on the basis of some com-

bination of observable features that the mind extracts intuitively. Although

no previous studies had identified those basic elements, the expectation was

that by measuring multiple features on a large enough sample of music, and

applying statistical and/or data mining techniques to those measurements,

the main conceptual dimensions of style would be unveiled.

The previous chapter discussed the corpus that constituted the sample,

standing in for the whole repertoire of the period of common practice, on

which the research was carried out. This chapter deals with the process of

feature measurement, starting from the selection and operationalization of

features to the obtention of numerical results from the database.

The measurement process begins by selecting a feature from the areas of

tonality, harmony, rhythm and melody. (Texture and timbre are obviously
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important perceptual dimensions in orchestral music. However, under the

assumption that their significance is greatly diminished in keyboard music, I

did not consider them for this research). In principle, any observable, mea-

surable element of music is a potentially important feature, and it is not

advisable to leave out any on the grounds that intuitively it may seem not to

be valuable for style characterization, because later, the statistical process-

ing of the data can take care of irrelevant variables much more effectively.

However, a project like this is allocated a limited time, which means that in

practice only a reduced number of features can be measured.

The measurement process occurs repeatedly for each of the selected fea-

tures. It comprises:

• selecting a feature of interest – for example the frequency of use of scale

degrees

• operationalizing the feature – for example defining ‘frequencies of use

of scale degrees’ as accumulated durations for each scale degree relative

to the total duration of the piece

• designing the measuring algorithm – to continue with the same exam-

ple,

– assigning each pitch the corresponding scale degree according to

local key and mode

– adding the duration of each note in the piece to the corresponding

accumulator

– obtaining the ratios of the individual duration accumulators to

the total duration

– outputting the resulting percentages

• implementing the algorithm as a program

• running the program on the database

• outputting the obtained figures as text files

• importing text files into spreadsheets
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The implemented programs were run on musicXML or slice-wise versions of

the scores, measuring accumulated durations or, on occasion, counting occur-

rences of elements or events, thus giving rise to continuous variables. In this

way, in principle, the hyperspace of the measured variables becomes amenable

to dimensionality reduction and identification of its principal dimensions.

Since musicXML and slice-wise files are text files, all the algorithms were

implemented in Oberon BlackBox (http://www.oberon.ch/blackbox.html), a

32-bit Pascal free programming environment in which text input-output is

straightforward. Output text files are readily imported into spreadsheets. In

this way, the process of feature measurement leads from the corpus files to

spreadsheets of numerical measurements.

4.1.1 Pitch issues

Apart from rhythm, most significant features of music are pitch-related, thus

their measurement has to be linked to the scale degrees they belong to. Un-

fortunately, musical notation emphasizes notes rather than scale degrees, and

in doing so it becomes misleading. Consideration of a graphic representation

of major vs minor modes as in Fig.4.1 reveals what the equally spaced lines

of the staff conceal.

Figure 4.1: Structure of major and minor modes

The picture shows that these structures are staircases with inhomoge-

neous steps. Notice that if the tonics of both modes were made to coincide,

the mediant, submediant and subtonic would not. Their position changes

with the mode, which is the reason they are called ‘modal degrees’. For
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example, in major mode, the mediant and the subdominant are consecu-

tive semitones but in minor mode there exists a chromatic scale degree in

between. Considering that all the measurement process was carried out by

accumulating values on counters corresponding to individual notes, it would

be meaningless to group results for both modes, since for example for any

tonic, the ‘mediant’ for the major and minor modes fall on two different coun-

ters. Thus, the need to work on the basis of scale degrees makes it inevitable

to separate the measurements by mode.

A small observation about terminology: note that on both scales I have

identified the scale degree just below the tonic as ‘subtonic’. In music theory,

this is the name it receives in the natural minor scale. In major and harmonic

minor scales it is given the confusing name of ‘leading tone, which does not

identify its position in the scale but rather its supposed role in harmonic

and melodic moves – something one realizes when the point is made that the

natural minor scale ‘lacks a leading tone’. If we agreed that the nomenclature

should help avoid confusion, as the minor scale does have a 7th degree, I

surmise that it would be preferable to always call it subtonic and, whenever

necessary, add that the subtonic in major has the quality of ‘leading tone’.

The minor scale is as legitimate a mode as the major, and unless otherwise

stated, here ‘minor’ will mean ‘natural minor’.

It is also necessary to make reference to a related historical detail. The

replacement of the modal system with the tonal system based exclusively

on the major and minor modes brought about a relative impoverishing of

the resources, which was probably compensated for by the widespread use of

modulation. At the risk of oversimplifying history, before the 16th century

pieces were written in one of six modes or their plagal variants, not only

for reasons of vocal range but because each mode had its individual feel.

From the 17th century on, pieces were, instead, written in any of 24 keys or

tonalities. However, since these comprise only two modes, the availability of

12 keys for each means little in terms of variety. Transposing from one key to

another only provides a practical way of dealing with range issues. Whether

because of the composers’ yearning for the lost variety of modes or their

delusions about the ‘feelings’ conveyed by different keys, the beginning of

the period saw the appearance of works written in the 24 keys. The practical

result of this profusion is that dealing with the frequencies of use of pitches is

pointless because comparing pitch data from music written in different keys
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would only blur the differences that characterize the different frequencies of

use of the scale degrees.

Consequently, in order to carry out any pitch-related music study there is

little choice but to refer instead to the ‘scale degrees’, that is, the steps of the

scale irrespective of their pitch location. Doing so requires knowing the key of

the music at every point. This is not as straightforward as might be imagined.

In the music score, the key is usually indicated by the key signature, but this

may be absent or not coincide with the actual key of the music. If most music

stayed in its initial key, a possible solution would be transposing everything

to C major or A minor. But since the early 18th century, music has been

likely to modulate within a few measures. A database of non-modulating

pieces is unfeasible. At the beginning of this research this seemed to pose a

serious problem, but it has been solved by means of the key-finding algorithm

described in [3], which made it possible to have information about the current

key at every point of the score. The use of this resource is essential for this

project, so it will be discussed briefly.

4.1.2 Key determination

In my experience, when hearing music that is definitely tonal, even people

with a modest musical training can play or sing back the tonic in a matter of

seconds. This is probably a result of statistical learning. It results from mere

familiarity with tonal music. It strongly suggests that the key is implied by

the context.

James Gabura [30][31], in an early attempt to study musical style by

computer wrote:

For each of the excerpts coded it was possible to determine the key

simply on the basis of the pitch-class distribution of the excerpt.

To do this the excerpt distribution is matched against a set of

key numbers, which define the diatonic pitch classes contained in

each of the possible 24 keys. [30]

Sadly, he failed to explain the nature or provenance of his set of key numbers.

On the basis of statistical information from Budge [9], plus judicious as-

sumptions, I found a set of 24 numbers for my tentative key set. I have

explained this process in a paper I presented in the CMMR 2005 Conference
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[2]. Essentially, Budge’s information was an extensive count of chord fre-

quencies, from which I derived the frequencies of use of scale degrees. The

set of numbers (percentages) is shown in Table 4.1:

Scale degree Major Scale degree minor
Tonic 16.80 Tonic 18.16
Raised Tonic 0.86 Lowered Supertonic 0.69
Supertonic 12.95 Supertonic 12.99
Raised Supertonic 1.41 Mediant 13.34
Mediant 13.49 Lowered Subdominant 1.07
Subdominant 11.93 Subdominant 11.15
Raised Subdominant 1.25 Lowered Dominant 1.38
Dominant 20.28 Dominant 21.07
Raised Dominant 1.80 Submediant 7.49
Submediant 8.04 Lowered Subtonic 1.53
Raised Submediant 0.62 Subtonic 0.92
Subtonic 10.57 Lowered Tonic 10.21

Table 4.1: Key profile frequencies for both modes

This is an empirical result that to some extent depends on the corpus

used by Budge. While the most important degrees are fairly stable, typically,

the frequencies for the submediant, raised submediant, subtonic and lowered

tonic may vary as they depend on the mixture of the various variants of the

minor scale present in Budge’s corpus. Notice that in Table 4.1 the value for

lowered tonic in minor very closely matches the subtonic in major. I have

not tried to ‘improve’ those figures as they gave consistent results for the

whole of the period.

Habitually, classical pieces are said to be in a certain key – which we could

call nominal key – when they begin in that key, even if they soon modulate.

But if one measured the accumulated durations of the notes for the individ-

ual sections of the piece that are in each key, it would be possible to assess in

which key the piece stays the longest, which could be called its “global key”.

Let us consider a brief hypothetical classical composition in G minor; the

piece most likely will modulate to B[ major for an extended central section

before returning to the original tonic. If the central section happened to be

longer or contained more notes than the outer ones combined, the global key

would be B[ major. Composers do not keep a tally of measures that belong
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to the original key. Hence, I did not expect that too many pieces would have

a global key matching the nominal key. My first attempt to test the key

set was to use it to obtain the global key from the first fifty excerpts of the

database – ten each by Handel, J.S.Bach, D. Scarlatti, Haydn and Mozart.

I was agreeably surprised to get the correct nominal key in 49 out 50 pieces.

(But I was not surprised that the Adagio from Mozart’s Phantasie in C mi-

nor K.457 failed, because it not only begins with a five-bar sequence but also

does not sound to me like C minor.)

The key set in Table 4.1 is, actually, two sets of 12 percentages which

could be seen as the respective idealized proportions of use of the scale de-

grees for both modes, major and minor. They could also be considered as

the components of two 12-dimensional vectors which could be called ~A (rep-

resenting the major scale) and ~B (representing the minor scale). Likewise,

a musical excerpt can be represented by the distribution of its pitch-classes,

i.e., a set of 12 numbers equal to the frequencies of C, C], etc., which can

also be taken to be the components of a 12-dimensional vector ~S. The dot

product of two vectors is a scalar whose value reaches its maximum when

they are co-linear, in which case their components are proportional. Thus,

the dot product of two vectors can be taken to express the dimensional simi-

larity of the two vectors. In order to compare the vectors ~S and ~A, they can

be made congruent so that initially the tonic component of ~A coincides with

the C component of ~S, the raised tonic component of ~A coincides with the

C] component of ~S and so on. Once the dot product ~A•~S has been obtained

in this position, ~A can be rotated so that now its tonic component coincides

with the B component of ~S, its raised tonic coincides with the C component

of ~S and so on, and a new dot product obtained. Rotating ~A to occupy all

12 possible positions of congruence gives 12 dot products. The same process

can be done with ~B and ~S, obtaining another set of 12 dot products. Once

the 24 values have been obtained, the maximum of the set indicates which

of the two vectors, ~A or ~B, and in what rotation, bears greater dimensional

resemblance to ~S, meaning that in that rotation, the components of ~S are

the closest to the ideal distribution of scale degrees in one of the modes.

The component of ~S which is pointing in the direction of the tonic of the

predominant mode indicates the global key of the excerpt.
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This method finds the global key of a short excerpt. A modest minimum

number of notes is required – just as it is for the ear in order to identify

the key. It can also be applied to finding the key at each point of a larger

excerpt. While the key remains the same, successive values of the calculation

yield results that vary slightly around a fixed mean value, constituting a

medium that conveys the sense of key with slight fluctuations. If the piece of

music comprises a number of modulations, given that the key remains fixed

during sections, it can be viewed as a piecewise constant function of time

affected by noise. The problem of finding the points of modulation consists

of determining the instant in which this ‘signal’ transitions from one fixed

mean value to another. Finding the constant value for the key before and

after a modulation point and the instant where the change occurred is a

problem that can be solved by the integration of the values over a sliding

window. The way to apply it to an excerpt or piece is:

• consider a window that spans the initial notes,

• obtain the prevailing dot product for the notes spanned by the window,

and then

• slide the window along the excerpt, repeating the calculation as new

notes are being added and the oldest notes dropped.

The sliding window is a device whose measuring point is its center. Since

the measurement results from the sum of the events spanned by the window,

it is an integrating device, or a low-pass filter, whose resolution is inversely

related to the window width; a wide window yields stable results but could

overlook ephemeral changes. A narrow window can find finer detail but is

more affected by fluctuations. The solution is a compromise. For this study,

I initially tried five widths equal to 5, 10, 15, 20 and 25 slices. Comparing the

results I thought the 15-slice was the most balanced, and decided to adjust

it to 16 slices just to make it even. This was the width used in this study.

From the point of view of musical theory, the value might be considered low

in that it results in the algorithm recognizing modulations where I believe

many analysts would at most admit tonicizations. It was chosen after testing

numerous examples, using the criterion that a brief section’s key had been

properly identified by the algorithm if playing it in isolation of the rest, the

ear would accept the identified key as the tonic.
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Notice that this process leaves undetermined the key during the initial

and final eight slices. In practice this poses no difficulty. Apart from the

works whose key is proclaimed by the title, such as “Sonata in B minor”, the

beginning of most tonal music establishes the tonic, and most pieces return

to the same key at the conclusion, so that unless the window were extremely

wide, it would be safe to extend the value first measured to the beginning

and the last value to the end. More elaborate schemes can be used, such

as reducing the width of the window nearing the ends, but I judged the

complication unjustified.

It is possible to consider that the value of each of the dot products is a

function of the note content of the passage, and plot their fluctuations as

a tonal graphic of the piece. Since the key of a passage corresponds to the

largest dot product, it is only necessary to show those keys that at some point

reach predominance. Fig.4.2 shows the graphic for Handel’s Sarabande 16.

Notice the peak near the ending. It corresponds to measure 21 in which the

figuration changes from 8ths to 32nds.

Figure 4.2: Tonal graphic for Handel’s Sarabande 16

As can be observed, the values and the keys they represent fluctuate

slightly as a function of the notes in the passage. Note, however, that the
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runner-up keys belong to a small group, namely those that are adjacent in

the circle of fifths.

4.1.3 Global average dot product as tonalness gauge

As must be appreciated, finding the largest dot product would always produce

a result, even if the music submitted to the study were not tonal. The

search for a criterion to reject a non-tonal music sample instead of finding its

possibly meaningless largest dot product led me, in my previous study [3], to

compare the values of the six top dot products in tonal and serial music. I

found that in the case of tonal music, the values fall rather quickly whereas

in serial music, they decline much less steeply. My tentative conclusion was

that the tonal weakness of the music correlates with the rate of decay of the

dot products, and it would perhaps even be possible to establish a pragmatic

watershed between tonal and non-tonal with the boundary set at about 10%

[3] – that is, if the sixth largest dot product is equal or larger than 90% of

the top one, the material is probably non-tonal.

The variable I have, for simplicity, called global average dot product

emerged from these attempts. For each slice I was routinely calculating the

top six dot-products, their five mutual ‘distances’ expressed in percentage

and the mean of these ‘distances’. At the end of the piece I also calculated

the average of the mean distances, and I got used to referring to this value

as the global average dot product for the piece.

The dot product of two vectors is maximum when they point in the same

direction. When a vector is expressed in terms of multiple dimension compo-

nents, the dot product is maximum when the components are proportional,

that is to say, when the sets of corresponding components have the same

shape. Seen in this light, the Global average dot product is an average

measure of the resemblance between the key profile and the pattern of note

frequencies of the piece. This pattern fluctuates moment to moment, but

the larger the mean shape resemblance of the note pattern to the key profile,

the larger the average value for the whole piece, i.e. the ‘global’ average.

From the musical point of view, this variable is a measure of tonalness be-

cause any procedure that distorts the pattern of note frequencies of a piece –

for example, increased chromaticism – diminishes its resemblance to the key

profile.
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Table 4.2 shows the top six dot products for the first eight measurements

corresponding to Handel’s Sarabande 16, each value followed by the corre-

sponding key. The key of the passage is B[ major.

3828 B[ 3672 F 3578 g 3260 c 3221 C 3210 E[ 11.47
3823 B[ 3685 F 3385 g 3239 c 3176 b[ 3172 C 12.85
3833 B[ 3668 F 3464 c 3408 g 3269 E[ 3255 C 10.95
3801 B[ 3608 F 3444 c 3338 g 3258 E[ 3194 C 11.38
3779 B[ 3632 F 3399 c 3313 b[ 3105 C 3085 f 12.49
3791 B[ 3622 F 3350 b[ 3262 c 3040 f 3029 C 13.98
3575 B[ 3410 F 3109 c 3095 b[ 2911 C 2856 f 13.95
3419 B[ 3340 F 3084 c 2963 b[ 2926 C 2811 g 11.52

Table 4.2: Top dot products and keys for Handel’s Sarabande 16

The last column shows the value of the average percentual differences

between the top value and the five runners-up. If these eight slices were

the whole of the work, the global average for the piece would be 12.32%.

The actual value for the whole composition is 14.68%. It is necessary to

point that the absolute values of the dot product do not have an intrinsic

interest. They are dependent on the parameters chosen for their calculation,

such as the width of the window. For circumstantial reasons I got used to

disregarding the decimal point, thus the value of the Global average dot

product for this piece would be said to be 1468.

Comparing the values of the global average dot product across pieces, it

was noticeable that, beginning with works from the Baroque, the average

values for pieces were reasonably constant, generally fluctuating between

1400 to 1800, later reaching 2000 in a few cases, such as Beethoven and

Mendelssohn. But then there was a steady decline in these average values.

Of all the works in the database written before 1830, the only ones whose

values fall below 1400 were among the works of the Rococo – C.P.E. Bach

and D. Scarlatti. The earlier composer represented by a majority of pieces

with values less than 1400 is (late) Liszt. Of the 80 pieces in the database

composed in the 20th century, only 14 have values above 1400 – six of them

by Rachmaninov. Fauré’s last Prelude reached values down to just over 800,

beyond my proposed boundary of tonality, with the very minimum occurring

for some pieces of Prokofiev and Bartók.
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The historical evolution of this value suggested its possible value in as-

sessing the tonalness of a piece. It also becomes understandable that as the

chromaticism increases or the standard preferences for the diatonic degrees

vary, the value of the global average of the dot product will come down. At

its possible extreme, if we consider a serial piece, the frequency distribution

of the notes should be practically even. In order to assess this notion, a com-

Figure 4.3: Tonalness comparison Handel vs Krenek

parison was made between Handel’s Sarabande 16, as a typical tonal piece,

versus Krenek’s “On the High Mountains”, one of his 12 little pieces in the

serial technique.

The Handel piece shows marked peaks and valleys oscillating between

13.55 and 4.38. For the Krenek piece, instead, the values remain almost con-

stant, fluctuating between 7.91 and 9.01, constituting a good demonstration

of Schoenberg’s ‘democratization’ of the scale degrees. This also suggests the

notion that a 12-tone piece is one that continuously modulates, obliterating

the sense of key. In Fig.4.3 the mean average dot products have been plotted

for the 24 keys in the ‘radar’ fashion where the key codes vary as the angle

and the radius gives the magnitude. The peaks that betray the hierarchical

structure of the key of the tonal piece contrast with the generally circular

shape of the serial piece.

98



4.1. General issues

4.1.4 Tonicization and modulation

Modulation is ‘the contradiction of one key by the establishing of another’

[24]. Modulation may be diatonic, when a major key changes to its relative

minor or vice-versa. In this case, since both keys use the same diatonic notes,

the key change is more easily perceived by ear than looking at the score, as

‘only the harmonic disposition of the music suggests a new key’ [24]. But,

more generally, modulation is chromatic, in the sense that chromatic notes

are introduced to replace some of the notes of the original key, a change that

is readily apparent in the score.

Frequency and type of modulation constitute features of great interest,

because they are very likely a significant part of the style of a composer.

As modulations have an impact on the way keys are perceived, modulation-

related measurement could be considered as tonality indicators. The type or

method of modulation cannot be determined because it belongs to the realm

of structural analysis, but the frequency of key changes can be measured.

Considering that the same measurement criterion are applied to all the pieces

in the database, a comparison across composers may prove illuminating.

The greater the difference in the number of alterations in their key sig-

natures, the more ‘remote’ two keys are said to be. This introduces the idea

of ‘tonal distance’. Two keys may differ in the number of alterations in their

key signatures up to a maximum of six. What this distance between keys

means in practical terms is that their respective scales differ in the greatest

number of notes. Two keys that are called ‘neighbors’ or ‘closely related’

differ in only one alteration, thus sharing six out of the seven diatonic scale

degrees. As a consequence, many of their diatonic chords are common to

both, and inspection of a musical score that excluded the notes they do not

share could not determine which of the two is the actual key. As the distance

between the keys increases, they share less diatonic chords, to the point that

when they come to differ in five alterations they have no diatonic chords left

in common.

To visualize the distance between the keys it is often convenient to refer

to the Circle of Fifths. Usually, this is represented as a circle where neigh-

boring keys occupy adjacent positions (Fig.4.4).

Notice that the circle could represent either the major or the minor keys.
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Figure 4.4: Circle of Fifths

This is a convenient characteristic. If used to depict the tonal distance, it

could be thought of as simultaneously representing both modes. In this way,

as relative keys have the same alterations, a diatonic modulation would cover

a null distance.

It has to be mentioned that some theoreticians do not speak of modulation

when the change occurs between parallel keys because the tonic note does

not change. However the tonic triad does, and three notes of the scale of one

of them substitute for three of other. If the concept of tonal distance refers

to the difference in the number of alterations between the two keys, it is clear

that the change between parallel keys has to be considered a modulation to

a moderately remote key.

In harmony there is a distinction made between tonicization and modu-

lation. Aldwell & Schachter explained:

We have two terms for the processes of making scale degrees other

than 1̂ sound temporarily like tonics: tonicization and modula-

tion. The first implies a temporary “tonic” of brief duration; the

second implies a longer-lasting and more significant change. The

two terms overlap to a considerable extent; we cannot precisely

determine where one stops and the other begins. [In a very short

work], it scarcely matters whether we think of the area . . . as a

large-scale tonicization or a brief modulation . . . this is often the

case in very short pieces where there is hardly room for an exten-
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sive modulation. [1:196]

Thus, the difference between tonicization and modulation is one that, at best,

has to be determined by means of structural analysis. In this study, such a

distinction could not be made. Perceptually, when a change of key occurs,

the listener has no means of knowing whether it is going to be a durable

or an ephemeral one. Clarke [10] has noted that “30 seconds is the longest

that a non-absolute-pitch person can hold the key of a previously heard piece

without memory rehearsal”. This suggests that people are much less capable

of paying attention to key than Schenkerians tend to believe. Therefore, for

this study, what matters is the presence of a change of key, irrespective of its

duration. The use of the term ‘modulation’ in this study does not carry the

theoretical connotations it usually has in a harmony textbook.

4.1.5 Modulation and Inter-modal indexes

Measuring the proportion of modulations present in the piece would allow for

an interesting comparison between pieces. One possible way to effect such

a measure would be counting the number of key changes, but a mere count

has some inconvenient characteristics, beginning with its dependence on the

length of the piece. Since a long piece is more likely to modulate than a short

one, it would be convenient to normalize the count in relation to the total

duration. Another undesirable characteristic of a modulation count is that

a piece that kept jumping from one key to another and back would give a

higher figure than another piece that made only one of such changes, even if

it lasted for the same duration.

Hence, instead of a count, I considered it preferable to use an index. In

order to define it, some a priori value considerations apply. In the first place,

it has to be based on the ‘tonal distance’, so that the index reflects how

adventuresome the piece is. Regarding the circle of fifths, it would be nat-

ural to take as the unit of tonal distance the one that separates immediate

neighbors, i.e. one alteration in the key signature. In this way, the maxi-

mum possible distance between keys would be six. In the second place, the

value of the index should be zero for a piece that remained in the same key

throughout.

Therefore, the index was quantified by adding the tonal distance between

the keys for each transition that takes place, irrespective of the number of
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times it is repeated in the piece. The algorithm comprises creating a list of

successive transitions, then adding for each one the tonal distance between

the keys. At the end of the piece, the accumulated distance is divided by

the total duration normalized by dividing it by the number of ‘divisions’ of

the piece, as discussed in section 3.9. For convenience, it is expressed as

percentage:

Imod = 100 ∗
∑

i di
tdur
div

(4.1)

where di represents the tonal distance between keys, tdur the total duration

of the piece, and div the value of ‘divisions’.

According to this, it is apparent that whenever a piece only alternated

between a major key and its relative minor or vice-versa, the modulation

index would be null. But since a piece that modulates diatonically is more

varied than one that does not modulate at all, there should be a way of taking

diatonic modulation into account. Consequently, the modulation index could

be complemented by an inter-modal index that reflected the changes between

modes rather than between keys. This index could be defined in the same

way, but counting the inter-mode changes instead of the modulations:

Iint = 100 ∗
∑

i ci
tdur
div

(4.2)

where ci represent the inter-mode changes and tdur the total duration.

As an example, applying these definitions to a brief Scarlatti Sonata,

________Key transitions_______

Bb Major - G minor 0

G minor - Bb Major 0

Tonal distance: 0

Intermodal distance: 2

___________________________

Total duration: 1033

Total duration Major: 526

Total duration minor: 507

Divisions: 8

Modulation index: 0.0
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Intermodal index: 1.5488867

___________________________

which happens to alternate between the tonic G minor and its relative major,

the program output reports each key change and the value of the associated

tonal distance.

In Section 4.1 some general issues about the measurement of features

have been discussed, concluding with the definition of three indexes related

to tonality to be measured on all the pieces of the database.

The following sections deal with methods specifically referring to the

three other large aspects of music considered in this study, namely harmony,

rhythm and melody.
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4.2 Harmony

Harmony is the defining characteristic of western music. In 1722, J.P. Rameau

wrote in his Traité d’Harmonie, “Music is generally divided into Harmony

and Melody, but we shall show in the following that the latter is merely a part

of the former, and that a knowledge of Harmony is sufficient for a complete

understanding of all the properties of music”. A.L.Ringer writes “. . . even

in the essentially triadic melodies associated with functionally tonal music,

harmony provides at most ‘an inner skeleton on which varying contours may

be draped’(Watt)” [84]. The centrality of this idea epitomizes the music of

the period of common practice.

4.2.1 Chords and Sonorities

Harmony refers to the vertical aspect of music, the simultaneity of sounds

and their progressions. At any point in a score, there may be a rest, a single

note or the simultaneous combination of two to 12 notes of different names.

Harmonic theory considers “chords” to be a simultaneity of three or more

notes, reserving the name of “harmonic interval” for the combinations of

two notes. The chords studied by harmony are primarily triads and tetrads.

Chords of five notes are usually reserved for the final chapter of every har-

mony textbook – with some theoreticians [1] even denying their conceptual

existence. But harmony treatises hardly ever consider chords of more than

five notes. For example, Ottmans [68] 600-page Harmony book devotes 12

pages to all the chords of more than four notes. Of these, more than eight

pages deal with the 9th chords and only three with all of the 11ths and 13ths.

He lists eight 9th chords which are used ‘with some degree of regularity’, five

in major and three in minor, and goes on to say that “chords of the eleventh

containing a ninth, and chords of the thirteenth containing an additional

ninth or eleventh, are comparatively rare” adding that most cases can be

explained as a simpler chord with a non-harmonic tone. Although Ottman

implicitly names 22 different pentads, no other chord of five or more notes

is mentioned as having any degree of usage. Consequently it does not seem

worth the complication to try to identify five-note chords and beyond.

The concept of “chord”, however, also depends on the context. It could

sometimes be any simultaneous combination of three or more notes but the

use of the word is often restricted to those few that have being given a
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particular name, regarding the majority of all other possible combinations

as accidental. In order to avoid confusion, it is preferable to leave aside

the term “chord” and use the concept of sonority, which was introduced by

Howard Hanson [35] to refer to each possible pattern of intervals between

tones irrespective of its position in the scale. Any such combination, when

built on a particular pitch, is called a harmony. For example, the major triad

is one sonority, and its structure originates 12 possible harmonies.

In order to deal with sonorities the following has to be considered:

• Octaves are collapsed into one, i.e., combinations of notes with the

same name from different octaves are taken to be single notes.

• Two sonorities are equal when the distances between their notes are

the same irrespective of their relative pitches.

• The distances between two notes can at most reach six semitones, be-

cause any larger distance would be equivalent to its inversion.

In view of the preceding considerations, the total of possible sonorities is 350.

As these include all the chords of 5, 6, 7, 8, 9, 10 and 11 notes, on the basis

of the previous discussion I considered only 69: the single monad, the six

dyads, the 19 triads, and the 43 tetrads. Note that harmonic theory only

gives names to all six dyads, five triads and seven tetrads, as shown in Table

4.3. The German 6th does not need mention as it is enharmonic with the

major-minor 7th.

Dyads Triads Tetrads

minor 2nd-major 7th major major 7th
major 2nd-minor 7th minor minor 7th
minor 3rd-major 6th augmented major-minor 7th
major 3rd-minor 6th diminished half-diminished 7th
perfect 4th-perfect 5th Italian 6th minor-major 7th
tritone fully-diminished 7th

French 6th

Table 4.3: Harmony-labeled sonorities
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4.2.2 Sonority identification

In Chapter 3, under the discussion about the musicXML format, I introduced

the format I called slice-wise as a way of facilitating dealing with harmonic

information. The slice-wise files include the information about all the si-

multaneous note names as they appear in the score, plus the key at that

particular instant. In order to measure the frequency of use of the sonorities

it was necessary to find an algorithm to identify the sonorities represented by

the note names. This is the kind of problem that is usually solved by means

of a table. But the difficulty is that every sonority can be spelled in multiple

forms, referred to as mutually enharmonic, and quite often the particular

spelling chosen by the composer/editor depends on the convenience of the

moment. It is simply not possible to list in a table all the possible alternative

spellings for each possible chord.

The first solution I attempted was to identify sonorities by means of the

interval distances in semitones between notes. Since a chord of n notes may

appear in n inversions the algorithm must be able to realize the equivalence

of all the permutations of the members’ distances and their octave transposi-

tions. This solution proved more complex than practicable and I found that

a more expedient way to solve the problem was relying on a preexisting code

system.

Figure 4.5: Weighted keyboard (after Mason)

Mason [64] had proposed a convenient codification for sonorities based on

giving each of the 12 pitch-classes a weight equal to one of the powers of two.
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His choice of weights, illustrated in Fig.4.5, is that a factor 2 corresponds to

an ascending jump along the ‘Circle of Fifths’. This coding complies with

the conditions that all different harmonies receive different designations but

those corresponding to the same sonority are related by a simple numerical

relation. In his coding, each sonority has an assigned number obtained by

adding the weights of the notes that comprise it. For example, the code for

the tritone C − F] is obtained by adding the weights of C = 2 and F] =

128. Thus C − F] = 130.

The relation between the numbers corresponding to two harmonies of the

same sonority Si and Sj is expressed in (4.3)

Sj = (Si ∗ 2(j−i)) mod 4095 (4.3)

which reduces, when the number is smaller than 4095, to just a factor of 2

for each jump along the circle of fifths.

As it is possible to build a harmony on any of the 12 chromatic degrees,

each sonority generates 12 possible harmonies. Mason calls the one with

the smallest number the ‘characteristic form’, which makes this number a

convenient label for the sonority. For example, the characteristic form for

the minor triad is 25 (corresponding to D - F - A) and all the possible values

of minor triads are:

25 50 100 200 400 800 1600 3200 2305 515 1030 2060

Any possible combination of notes can be readily assigned its Mason code

and reduced to the equivalent characteristic form that categorizes it. Mason’s

article provides tables giving the code for all the possible sonorities. These

tables are just for convenience. The decomposition is unique, and so it is

readily possible to identify the sonority corresponding to any valid code by

using (4.3).

In this way, working with the slice-wise files, the method for finding the

frequencies of the vertical sonorities is straightforward; each slice contains

a single sonority. The algorithm consists of reading the slice, identifying

Mason’s code for the sonority and adding its duration to the corresponding

accumulator.

Before leaving the topic of sonorities, it is worth showing how in the most

innocent piece unexpected dissonances can creep up. Fig.4.6 shows measure
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22 of Handel’s Sarabande from Suite 16.

Figure 4.6: Measure 22 from Handel’s Sarabande from Suite 16

The key is G minor. The initial chord is an incomplete V7 whose 7th

(C) resolves to a 6th (B[) with the bass (D) moving up to the tonic (G).

Meanwhile, the 3rd (F]) escapes to a 9th (E[) over the bass. Thus, for the

duration of an eighth – indicated by the rectangle – the sonority is C-D-E[.

4.2.3 Functional indexes

Before proceeding, it is necessary to introduce a code that will be needed

later. This requires a point about terminology. An uncomfortable ‘feature’

of the nomenclature is that the chromatic degrees have a double name. For

example F] = G[. The same happens with the scale degrees, and thus raised

subdominant = lowered dominant, but it is possible to take advantage of

this duality, using the ‘raised’ or ‘lowered’ term depending on whether the

interval extends up or down.

Mason’s code has been chosen so that the harmony number is duplicated

when the sonority moves up one position in the circle of fifths. Let us call ‘k’

the exponent of two that relates any of these numbers to the characteristic

form. Using (4.3), for example, 2305 = 25∗2k−4095, thus k = 8. What this

means is that Mason’s ’k’ is an index that, in major, follows up the ascending

progression: tonic - dominant - supertonic - submediant - mediant - subtonic

- raised subdominant - raised tonic - raised dominant - raised supertonic -

raised submediant - subdominant - tonic, closing the circle.

It is possible to go down instead of up, and in that case the progression

becomes: tonic - subdominant - lowered subtonic - lowered mediant - lowered

submediant - lowered supertonic - lowered dominant - subtonic - mediant -

submediant - supertonic - dominant - tonic. Fig.4.7 represents the circles of
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Figure 4.7: Chromatic scale degree names for major and minor

the chromatic scale degrees. Every 30 ◦ sector represents a semitone. As a

jump of a fifth equals seven semitones, a fifth equals a turn of half a circle

plus one sector, clockwise when going up and vice-versa.

Notice that in the case of the minor mode, the resulting progressions are

different: tonic - dominant - supertonic - raised submediant - raised mediant

- raised subtonic - raised subdominant - raised tonic - submediant - mediant

- subtonic - subdominant (clockwise) and tonic - subdominant - subtonic -

mediant - submediant - lowered supertonic - lowered dominant - lowered tonic

- lowered subdominant - lowered subtonic - supertonic - dominant (counter-

clockwise).

As these names are long and different for both modes, it is convenient to

use number codes instead of function names, and so a numerical codification
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Major mode Number code minor mode

Tonic 0 Tonic
Dominant 1 Dominant
Supertonic 2 Supertonic
Submediant 3 Raised Submediant
Mediant 4 Raised Mediant
Subtonic 5 Raised Subtonic
Raised Subdominant 6 Raised Subdominant
Raised Tonic 7 Raised Tonic
Raised Dominant 8 Submediant
Raised Supertonic 9 Mediant
Raised Submediant 10 Subtonic
Subdominant 11 Subdominant

Table 4.4: Functional codes for both modes

common to both modes, shown in Table 4.4, was adopted. The integers

indicate the number of jumps of a fifth from the tonic in clockwise direction,

for both modes.

4.2.4 Harmonic functions

There is a lot more to investigate in harmony than the frequency of verti-

cal sonorities. The smallest set of triads that allows harmonizing a diatonic

melody, i.e., providing a tonal frame to it, comprises the tonic, the dominant

and the subdominant triads, which are called ‘principal chords’. Together

they include all the diatonic scale degrees, and so there is always at least

one of them that can support any note of the melody. The key is strongly

implied by these chords [69]. (Notice than in a major key these three chords

are major triads, and in a natural minor key they are minor triads.) Hugo

Riemann, trying to create a basis for understanding the principles of har-

monic relationships, originated what is known as functional analysis, a term

used nowadays for identifying the keys and chords in a piece. In his scheme,

major and minor triads partake of three functions, the tonic, the dominant

and the subdominant; the submediant triad shares the tonic function, the

subtonic triad the dominant function and the supertonic the subdominant

function, on the basis that each of them shares two out of three notes with the

respective principal chord. The mediant triad shares equally with both the
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tonic and the dominant ones, which functionally makes it rather ambiguous.

The function concept applies to major and minor triads, but since tetrads

such as major-minor 7ths that share all their notes with one of those triads

are considered in harmony as ‘spiced’ replacements for them, it applies to

them as well. Also, in harmony, major and minor triads are often accepted

when they appear in ‘incomplete’ form, with one of their notes omitted – i.e.

reduced to a dyad. Hence, the function concept should apply also, if not to

all dyads, at least to thirds, fourths, fifths and sixths.

After Riemann, harmonic analysis extended the notion of function to all

the diatonic scale degrees. For our purposes, it will be convenient to further

relax the meaning of the term function and think of all 12 scale degrees

as playing a function. And should the function concept not apply to every

sonority considered in harmony? It would make sense to think that each

partakes to some extent of the functions fulfilled by the major and minor

triads.

In this way, as there are 12 possible positions for each sonority, each one

is associated with a scale degree, and consequently, with a function. If the

accumulated totals for each vertical sonority were split between those 12

functions, their relative magnitude would reveal the functional use of chords.

To try to understand the principles of harmonic relationships, counting

the frequencies of vertical sonorities does not appear to be a sufficient mea-

surement of harmony. The number and type of harmonies present only seems

to tell part of the story. (For example, it is conceivable that two composers

who use particular sonorities with the same frequencies may have different

preferences for the functions they are used in.) I will assume that what is

needed is to measure the frequencies of the functional harmonies.

In order to take account of harmonic functions, in addition to counting

the frequency of vertical sonorities, it becomes necessary to keep track of

modulations. To see why, let us first think of a piece entirely written in C

major. The count of the chords C-E-G is the frequency of the tonic triad; the

count of the chords G-B-D is the dominant’s, and so on. It is apparent that

in such case, there is a direct correspondence between chords and counters.

Since there is only one key involved, on every chromatic step it is possible

to build one diatonic triad, and each of them plays its own function. The

frequencies of these functions can be directly traced to the harmony counters.

Moving from notes to scale degrees seems to merely have changed labels.

111



4. Feature measuring methods

But consider now, instead, a piece that modulates from C major to G

major. Now the counts of C-E-G may correspond to the tonic or to the

subdominant, and the counts of G-B-D may correspond to the dominant or

the tonic, depending on which key they appear in, which shows that in this

case:

• a chord, such as C-E-G, may add to more than one function counter;

and

• a function, such as tonic, may receive counts from more than one chord.

In spite of appearances, the correspondence between function frequencies

and chord frequencies has not broken down. Instead, the conceptual change

can be construed as the appearance of a new dimension, namely key. While

counting the frequencies of all vertical sonorities (of less than five notes)

which bear a name in harmony could be accomplished with an array of 20

counters, determining the frequencies of harmonies in a functional way means

that each of those counters splits into an array of 24 key counters – 12 for

each mode.

The coincidence that there are 12 possible accumulators for every sonor-

ity and 12 values for the ‘k’ index for each sonority in Mason codification

may suggest that this index could be directly used to address the counters.

Unfortunately, this is not the case. Because Mason’s code collapses all the

octaves into one, sonorities appear in every possible position – for example,

the characteristic form of the major triad is in second inversion, and that of

the minor triad in first inversion. Once their structures have been smashed

it is impossible to put them back in root position. Nevertheless, the infor-

mation about key allows a relationship to be established between Mason’s

‘k’ and the counters’ index.

To objectify the problem, suppose that a particular slice contains the

notes D−F −B[ and the key is D minor. The algorithm that identifies the

sonorities finds out that this is Mason’s (19, 11) (an instance of major triad).

Since the key is already known, what else would be needed for the algorithm

to identify this as chord VI? The answer lies in the interrelationship between

the values of ‘k’, keys and functions. In D minor this harmony – the major

triad with k = 11 – corresponds to the submediant (VI), but if the key were

G minor instead, it would correspond to the mediant (III). Thus, based on

both ‘k’ and the key, it is possible to figure out the function of a harmony.
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A functional index could be used, and a table built for this purpose.

Note that, as indicated before, on the one hand, one particular harmony cor-

responds to different functions depending on the key (for example Mason’s

code for the triad C−F −A is (19, 0) which in F major represents the tonic,

in B[ major the dominant and in C major the subdominant). On the other

hand, different harmonies play the same function when the key changes (for

example in C major, the harmony (19, 4) (major triad) plays the same func-

tion as (19, 0) in F major, (19, 11) in B[ major, (19, 10) in E[ major and so

on). In other words, it is possible to build a table that relates the value of

‘k’ to the key and the function (Table 4.5).

Key sig -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7

Subdom 5 6 7 8 9 10 11 0 1 2 3 4 5 6 7
Tonic 6 7 8 9 10 11 0 1 2 3 4 5 6 7 8
Domin 7 8 9 10 11 0 1 2 3 4 5 6 7 8 9
Supert 8 9 10 11 0 1 2 3 4 5 6 7 8 9 10
Submt 9 10 11 0 1 2 3 4 5 6 7 8 9 10 11
Median 10 11 0 1 2 3 4 5 6 7 8 9 10 11 0
Subton 11 0 1 2 3 4 5 6 7 8 9 10 11 0 1
R.Sub 0 1 2 3 4 5 6 7 8 9 10 11 0 1 2
R.Ton 1 2 3 4 5 6 7 8 9 10 11 0 1 2 3
R.Dom 2 3 4 5 6 7 8 9 10 11 0 1 2 3 4
R.Supt 3 4 5 6 7 8 9 10 11 0 1 2 3 4 5
R.Sub 4 5 6 7 8 9 10 11 0 1 2 3 4 5 6

Table 4.5: Function values of Mason’s ‘k’ for minor triads

The top line of the table identifies the key on the basis of the number of

alterations in its key signature. Positive numbers indicate sharps and nega-

tive numbers, flats. The last three columns repeat the first three, reflecting

the fact that key signatures with 7, 6 and 5 flats are enharmonic with those

with 5, 6 and 7 sharps respectively.

This table is presented to show the interrelationship between keys, func-

tions and ‘k’. In practice, a single value suffices as all the remaining values

can be derived immediately from it. But notice that the whole table – or the

equivalent single value – corresponds to a single sonority, in this case the ma-

jor triad, in a minor key. The relationship changes when the key changes. In

the preceding paragraph it was shown that (19,11) in D minor corresponded
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to the submediant but if the context changed to F major, i.e., with no change

in key signature, the function would become the subdominant.

Just as this table is valid for the major triad, there is a similar table (or

its equivalent single value) for every sonority. That is to say, for each of the

18 vertical sonorities there is a particular value for Mason’s ‘k’ that relates

it to the 24 keys and the functions. This relationship has to be found for all

the sonorities in order to specify the functional index.

4.2.5 Chords and functions

Once the single value for each sonority has been found, they can all be put

together in a table which gives the value of the functional index for every

combination of harmonies and value of ‘k’. In order to build such table

we write a row for each one of the sonorities from the minor 2nd to the

diminished 7th, and one column for each of the values of ‘k’ from 0 to 11.

The result is Table 4.6.

The process comprises:

1. Choosing a key for the table, for example D minor.

2. Choosing a row to fill, for example the one corresponding to the major

triad.

3. Choosing a particular instance of this, for example the A major triad,

C]− E − A

4. Calculating the sonority’s Mason code by adding the note codes shown

in Fig.4.5. In this case, C]=256; E=32; A=16, so its Mason’s code is

304.

5. Finding ‘k’ according to 4.1. In this example 304 = 19 ∗ 2k thus k = 4.

6. Based on the chord’s function for the chosen key, finding the code in

Table 4.4 which states, in this case, that for a minor key, the code for

dominant is 1. Thus, in the row for the major triad write ‘1’ in the

column for k = 4;

7. Continuing to fill the rest of the row in the same manner.
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Because an increment in ‘k’ corresponds to a jump of a fifth, it is a general

property of this table that the values for successive columns are consecutive

integers modulo 12, thus finding a single value suffices to fill a whole row.

Several sonorities (diminished triad, Italian sixth, major-minor 7th and

half-diminished 7th) appear only once in the diatonic scale, leaving no doubt

about their placement. For example, in D minor, the diminished triad (73)

occurs only as supertonic, i.e., E − G − B[ = 2084 = (73,11). As the code

for supertonic for minor mode (Table 4.4) is 2, in the table enter ‘2’ in the

intersection of the row for sonority 73 and k = 11.

When there are multiple appearances of a sonority in the diatonic scale,

they all yield identical results, so that any one can be used. For example, in

minor, major seconds (5) occur on the tonic(0), mediant (1), subdominant

(11), submediant (8) and subtonic (10). Let us take for example the sub-

dominant, G-A = 4 + 16 = 20 = (5,2). Thus, enter ‘11’ in column 2; or take

the tonic, D-E = 8 + 32 = 40 = (5,3). Thus enter ‘0’ in column 3, which

agrees with the former; the same results hold for the other cases.

The minor second (33) occurs in minor as supertonic (2), thus; E-F = 32

+ 1 = (33,0). Hence, enter ‘2’ in column 0.

The minor 3rd (9) appears on the tonic: D-F = 8+1 = (9,0). Hence,

enter ‘0’ in column 0.

The major 3rd (17) occurs on the mediant: F-A = 1 + 16 = (17,0). Thus

enter ‘9’ in column 0.

The fourth (3) occurs on the tonic: D-G = 8+4 = (3,2). Hence enter ‘0’

in column 2.

Some tetrads can be seen as a triad plus an extra note on top, which

allows them to be assigned the same functions as the triad whose notes they

share:

• major triad plus major 3rd equals major-major 7th;

• major triad plus minor 3rd equals major-minor 7th;

• minor triad plus major 3rd equals minor-major 7th;

• minor triad plus minor 3rd equals minor-minor 7th;

• Italian sixth plus diminished 3rd equals French sixth.
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The tritone (65) occurs as supertonic, E − B[ = 32 + 2048 = 2080 =

(65, 5); thus, in the row for sonority 65, enter ‘2’ in the column for k=5.

Table 4.6 shows the values of the functional index for the key of D minor.

Sonority k 0 1 2 3 4 5 6 7 8 9 10 11

33 (minor 2nd) 2 3 4 5 6 7 8 9 10 11 0 1
5 (major 2nd) 9 10 11 0 1 2 3 4 5 6 7 8
9 (minor 3rd) 0 1 2 3 4 5 6 7 8 9 10 11
17 (major 3rd) 9 10 11 0 1 2 3 4 5 6 7 8
3 (fourth) 10 11 0 1 2 3 4 5 6 7 8 9
65 (tritone) 3/9 10 11 0 1 2 3 4 5 6 7 8
69 (Italian 6th) 9 10 11 0 1 2 3 4 5 6 7 8
73 (diminished triad) 3 4 5 6 7 8 9 10 11 0 1 2
25 (minor triad) 0 1 2 3 4 5 6 7 8 9 10 11
19 (major triad) 9 10 11 0 1 2 3 4 5 6 7 8
273 (augmented triad) 1/5/9 10 11 0 1 2 3 4 5 6 7 8
51 (major-major 7th) 9 10 11 0 1 2 3 4 5 6 7 8
89 (half-diminished 7th) 3 4 5 6 7 8 9 10 11 0 1 2
325 (French 6th) 9 10 11 0 1 2 3 4 5 6 7 8
27 (minor-minor 7th) 0 1 2 3 4 5 6 7 8 9 10 11
77 (major-minor 7th) 11 0 1 2 3 4 5 6 7 8 9 10
281 (minor-major 7th) 0 1 2 3 4 5 6 7 8 9 10 11
585 (diminished 7th) 0/3/6/9 1 2 3 4 5 6 7 8 9 10 11

Table 4.6: Values of the functional index for D minor

Notice that there are a few sonorities which have multi-layered values.

This occurs because their structure is symmetrical which makes them en-

harmonic with their inversions. Thus the tritone, the augmented triad and

the diminished 7th do not have 12 distinct forms but six, four and three

respectively. For example, there are only three diminished 7th chords:

B −D − F −G]
C − E[− F]− A
C]− E −G− A]

Thus, diminished 7th chords built on any other root will be identical with

one of these three. This means that each of these chords is assigned to four

different functions. In the table only the first column shows multiple values.
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The same procedure was followed to build the table for F major (Table

4.7), which gives the value of the functional index as a function of Mason’s

code and ‘k’ in major:

Sonority k 0 1 2 3 4 5 6 7 8 9 10 11

33 (minor 2nd) 5 6 7 8 9 10 11 0 1 2 3 4
5 (major 2nd) 0 1 2 3 4 5 6 7 8 9 10 11
9 (minor 3rd) 3 4 5 6 7 8 9 10 11 0 1 2
17 (major 3rd) 0 1 2 3 4 5 6 7 8 9 10 11
3 (fourth) 1 2 3 4 5 6 7 8 9 10 11 0
65 (tritone) 0/6 1 2 3 4 5 6 7 8 9 10 11
69 (Italian 6th) 0 1 2 3 4 5 6 7 8 9 10 11
73 (diminished triad) 6 7 8 9 10 11 0 1 2 3 4 5
25 (minor triad) 3 4 5 6 7 8 9 10 11 0 1 2
19 (major triad) 0 1 2 3 4 5 6 7 8 9 10 11
273 (augmented triad) 0/4/8 1 2 3 4 5 6 7 8 9 10 11
51 (major-major 7th) 0 1 2 3 4 5 6 7 8 9 10 11
89 (half-diminished 7th) 6 7 8 9 10 11 0 1 2 3 4 5
325 (French 6th) 0 1 2 3 4 5 6 7 8 9 10 11
27 (minor-minor 7th) 3 4 5 6 7 8 9 10 11 0 1 2
77 (major-minor 7th) 2 3 4 5 6 7 8 9 10 11 0 1
281 (minor-major 7th) 3 4 5 6 7 8 9 10 11 0 1 2
585 (diminished 7th) 0/3/6/9 1 2 3 4 5 6 7 8 9 10 11

Table 4.7: Values of the functional index for F major

Tables 4.4 and 4.6 are the answer to the problem posed four pages back:

supposing a slice containing the triad D − F − B[ in the key of D minor,

what does it take to determine that it is chord VI?

It is immediate that Mason’s code is 2057 = (19,11). In Table 4.6, for

sonority 19 and k = 11, the table yields 8, i.e., it points to function 8 which,

according to the codification shown in Table 4.4 corresponds to the Subme-

diant (VI).

For both tables 4.6 and 4.7, only one column needs to be calculated and

the other values follow. Comparing the columns, in the table for F major

the column for k = 9 is identical to the column for k = 0 in the D minor

table. In the D minor table, the column for k = 3 is identical to the column

for k = 0 in the F major table. It is apparent that both tables are cyclical

permutations of the same columns. If we took, from each table, for example,
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only the column corresponding to k = 0, it would be possible to combine the

tables for all the keys – major and minor – in a single table.

Sonority key C F B[ E[ A[ D[ F] B E A D G

33 (minor 2nd) 4 5 6 7 8 9 10 11 0 1 2 3
5 (major 2nd) 11 0 1 2 3 4 5 6 7 8 9 10
9 (minor 3rd) 2 3 4 5 6 7 8 9 10 11 0 1
17 (major 3rd) 11 0 1 2 3 4 5 6 7 8 9 10
3 (fourth) 0 1 2 3 4 5 6 7 8 9 10 11
65 (tritone) 5/11 6 1 2 3 4 5 6 7 8 9 10
69 (Italian 6th) 11 0 1 2 3 4 5 6 7 8 9 10
73 (dim. triad) 5 6 7 8 9 10 11 0 1 2 3 4
25 (minor triad) 2 3 4 5 6 7 8 9 10 11 0 1
19 (major triad) 11 0 1 2 3 4 5 6 7 8 9 10
273 (aug. triad) 3/7/11 0 1 2 3 4 5 6 7 8 9 10
51 (maj.-maj. 7th) 11 0 1 2 3 4 5 6 7 8 9 10
89 (half-dim. 7th) 5 6 7 8 9 10 11 0 1 2 3 4
325 (French 6th) 11 0 1 2 3 4 5 6 7 8 9 10
27 (min.-min. 7th) 2 3 4 5 6 7 8 9 10 11 0 1
77 (maj.-min. 7th) 1 2 3 4 5 6 7 8 9 10 11 0
281 (min.-maj. 7th) 2 3 4 5 6 7 8 9 10 11 0 1
585 (dim. 7th) 2/5/8/11 0 1 2 3 4 5 6 7 8 9 10

Table 4.8: Values of the functional index for k = 0, all keys

Table 4.8 gives the value of the functional index for every harmony that

is being considered, for every major and minor key. Therefore, it allows the

measurement of the frequencies of use of all the combinations of harmonies

and functions. This means there is a numerical value for the frequency of

use of every combination of sonority and function. In this manner, for every

piece in the database there is a matrix of 18 X 24 numbers.
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4.3 Rhythm

This section discusses general concepts related to rhythm and possible ways

of measuring it. After considering the dimensions of rhythm, four scalar

variables are defined that are expected to capture the rhythmic parameters

of the music.

4.3.1 General issues

Paul Creston, a composer who “made rhythm the keystone of his style”

(W.G. Simmons) and wrote a textboook on rhythm (1964) [16], despaired

at the general disregard for rhythm in both the writings of theoreticians

and courses in composition, and at the confusion caused by the lack of a

standardized conceptual structure of rhythm, quoting Curt Sachs’ revelatory

statement: “What is rhythm? The answer, I am afraid is, so far, just - a

word: a word without a generally accepted meaning” [16:v].

Before attempting to understand the notion of rhythm it is crucial to

make a lexical distinction. Following Randel [82]:

In modern English musical usage, the world rhythm appears on

two semantic levels. In the widest sense, it is set beside the terms

melody and harmony, and in that very general sense, rhythm

covers all aspects of musical movement as ordered in time, as

opposed to aspects of musical sound conceived as pitch (whether

singly or in simultaneous combination) and timbre (tone colour).

In the narrower and more specific sense, rhythm shares a lexical

field with meter and tempo. Rhythm in that specific sense - where

it can be preceded by an indefinite article (‘a rhythm’) - denotes

a patterned configuration of attacks.

Understandably, when one tries to think about rhythm in the narrow sense,

all definitions referring to the wide sense - even that of Creston himself “the

organization of duration in ordered movement” [16] - feel vague and unsatis-

factory. As all the elements of music are part of that “ordered movement”,

“the organization of duration” seems to lack specificity. The wide-sense defi-

nition, highlighting the dimension of duration, has to be understood as mean-

ing to exclude those aspects of music concerned with pitch and timbre.

119



4. Feature measuring methods

Wondering about the nature of rhythm, the first questions the mind poses

are: what is a rhythm? When do we realize that we are hearing a rhythm?

Parncutt defines rhythm as “as an acoustic sequence evoking a sensation of

pulse” [70:453]. This echoes the ASA’s definition of tone; “tone is a sound

that evokes a sensation of pitch”. The matter is rather subjective, but in

my view there is a qualitative difference between rhythm and pitch. The

sensation of pitch – just as the sensation of color – is an emergent phenomenon

that takes place within the mind when a definite frequency is perceived. I

would argue that there is no comparable emergent sense of pulse. Instead, it

seems to me that in certain circumstances, on hearing a pattern of attacks,

the mind is quickly led to the expectation of their repetition, but there is no

concomitant emergent phenomenon. The perception of rhythm seems more

like an inference that occurs within certain boundaries.

Randel states the required conditions for the perception of rhythm as

such: “it is necessary only that there be more than one attack, that the at-

tacks not be too far apart, and that the musical convention in play accept

the succession of attacks as mutually connected and not independent of each

other”. . . “A perceivable pattern of temporal space between attacks consti-

tutes a rhythm” [82]. According to Dowling, there is a consensus about the

temporal limits required to perceive a rhythm:

We are able to resolve separate events in sequences presented at

rates of up to 10-12 per second, and we have difficulty linking

events into a coherent pattern when they proceed much slower

than one every 2 seconds. [22:470]

Some followers of Schenker have tried to blur the distinction between rhythm

and form. However, the difference is clear cut, and it sets a limitation to the

wide-sense definition. In the words of Justin London,

‘rhythm’ may be a quality of musical figures that is apprehended

within the span of the perceptual present, whereas ‘form’ re-

quires an understanding of structural relationships either wholly

or partly outside the perceptual present. [60]

The concept of “perceptual present” had been introduced in the 19th century

by Wilhelm Wundt and William James in late 19th century. From 1913, in an

effort to become a natural science, Psychology came to reject introspection
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and cognitive phenomena, a situation that lasted until the mid 1950’s. Paul

Fraisse was the researcher who made the greatest effort to study the percep-

tual present objectively. Talking about the interval between two events, he

wrote

. . . one is led to identify three orders of duration on the physical

continuum . . . (a) less than 100 ms at which the perception is of

instantaneity; (b)100 ms - 5 sec, perception of duration in the

perceived present; and (c) above 5 sec, estimation of duration

involving memory. [29:29]

In the same line, Clarke stated

The primary character of the perceptual present is that the con-

tents of the present are active and directly available, whereas

memories have to be retrieved – must be transformed from a state

of inactive storage to current awareness. This strongly suggests

that it is not possible to have any direct apprehension of form,

but that a sense of form becomes available only through a ret-

rospective, and in some sense deliberate, act of (re)construction.

[10:476]

Thus, rhythm is perceived while form is inferred, which explains why this

study deals with the former and not with the latter.

In what follows, rhythm will be understood in the specific sense of ‘pat-

terned configuration of attacks’.

4.3.2 Rhythm is a multi-dimensional phenomenon

Intuitively, people can compare musical pieces and generally have no problem

identifying some of them as being ‘rhythmic’. The difference in the relative

rhythmicity of a pair of pieces often seems obvious. However, one piece can

seem more rhythmical than another for a number of reasons, e.g.:

• its pace is faster,

• its beat is louder or more salient than other elements such as the

melody, or

• it has a more complex or multi-layered durational pattern.
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This means that there are different ways for a piece to be ‘rhythmic’, and

sometimes the combinations of these characteristic can contradict one an-

other. In this way, an attempt to sort a large number of different pieces

along a single measuring scale of ‘rhythmicity’ is bound to fail, revealing

that rhythm is a multi-dimensional phenomenon.

According to Creston, rhythm is a four-dimensional entity:

rhythm comprises four elements: Meter, pace, accent and pat-

tern. A change in any of them results in an alteration of the

rhythm . . . The four elements are the irreducible minimum in the

classification of any rhythm. [16:1-2]

Unfortunately, the first two dimensions, ‘meter’ and ‘pace’, interact and over-

lap, in the sense that multiple combinations of different paces and meters do

sound exactly the same. Meter, by means of the time signature, translates

notes into time units. But the denominator of the time signature can be

altered to compensate for changes in the duration of the notes – for example

an Adagio (quarter = 75) in 3
4 could be rewritten by changing the meter to

3
2, doubling the duration of each note and changing the time signature to

Allegro (quarter = 150), resulting in the same ‘pace’. Notation choices are a

matter of convention and Creston points out:

The musician has always associated whole notes with breath and

sixteenth and thirty-second notes with speed. It is this appeal

to the visual impression which the composer considers when he

writes a majestic piece in 2
2 instead of 2

4. [16:18]

Therefore it is preferable to conceptualize the rapidity of the movement as

the single element ‘beat rate’ rather than ‘meter’ and ‘pace’. Thus, three

elements – beat rate, accent and pattern – could be taken as rhythm ‘dimen-

sions’ if it proved possible to measure them independently along continuous

scales.

4.3.3 Beat rate

The first element is the most straightforward. Beat rate can be directly

related to tempo, defining it as beats per minute. Thus it would lend itself

to a single numerical measure. (It could be added that this is as close as
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a continuous variable can be to a categorical variable, as tempo indications

are no more than an order-of-magnitude setting to guide the performers.)

In MusicXML, tempo is coded in quarters per minute, giving directly the

beat rate for time signatures whose denominator is four. For other time

signatures the beat rate value has to be adjusted. For example, Handel’s

Gigue from Suite 16 is written in 12
8 . In Finale, the tempo is set to 200 dotted

eighths per minute, equivalent to 300 eighths per minute or 150 quarters per

minute. Accordingly, in the Gigue’s musicXML file, the tempo is expressed

by < soundtempo = “150′′/ >.

Beethoven was the first composer to set metronome markings (1817).

The Urtext of earlier composers’ scores bear no such indications. In those

cases, the procedure followed in the build up of the database consisted of

adjusting the tempo of Finale’s MIDI performance to match a commercial

recording and letting Finale generate the musicXML code with the corre-

sponding metronome marking.

Hence, ‘beat rate’, read from the musicXML code for the database pieces,

constitute the first rhythm measurement.

4.3.4 Accent

The second rhythm dimension is accent. In principle, there is an assumed

stress that falls on the first beat of each measure and, in the case of a 4-

time signature, a secondary stress on the third. It would be conceivable to

establish three levels of sound for the three kinds of beats, but this would

introduce a categorical variable of doubtful usefulness. (Moreover, there are

no fixed rules for time signatures of five or seven beats.) This is called the

metric accent but, as Creston wrote, “the metric accent is often implied or

felt rather than heard” [16:28]. That is to say, in general the metric accent

is not present. Creston confirms this by stating:

It was the pedantic insistence on the relative strength of pulses

in a meter which gave rise to the ‘tyranny of the barline’, produc-

ing a mass of purely metrical rather than rhythmic music...The

fallacy of strong primary pulses also led a number of pedants to

decry the master’s misbarring of their music, accusing them of

beginning a phrase on the first pulse of a measure when it was

obviously an upbeat phrase. But the masters intuitively felt me-
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ter was a grouping of pulses, and allowed strong pulses to occur

whenever the musical idea demanded. [16:9-10]

Creston went on to show multiple examples where there is a weak pulse in

the downbeat or the accent falls on a pulse that is traditionally a weak one.

London goes even further, considering meter an “attentional behavior”

[60:6] and “a perceptually emergent property of the music” [60:172]. He

states that “meter serves as a temporal ground for the perception of rhythmic

figures” [60:48] and that “metrical accents are generated by the listener via

his or her attending process” [60:26]. This strongly suggests that the metric

accent per se is better ignored. The measure is essentially a framework, and

actual accents are produced by other means.

Creston detailed the different types of accent:

Accent is that element of rhythm which makes prominent or em-

phasizes a pulse or beat. We are accustomed to thinking of accent

only in terms of dynamics or tone intensity, which is merely the

most obvious and perhaps the most elementary type of accent.

There are various more subtle ways of rendering prominent a cer-

tain tone, and any means which draws attention to, singles out,

or gives special significance to a tone, is a form of accent. There

are eight types of accent accomplishing this emphasis, which may

be employed individually or in combination. [16:28]

and subsequently explains in detail the following types of accents [16:28-32]:

• a written symbol (dynamic accent)

• duration devices (agogic accent)

• dissonances (harmonic accent)

• thickened texture (weight accent)

• extreme pitches (pitch accent)

• pattern repetition (pattern accent)

• melodic embellishment (embellished accent)
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At their best, his considerations point to a classification of the types of accent

that cannot be accomplished without structural analysis. This means that

this study cannot benefit from them.

Dynamic accents could be measurable and it is undeniable that their id-

iosyncratic use is characteristic of some composers’ style, but they are also

elements whose authenticity is very difficult to establish, being generally on

the score as the result of the intervention of editors and reviewers. More-

over, their operationalization would be problematic. Consequently, dynamic

accents were not taken into account.

However, this does not mean that accent falls entirely off-limits for this

project. Weight accents (i.e. thickened textures) reveal the main points in

the score that the composer intended to be stressed, and by means of these,

accents become part of the pattern. Consequently, a direct measurement of

accent was not carried out but was considered to be implied in the measure-

ment of the pattern.

4.3.5 Pattern

The third dimension is the pattern: the beat scheme that is usually rep-

resented with notes. Pattern is the most visible dimension of rhythm, and

many people would believe that pattern is all there is to it. A first approach

to the measurement of the rhythm pattern was an assessment of its com-

plexity. As with rhythm itself, ‘complexity’ reveals to have a multi-layered

nature. Fraisse, discussing the grouping of elements in complex structures,

writes:

Vos (1973) has established an index of complexity that is a

product of the number of different elements, of the length of the

pattern, and of the ratio between the shortest and the longest

substructure. This index has the advantage of pointing out the

main factors of complexity. [28:239]

Vos’ index was apparently only available in an unpublished dissertation; it

does not seem to have been used by others, and Fraisse’s description is not

enough to reconstruct it. Thus, I decided to define an index of complexity

along similar lines.

Intuitively, the wider the range of notes a piece uses, the greater the com-

plexity. Since the durations of notes change by powers of two, the durations’
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ratio between the extremes could conveniently be expressed logarithmically

as the difference between their exponents. The distances could be taken

logarithmically along a line representing relative durations, where the posi-

tions for whole notes up to 128ths would correspond to points separated by

equal amounts, i.e. the logarithm of 2. In this way, the range would be the

difference between the extreme values.

The element that could have decisive influence on the value of the com-

plexity would be the distribution of the notes. It occurred to me that the

number of notes could be compared to the weights in a distribution of masses,

and the complexity could be construed as a kind of momentum of their dis-

tribution Md. For example, considering several distributions of the same

number of masses, different values for the momentum would be obtained.

The reference point for measuring the distances is arbitrary, but in order to

make it consistent it would be convenient to measure it in relation to the

center of masses of the distribution.

This looked like a promising measure of complexity, and I decided to

check a couple of real pieces in order to have a sample of values. Let us

consider now the first measure of the first Prelude of Das wohltemperierte

Klavier (Fig.4.8).

Figure 4.8: Opening of Bach’s Das wohltemperierte Klavier

From the point of view of the durational structure, it is fairly complex,

showing a wide range of notes including halves, quarters, dotted 8ths and

16ths. For a contrasting example, if we look at the beginning of the Finale

of Chopin’s Second Piano Sonata (Fig.4.9), we note that it has been written

employing exclusively one type of note, with both hands playing in octaves.

This is the minimum possible level of complexity, and the index should be
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defined so that its value approached zero.

Figure 4.9: Opening of the Finale of Chopin’s Piano Sonata No.2

The comparison between these two pieces shows a marked contrast from

a purely durational perspective. Fraisse noted:

If a page of music that has a unit of movement and of measure

is considered, it is seen that the musician uses essentially two

notes, the ratio of which is 2:1 – most often the eighth note and

the quarter note or the sixteenth note and the eighth note. These

two notes represent 80-90% of all notes. The shortest note is the

most frequent (45-75%) and the longest one is the least frequent

(12-44%). [28:243]

This suggests that the wider the range the greater the complexity. But it

also poses a question. Is the durational range really related to the rhythmic

complexity? Let us consider an example from Shostakovich (Fig.4.10):

Figure 4.10: Measures 9 - 10 from Shostakovich’s Prelude Op.34 No.3

That this example is notationally complex is made apparent by Finale

having to use all four layers in order to lay it out, which means there are four

voices at this point in the score. One voice is progressing in halves, another
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in eighths, plus the quarters with stems up making for not one but two extra

layers as they mutually overlap. However, looking at it in the perspective

of the preceding and following measures, the prelude is essentially a simple

sort of neo-classical piece. It just happens that at this point, the composer

decided that, for one and a half measures, the fingers should linger, pressing

the keys beyond a legato. The same figuration could have been written in

an equivalent way as in Fig.4.11.

Figure 4.11: The same two measures from Shostakovich’s Prelude Op.34 No.3
in equivalent notation

In this notation it is apparent that all the note onsets occur at equal

intervals. Finale could have accommodated the notation in a single layer.

This shows the apparent complexity of the passage to be fictitious.

Let us take the same approach with Bach’s First Prelude of Das wohltem-

perierte Klavier. It is apparent that it could have been written in an equiva-

lent form, shown in Fig.4.12, which reveals that the durational complexity in

reality was hiding the extreme simplicity of the rhythm, which is one onset

per subdivision, exactly the same as in the Chopin example.

What these comparisons reveal is that there are equivalent ways of no-

tating the same music which would yield widely different results in relation

to durational complexity. What is being measured here is not a feature of

the music but of the notation, and should be better referred to as “nota-

tional complexity”. In terms of rhythm, notational complexity is meaning-

less. Other parameters are needed to measure the structure of the pattern.

Therefore I abandoned the idea of measuring complexity.
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Figure 4.12: Opening of Bach’s Das wohltemperierte Klavier in equivalent
notation

Pattern can become very complex when it comprises multiple layers.

However, Justin London’s statement (in Rhythm, III) that

The studies of polyrhythms also indicate that we do not hear

‘two rhythms at once’, but rather an integrated rhythmic/metric

pattern, either by singling out one strand of the musical texture

for attention (and ignoring others) or by constructing a composite

rhythm from the various strands. [59]

suggests that no consideration of separate layers is warranted.

Just as pitches are the natural variables for melody and harmony, rhythm

consists of note onsets. The pattern is the time distribution of those onsets.

However, even percussion sounds vary in their loudness, timbre, pitch and

even duration. It could be argued that onset is not the only meaningful

rhythmic parameter. My point of view sides with that of Povel who, in his

study of rhythm, decided to confine himself to the perception of rhythms

composed of identical tones. He wrote:

Equitone sequences . . . still possess most of the rhythm charac-

teristics of the original pattern (such as can be demonstrated by

tapping with a pencil on a table), showing that a basic rhythmic

aspect is formed by the sequence of onsets of the tones in the

rhythm. [79]

Thus, the variables to consider are the timings of the moments where onsets

take place in the piece.

Even disregarding the metrical accent, measures play a central role in

rhythm since the time signature is fundamentally chosen in relation to the
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intended rhythm of the piece. In the great majority of music, melody and

harmony progress slowly in relation to measures. In fact, the standard basic

structure in most western music is the 8-measure phrase. But the measure

itself provides a grid for the rhythm of the piece, and could be conceived as

a static frame much like an oscilloscope display, so that if the music had a

regular rhythm, the display would remain essentially fixed, with only minor

changes occurring in successive sweeps.

There are cases – which Creston calls dimeters and trimeters – where the

rhythmic structure extends to two or three measures. Since composers have

ample liberty to use as short a note type and as long a measure as needed,

it is likely that they would resort to dimeters or trimeters only for special

effect, during a brief moment within a piece. Were a longer structure the

basis of the piece, it would be self-defeating for the composer to choose a

time signature that was inappropriate to the music. Thus it makes sense for

a measuring system to target the general case.

According to the preceding considerations, it should be possible to con-

ceptualize rhythm pattern as something that occurs within the scope of a

measure, and consider the frequency of occurrence of onsets at the subdi-

visions of the measure. Since in instrumental music the number of ‘voices’

present at any given time can vary at the composer’s will, the composer is

free to thicken the texture to provide stress to particular moments. A typical

example is the opening phrase of Mozart’s Phantasie K.457 (Fig.4.13):

Figure 4.13: Beginning of Mozart Phantasie K.457

It is clear that Mozart did not want any harmony here but surely wanted

to reinforce the loudness. This is a likely way for a composer to implement

weight accents. For this reason it is necessary to take into account the number

of onsets that occur at any moment.
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Considering the rhythm pattern as framed by the measure, however, im-

plies a fundamental problem caused by the existence of different time sig-

natures. Most music is written in 2, 3 or 4 beats to a measure – or their

so-called “compound” incarnations 6, 9 and 12. But there are also pieces

written in 5, 7 or 11 beats to the measure, and nothing prevents a composer

using any other number. Each of these options gives rise to a different class of

measure structure, which are not mutually comparable. One solution would

be to create separate classes for each of the possible numbers of beats per

measure. However such a classification would not solve the difficulty. The

time signature frequently changes during the course of a piece. Some change

so often that it becomes impossible to perceive a sense of regularity in the

music, as in many modernist pieces. There are works in which one signature

alternates with another on a regular – or almost regular – basis. At the end

of the 19th century many composers seemed to be struggling with the meter,

writing music against it, or eliminating it altogether as Satie did in his Trois

Gnossiennes and other pieces. All of these variants would wreak havoc with

a categorization by number of beats. The alternative of considering the beat

as the unit of structure would not work because the character of the different

beats of a measure also differ. In summary, pieces having a wide variety of

beat structures cannot be successfully collapsed into the same framework.

If there were only two or three varieties of time signatures in a piece, it

would be possible to group them in sections, measure their corresponding

characteristics and then work a composite. I am not advocating the general

use of this method which reeks of forensic medicine except as an exploratory

tool. Without paying heed to form, there is no argument that the successive

beats in a piece are not independent but what happens at any particular point

in time is inexorably related to what happened before. In trying to measure or

capture the rhythmical structure of a piece it could be convenient to consider

the sequence of onsets as a time series. However, this would be a time series

where events occur at variable moments in time. The input would consist

only of the onsets that do occur and the absence of onsets in any particular

moment would not constitute part of it. More specifically, the rhythm pattern

should be considered what is called a discrete-time point process on the real

line, probably a compound plus self-exciting Poisson process. However, given

the mathematical difficulties, fitting a point process to the pattern of each

of the individual pieces in the database would be tantamount to ‘cracking
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walnuts with a sledgehammer’. The problem requires a simpler solution.

4.3.6 Conceptualization of the pattern

Fig.4.14 shows the score of Handel’s Sarabande from Suite 16 and Table 4.9

its pattern matrix.

Figure 4.14: Handel’s Sarabande from Suite 16

The pattern could be conceptualized as a matrix of onsets at specific mo-

ments whose magnitude equals the number of notes simultaneously appearing

at each. In this matrix each column, beginning from the left, represents one

measure, and there is one row for each of the required subdivisions of the

measure, the top line representing the upbeat of each measure. This scheme

simply extracts the rhythmic skeleton of the piece. Observation of Table 4.9

makes it apparent, even without referring to the score, that the piece is writ-

ten in three-beat meter. Every measure shows a strong upbeat; only the final

bar lacks an onset in the third beat and only four other bars lack an onset

in the second beat. Looking from the left side along the piece, the successive

measures appear to be stacked side by side. This view allows the compari-

son of their profiles, noticing structural resemblances between them. In this

case, the structures appear quite even, showing some tendency for onsets to

subdivide beats, especially the third. Only bar 21 shows successions of brief

notes.
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1
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1 1

4 4 4 1 3 2 1 2 1 3 1 1 2 3 1 1 1 1 2 1 3 3 1

1
1

1 1 1 1 1 1 1 2 1 1 1 2 1 1 1

1 1 1 1

Table 4.9: Rhythmic pattern for Handel’s Sarabande from Suite 16

Looking from the top, simultaneously across each bar, as it were, offers

an insight into the longitudinal profile of the piece – the way in which the

measures evolve from beginning to end. It is noticeable that the first measures

mostly have onsets on each of the beats, whereas subdivisions appear in the

middle section of the piece, including a recurrence of subdivisions on alternate

bars in the second beat.

4.3.7 Indexes of rhythmic variability

These observations suggest a possible way of measuring the pattern in order

to capture its general characteristics. This could be done by defining two

indexes of variation. The Sarabande that has just been discussed shows

a basic structure of onsets on each beat, repeated with slight variations,
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complemented by the gradual appearance of other elements such as mid-

beat onsets and one single flurry of quick notes. The additional elements

cause changes in the longitudinal profile of the piece, and a way to measure

such changes would be to consider the variations in the number of onsets

occurring along the piece at each subdivision of the bar (longitudinal spread).

Variation is normally measured by means of the variance; therefore, the way

to calculate it requires to obtain the variance for each subdivision. The

index obtains by adding the individual variances and dividing by the total

number of onsets – for normalization in order to remove the influence of

piece length. This would be a measurement of the longitudinal variability of

the pattern, expressed as a percentage, which could be called the index of

between-measures variability:

Ibetween = 100 ∗
∑nr

j=1 σj∑nr
j=1

∑nc
i=1 xij

(4.4)

where

σj =
∑nc

i=1
(x̄j−xij)2

(nc−1)

x̄j = 1
nc

∑nc
i=1 xij

nc and nr are the numbers of columns and rows of the matrix.

Let us consider now an idealized example. Sometimes dances have an

elaborate rhythmic scheme that lasts only as long as the bar. Suppose that

successive measures, all having that peculiar structure, repeat it with little or

no variation throughout. Whilst in this case the low longitudinal measure of

spread would reflect the monotony of the design, a measurement that could

capture the variability occurring within the measure (transversal spread),

would entail carrying out the calculations of the transversal variances – i.e,

the variance happening across all the subdivisions of each bar. Adding the

value of the variance corresponding to each bar and again, normalizing by

dividing by the total number of onsets, would constitute a measurement of

the transversal variability of the pattern, again expressed as a percentage,

which could be called the index of within-measures variability:

Iwithin = 100 ∗
∑nc

i=1 σi∑nr
j=1

∑nc
i=1 xij

(4.5)

where

σi =
∑nr

j=1
(x̄i−xij)2

(nr−1)
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x̄i = 1
nr

∑nr
i=1 xij

There is a detail that needs mentioning in this case. The problem referred

to in section 3.9 about the value of ‘divisions’ in musicXML often makes this

value err from the expected value by a factor 2, 3, or 4. The consequence is

that the measure is subdivided into double, triple or quadruple the number of

the actual subdivisions. This would result in a pattern matrix with multiple

extra rows that are entirely devoid of onsets. Considering them as subdivi-

sions with no onsets would distort the value of the variance, and change the

result of a comparison with a piece whose value of ‘divisions’ is correct. To

avoid this difficulty, the transversal variance is calculated disregarding the

zeroes.

These two indexes, which measure the pattern variability, and the previ-

ously discussed element of beat rate (Section 4.3.3) may be complemented

with a fourth simple additional scalar that might be of interest: the number

of onsets per measure. Arguably, this is more of a textural than a rhythmical

measurement, and could be considered a measure of the “busy-ness” of the

piece.

For the sake of comparison and number range checking, Table 4.10 shows

hand-calculated indexes for the Bach and Chopin examples as well as for

three more pieces of different periods which, unlike the former, are not par-

ticularly low in rhythmic variability:

Work Onsets/meas. Longit. index Transv. index
J.S. Bach Prelude No.1 15.68571 0.080880 0.000000
Chopin Sonata No.2: Finale 23.46667 0.026243 0.160706
Handel Suite 16: Sarabande 8.80555 1.354557 10.774680
Schumann Traumerei 14.33333 2.550974 9.721626
Ravel Sonatina: Menuetto 10.43902 0.641962 16.913538

Table 4.10: Examples of pattern indexes

Notice that whilst the Ravel example has a very low between-measure

index value – it is a menuetto after all – its within-measure index is very

high, reflecting the highly changing measure structure. The Schumann piece

is one of Creston’s examples of overlap, namely, “the extension of a phrase

rhythm beyond the bar line” for the purpose of obtaining “a freely flowing
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but varied rhythm, unshackled by a mechanically conceived and executed

meter” [16:100], which explains its high between-measures variability.

This section has discussed the measurements of rhythm carried out on

the database. Starting from Creston’s conceptualization of the dimensions

of rhythm, plus the input of writings of many researchers in the area, I

worked out a rhythm-measuring scheme consisting on four scalar variables

whose values should suffice to characterize the rhythm of each piece:

• beat rate

• number of onsets per measure

• index of between-measures variability

• index of within-measures variability

The next section discusses the measurements related to melody.
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4.4 Melody

This section discusses the nature of melody, how it manifests in the database

and the inappropriateness of following in this study the model of other

melodic research. As we shall see, there is no objective method to extri-

cate the melody from a keyboard piece. The difficulties of operationalizing

melody in keyboard music, even if approached following a two-part texture

principle, led to an alternative operationalization, namely measuring the suc-

cession of top and bottom notes in lieu of melody and bass.

4.4.1 General issues

Melody is the most apparent aspect of music, and “the least well explained

aspect of music theory” [101]. Normally – that is, disregarding multiphonics

– the human voice or a monophonic instrument such as a recorder can only

produce one note at a time. The variation of pitch results in a succession

of notes called a melody. However, sung or played notes usually have varied

durations or may alternate with rests, hence such melody normally comprises

both pitch and rhythm aspects. This section is only concerned with the pitch

aspect.

The music of the majority of civilizations of the world was purely melodic,

as were the folk-songs of European peoples and medieval plainchant. It is a

peculiarity of European music from the Renaissance to have become poly-

phonic. However, melody remains the main feature of most of the instru-

mental music of the West, to the point that countless symphonic works, for

their greatest part, can be described as accompanied melodies.

For most people, melody is almost synonymous with music. This is per-

haps understandable since it is possible to sing or whistle the melody after

hearing music played by an ensemble or even a full orchestra. That is to say,

the melody has a perceptual reality, beyond the instrumental complexity of

the arrangement. It is very common in keyboard pieces for the editors and

reviewers to refer to the melody using the Italian term il canto.

In the simplest circumstances, for example, if an instrumental group is

playing a succession of block chords, what is perceived as the melody is the

succession of the highest pitches. This is generally acknowledged in a number

of ways. Typically, when a song is given a straight arrangement for choir,

the melody is given to the sopranos. Likewise, in an orchestral arrangement.

137



4. Feature measuring methods

For example, in the climax of Brahms’ Academic Overture, the composer

gave the melody of the song ‘Gaudeamus’ to flutes and oboes, with support

at the octave of trumpets and horns. But as the disposition of the parts

becomes more complex, other factors such as timbral saliency or background

variability intervene, making it difficult to predict what the public will hear

as the melody.

The largest part of existing music has the main voice as the highest

pitched line for most of the time, but some pieces may be based on a tune

played in the low register, with accompanying chords placed above (Fig.4.15).

Figure 4.15: Beginning of Scriabin’s Prelude Op.17 No.4

In rarer cases, the melodic line meanders in the middle of the texture.

Thus, in order for the melody to be perceived through the accompaniment,

the composer has to rely on psychoacoustic factors that prevail over pitch.

For example, the melody may be heard over a quasi-static background of

repeated chords (Fig.4.16) – note the melody in the right hand, in coloured

Figure 4.16: Beginning of Brahms’s Intermezzo Op.117 No.1

notes with stems down), or the melody may emerge as long held notes over

a background of rapid figurations (Fig.4.17). In this case, again the melody

is in the right hand with stems down.

Students of harmony are traditionally given a melody and asked to write a
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Figure 4.17: Excerpt of Chopin’s Etude Op.25 No.12

bass line that supports it. Once the two lines are shaped to accompany each

other well, the final step consists of filling in the inner voices to complete

the harmony. The process could be inverted, with students being given the

bass line, and asked to write an appropriate melody above it. The filling-in

of the voices, while important, is a secondary task. The implication is that

the pair melody-bass is the essential part of the exercise; there are, in fact,

many pieces that consist only of a melody at the top and a bass line at the

bottom (Fig.4.18).

Figure 4.18: Ending of J.S. Bach’s Gigue from French Suite No.3

As Whittall puts it,“The principle of a two-part texture, melody against

bass with inner parts providing homophonic or imitative richness, was the

prevalent style of the Baroque era and the fundamental nature of Classical

and Romantic music.” [101] The notion remains valid today. Schoenberg,

in his theoretical writings often referred to the bass as “the second melody”.

This suggests that extracting the melody and bass lines is a way of encapsu-

lating something essential in a large proportion of pieces.

4.4.2 Melodies in music research

As might be expected, a considerable part of all music research has been done

on melodies. Apart from the intrinsic interest generated by melody, it is easy
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to deal with files comprising one note at a time, which can be done on the

basis of MIDI or sound files, and there are a number of folk song collections

available for analyses. The measurements done on melodies are generally

appropriate to the material the researcher is working with. Typically, for a

study working with folk song styles, variables which reflect the melodic form

– such as contour, range, or phrase length – capture valuable information.

This does not mean these would be meaningful variables in this study,

however. Contour and phrase length, in general, fall outside the perceptual

present. Contour is generally treated as a categorical variable, and a num-

ber of classes that encapsulate the available examples are considered. This

is clearly meaningful for the classification of folk songs, but it is very dif-

ficult to imagine that it would be a significant factor for tonal music style

differentiation.

Likewise, the relevance of range is obvious for folk songs, but is clearly

not as meaningful for keyboard music. Other than the small changes expe-

rienced during the development of the piano (mainly before 1825), its range

has remained stable for about two centuries. Whilst the low and high ex-

tremes of the keyboard are used often for special effect, such use is hardly a

feature of a composer’s vocabulary. The pitch range is largely independent

of the style, and is determined mostly by the fact that the keyboard notes

used with preference are those within easy reach of the performer’s hands,

tapering off to both ends of the keyboard, as the histogram of keyboard

pieces demonstrates. As a typical example, Fig.4.19 shows the distribution

of the accumulated durations for the keyboard keys in Handel’s Sarabande

from Suite 16.

By and large, melody-centered studies take, for each individual piece or

sample, a number of variables such as pitches or durations, and obtain some

of their corresponding descriptive statistics for the piece, generally range,

mean and standard deviation.

Descriptive statistics of pitches are very problematic measures. In the

case of folk songs or nursery rhymes, that is, material that can be expected

not to modulate, it is possible to transpose all works to C major or A minor,

thus ensuring that pitches coincide with the functional scale degrees. In our

case this is not possible because every piece modulates. As explained before,

ignoring modulations would lead to the accumulation of values corresponding
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Figure 4.19: Histogram of the accumulated durations for the keyboard keys
in Handel’s Sarabande from Suite No.16

to mixed harmonic functions, thus confounding the results.

Durations convey the rhythm aspect of melodies, whose importance should

not be dismissed. It has been shown that people are better at identifying a

song from hearing its rhythm tapped than from hearing its pitches played as a

succession of equal durations [101]. Therefore, consideration of the durations

could pertain to the study of rhythm. However, it is legitimate to question

what valuable information could be obtained by considering the descriptive

statistics of the durations of the melody notes of a piece, and how likely it is

that they would turn out to be meaningful stylistic parameters, particularly

in view of Fraisse’s observation, quoted in section 4.3.5.

4.4.3 Melody-related measurements

This subsection considers the possible ways of operationalizing melody for

measurement and their feasibility, concluding that it is impossible to auto-

matically extract the melody or the bass in keyboard music.

With the key being available as a point function, if the melody was iden-

tifiable it would be possible to measure the frequency of use of the scale

degrees of the melody or, better still, their accumulated durations. It would
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be possible to extend this measurement to count the number of scale-degree

transitions, or to identify sequences of a few notes and count instances of

their repetitions. However, quickly the number of classes combinatorially

increases beyond manageable, making it an impractical feature to measure.

Therefore, measurements in this project have been limited to scale degrees

duration and transitions.

In instrumental music, the texture is frequently made of a number of in-

tertwined melodic lines – a feature referred to as counterpoint. This trend

reached its apex in the Baroque fugue. Perhaps because it is a demonstra-

tion of skill, composers of subsequent periods, to varying extents, have been

inclined to include fugues in their works. Thus, it seems that ideally melodic

measurements could be carried out on each of the instrumental ‘voices’. In

order to do so, the individual lines must be capable of being disentangled.

Unfortunately, this is not usually the case. Even in the music of the most

dedicated contrapuntist, J.S. Bach, it is not always possible to separate the

voices, for example in his Fugue BWV 549/2 [52]. Further, while in cham-

ber or symphonic music individual lines are real in the sense that they are

played by separate instruments, in keyboard music such ‘voices’ exist only

in the mind of the composer and, especially after the mid 18th century, they

tend to appear and vanish as a matter of convenience. Hence, measuring

counterpoint lines in keyboard scores of the whole common period is gener-

ally unfeasible.

As counterpoint lines are beyond disentangling, it was necessary to ap-

proach the materials – whatever their contrapuntal status – following the

principle of a two-part texture, that is, considering the database pieces to be

basically accompanied melodies. Consequently the problem became how to

operationalize the melody and the bass.

Both the principle of a two-part texture and the practice of species coun-

terpoint suggest that melodies move at a higher rate than the bass. Typically,

the harmony remains unchanged for the whole measure or at most changes

just once. If the bass is linked to the harmony, only a few bass notes could be

expected per measure, whereas each measure will normally have numerous

melody notes. A good proportion of keyboard pieces conforms to this model.

If this were the general case with just few exceptions, it would have been

practicable to extract melody and bass from structural characteristics.

There are, however, many pieces that do not follow this pattern, which
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suggests it might be better to treat melody and bass in similar way. For

example, it is quite usual for the right hand, at least in some sections, to

play the harmony while the left hand takes the melody to the low register.

In beginner’s books, e.g. Schumann’s Album for the Young, instances of this

practice are inevitably accompanied by a footnote telling the student that

the melody has been given to the left hand, which has to be given more em-

phasis than the right. The explanation leaves little doubt that this was seen

as a reasonable directive. Consider now the following example (Fig.4.20);

Figure 4.20: Excerpt from Weber’s Sonata Op.39 2nd mov.

In this passage it is apparent that each hand plays a transposed imitation

of what the other hand has just played. The second half of each measure

follows the ‘normal’ pattern whereas the first part seems to reverse it. In

most such cases, as the composer did not explain what was considered to be

‘the melody’, is it justifiable to decide that the composer must have conceived

the succession of shorter notes as the melody, whatever hand it is assigned

to? Are there alternative points of view? For example, while writing a piece

whose melody contains a long note or rest, it is habitual for the composer

to fill the gap by shaping the accompaniment as an imitation of the melodic

motive, often referred to as a ‘countermelody’. Thus, the countermelody

would give the appearance of the melody turning up in the left hand, although

the composer’s intention was simply to provide a textural filler.

Therefore, the appearance, in the bass or an internal voice, of material

closely resembling the melody is not grounds enough to consider it has to

be conceptualized as such. The reason composers use such confounding re-

sources is practical: the inherent symmetry of a human body sitting in front

of a keyboard, with the hands in symmetrical positions, suggests in itself that

both hands move as mirror images. This is a feature that can be observed in

innumerous keyboard works in which both hands take turns to play similar

143



4. Feature measuring methods

figurations. An obvious example is Handel’s Air and Variations from Suite

No.5, where the first and third variations assign a certain figuration to the

right hand while the left accompanies it, and the second and fourth varia-

tions reverse this pattern. There is a large number of pieces where bass and

melody lines are very similar in regard to the number of notes per measure,

range and structure.

Figure 4.21: Beginning of Beethoven’s Moonlight Sonata

In addition, while the melody generally consists of the fastest changing

top notes, there are multiple examples in the keyboard literature where what

the right hand plays can hardly be considered a ‘melody’.

Figure 4.22: Weber’s Sonata Op.39 2nd mov, measures 65-7

Figure 4.23: Beginning of Schubert’s Impromptu Op.90 No2
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Among the most typical of these are pieces consisting of slowly changing

repeated arpeggios (Fig.4.21), fast figurations providing a background to a

slower melody in the bass (Fig.4.22) and filigrees made of arpeggiated chords

or just scales (Fig.4.23).

Figure 4.24: Weber’s Sonata Op.39, 2nd mov, measures 82-84

It is similarly easy to find examples where the bass line is of similar

nature to the melody or does not seem to provide a clear harmonic basis for

the music (Fig.4.24).

For someone who believes that music is primarily a melody with accom-

panying chords, these examples are a challenge because they show hardly

any melody or accompanying chords.

As has been mentioned, a basic tenet of this study is the avoidance of

subjective judgments, which lead to the rejection of structural analysis. Mea-

surements have to be related to perceptual elements of the music. Variables

have to be operationalized. Algorithms implemented as a result need to

identify events and measure them. The design of algorithms has to be as

elaborate as the rules they have to portray. Unfortunately, the perception of

melody is linked to psychoacoustic principles and there does not seem to be

any valid strategy to create an algorithm to unequivocally identify it. Witthal

[101] states that in the early 20th century, “texture and colouring became

so elaborate that Schoenberg had to notate for performers - and through

them make clear to his listeners -, just which part in the score carries the

‘melody’ at any point, with the indication Hauptstimme or main part.” This

makes apparent that there is no way that the ’melody’ can be extracted by

an objective criterion.

Tempting as it is to yield to perception and individually intervene in cases
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where the melody can be extricated by ear from the texture, this is a path

that cannot be followed without betraying the essential philosophy of the

project. It is preferable to admit that the identification of the top-pitched

notes with melody has a limited validity, and as a consequence, in some cases

the measurement of the line of top notes would result in poor measurements

of the perceived melody. Those particular cases do not justify a reversion

to structural analysis because the perception of a melody is a psychological,

not analytical, fact.

In view of these considerations, the conclusion is that it is impossible

to determine in non-analytical ways what the melody or even the bass are

in a good number of keyboard pieces. Instead of abandoning the attempt,

however, I decided to operationalize the top and bottom-pitched notes in

each slice instead of the melody and bass respectively. In many cases, these

pairs of variables will coincide with melody and bass and in many others

they will not. The advantage of this tactic is that it measures a feature that,

even if cannot always be identified with the melody, still serves as a useful

stylistic parameter.

In addition, as has been noted above, the two-part texture is a feature

of the music of the common period. Thus, the abundance of successions of

top-pitched notes that do not conform to ‘melodic’ expectations, and of bass

lines that do not seem to obviously support the harmonies, points to a kind

of functional equivalence of top and bottom-pitched lines, suggesting that

both successions could justify being measured on the same basis.

Therefore, the measurements of ‘melody’ in this study comprise the accu-

mulated durations of scale degrees for both the top-pitched and the bottom-

pitched lines respectively. They will be referred as melody and bass for con-

venience, without making claims of equivalence the usual definitions of the

these terms. The only inconvenience that these measurements may present is

the fact that scale degrees, ‘melody’ and ‘bass’ as operationalized, are three

measures that have a lot in common, which in terms of statistics means that

they probably exhibit a high degree of co-linearity. This poses a problem for

multivariate statistics, as will be discussed in section 6.1.

From time to time, melodies and bass lines are interrupted by rests. The

natural way to take them into account would be to avoid counting transitions

that happen across rests. The difficulty here is that doing so requires being

able to determine whether a particular rest is interrupting the melody or the
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bass.

Figure 4.25: Beethoven’s Sonata Op.10 No.3, 2nd.mov, Beginning of Trio

This would be trivial if the music consisted of melodic material written

in the top staff and bass material in the bottom staff. Unfortunately, this

cannot be assumed in general. It is also quite common that one hand contin-

ues to play repeated figurations in the same spot while the other hand jumps

alternatively above and below the first (Fig.4.25).

In addition, all too often printed editions consider the grand staff not as

a conveniently moving frame but as a fixed window placed over the center

of the keyboard, so that when the two hands move to the lower regions, the

right hand line drifts to the bottom staff, leaving the top staff devoid even

of rests, and vice-versa (Fig.4.26).

Figure 4.26: Excerpt from the Finale of Weber’s Sonata No.4 Op.70

Therefore, it cannot be assumed that rests located in a certain staff are

assigned to the melody or the bass. Rests are examples of elements relatively

neglected by the notation system. While most composers had been normally

mindful of the number and disposition of the voices, scores do not exhibit

similar care about rests. When the texture is thinned by the disappearance

of one voice, quite often the corresponding rests are omitted in the printed
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edition. In addition, rests lack stems, so even if they are included, it is often

not possible to determine what voice they correspond to.

The algorithm devised for this study chooses the notes that are highest

and lowest in pitch in each slice. However, in cases where the texture is

made up of just two lines, the presence of a rest causes the momentary

disappearance of one of them, which leads the algorithm to choose the same

note for both the top and the bottom notes. There is simply no non-analytic

way to determine in such cases whether the rest corresponds to one or the

other.

In this case, it was necessary to adopt a non-symmetrical rule. Following

the notion that, in keyboard music, a single melodic line is the irreducible

minimum of music, I decided that whenever the texture reduces to a single

voice, it would be identified as the ‘melody’ irrespective of its register, i.e.,

the ‘bass’ would be considered missing.

To sum up, due to the impossibility of disentangling the melody from

keyboard music, this study considers the pieces on the basis of the two-part

texture principle, operationalizing the top and bottom lines as a practical

approximation to the measurement of melody and bass. The results are the

frequencies of use of each scale degree forming part of the top and bottom

lines. These numerical results consist of two vectors of 24 components for

each piece of the database, one for the top line and another for the bottom

line.

This concludes the discussion of feature measuring methods in this re-

search. The following chapter discusses the data obtained from the measure-

ments.
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Data

The feature measuring methods discussed in Chapter 4 applied to the database

produced a series of numerical results for the operationalized features. This

chapter presents these numerical results, which constitute the data for the

analyses to be dealt with in the next chapter.

5.1 Feature measurements

This section summarizes the measurements carried out in the areas of tonal-

ity, harmony, rhythm, melody plus the entropies.

5.1.1 Key-related measurements

Section 4.1 introduced the modulation and intermodal indexes. For illustra-

tion, part of the program output for Handel’s Sarabande from Suite No.16

(score in Fig.4.14), is shown below.

Sarabande (from Suite No.16)

G.F.Handel

Global Key: G minor

___________________________

______Key changes map______

0 G minor

8 Bb major

17 G minor
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32 D minor

42 G minor

51 Bb major

63 G minor

78 D minor

94 Bb major

110 G minor

145 End

______________________________

________Key transitions_______

Bb major - G minor 0

G minor - Bb major 0

G minor - D minor 1

D minor - Bb major 1

D minor - G minor 1

Tonal distance: 3

Intermodal distance: 3

___________________________

Total duration: 2470

Total duration Major: 732

Total duration minor: 1738

Divisions: 8

Modulation index: 0.97165991902834

Intermodal index: 0.97165991902834

___________________________

The numbers on the left of the Key changes map indicate the slice numbers

where the new keys appear. The numbers on the right of the Key transitions

list are the tonal distances between the keys. The distances indicate that in

this case there are three non-null key changes (G minor to D minor, D minor

to B[ major and D minor to G minor) as well as three inter-mode transitions

(B[ major to G minor, G minor to B[ major and D minor to B[ major).

The values of the two indexes are given by equations (4.1) and (4.2), which

for this piece turned out to be equal.

The intermodal index and the modulation indexes are scalar variables

expected to be useful in characterizing the pieces from the tonal point of

view. For this database, the range of the values for the intermodal index goes
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from 0.134 to 8.219 whereas the modulation index varies from a minimum of

0.283 to a maximum of 45.205.

Another key-related variable measured was the global average dot prod-

uct, whose values were calculated by another program. The data revealed

a historical trend for this value to decline from the early Romanticism on,

which suggested the possible interest of evaluating this scalar parameter as

a further measurement of tonalness. The range of its values in the database

extends from a minimum of 560 to a maximum of 2022.

5.1.2 Harmony measurements

This section presents the measurements carried out on harmony. They com-

prise the frequencies of vertical sonorities in themselves as well as when com-

bined with their functional roles.

5.1.2.1 Vertical sonorities

The first extracted feature for each piece was the accumulated duration of

each of the vertical sonorities appearing in the piece comprising four notes or

less. Thus, they include all the sonorities which an analyst would consider as

the accidental result of the movement of the voices – one example of which,

for the sonority C −D − E[, has been shown in Fig.4.6. Hence, each piece

yielded values for 69 variables, corresponding to all the possible combinations

from monads to tetrads. Fig.5.1 is a logarithmic plot of the weighted average

of the durations for each sonority for the whole database: on the ‘x’ axis,

from left to right, the first dot corresponds to monads; the next six to the

dyads; the following 19 to the triads and the remaining 43 to the tetrads. The

numbers under the ‘x’ axis are the corresponding Mason codes. The chords

with names are labeled at the top. A trendline has been drawn through

the centroids of the dyads, triads and tetrads showing a seemingly linear

decrease from left to right, implying an approximately exponential decay in

the frequency of use.

The problem with this feature is that the majority of the variable values

are zero. It is apparent that composers use a limited repertoire of sonorities,

restricted primarily to those few chords that, as a consequence, have been

given names in harmony. Notice in Fig.5.1 that, in general, the chords with

names are the most used, the French 6th being a notable exception. There
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Figure 5.1: Relative frequency of use of vertical sonorities
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are only five triads with no name which have a comparable level of use. Of

these, four can be considered as incomplete forms of the most usual tetrads,

which perhaps explains their presence:

• 7 F - G - C

• 11 C - D - F incomplete D-F-A-C (minor 7th, 5th omitted)

• 13 D - F - G incomplete G-B-D-F (major-minor 7th, 3rd omitted)

• 49 E - F - A incomplete F-A-C-E (major 7th, 5th omitted)

• 81 F - A - B incomplete B-D-F-A (half-diminished 7th, 3rd omitted)

Of the remaining sonorities, twenty do not reach 0.1% of the frequency of

use of single notes. It does not seem justifiable to consider such sonorities

as variables. It could be argued that most of them are playing the role of

‘harmonic noise’ as they happen for accidental reasons. Therefore, I decided

it would be more valuable to take as variables only those sonorities that have

been given a name, under the assumption that they had been purposely

written by the composer.

5.1.2.2 Functional harmonic measurements

In Section 4.2 it was argued that more than just the frequency of use of

sonorities, what is important is their functional use. The algorithm developed

for measuring this functional use, applied to particular pieces, yields the

frequency distribution for each of the different combinations of harmonies

and functions. This means there is a matrix of data for each piece.

For each of the successive slices, the algorithm identifies kind of sonority,

Mason’s code, and its reduction to characteristic form and ’k’, the number

that related the different harmonies for each sonority to one another (see

4.2.4). These are shown in the program output, preceded by slice number,

measure number, and key, and followed by the list of notes and the slice

duration expressed in ‘divisions’.

For example the following is the output corresponding to the first four

measures of Handel’s Sarabande from Suite 16:

Sarabande (from Suite No.16)

--------------------------------------
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0 1 G minor triad 2060 = 25 k = 11 D G Bb 16

1 1 G minor triad 146 = 73 k = 1 C F# A 6

2 1 G minor tetrad 150 = 75 k = 1 C F# G A 2

3 2 G minor triad 2060 = 25 k = 11 D G Bb 24

4 3 G minor triad 1030 = 25 k = 10 C Eb G 8

5 3 G minor tetrad 1043 = 77 k = 10 C Eb F A 8

6 3 Bb major triad 2057 = 19 k = 11 D F Bb 6

7 3 Bb major triad 3073 = 7 k = 10 Eb F Bb 2

8 4 Bb major triad 19 = 19 k = 0 C F A 24

At the end of the piece, the program shows separate summaries for major and

minor, indicating for each harmony and function, its kind, Mason’s character-

istic code, function, and accumulated duration in divisions and percentage:

__Summary Major__

minor 3rds (9) supertonic ( 2) 20 7.35

minor 3rds (9) submediant ( 3) 20 7.35

minor 3rds (9) mediant ( 4) 16 5.88

major 3rds (17) tonic ( 0) 16 5.88

major 3rds (17) subdominant ( 11) 4 1.47

major triads (19) tonic ( 0) 36 13.23

major triads (19) dominant ( 1) 80 29.41

major triads (19) supertonic ( 2) 8 2.94

major triads (19) submediant ( 3) 16 5.88

major triads (19) subdominant ( 11) 8 2.94

minor triads (25) mediant ( 4) 4 1.47

major 7ths (51) tonic ( 0) 4 1.47

other 8 2.94

other 12 4.41

other 20 7.35

Total Major 272 99.96999999999997

__Summary minor__

fourths (3) tonic ( 0) 14 2.36

fourths (3) mediant ( 9) 4 0.67

minor 3rds (9) tonic ( 0) 3 0.5

minor 3rds (9) supertonic ( 2) 20 3.37

minor 3rds (9) subdominant ( 11) 13 2.19
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major 3rds (17) dominant ( 1) 24 4.05

major 3rds (17) submediant ( 8) 4 0.67

major 3rds (17) mediant ( 9) 8 1.35

major triads (19) tonic ( 0) 16 2.7

major triads (19) dominant ( 1) 52 8.779999999999999

major triads (19) submediant ( 8) 20 3.37

major triads (19) mediant ( 9) 8 1.35

minor triads (25) tonic ( 0) 144 24.32

minor triads (25) subdominant ( 11) 45 7.6

Italian 6ths (69) subdominant ( 11) 40 6.75

diminished triads (73) supertonic ( 2) 14 2.36

diminished triads (73) raised submediant ( 3) 8 1.35

diminished triads (73) raised subtonic ( 5) 28 4.72

diminished triads (73) submediant ( 8) 4 0.67

major-minor 7ths (77) subtonic (10) 16 2.7

major-minor 7ths (77) dominant ( 1) 4 0.67

major-minor 7ths (77) tonic ( 0) 4 0.67

augmented triads (273) dominant ( 1) 8 1.35

other 21 3.54

other 5 0.84

other 48 8.1

other 12 2.02

other 13 2.19

Total minor 592 99.85999999999999

These results can be shown in a tridimensional graphic, Fig.5.3, showing on

the vertical axis the accumulated durations, over a horizontal grid (shown in

Fig.5.2) whose width represents the 12 functions for both major and minor

modes – left and right halves respectively – in which the functions have

been rotated in order to leave the chromatic degrees on the periphery, while

the depth represents the 19 vertical sonorities (including single notes). The

‘other’ category is an umbrella for the remaining verticals sonorities, if any.

According to these results, each piece is represented by a 20 x 24 matrix

of data (Fig.5.2). Moreover, the matrix is sparse, as many chords are seldom

used, and even those that are, do not appear in most of the possible functions.

This limits the usefulness of those variables, in a similar way to that discussed

in relation to sonorities.
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Figure 5.2: Grid for representation of harmonies

More importantly, introducing a matrix variable creates a large number

of components – 456 in this case – with the additional inconvenience of the

high proportion of zeros among them. If too many of the sonority/function

combinations are not worth considering as variables, a possible option is,

instead, to collapse the columns and the rows of the matrix. This procedure

creates two vector variables for each piece – the ‘vertical’ view of the matrix

corresponding to the accumulated frequency of the sonorities, and the ‘hori-

zontal’ view corresponding to the accumulated frequency of the functions.

In this way, the measurements of harmony become two vectorial variables,

the 38-component accumulated frequency of the sonorities with a name, and

the 24-component accumulated frequencies of the functions.

5.1.3 Rhythm-related measurements

In Section 4.3, rhythm was conceptualized by measures related to its three

main dimensions – beat rate, accent and pattern – resulting in the measure-
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Figure 5.3: Harmony frequencies for Handel’s Sarabande from Suite 16

ment of four variables: beat rate; number of onsets per measure; and two

indexes related to the variability of the pattern, between-measure variability

and within-measures variability indexes. These measurements were carried

out according to the formulas (4.4) and (4.5) respectively, obtaining four

scalar variables per piece.

5.1.4 Melody and Bass-related measurements

According to the considerations in Section 4.4, the melody and bass-related

measurements were operationalized as the accumulated frequencies of the

scale degrees occupying the top and bottom positions in each slice. These

were done separately by mode, thus obtaining, for each one of the pieces, two

24-component vectors corresponding to ‘melody’ and ‘bass’. As expected, the

values fluctuate for the different scale degrees but are consistent with the use

of scale degrees throughout in that in both modes the vectors show their

maximum for the dominant followed by the tonic.
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5.1.5 Entropy-related measurements

In the last half-century there has been a tradition [102][47][92] of thinking

that styles could be detected by measuring entropy. Attempts to put this

in practice – except for one recent example [63] – have generally been based

on melodies, but their results have been inconclusive. Since not enough is

known about the ways in which creativity operates, probably the underlying

assumption behind these efforts has been the unconscious notion of constru-

ing composers as biased random noise generators. It might also be arguable

that an individual composer’s degree of bias could vary along different aspects

of music – e.g. a hypothetical composer could perhaps write idiosyncratic

melodies while clinging to traditional harmonic practices. Therefore, it was

worth investigating whether the joint consideration of the entropy of a wide

range of musical parameters could possibly be used to characterize the style

of particular composers.

There is an additional advantage of using entropy. In this project, several

measured features of musical pieces were vectors. In those cases, the entropy

conveniently encapsulates the information for each piece into a single scalar.

Consequently, it was possible to calculate the entropy of the frequency of use

of scale degrees, melody, bass, sonorities and harmonic functions. In each

case separate values were obtained for major and minor modes.

5.2 Measured variables

The result of applying the measurement algorithms to the database was a

large number of numerical, continuous variables. As the measurements were

carried out by software, there were no missing values, and the level of noise

was very low, as the only sources of errors are related to the scores – that

is, mistakes in the scores themselves or undetected errors in the conversion

process from score to musicXML files – as well as possible undetected bugs

in the implementation of the algorithms.

The measured variables are listed below. The subsection where they were

described is mentioned when applicable. They comprise several groups:

(a) A group of three scalar variables related to key

• Global average dot product (4.1.3)

• Modulation index (4.1.5)
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• Intermodal index (4.1.5)

(b) A group of four scalar variables related to rhythm

• Beat rate (4.3.3)

• Number of onsets per measure (4.3.7)

• Within-measure variability index (4.3.7)

• Between-measure variability index (4.3.7)

(c) Scale degrees

The accumulated frequencies of the degrees of the chromatic scale in major

and minor mode constitute a 24-component vectorial variable. Its compo-

nents are:

I Major I minor

]I-[II Major ]I-[II minor

II Major II minor

]II-[III Major III minor

III Major ]III-[IV minor

IV Major IV minor

]IV-[V Major ]IV-[V minor

V Major V minor

]V-[VI Major VI minor

VI Major ]VI-[VII minor

]VI-[VII Major VII minor

VII Major ]VII-[I

(d) Sonorities1

Sonorities measure the accumulated values for the frequencies of single

notes and each of the combinations of 2, 3, and 4 simultaneous notes in major

and minor modes. These could be considered as two 69-component vectorial

variables. The numbers appearing in the component names are the reduced

Mason codes. When a triad or tetrad has a harmony name, this is appended

at the end. In tables, these variable names are abbreviated: M = Monad; D

= Dyad; T = Triad; Te = Tetrad.
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1Monad Triad137 Tetrad135

3Fourth Triad145 Tetrad139

5Major2nd Triad273augmented Tetrad141

9minor3rd Tetrad15 Tetrad147

17Major3rd Tetrad23 Tetrad149

33minor2nd Tetrad27minor7th Tetrad153

65Tritone Tetrad29 Tetrad163

Triad7 Tetrad39 Tetrad165

Triad11 Tetrad43 Tetrad169

Triad13 Tetrad45 Tetrad177

Triad19Major Tetrad51Major7th Tetrad195

Triad21 Tetrad53 Tetrad197

Triad25minor Tetrad57 Tetrad201

Triad35 Tetrad71 Tetrad209

Triad37 Tetrad75 Tetrad275

Triad41 Tetrad77majorminor7th Tetrad277

Triad49 Tetrad83 Tetrad281minormajor7th

Triad67 Tetrad85 Tetrad291

Triad69Italian6th Tetrad89halfdiminished7th Tetrad293

Triad73diminished Tetrad99 Tetrad297

Triad81 Tetrad101 Tetrad325French6th

Triad97 Tetrad105 Tetrad329

Triad133 Tetrad113 Tetrad585diminished7th

(e) Sonorities2

The original measurements yielded a matrix of data for each case, cor-

responding to the accumulated frequencies of each combination of sonority

and function. Collapsed along files and columns, this matrix gave rise to two

vectorial variables:

(e1) Harmonies

This is a 36-component vector comprising the accumulated frequencies of

the sonorities given a name in harmony. The names appear in brackets on

the right:

33Major 33minor (minor 2nd)

5Major 5minor (major 2nd)
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9Major 9minor (minor 3rd)

17Major 17minor (major 3rd)

3Major 3minor (4th)

65Major 65minor (tritone)

69Major 69minor (Italian 6th)

73Major 73minor (diminished triad)

25Major 25minor (minor triad)

19Major 19minor (major triad)

273Major 273minor (augmented triad)

51Major 51minor (major 7th)

89Major 89minor (half-diminished 7th)

325Major 325minor (French 6th)

27Major 27minor (minor 7th)

77Major 77minor (major-minor 7th)

281Major 281minor (minor-major 7th)

585Major 585minor (diminished 7th)

(e2) Harmonic functions

The 24-component variable comprising the accumulated frequencies of

the Functions performed by the different sonorities:

SubDominantMajor SubDominantminor

TonicMajor Tonicminor

DominantMajor Dominantminor

SuperTonicMajor SuperTonicminor

SubMediantMajor LoweredSubTonicminor

Mediantmajor LoweredSubDominantminor

SubTonicMajor Loweredtonicminor

RaisedSubDominantMajor Lowereddominantminor

RaisedTonicMajor LoweredSuperTonicminor

RaisedDominantMajor SubMediantminor

RaisedSuperTonicMajor Mediantminor

RaisedSubMediantMajor SubTonicminor

(f) Melody and Bass

In the same manner as the scale degrees variable, the accumulated fre-

quencies of the scale degrees appearing at the top and the bottom of the
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texture constitute two 24-component vectorial variables, whose components

correspond to:

Tonic Major tonic minor

Raised tonic Major lowered supertonic minor

Supertonic Major supertonic minor

Raised supertonic Major mediant minor

Mediant Major lowered subdominant minor

Subdominant Major subdominant minor

Raised subdominant Major lowered dominant minor

Dominant Major dominant minor

Raised dominant Major submediant minor

Submediant Major lowered subtonic minor

Raised submediant Major subtonic minor

Leading tone Major lowered tonic minor

(g) Entropies

These are 10 scalar variables corresponding to the entropies of the scale

degrees, bass, melody, harmonies and functions, in major and minor modes:

ScaleDegEntropyMajor ScaleDegEntropyminor

BassEntropyMaj BassEntropymin

MelEntropyMaj MelEntropymin

HarmEMaj HarmEmin

FunctEMaj FunctEMin

(h) Transitions

The measurements carried out included four sets of transitions: those

between sonorities, melody scale degrees, bass scale degrees and harmonies –

i.e. combinations of sonorities and functions, as described in section 5.1.2.2.

The first three are bi-dimensional matrices and the last a tridimensional

matrix. Apart from the conceptual difficulties of interpretation caused by

mixing tensors of diverse orders, if their components are taken as independent

scalars, they comprise an unmanageable number of variables. For example,

there being 19 different named sonorities which can perform 24 functions,

each one of the resulting 456 combinations could transition to all the other

455, thus providing values for 207,480 counters, the overwhelming majority of

which are zero. These would constitute a very sparse tridimensional matrix.

Moreover, this number of variables would overwhelm the 297 cases in the
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database. It is a usual requirement of statistical studies to have a number of

variables much smaller than the number of cases. These difficulties resulted

in transition data not being used. This is particularly regrettable because one

very important topic in harmonic theory is the classification of the frequency

of use of two-chord progressions into ‘usual’ and ‘unusual’, which suggests

that this variable is highly relevant to the characterization of style.

For illustrative and labeling purposes only – i.e. not for use in clas-

sification or clustering –, the year of composition – or if unavailable, the

publication date – of each composition has been added.

5.3 Exploratory analyses

This is an observational study, akin to a survey, i.e., there are no experi-

mental independent variables. The set of measured features makes up for

a very complex dataset, and there is not a pre-existing model for the phe-

nomenon they measure. As will be more extensively discussed in Chapter 6,

there are two general methods for data analysis. The first is the traditional

one in multi-variate statistics: use principal component analysis in order to

reduce dimensionality and take the most important components as the con-

ceptual dimensions of the model for the phenomenon. This approach has

given excellent results in the past, provided that the variables obey a linear

model and comply with a series of requirements about their distribution and

inter-relationships. Pre-screening of the variables is mandatory in statistics

in order to establish the viability of the intended analyses,and is carried out

in the next subsection. The second method is a more recent development,

machine-learning, which provides unsupervised training algorithms that can

detect structure and suggest a model, albeit with the interpretive handicap

of a black box approach. There are a number of such algorithms for which

there are available software implementations. By and large, the latter are

more flexible, can handle many predictor variables – up to several thousand

– are nonlinear and nonparametric, and generally outperform the former,

with different algorithms giving better results than others depending on the

nature of the data. In what follows, both approaches were tried, beginning

with a general consideration of the measured variables.
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5.3.1 Data screening

The numerical data obtained from the scores were subject to the standard

pre-analysis screening procedures detailed in the following subsections.

5.3.1.1 Key-related variables

Descript. LogIntermod LogModulindex Z(SqGlobalDotProd
N 289 292 297
Mean 0.384 1.385 0.000
Variance 0.455 0.724 1.000
Skewness -0.365 -0.109 -0.771
Kurtosis 0.487 -0.059 0.863

Table 5.1: Descriptives for Key-related variables

Figure 5.4: Histogram for Log intermodal index

The three variables are approximately normally distributed, but the in-

termodal and modulation indexes are positively skewed. In order to improve

their distributions, transformations were used: Logarithm for both indexes,

and square root for the normalized global average dot product, as shown in

Table 5.1. The histograms of these variables is illustrated in Figs.5.4 to 5.6.
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Figure 5.5: Histogram for Log modulation index

Figure 5.6: Histogram for Sqrt global average dot product
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It is also interesting to observe the historical evolution of these indexes,

and Figs.5.7 to 5.9 illustrate their chronological variation. In all three cases,

the indexes have a relatively stable value for the 18th century, and then

tend to fan-out, rising until the beginning of the Great War. Top values

for the intermodal index correspond to Shostakovich’s Prelude Op.34 No5,

Ravel’s Ondine and Satie’s Gnossienne No.6, and for the modulation index,

to Prokofiev’s Visions Fugitives Op.22 No5, Shostakovich’s Prelude Op.34

No5 and Fauré’s Impromptu No.5.

Figure 5.7: Historical scatterplot for intermodal index

The values of the global average dot product, unlike the other two, tend

to drop in time, and the lowest values correspond to Prokofiev’s March

Op.3 No.3, Bartók’s Suite Op.14 No4 and Satie’s “Seul a la Maison” from

Véritables Préludes Flasques, near the boundary of atonality.

The graphics for the transformed variables reveal a mild increasing his-

torical trend for both the modulation and intermodal indexes.

5.3.1.2 Rhythm-related variables

The distribution of the four variables was positively skewed and it was neces-

sary to transform them. Square root was used for the within-measures index,

and logarithms for the others. Table 5.2 shows both the descriptive statistics

values for the original variables and the transformed ones.
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Figure 5.8: Historical scatterplot for modulation index

Figs.5.10 to 5.13 show the histograms for the transformed variables.

The beat rate is a salient perceptual feature, and one quite important

for the characterization of the rhythm of a piece. But most composers have

written pieces covering the range from Largo to Presto, thus the beat rate

was not be expected to measure a peculiarity of anyone’s style.

Figure 5.9: Historical scatterplot for Sqrt global average dot product
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Variable N Valid Mean Variance Skewness Kurtosis
Beat Rate 297 118.3600 5904.5690 1.7980 4.0060
Onsets 297 16.1876 64.051 1.554 3.475
Within 297 6.6055 18.229 1.307 2.099
Between 297 1.2786 1.233 1.887 4.415
Log Beat 297 4.6000 0.338 0.227 -0.292
Log Ons. 297 2.6776 0.210 0.168 -0.237
SqWithin 297 2.4443 0.633 0.470 0.037
LogBetw. 297 -0.0346 0.125 0.062 -0.610

Table 5.2: Descriptives for rhythm-related variables

Figure 5.10: Histogram for Log beat rate

Somewhat unexpectedly, the historical variation of the these variables

shows a pattern similar to the Key-related variables, fanning out from an-

cient times to the beginning of the 20th century. The three pieces with high-

est number of onsets per measure are Ravel’s Ondine, Scriabin’s Etude Op42

No.5 and Rachmaninov’s Etude-Tableau Op39 No.5. The within-measures

variability index reaches its peak in two menuettos by Ravel, i.e., his Menuet

on the name of Haydn and the second movement from his Sonatina. The high-

est between-measures variability index corresponds to Debussy’s Danseuses
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Figure 5.11: Histogram for onsets per measure

Figure 5.12: Histogram for Sqrt within

de Delphes. Figs. 5.14 to 5.16 show the scatterplots in relation to Date.
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Figure 5.13: Histogram for Log between

Figure 5.14: Historical scatterplot for onsets per measure

5.3.1.3 Scale degree components

The most important conclusion of a previous study [3] was that what charac-

terizes tonal music is the consistency in the frequency of use of the different

scale degrees. This is a remarkable peculiarity. Composition students are
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Figure 5.15: Historical scatterplot for within-measures index

Figure 5.16: Historical scatterplot for between-measures index

never told how to write tonal music. They are supposed to absorb it from

their enculturation. Naturally, the frequency of use of the different scale de-

grees has varied historically, but it is amazing that the variation has been

so insignificant. The joint consideration of the historical changes among the

different scale degrees leads to the conclusion that the proportion of use of

the most frequent of them – V, I – tends to remain stable whereas the use

of the least frequent of them – I], IV ] – tends to increase in time. This

result coincides with the observation that there is a historical tendency for
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chromaticism to increase. Scatterplots of different scale degrees as a function

of Date bear out this observation. Fig.5.17 and 5.18 depict the values of the

tonic (I) and dominant (V), showing that there is no tendency to change in

time. Figs.5.19 and 5.20 show that the usage of I] and IV ] tends to fan-out,

in the manner of the previously considered variables, towards the early 20th

century. The distributions for the major and minor modes show essentially

the same pattern.

Figure 5.17: Historical scatterplot for the use of the tonic

Figure 5.18: Historical scatterplot for the use of the dominant
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Figure 5.19: Historical scatterplot for the use of the raised tonic

Figure 5.20: Historical scatterplot for the use of the raised subdominant

The vectorial nature of the frequency of use of the scale degrees vari-

able becomes apparent when examining the relative proportions among the

different components, which would be disregarded if taken as independent

variables, as the value of such components changes little from one piece to

another.

In order to illustrate the magnitude of those differences, Figs. 5.21 and

5.22 show the mean relative frequency of use of the scale degrees – plus and
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minus the standard deviation – in major and minor mode respectively.

Figure 5.21: Mean frequency of use of scale degrees in major mode

Figure 5.22: Mean frequency of use of scale degrees in minor mode

As the figures have been averaged over the whole of the database, they

can be considered a representative sample of the population of tonal music.

Comparing the graphics for both modes, it can be observed that the frequen-
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cies of the main tonal degrees practically coincide whereas the corresponding

modal degrees switch places. This difference is not noticeable in the case of

the subtonic because it is usually raised in the minor mode.

The distribution of the values falls in two patterns. On the one side, the

diatonic degrees tend to have a relatively normal distribution, as exemplified

by the histograms of the frequency of the mediant major and the submedi-

ant major in Figs.5.23 and 5.24 whereas the chromatic scale degrees have a

generally ‘J’-shaped distribution, as Figs.5.25 and 5.26 show.

Figure 5.23: Distribution of the mediant

Table 5.3 shows the descriptives of these components.

The values for the scale degrees with unacceptable skewness were trans-

formed using logarithms, having previously added 1 to deal with the cases

with zero frequency. Table 5.4 compares the descriptives of the original and

transformed components.

5.3.1.4 Melody and bass frequency components

These two sets of variables share most of their characteristics with the scale

degrees frequencies. They are both 24-component vectorial variables whose

distribution is clearly related to that of the scale degrees. This is not un-

expected since all three measure frequencies of use of the scale degrees, the

difference between them being that ‘scale degrees’ considers all the notes in

175



5. Data

Figure 5.24: Distribution of the submediant

Figure 5.25: Distribution of the raised supertonic
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the piece, ‘melody’ only those occupying the highest pitch, and ‘bass’ only

those occupying the lowest pitch. The comparison between corresponding

modes in Figs. 5.21 and 5.22 with Figs. 5.27 to 5.30 shows that,

• the average values for the first three, the sixth to eighth, and the last

two scale degrees essentially coincide, while

• those for the pairs 3rd and 4th, and 9th and 10th, exchange values.

Taking the values for the scale degrees as a basis of comparison between the

three variables, either in major or in minor,

• In melody, supertonic and mediant slightly rise to prominence as com-

pared to tonic, subdominant and dominant

• In bass, the opposite happens, tonic and dominant tend to predominate

to a greater extent

This means that supertonic and mediant tend to be more conspicuous in

the melody than in the rest of the texture, whereas they are less likely to

appear in the bass than elsewhere.

Figure 5.26: Distribution of the raised subdominant
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Descript. N Valid Mean Std.Dev. Skewness Kurtosis
IMajor 297 16.782 5.108 -0.105 2.418
I]− II[Major 297 1.735 1.913 1.984 6.486
IIMajor 297 10.333 3.442 -0.382 0.475
II]− III[Major 297 1.30 1.664 2.195 6.151
IIIMajor 297 15.825 3.852 0.074 2.138
IVMajor 297 9.523 3.760 0.085 1.381
IV ]− V [Major 297 2.022 1.931 2.531 12.262
VMajor 297 21.857 5.141 0.475 8.837
V ]− V I[Major 297 1.72 2.070 1.944 4.267
V IMajor 297 6.821 3.340 0.355 0.200
V I]− V II[Major 297 2.07 2.299 2.510 11.346
V IIMajor 297 9.302 2.995 -0.202 0.574
Iminor 297 17.574 5.101 -0.700 2.553
I]− II[minor 297 1.39 1.826 2.034 4.658
IIminor 297 10.718 3.680 -0.244 1.729
IIIminor 297 14.273 4.508 -0.193 1.585
III]− IV [minor 297 1.57 1.923 2.673 11.821
IV minor 297 9.315 3.640 -0.183 0.209
IV ]− V [minor 297 2.24 1.965 0.922 0.676
V minor 297 20.878 6.348 0.427 1.475
V Iminor 297 6.829 3.310 0.110 0.005
V I]− V II[minor 297 2.677 2.233 1.218 1.684
V IIminor 297 3.110 2.438 1.231 1.705
V II]− I[minor 297 7.362 3.478 0.164 0.438

Table 5.3: Descriptives for scale degree components

5.3.1.5 Sonority components

The Sonorities variable measured all the possible combinations of up to four

simultaneous notes. In major mode the major triad (19) has the highest

frequency of use followed by single notes and dyads. In minor, single notes

are the most used, followed by the minor triad (25) and dyads. The average

frequency of these sonorities in the database is shown in Figs.5.32 and 5.33.

As can be appreciated, the relevance of most of the tetrads and a good

proportion of the triads vanishes quickly, bringing into question the value of

considering them as components.

Fig.5.31 shows the frequency distribution of the sonorities – identified by

Mason’s codes – for Handel’s Sarabande from Suite No.16. Dyads plus the

major and minor triads represent almost 70% of the duration of the piece.
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Descript. N Valid Mean Std.Dev. Skewness Kurtosis
I]− II[Major 297 1.735 1.913 1.984 6.486
LogI]− II[Major 297 0.351 0.267 0.383 -0.706
II]− III[ Major 297 1.30 1.664 2.195 6.151
LogII]− III[Major 297 0.279 0.255 0.659 -.336
IV ]− V [Major 297 2.022 1.931 2.531 12.262
LogIV ]− V [Major 297 0.410 0.244 0.158 -0.192
V ]− V I[Major 297 1.72 2.070 1.944 4.267
LogV ]− V I[Major 297 0.338 0.280 0.504 -0.567
V I]− V II[Major 297 2.07 2.299 2.510 11.346
LogV I]− V II[Major 297 0.394 0.279 0.342 -0.613
I]− II[minor 297 1.39 1.826 2.034 4.658
LogI]− II[minor 297 0.286 0.270 0.676 -0.461
II]− III[minor 297 1.57 1.923 2.673 11.821
LogII]− III[minor 297 0.323 0.261 0.577 -.259
IV ]− V [minor 297 2.24 1.965 0.922 0.676
LogIV ]− V [minor 297 0.427 0.280 -0.175 -1.057
V ]− V I[minor 297 2.677 2.233 1.218 1.684
LogV ]− V I[minor 297 0.487 0.269 -0.163 -0.649
V I]− V II[minor 297 3.110 2.438 1.231 1.705
LogV I]− V II[minor 297 0.540 0.260 -0.176 -0.427

Table 5.4: Descriptives comparison for scale degree components

Unnamed harmonies account for 16% of the remainder, half of which is ac-

counted for sonorities 7 ( basic form F-G-C), whose frequency of use is over

5%, and 35 (F-C-E), with over 3%. It would not be legitimate to conceptual-

ize these two chords because the reason of their presence is probably not the

composer’s conscious choice but the accidental combination of a dyad with

a non-harmonic note.

Figs.5.32 and 5.33 show the frequency distribution of sonorities for the

complete database. The scarse weight of most tetrads is apparent. Since

their degree of presence is probably numerically related to the way composers

use non-harmonic notes, they might constitute valuable markers of style. But

there are over a hundred more, equally legitimate sonorities, whose frequency

of use approaches zero, which form a set of variables that provides little

information of use and complicate processing matters. As these figures show,

the decision to consider instead only the sonorities with a name excluded few

sonorities of non-negligible frequency. In what follows reference to these is

179



5. Data

Figure 5.27: Mean frequency of use of highest scale degrees in major mode

Figure 5.28: Mean frequency of use of highest scale degrees in minor mode

made only as “harmony components”.
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Figure 5.29: Mean frequency of use of lowest scale degrees in major mode

Figure 5.30: Mean frequency of use of lowest scale degrees in minor mode

5.3.1.6 Harmony components

Harmony is an 18-component vectorial variable, comprising the frequency of

use of each of the named simultaneous combinations of 2, 3, and 4 notes –
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Harmonies Cases Average Std.Dev. Skewness Kurtosis
M1Major 297 15.603 13.2886 1.166 1.31
D33Major 297 1.050 2.6617 9.142 116.182
D5Major 297 3.530 4.4534 3.721 25.226
D9Major 297 8.598 7.1104 1.398 3.813
D17Major 297 9.048 7.7187 1.180 1.463
D3Major 297 7.416 6.4178 1.15 1.244
D65Major 297 1.423 1.8640 1.773 3.421
T69Major 297 1.794 2.4540 2.592 10.582
T73Major 297 2.481 3.0347 1.948 5.847
T25Major 297 5.400 6.1200 2.233 7.854
T19Major 297 15.833 11.6064 0.630 0.011
T273Major 297 0.594 1.9377 5.586 37.873
Te51Major 297 1.305 2.5882 4.585 35.462
Te89Major 297 0.858 1.7504 3.853 20.392
Te325Major 297 0.212 0.9775 7.377 59.637
Te27Major 297 2.155 3.6531 3.128 16.27
Te77Major 297 3.564 4.9632 2.689 12.276
Te585Major 297 0.787 1.9548 4.026 19.376
M1minor 297 17.675 14.1397 0.891 0.24
D33minor 297 1.370 2.6831 7.791 93.694
D5minor 297 2.971 3.3640 1.652 3.907
D9minor 297 9.088 7.7985 1.305 2.329
D17minor 297 7.988 6.5017 0.869 0.717
D3minor 297 8.326 7.4609 1.277 2.029
D65minor 297 1.628 1.9480 1.457 2.011
T69minor 297 1.580 2.3225 3.311 20.522
T73minor 297 2.705 3.5922 2.734 11.199
T25minor 297 11.028 9.6686 1.172 1.643
T19minor 297 7.101 7.2153 2.485 10.953
T273minor 297 0.911 2.0318 4.215 22.029
Te51minor 297 1.029 2.5134 6.242 59.293
Te89minor 297 1.507 2.5575 2.425 6.732
Te325minor 297 0.242 0.8458 5.065 29.511
Te27minor 297 1.151 2.3620 3.912 21.668
Te77minor 297 2.609 4.2540 5.069 46.155
Te585minor 297 1.249 3.5773 7.278 75.322

Table 5.5: Descriptives for the harmony components
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Figure 5.31: Frequency of use of vertical sonorities for Sarabande 16

as well as single notes, since these constitute a significant fraction of many

pieces. Figs.5.34 and 5.35 show the average usage of these sonorities in the

database.

Since this set of harmonies comprises two or three sonorities whose pres-

ence does not amount to 1% of the total duration, the importance of the

excluded sonorities is insignificant; there is little doubt that the named har-
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Figure 5.32: Mean frequency of use of vertical sonorities in major mode

Figure 5.33: Mean frequency of use of vertical sonorities in minor mode

monies have to be enough to characterize the harmonic content of any piece.

Table 5.5 shows the descriptives of these components for major and minor

modes. Only 2 out of 36 components were found to be normally distributed.
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Figure 5.34: Mean frequency of use of harmonies in major mode

Figure 5.35: Mean frequency of use of harmonies in minor mode

185



5. Data

Figure 5.36: Mean frequency of use of functions in major mode

5.3.1.7 Harmonic function components

Harmonic functions constitute another 24-component vectorial variable whose

components appear in the grid of Fig.5.2. Figs.5.36 and 5.37 show the

weighted average usage of harmonic functions in major and minor modes

respectively.

These graphics agree with the theoretical notion that the tonic is the

Figure 5.37: Mean frequency of use of functions in minor mode

186



5.3. Exploratory analyses

degree of highest importance, followed by the dominant. At least in the

sense that the chromatic functions have a negligible presence, it also relates

to the way harmonic theory is taught, which is, traditionally, through a

process where students are first instructed in the use of the three principal

triads, gradually extending their palette. In minor, the mixed use of the

modal, harmonic and melodic forms of the scale blurs the distinction between

diatonic and chromatic functions, showing an increased use of the chromatic

lowered tonic and lowered subtonic to the detriment of the subtonic and the

submediant.

Figure 5.38: Distribution of the supertonic function in major mode

The distribution of the values of the components falls again in two pat-

terns. The diatonic degrees tend to have a relatively normal distribution,

as exemplified by the histograms of the frequency of the supertonic and the

dominant in Figs.5.38 and 5.39, whereas the chromatic scale degrees have a

generally ‘J’-shaped distribution, as Figs.5.40 and 5.41 show.

Seven out of 24 components fall within acceptable limits. Square root was

used to transform seven moderately skewed components, logarithm for three

others, and inverse for the remaining seven. Table 5.6 shows the descriptives

for the original components and Table 5.7 for the transformed ones when
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Figure 5.39: Distribution of the dominant function in major mode

Figure 5.40: Distribution of the raised subdominant in major mode

applicable.
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Figure 5.41: Distribution of the raised tonic in major mode

5.3.1.8 Entropy

Entropies were calculated for each of the measured vectorial variables.

Figure 5.42: Distribution of the entropies for scale degrees in major mode

It is convenient that the entropy is a scalar variable that in some measure
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Original Functions N Valid Mean Std.Dev. Skewness Kurtosis
Subdominant M 297 10.693 6.5156 1.780 8.444
Tonic M 297 22.490 10.4300 0.494 1.760
Dominant M 297 15.860 7.7815 1.600 10.505
Supertonic M 297 13.271 6.2643 0.637 2.314
Submediant M 297 9.132 5.6557 0.800 0.473
Mediant M 297 13.450 6.4030 0.949 1.407
Subtonic M 297 7.311 4.8056 1.552 5.196
Raised Subdominant M 297 1.748 2.0840 2.657 10.840
Raised Tonic M 297 1.720 2.5890 3.828 23.892
Raised Dominant M 297 1.110 1.6667 2.778 10.753
Raised Supertonic M 297 1.050 1.8950 3.272 12.985
Raised Submediant M 297 1.500 2.8560 7.859 92.344
Submediant m 297 6.031 4.5189 1.816 6.514
Mediant m 297 9.050 6.0748 2.050 9.235
Subtonic m 297 2.254 2.6540 3.060 16.487
Subdominant m 297 12.690 7.4150 1.330 4.695
Tonic m 297 24.298 9.5351 0.201 1.046
Dominant m 297 18.194 9.2735 1.026 3.263
Supertonic m 297 11.349 5.4493 0.143 0.043
Lowered Subtonic m 297 4.233 3.7848 1.813 5.851
Lowered Subdominant m 297 1.939 2.4029 2.052 6.009
Lowered Tonic m 297 5.378 3.8816 0.954 1.472
Lowered Dominant m 297 1.354 3.8816 0.954 1.472
Lowered Supertonic m 297 1.211 1.7956 2.036 4.161

Table 5.6: Descriptives for the original function components

captures the variability of the corresponding vectorial variable. The set of

values for the entropies of the distributions of scale degrees, melody, bass,

harmony and functions measures the general characteristics of music, thus

making it possible to explore the extent to which entropy might be used as

a measurement of style.

The distribution of the values for entropy are generally bell-shaped, as

exemplified by the scales degrees in major in Fig.5.42, with the maximum

skewness corresponding to the functions in major, shown in Fig.5.43.

The value of the correlations ranges between 0.232 and 0.8. The measure

of sampling adequacy is 0.838 which is considered ‘meritorious’. Table 5.8

shows the descriptives for these variables.

This concludes the exploratory analyses of the variables. Their distri-

190



5.3. Exploratory analyses

Transformed Functions N Valid Mean Std.Dev. Skewness Kurtosis
SqrtSubD M 297 3.289 0.9391 0.144 1.587
Tonic M 297 22.494 1.04301 0.494 1.760
SqrtD M 297 3.990 0.9711 -0.229 2.378
Supertonic M 297 13.271 6.2643 0.637 2.314
Submediant M 297 9.132 5.6557 0.800 0.473
Mediant M 297 13.446 6.4035 0.949 1.407
SqrtSubT M 297 2.765 0.8178 0.226 0.931
IRSubD M 297 0.537 0.3019 0.475 -1.201
IRTonic M 297 0.589 0.3213 0.091 -1.491
IRDominant M 297 0.673 0.3087 -0.239 -1.500
IRSupT M 297 0.708 0.3065 -0.464 -1.278
IRSubM M 297 0.622 0.3170 -0.020 -1.522
SqrtSubM m 297 2.522 0.8206 0.349 1.053
SqrtM m 297 3.036 0.9141 0.388 1.675
LogSubT m 297 0.409 0.2927 0.316 -0.392
SqrtSubD m 297 3.556 1.0251 -0.108 1.212
Tonic m 297 24.298 9.5351 0.201 1.046
SqrtD m 297 4.238 1.1107 -0.347 1.572
Supertonic m 297 11.349 5.4493 0.143 0.043
LogLSubT m 297 0.607 0.3283 -0.340 -0.507
ILSubD m 297 0.553 0.3294 0.282 -1.473
Lowered Tonic m 297 5.378 3.8816 0.954 1.472
LogLDominant m 297 0.281 0.2675 0.593 -0.477
ILSupT m 297 0.672 0.3221 -0.267 -1.520

Table 5.7: Descriptives for the transformed function components

Entropy Valid Mean Std. Dev. Skewness Kurtosis
ScaleDegMajor 296 2.971 0.1987 0.142 0.327
ScaleDegminor 293 3.015 0.2246 -0.336 0.892
Bass Major 296 2.614 0.3666 -0.934 2.706
Bass minor 293 2.683 0.4264 -1.542 3.885
Mel Major 296 2.775 0.2995 -1.765 7.273
Mel minor 293 2.808 0.3544 -1.717 6.528
Harm Major 296 4.506 0.5965 -0.996 2.902
Harm minor 293 4.615 0.7111 -0.764 1.245
Funct Major 297 2.795 0.3008 -2.582 14.424
Funct Minor 293 2.821 0.3389 -1.392 4.659

Table 5.8: Descriptives for the entropy variables
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Figure 5.43: Distribution of the entropies for functions in major mode

bution has been considered and in every case in which a transformation

improved the normality, it has been carried out. There are no missing val-

ues. While some pieces may be idiosyncratic, e.g. all those whose values are

extreme, as in Figs. 5.7 to 5.9, and 5.14 to 5.20, a consideration of outliers

did not seem warranted, at least until the matter of feasibility of statistical

analyses was settled. The use of data mining methods for analysis does not

require transformation of variables.

5.3.2 Summary of resulting variables for analysis

The following list summarizes the variables to be used for analysis in the

following chapter. Not all of the feature measurements carried out were

used:

• notational complexity,

• scale degree transitions,

• functional harmonies transitions,

• the initial measurement of 69 sonorities, and

• the matricial data for functional harmonies
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Therefore, the data to be subject to analyses comprise:

• Key indicators:

– Modulation index

– Intermodal index

– Global average dot product

• Rhythm indicators:

– Beat rate

– Onsets per measure

– Within-measure variability index

– Between-measure variability index

• Scale degrees frequencies

– 24 components

• Melody frequencies

– 24 components

• Bass frequencies

– 24 components

• Harmony frequencies

– 36 components

• Function frequencies

– 24 components

• Entropy

– 10 components
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Hence, leaving aside the Entropies, the data matrix comprises 139 columns

for the variables and 297 rows for the pieces.

This chapter has presented the result of the feature measurements carried

out on the database. The obtained variables range from scalar to matricial.

The measured values have been inspected for normality distribution and trans-

formations carried out whenever they proved beneficial. Historical plots have

been used to exhibit time trends in variables, and the ranges of mean values

obtained from the database have been presented graphically and their shape

discussed. Next chapter deals with statistical and data mining analyses of

these results.
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Chapter 6

Analysis

In this chapter the data detailed in Chapter 5 are subject to analyses. The

first section deals with multivariate statistics. After a discussion of general

pertinent issues, the data are subjected to conventional statistical analysis.

As will be shown, however, this approach is not able to achieve meaningful

results. The next section concerns the data mining approach. Three algo-

rithms are discussed – CART, Random Forests and GEP – and subsequently

applied to the data. The collective conclusion is that key indicators are the

best predictors for clustering and classifying the data set.

6.1 Statistical analyses

The analysis of the data matrix would traditionally be carried out by means

of the standard armory of multivariate statistical methods. A brief discussion

about these methods is in order.

Multivariate statistics are special applications of the so-called General

Linear Model (GLM), which is based on regression [95]. The model makes

important assumptions about the variables’ distributions and interrelation-

ships.

Linearity and additivity are important to the GLM. Pairs of vari-

ables are assumed to have a linear relationship with each other;

that is, it is assumed that relationships between pairs of variables

are adequately represented by a straight line...In all multivariate

solutions, the equation relating sets of variables is composed of a

series of weighted terms added together. [95:678]
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If non-linear relationships between variables are to be included, they first

need to be “dichotomized, transformed or recoded”. These assumptions are

very limiting for any real-life problems, but what explains them is that,

when these methods evolved, about a hundred years ago, they were necessary

in order to make number-crunching possible with no tools other than slide

rules. Because of them, algebra rules emphasized formulas that could be

transformed into products. When this could not be accomplished, reducing

the formula’s generality by means of imposing conditions on the variables

was the way to make negligible the terms that were hard to calculate in a

formula.

As a result of the practical limitations involved, multivariate statistical

methods:

• require sample sizes to “be large enough that correlations are reliably

estimated. Comrey (1973) gives as a guide sample sizes of 50 as very

poor, 100 as poor, 200 as fair, 300 as good...Others suggest that a

sample size of 100 to 200 is good enough for most purposes”. [95:603];

• concentrate in a small number of variables, at best between 5 and 7

predictors, for two main reasons:

– the number of variables is limited by the number of cases. “As a

general rule of thumb, it is comforting to have at least five cases

for each observed variable” to avoid overfitting the data [95:603];

– more variables may decrease statistical power as the increase in

degrees of freedom is larger than the accuracy improvement that

additional variables brings about [95:13];

• In order to come to any valid result, apart from special requirements

for specific techniques, all multivariate statistics procedures share a

number of requirements for the variables, including:

– normality of parameters,

– linearity in parameter estimates,

– constant or equal variances,

– minimal variable interactions, and

– independence of residuals.
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Breiman has shown that “there is no reliable statistical data reduction

procedure that can cull variables lists down to a few ‘important variables’.”

[6]

In this project the number of measured variables is considerable. Con-

sequently, the only suitable statistical technique for the analysis is Principal

Components Analysis, in order to effect dimensionality reduction. Provided

that this is successful, then other techniques might be applied to the ex-

tracted components.

6.1.1 Principal Components Analysis

Principal Components Analysis (PCA) is a technique used often for ex-

ploratory analyses. Its main purpose is to identify coherent subsets or ‘clus-

ters’ of variables; each ‘cluster’ measures some latent variable with which

the variables in the cluster correlate highly whilst the different clusters are

mutually independent. In this way, the analysis allows for the identification

of a few key variables or ‘principal components’ which are thought to reflect

underlying processes, thus explaining most of the variability among the cases.

The technique is widely used in the social sciences. It works well, provided

that the variables comply with a series of conditions and the factors prove

interpretable. If the variables did not fit the conditions, PCA could still be

used in a purely exploratory way, “as a tool for reducing the number of vari-

ables or examining patterns of correlations among variables without a serious

intent to test theory. Under these circumstances, both the theoretical and

the practical limitations to Factor Analysis are relaxed in favor of a frank

exploration of the data” [95:601].

To avoid confusion, it has to be mentioned that while PCA and Factor

Analysis (FA) are conceptually different in their objectives, in most appli-

cations both techniques “arrive at essentially identical results if the number

of variables exceeds 30 or the commonalities exceed 0.6 for most variables”

[95:332].

Provided that the project had been successful in measuring enough music

features, and assuming that linear combinations of features measured latent

variables that constitute the main dimensions of style, PCA would also be

the only statistical way to accomplish the objective of the project because, in

principle, the technique should be capable of identifying the main dimensions

197



6. Analysis

of the set of measurements.

PCA was carried out once it had been verified that the data distribu-

tion complied with the necessary requisites and that data problems had been

dealt with. Usually, the most serious problems are having to deal with miss-

ing data, which is not an issue in this study, and the presence of ‘outliers’,

extreme values in one variable or a combination of them, because they distort

the statistical results.

Most of the multivariate methods make two main assumptions about the

variables:

Linearity: There is a straight line relationship between any two variables.

“Linearity is fundamental to multivariate statistics because first, the

solutions are based on the linear model...Second, significance tests are

based on the assumption...Finally,...only the linear relationships among

variables are analyzed and if there are substantial non-linear relation-

ships among variables, they are ignored” [95:79].

“Because correlation measures linear relationship and does not reflect

nonlinear relationship, the analysis is degraded when linearity fails.

Linearity among pairs of variables is assessed through inspection of

scatterplots. If nonlinearity is found, transformation of variables is

considered [95:603].

Normality: Each variable and all linear combinations of them are distributed

according to Gauss’ Normal distribution.

“The assumption of multivariate normality is not readily tested because

it is impractical to test an infinite number of linear combinations of

variables for normality” [95:70]

“Although normality of all linear combinations of variables is not testable,

normality among single variables is assessed by skewness and kurtosis.

If a variable has substantial skewness and kurtosis, variable transfor-

mation is considered” [95:603].

The applicability of PCA to identify the main dimensions of style cannot

be determined beforehand. There are two main conditions:

• Data have to be screened for suitability, in terms of their nature and

their distribution. If they are found to comply in this respect,
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• the existence of latent factors has to be probed. To this effect, the

factorability of the correlations matrix has to be investigated. “If no

correlation exceeds .30, use of FA is questionable because there is prob-

ably nothing to factor analyze. Inspect [the matrix] for correlations in

excess of .30 and, if none is found, reconsider use of FA, except in its

most exploratory and pragmatic sense” [95:604].

The importance of the second condition cannot be stressed enough. It reveals

that PCA is not akin to an algebraic formula, which can be expected to

deliver a result as long as the values for the variables are filled in. It is,

instead, a technique that works only when the data are appropriate, and even

if that is the case, it can only find latent variables if they exist, which may not

be the case. For a typical hypothetical example, if the data collected from

a NEO personality test were factor analyzed, since the measures correspond

to the known main independent variables, none of the correlations should be

expected to exceed 0.3.

6.1.2 Post-PCA Analyses

Assuming that PCA proved suitable and was able to identify a small number

of principal components, the distribution of cases could be further investi-

gated by means of other statistical techniques. This would allow for two

successive approaches:

• An unsupervised learning method could reveal how the data cluster

according to their structure.

• If groups of cases, characterized by reliable differences, were found,

then supervised methods such as Discriminant Analysis could be used

to classify those groups into specified classes.

The first approach is essential. The as yet unknown structure of the data

should reveal whether the data clumps in separate groups or form a single

group that cannot be clearly separated. The technique usually applied is

Cluster Analysis.

6.1.3 Cluster Analysis

Cluster analysis is generally performed as an exploratory method, in order to

gain an understanding of the structure of the data. Clustering is a technique

199



6. Analysis

that attempts to group objects or records according to their similarity, based

on characteristics selected by the researcher. “For any particular dataset,

there are many ways to compare objects, so a clustering always implicitly

contains some assumption about the meaning of similarity” [91:11]. In ideal

circumstances, clusters show “internal cohesion and external isolation” [32:5].

The technique attempts to maximize the homogeneity of the objects within

clusters while maximizing the heterogeneity of the objects between clusters.

The measure of distance between the objects within clusters is an index of

similarity between them. There are a number of choices to define such index,

but the most common is the Euclidean distance that separates them.

Hair et al. warn that cluster analysis is the only multivariate technique in

which the choice of variables determines the character of the objects [34:559].

In addition, unlike Principal Components, the procedure always finds clus-

ters, regardless of the actual existence of any structure in the data [34:560].

Traditional cluster analysis relies on a number of assumptions, the main

being [34]:

• the sample needs to be representative of the population;

• outliers have to be absent;

• multiple collinearity among the variables has to be minimal; and

• the ratio of the number of cases to the number of clustering variables

must be at least 5, and preferably 10.

Because of these limitations, the suitability of the procedure for a dataset

is often problematic. More importantly, in traditional clustering a certain

type of structure is imposed on the data, which may misrepresent the ac-

tual data structure because “different geometrical methods of classification

are based on different underlying assumptions about the data” [34:11]. The

choice of the measure of similarity to some extent determines the structure of

the results because “each clustering criterion is predisposed to finding partic-

ular ‘types’ of clusters” [32:122]. Thus, often the outcome is disappointment

rather than insight, which has prompted Gordon to warn:

. . . the fact that different clustering criteria can suggest different

results when applied to the same data set should make investi-

gators wary about accepting uncritically the results of a single

clustering method. [32:121]
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Figure 6.1: Star clustering ‘optimal’ partition (after Gordon)

Gordon offers a startling example (Fig.6.1) in the form of a Hertzsprung-

Russell diagram (star temperature plotted versus luminosity) showing two

visually obvious clusters which “many clustering methods would fail to de-

tect”. One of these methods divides the data in two groups in such a way

that the sum of squares criterion is minimized. Its solution is shown in the

picture; “the ‘optimal’ partition is indicated by the dashed line” [32:121].

This sobering example provides an insight into the method’s shortcomings:

If the form of the structure in the data were known, one might

be able to suggest an appropriate classification method for de-

tecting it. When stated like this, the circularity is immediately

apparent: in general, the underlying structure is not known; the

investigation is being undertaken precisely in order to determine

it. [32:122]

Traditional clustering distorts the data because the measure of similarity

is based on the ‘distance’ between points in a multispace that is generally

not isotropic, i.e., whose dimensions are conceptually disjoint. This is pre-

cisely the case of this project. Different variables have different nature and

incommensurable scales, so the space of the matrix is inhomogeneous and

the distances in this hyperspace do not have a conceptual meaning. This

makes apparent the inappropriateness of traditional clustering for this study.

Furthermore, the last two basic assumptions of cluster analysis listed above

do not hold for this project’s data set:
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• The presence of variables measuring the frequencies of scale degrees,

melody and bass ensures an unacceptable level of multicollinearity.

• Given the size of the database (297 pieces) there are too many variables

to apply the procedure.

In studies where it is possible to expect the existence of distinct clusters, that

is, cohesive groups of cases that are mutually separated, clustering would be

a convenient tool. But that cannot be expected in this project. Usually,

composers’ training implies imitating models from earlier composers, thus

ensuring an initial closeness in style. Therefore, it is not to be expected

that any variable would radically separate the works of different composers.

Gordon reminds us that in general “it is not assumed that the objects can

reasonably be divided into groups of similar objects; indeed, the conclusion

reached from a classification study may well be that this division is not possi-

ble” [32:2]. The most likely scenario is one where style variables continuously

change in a gradual fashion without ever making up separate groups. This

suggests it is more convenient to search for continuous variables to measure

the music parameters, in the expectation that a number of them may suffice

to individualize styles.

6.1.4 Supervised approach

Supervised learning methods imply the pre-existence of a model, such as

a number of known clusters or groups to which the data can be assigned.

Discriminant analysis is such a technique, but a particularly unsuitable one

given that its results hinge on a number of assumptions which do not apply

to this dataset. Apart from the requirement that variables are metric and

normally distributed, for discriminant analysis:

• the number of cases in the smaller groups should exceed the number of

independent variables and preferably be over 20; and

• groups also should not differ widely in size.

More generally, a supervised algorithm would not really be appropriate

to the goals of this study. It has to be remembered that the purpose was to

let the data structure determine the groups. Starting from a pre-existing set
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of groups would entail, for example, endorsing a classification of styles based

on history, as there are no data-based grounds for such classification.

To sum up, given the obtained matrix of results, multivariate analysis es-

sentially offers one analysis technique, PCA, in order to reduce dimensional-

ity, whose applicability depends on the nature of the data. If successful, then

other techniques such as cluster analysis might be applied to the obtained

components in order to reveal the data structure, although the anisotropy

of the multispace and the characteristics of the dataset bring doubts about

their usefulness.

6.1.5 Applying PCA/FA

The data matrix, discussed in Chapter 5, comprises 141 columns and 297

rows. The high number of variables poses a serious problem for statistical

analyses. The nature of this study requires working simultaneously with all

the variables, in the expectation that the whole set will be able to capture

the phenomenon of style. Selecting a set of ‘key’ variables to work with is not

an option. Even if the procedures could cope with the number of variables,

the database would need to be more than doubled in size in order to comply

with the minimum ratio between variables and cases. Therefore, of all of the

traditional multivariate procedures only PCA can be applied, in principle,

for the purpose of dimensionality reduction. Therefore, the first step in the

Analysis stage was applying Principal Components/Factor Analysis.

The results of the measurements of musical features carried out by means

of software-implemented algorithms were presented and pre-screened in Chap-

ter 5. Since statistical procedures make demands on the nature and distri-

bution of the data, the required transformation of variables was effected

whenever it was required for statistical purposes. Data mining procedures

do not require the use of transformed variables.

The dataset can be divided into two subsets, the Entropies and the rest.

The Entropies, calculated for all vectorial variables, constituted a set of scalar

variables that presumably captured information from all the music areas ex-

cept key and rhythm. The distribution of their values made them suitable for

a traditional analysis, but as they added no new information to the measured

features from which they derived, they were not taken into account for any

other analyses.

203



6. Analysis

6.1.6 Entropies

The appropriateness of a Principal Component Analysis for the set of En-

tropies was established in Chapter 5. An SPSS ‘Factor’ for the ten entropy

variables was run. As entropies had been separately evaluated for major and

Entropy Raw Initial Resc.Ext. Raw Initial Resc. Ext.
Scale Degree Major 0.039 0.402 0.001 0.423
Scale Degree minor 0.049 0.567 0.002 0.639
Bass Major 0.133 0.473 0.008 0.403
Bass minor 0.178 0.602 0.018 0.561
Melody Major 0.089 0.537 0.004 0.524
Melody minor 0.123 0.628 0.009 0.643
Harmony Major 0.352 0.940 0.084 0.765
Harmony minor 0.495 0.922 0.185 0.699
Funct Ent Maj 0.090 0.629 0.005 0.637
Funct Ent Min 0.113 0.787 0.010 0.887

Table 6.1: Commonalities for the entropy variables

minor mode, in the few cases in which the mode for the entire piece is major

or minor, there is no entropy calculation for the absent mode and the result

is missing data. Since this happens only in very few pieces, the SPSS option

to replace missing data by the mean was selected. The values of the different

Figure 6.2: Scree plot

entropies are of similar magnitude and measured on the same scale, which

justifies using the covariances matrix.
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Comp Total % of Var. Cumul.% Total % Variance Cumul. %
1 0.944 56.79 56.790 4.841 48.4080 48.4080
2 0.328 19.754 76.544 1.648 16.4750 64.8830
3 0.135 8.13 84.674
4 0.075 4.488 89.163
5 0.055 3.284 92.447
6 0.044 2.642 95.09
7 0.031 1.841 96.93
8 0.026 1.545 98.475
9 0.017 1.043 99.519
10 0.008 0.481 100

Table 6.2: Initial solution and variance accounted for

The correlations matrix shows that all the variables are highly correlated.

There is little difference between the solutions for Principal-components (PCA)

or Principal-axes (FA). Table 6.1 compares the commonalities for both op-

tions.

Raw Rescaled
Factor Factor
1 2 1 2

Sc Deg Ent Major 0.114 0.052 0.578 0.261
Sc Deg Ent minor 0.156 -0.060 0.704 -0.269
Bass Ent Major 0.208 0.141 0.569 0.387
Bass Ent minor 0.299 -0.133 0.709 -0.316
Melody Ent Major 0.171 0.135 0.575 0.453
Melody Ent minor 0.259 -0.100 0.739 -0.285
Harm Ent Major 0.406 0.408 0.685 0.687
Harm Ent minor 0.636 -0.228 0.904 -0.323
Funct Ent Major 0.179 0.157 0.596 0.524
Funct Ent minor 0.274 -0.117 0.816 -0.348
Extraction Method: Principal Component Analysis

2 components extracted

Table 6.3: Loadings for Components

A two-factor solution is appropriate either following the scree plot – shown

in Fig.6.2 – or the Kaiser’s criterion, and explains about 70% of the variance.

Table 6.2 shows the initial solution, Table 6.3 the item loadings on the first

two principal factors for the components method, Table 6.4 the same for the

factor method, and Fig.6.3 the components and factors plots.
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Raw Rescaled
Factor Factor
1 2 1 2

Sc Deg Ent Major 0.119 0.048 0.604 0.242
Sc Deg Ent minor 0.162 -0.073 0.729 -0.328
Bass Ent Major 0.203 0.112 0.556 0.307
Bass Ent minor 0.289 -0.129 0.684 -0.305
Melody Ent Major 0.175 0.126 0.587 0.424
Melody Ent minor 0.260 -0.108 0.741 -0.308
Harm Ent Major 0.393 0.339 0.662 0.571
Harm Ent minor 0.564 -0.169 0.801 -0.240
Funct Ent Major 0.185 0.152 0.616 0.507
Funct Ent minor 0.284 -0.139 0.846 -0.414

Extraction Method: Principal Axis Factoring
2 factors extracted. 30 iterations required

Table 6.4: Loadings for Factors

Figure 6.3: Factors and Components Plots

The differences between both solutions are subtle, but in both cases all

the variables correlate most highly with the first factor, whereas the second

factor correlates positively with the major mode and negatively with the

minor mode variables. Harmony has the highest positive loading and func-

tions the highest negative. This suggests a straightforward interpretation:

Entropy measures information content, so the measurements represented by
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Component
1 2

ScaleDeg Ent Major 0.385 0.694
ScaleDeg Ent minor 0.836 0.264
Bass Ent Major 0.257 0.696
Bass Ent minor 0.804 0.181
Melody Ent Major 0.201 0.765
MelodyEnt minor 0.802 0.218
Harm Ent Major 0.111 0.848
Harm Ent minor 0.822 0.220
Funct Ent Major 0.177 0.859
Funct Ent minor 0.893 0.216

Extraction Method: Principal Components Analysis
Rotation Method: Varimax with Kaiser normalization

Table 6.5: Rotated Components Matrix

Figure 6.4: Rotated Components Plot

the first factor are essentially one-dimensional, whereas the second factor

simply separates the components by mode.

A varimax rotated solution produces two orthogonal factors, one with

high loadings from all the minor variables and non-significant ones from the

major ones, and a second factor with high loads from all the major mode

variables and negligible loads from all the minor mode ones. Table 6.5 shows

the varimax component loadings and Fig.6.4 the components plot. In this

solution, the first factor accounts for 37.6% and the second for 32.5% of the
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variance. It is unnecessary to carry out an oblique rotated solution since it

is clear that the interpretation will not be different to the orthogonal one.

A single-dimension measure of information content is not very useful for

classification purposes. The statistical analysis of entropies is of no further

assistance in this quest. The following subsections do not take entropies into

account.

6.1.7 Remaining Variables

Since the objective of the study was to find out the main dimensions of the

style phenomenon, it is clear that a Principal Components/Factor Analysis

capable of identifying them required entering the totality of the measured

variables together. Factor analyzing all of the variables (other than the

Entropies) presents a number of serious problems. To begin with, there

are too many of them for the number of cases. The standard practice is to

have at the minimum five cases for each observed variable, which would limit

the total number of variables to about 60.

A second problem for Factor Analysis, albeit not for Principal Compo-

nents, is multicollinearity and singularity. The first refers to variables whose

values are approximately proportional. Both make the determinant vanish

and thus prevents matrices being inverted. This is one main reason to ex-

clude the sonorities, as the most significant of them overlap with harmonies.

But after excluding them, the number of variables, at 117, is still too high.

A third problem is that too many of the measures of sampling adequacy

(MSA) values are too low, which suggests variables should be excluded from

the analysis. Consequently, an attempt to reduce the variables to the bare

essentials based on the highest MSA values would consider:

• three from key;

• four from rhythm;

• the 14 most significant variables from scale degrees: I, II, III, IV, V,

VI, and VII in major and I, II, III, IV, V, VI, and V II]/I[ in minor;

• excluding melody and bass altogether presuming collinearity with scale

degrees;
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• the 14 most prominent functions: Subdominant Major, Tonic Ma-

jor, Dominant Major, Supertonic Major, Submediant Major, Mediant

Major, Subtonic Major, Submediant minor, Mediant minor, Subdomi-

nant minor, Tonic minor, Dominant minor, Supertonic minor, Lowered

Tonic minor

• the 19 most prominent harmonies: Monads, major 2nd ( and minor

7th), minor 3rd (and major 6th), major 3rd (and minor 6th), fourth

(and fifth), diminished triad, minor triad, major triad and major-minor

7th – both in major and minor – plus the minor-minor 7th in minor

which leaves 54 variables. A run of SPSS ‘Factor’ with these variables ob-

tains a Kaiser-Meyer-Olkin measure of sampling adequacy (KMO) of 0.473

which is below the acceptable limit of 0.6. This means that Factor Analysis

is not an appropriate way to analyze the data because there are no significant

factors involved. The lack of significant factors means that the problem of

reducing dimensionality cannot be handled by traditional statistics, which

automatically rules out all other statistical techniques. Therefore, the ortho-

dox statistics approach to analysis of this dataset comes to an end.

6.1.8 Unorthodox attempt at Secondary FA

Having arrived at the preceding conclusions, it was interesting to investigate

the possibility of relaxing the rules for traditional Factor Analysis and using

it in a purely exploratory way. In these conditions, the possible conclusions

to be obtained would not really hold, as the necessary conditions for variables

are not met, but the question remained whether it still would be possible to

offer some insight into the structure of the variables.

Considering that the unmanageable number of variables was the result

of considering the components of variable vectors separately, an unorthodox

alternative would be not to discard variables but take the vectorial variables –

scale degrees, harmonies, functions, melody and bass as variables themselves,

conceptually speaking, by applying PCA to the components of each one

of them. If each of them generated a small set of factors instead of 24

components or more, it would perhaps be possible to run a secondary factor

on the extracted factors.

It should be clear why this is not an acceptable standard procedure in

statistics. Extracted factors explain only part of the variance. Thus, for each
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of the factor extractions carried out on the vectorial variables, an important

part of the original information is lost. At its best, applying again the pro-

cedure on the resulting factors, would only explain part of the remaining

variance. In the end, the strength of the conclusion would be unpredictably

low and could well be measuring more ‘statistical noise’ than information.

Proceeding in this way, presumably a number between two and five com-

ponents could represent each of the vector variables of interest. Combining

them with the sets of scalar variables representing key and rhythm, a new

set of variables could be put together by combining their normalized values

into a set of some 25 factors, which would become variables for a secondary

PCA. Let us consider these groups of variables successively.

6.1.8.1 Key-related variables

Three scalar variables have been shown to characterize key. They need to be

Key Mod.Index Inter.index Global avg.
Modulation index 1.000 0.814 -0.291
Intermodal index 0.814 1.000 -0.159
Global avg. d.p. -0.291 -0.159 1.000

Table 6.6: Key-related variables correlation matrix

taken as one group, after normalizing their values for further analysis. SPSS

Factor gives the correlation matrix shown in Table 6.6.

6.1.8.2 Rhythm components

Rhythm components comprise four scalar variables, which could be factor

analyzed or taken as they are. Being only four, the advantage of replacing

them for, say, two factors, was probably not worth the interpretive compli-

cation, but it was attempted in order to explore the structure of the set.

Running SPSS Factor obtains the correlation matrix for the transformed

variables shown in Table 6.7:

The largest correlation in the matrix was 0.337 which is too low. The

KMO Measure of Sampling Adequacy is 0.417 which is also unacceptably

low, and only one of the variables has a MSA higher than 0.4. All these

three figures suggests there are no factors involved in this set. This is a

valuable finding which confirms that the rhythm variables constitute a set
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Rhythm Log.Beatrate Log.Onset Sqrt.Within. Cubrt.Between
Log.Beatrate 1.000 -0.148 -0.074 -0.337
Log.Onset -0.148 1.000 -0.313 0.236
Sqrt.Within -0.074 -0.313 1.000 0.328
Cubrt.Between -0.337 0.236 0.328 1.000

Table 6.7: Rhythm variables correlation matrix

Figure 6.5: Rhythm Components

of independent dimensions. But since the Factor procedure always generates

factors, the solution can be inspected. Two factors were extracted, one of

which correlated very strongly with SqrtWithin and LogOnsets and the other

with LogBeatrate and LogBetween. Fig.6.5 shows the component plot for the

unrotated solution. In conclusion, it is preferable to use the original variables.

6.1.8.3 Scale degrees components

An SPSS Factor run on the 24 original components results in a KMO of 0.763.

In order to determine the number of factors, on the basis of the eigenvalues

greater than 1, and in the case of the covariance matrix, seven factors explain

62.2% of the variance whereas in the case of the correlations matrix, eight

factors explain 54% of the variance.

If instead, the decision is taken according to the scree plot, 5 factors

explain 52.4% or 2 factors explain 22.8% respectively. These are not very
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satisfactory results. In order to have more normally distributed variables, it

is convenient to replace the chromatic variables with their log transformed

counterparts. In doing so, the change of metrics necessitates opting for the

correlations matrix. A run on the new set of variables shows that the KMO

rises only to 0.779; seven factors explain 62.8% of the variance or 5 factors, ac-

cording to the scree, explain 53.3%. The improvement in the figures resulting

Scale Factor
Degrees 1 2 3 4
I Major -0.561 -0.475 0.024 -0.041
II Major -0.297 0.653 0.209 0.145
III Major -0.224 -0.595 -0.230 -0.260
IV Major -0.086 0.806 0.156 0.112
V Major -0.135 -0.272 -0.250 -0.594
VI Major -0.087 0.178 0.167 0.739
VII Major -0.086 0.554 -0.085 0.079
I minor -0.320 -0.173 -0.229 -0.096
II minor -0.204 0.086 0.626 -0.080
III minor -0.214 -0.148 -0.450 0.030
IV minor -0.168 0.199 0.663 0.149
V minor -0.403 -0.250 -0.366 -0.271
VI minor 0.180 -0.073 0.602 0.146
VII minor 0.175 0.087 -0.148 0.742
I]/II[Major 0.682 -0.185 0.124 -0.069
II]/III[Major 0.664 -0.197 0.082 0.160
IV ]/V [Major 0.536 -0.151 0.265 0.343
V ]/V I[Major 0.676 0.048 0.012 0.073
V I]/V II[Major 0.624 -0.127 -0.098 -0.169
I]/II[minor 0.717 -0.123 0.018 0.241
III]/IV [minor 0.616 0.041 0.005 0.200
IV ]/V [minor 0.651 0.019 0.088 -0.104
V I]/V II[minor 0.417 0.047 -0.250 0.392
V II]/I[minor 0.300 -0.024 0.490 -0.438
Extraction Method: Principal Component Analysis

Rotation Method: Oblimin with Kaiser normalization

Table 6.8: Scale Degrees Structure Matrix

from the transformation is too slight compensation for the added difficulty in

interpreting the results. Thus, the transformed variables were disregarded.

In the original set of variables, the individual MSAs are in the range between

0.607 and 0.889. Extracting four factors, according to the scree, and using
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Factor 1 2 3 4
1 1.000 -0.014 0.080 0.101
2 -0.014 1.000 0.121 0.138
3 -0.080 0.121 1.000 0.037
4 0.101 0.138 0.037 1.000

Extraction Method: Principal Component Analysis
Rotation Method: Oblimin with Kaiser Normalization

Table 6.9: Scale Degrees Factors correlation matrix

oblimin for oblique rotation produces a solution where the four factors ac-

count for 46.4% of the variance. Table 6.8 shows the Structure matrix and

Table 6.9 the Factor correlation matrix. The most discernible pattern on in-

spection of Table 6.8 shows that the first factor is strongly aligned against the

diatonic degrees and coinciding with the chromatic degrees in both modes;

the second factor aligns predominantly with IV, II and VII and against III,

I and V, both in major, with minimal correlations with the chromatic and

diatonic minor degrees; the third factor is sort of dual of the second, mostly

aligned with IV, II and VI and against III, I and V, both in minor, with min-

imal correlations for the chromatic and major degrees. These four factors,

calculated by the Anderson-Rubin method, which produces factors that are

uncorrelated and standardized, were saved as variables.

6.1.8.4 Harmonic functions components

An SPSS Factor run on the 24 original variables results in a KMO of 0.51

which is unacceptable; in the case of the correlations matrix, nine factors

would explain 60.72% of the variance although the scree shows that no more

than two factors should be extracted, a solution that would account for

22.34% of the variance; in the case of the covariance matrix, nine factors

explain 51.6% of the variance. If the decision were taken according to the

scree, 5 factors would explain 32%.

Replacing the chromatic variables with their log transformed counterparts

in order to have more normally distributed variables, the change of metrics

requires the use of the correlations matrix. A run on the new set of variables

shows that the KMO rises to 0.691; nine factors explain 62.6% of the variance

or two factors, according to the scree, explain 26.1%. Again, the improvement

in the figures resulting from the transformation is too slight compensation
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for the added difficulty in interpreting the results. Thus, the transformed

variables were disregarded.

Since the seven diatonic major mode functions had MSA values lower that

0.5, I tentatively attempted a Factor on these variables only. The result was

that the KMO dropped to 0.255, the largest element in the diagonal of the

Anti-image matrix was 0.338 and the highest correlation among them was

0.388. All of these indicates that the variables are fairly low correlated and

there are no factors that could represent them, suggesting that they should

stand as a group on their own. As to the functions in minor, they seem to

play an intermediate role. They are correlated enough not to be included in

the independent basis but their MSAs are low enough to degrade the Factor

solution. On the other hand, a Factor run only on the ten chromatic functions

Functions Component
1 2 3 4

RSbDMajor -0.071 0.235 -0.135 0.625
RTMajor 0.193 0.247 -0.303 0.862
RDMajor 0.307 0.167 -0.258 0.314
RSpTMajor 0.319 0.085 -0.298 0.505
RSbMMajor 0.926 0.068 -0.159 0.132
LSbTminor 0.098 0.995 -0.078 0.217
LSbDminor 0.481 0.308 -0.334 0.340
Ltminor 0.161 0.079 -0.985 0.268
Ldminor 0.362 0.127 -0.288 0.427
LSpTminor 0.414 0.180 -0.268 0.569

Extraction Method: Principal Component Analysis
Rotation Method: Oblimin with Kaiser Normalization

Table 6.10: Functions chromatic components structure matrix

yielded a KMO of 0.768; all but one of the elements of the main diagonal of

the anti-image matrix were above 0.7, and four factors explained 55.4% of

the variance. Thus, these four factors represent the ten chromatic functions.

In this case, Factor 1 correlates positively with almost all the degrees but

most strongly with the raised subdominant major and lowered supertonic

minor; the second factor correlates positively with all but most strongly with

the lowered subtonic minor and lowered subdominant minor; and the third

factor correlates negatively with all but mostly with the lowered tonic minor.
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Component 1 2 3 4
1 1.000 0.121 -0.296 0.278
2 0.121 1.000 -0.131 0.277
3 0.296 -0.131 1.000 -0.361
4 0.278 0.277 -0.361 1.000

Extraction Method: Principal Component Analysis
Rotation Method: Oblimin with Kaiser Normalization

Table 6.11: Functions chromatic components correlation matrix

These four factors, calculated by the Anderson-Rubin method were saved as

variables. Table 6.10 shows the Structure matrix and Table 6.11 the Factor

correlation matrix.

6.1.8.5 Harmony components

Unlike functions, harmony components form a suitable set for Factor Anal-

ysis. With the 36 original variables entered, the KMO reaches 0.822 and the

diagonal elements in the anti-image matrix range between 0.604 and 0.934.

The scree and the default criterion indicate three factors which account for

36.0% of the variance, the first being by far the most important, explaining

22.6%. All three factors are symmetrical in relation to the modes. Table

6.12 shows the component matrix for the three factors.

The first factor correlates positively with major and minor triads and

principal 7th chords, and negatively with the dyads and monads, suggesting

it represents the frequency of use of harmonies in general; Factor 2 correlates

positively with major and minor 7ths and negatively with diminished triads;

Factor 3 only correlates significantly (negatively) with the Monads. The three

factors, calculated by the Anderson-Rubin method, were saved as variables.

6.1.8.6 Melody components

As in the case of functions, the data are not suited to Factor Analysis. The

KMO is 0.454 and 13 of the variables, which happen to be the main diatonic

scale degrees, have MSAs less than 0.5. To confirm this, a Factor run only on

these variables makes the KMO drop to 0.333 and all of the individual MSAs

remain below 0.5, indicating there are no factors. Dropping the diatonic scale

degrees, a Factor of only the chromatic degrees yields a KMO of 0.730, and

the individual MSAs range between 0.66 and 0.81, which is acceptable. Four
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Harmonies Component
1 2 3

M1Major -0.462 0.126 -0.545
D33Major -0.386 0.309 0.010
D5Major -0.617 0.198 0.178
D9Major -0.676 -0.124 0.115
D17Major -0.642 -0.259 0.209
D3Major -0.683 0.102 0.255
D65Major -0.536 0.007 0.073
T69Major 0.272 -0.420 0.357
T73Major 0.185 -0.466 0.120
T25Major 0.516 -0.071 -0.060
T19Major 0.558 -0.371 -0.101
T273Major 0.240 0.024 0.245
Te51Major 0.403 0.529 0.053
Te89Major 0.413 0.115 0.230
Te325Major 0.226 0.100 0.257
Te27Major 0.554 0.498 0.213
Te77Major 0.502 0.028 0.077
Te585Major 0.268 -0.186 0.116
M1minor -0.391 0.104 -0.579
D33minor -0.403 0.336 -0.011
D5minor -0.630 0.165 0.325
D9minor -0.653 -0.192 0.209
D17minor -0.671 -0.183 0.256
D3minor -0.555 0.133 0.266
D65minor -0.587 0.117 0.236
T69minor 0.248 -0.190 0.454
T73minor 0.172 -0.549 -0.006
T25minor 0.558 -0.323 0.011
T19minor 0.455 -0.350 -0.019
T273minor 0.217 0.028 0.291
Te51minor 0.394 0.498 0.049
Te89minor 0.537 0.242 0.121
Te325minor 0.337 0.244 0.390
Te27minor 0.476 0.488 0.008
Te77minor 0.506 0.148 0.058
Te585minor 0.244 -0.116 -0.067

Extraction Method: Principal Component Analysis

Table 6.12: Harmonies component matrix
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factors explain 52.2% of the variance. Thus, I adopted the same criterion as in

functions, i.e., I use as variables the set of diatonic scale degrees plus the four

extracted factors from the chromatic degrees, calculated by the Anderson-

Rubin method.

6.1.8.7 Bass components

Likewise, the bass data are not suited for Factor Analysis. The KMO is

0.366 and 15 of the variables have MSAs less than 0.5. These include the

main diatonic scale degrees. A Factor run only on these variables made

the KMO drop to 0.335 and all the individual MSAs except the supertonic

minor, remained below 0.5. A Factor of only the chromatic degrees yields

a KMO of 0.743 and the individual MSAs are in the range from 0.534 to

0.791. Three factors that explain 39.7% of the variance, calculated by the

Anderson-Rubin method, were saved as variables to be used together with

the original diatonic degrees.

6.1.9 Secondary factor analysis

In this way a new set of variables was put together, comprising most of the

original scalar variables and some of the original components of some of the

vector variables, plus the factors extracted from groups of other components

of the same:

• the three variables from key,

• the four components from rhythm,

• four factors of scale degrees,

• the seven original major diatonic functions, plus

• four factors extracted from the chromatic functions,

• three factors extracted from the harmonies,

• eleven of the original diatonic components of melody, plus

• four factors extracted from the chromatic components of melody; and

• twelve of the original diatonic components of bass, plus
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• three factors extracted from the chromatic components of bass.

This constitutes a set of 55 variables.

Entering all these variables produces a KMO of 0.279, much below the

acceptable limit. The seven original function components had values of MSA

ranging from 0.211 to 0.070. 13 variables had commonalities below 0.2.

Among these, two were original functions, four original melody and four

original bass components. What this means is that, in spite of all this effort,

there is neither an orthodox nor an unorthodox way to perform a Factor on

the whole set of variables.

Figure 6.6: Two-factor global solution

The only way to proceed any further is merely pragmatic, removing all

the variables with MSA below 0.6, which leaves no illusions about the rep-

resentativeness of the final variable selection. This led to a new set with 19

variables in it:

• the three key variables,

• three of the rhythm variables (onsets excluded),

• the four components of scale degrees,

• the three components of harmony,

• factors 2 and 3 extracted from the chromatic functions,
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• extracted component 3 from melody,

• original component 11 from melody (subtonic minor), and

• two original bass components (tonic minor and subdominant minor.)

A Factor run on these 19 variables shows an acceptable KMO of 0.695; the

individual MSAs range between 0.496 and 0.799. The scree suggests a three-

factor solution which explains 44.19% of the variance. Fig.6.6 shows the

Figure 6.7: Two-factor components matrix

component matrix for significant loadings, i.e., greater than 0.4. Fig.6.7

shows the variables in the first two factors’ plot. Understandably, the plot

is very difficult to interpret because it is the projection on a plane of a

six-dimensional space. Of the two largest components, the first correlates

most strongly (negatively) with the global average dot product. The second
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component correlates most highly with the modulation index, and next with

the intermodal index – in both cases negatively. As has been said, the validity

of this scheme is uncertain because neither the first round of factors nor the

secondary one explain the majority of the variance. It shows, however, some

agreement with the subsequent data mining analyses, namely that the three

variables with highest correlations with the main two components are the

same that will emerge as most significant for classification, as will be shown.

6.2 Data mining approach

The search for procedures alternative to statistical analysis that could deal

with the complexities of the dataset lead to the consideration of machine

learning methods. Machine Learning is a name given to algorithms that

are useful for classifying, predicting, clustering data, or that have useful ex-

ploratory or descriptive functions which underpin data mining procedures.

Data mining processes give machine learning algorithms their analytic capa-

bilities. Both terms data mining and machine learning are used interchange-

ably here. Like multivariate statistics, data mining tries to find patterns in

the data, but in contrast with statistical methods, machine-learning algo-

rithms are assumption free, non-linear and non-parametric, and some can

handle highly complex data structures with a large number of variables. Re-

cent work in data mining has shown, contrary to the curse of dimensionality,

that dimensionality is advantageous. The more predictor variables are avail-

able for use, the more information is available both from the direct impact of

predictors within a model, and from the impact of various combinations of

the predictor variables [6]. Whereas conventional statistical procedures and

some data mining procedures need to limit the number of predictor variables

in the modeling process (e.g., neural network models and support vector

machine algorithms), other data mining procedures are capable of handling

thousands of predictor variables, even when these predictor variables display

a high degree of collinearity and structural complexity [5][6].

This search was informed by three goals. First, the results of the algo-

rithms had to be generally or consistenly good; Second, according to the

objectives of this study, the methods of analysis must provide clarity about

the conceptual dimensions of the problem; Third, since the idea was to an-

alyze the dataset rather than refine the method of analysis, the search had
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to be preferably limited to algorithms that were readily available as canned

software packages.

The ‘good performance’ requirement, however, is a complicated problem,

which is described by Jamain & Hand:

...the ’performance of a method’ is not a well-defined term. In general,

how well a method performs is not merely a property of the method, but is the

result of an interaction of the method with the type of data, the background

and experience of the user, the implementation of the method...[42:90]

There is a vast and ever-growing body of literature on comparison of

classification methods, which often presents contradictory results as the con-

sequence of biases of various sorts. A general guide is offered by Jamain

& Hand who, in a meta-analysis of 2,455 machine learning journal articles,

compared the performance of “the nine most widely used types of classifi-

cation algorithm”. The classifiers chosen were linear discriminant analysis,

logistic discrimination, kernel methods, the näıve Bayes method, k-nearest-

neighbors, the CART decision tree, the C4.5 decision tree, the CN2 rule

induction algorithm, and multilayer perceptrons. [42:96] Two decision tree

methods, CART (acronym from Classification and Regression Trees) and

C4.5, were found to be the best performing algorithms of classification and

regression problems in terms of model accuracy [42:101-106].

As to the clarity issue, decision trees like CART are more transparent

than other methods in relation to the variables included in the model, and

their relationships and interaction effects are easy to understand. CART and

Tree Ensembles (like Random Forests) are ideal algorithms for classification,

regression and cluster models. They are useful across a range of different

research applications, can be applied to datasets with any level of complexity

and are among the most accurate and easy to use machine learning algorithms

currently available [6][42].

In relation to accesibility, CART is available through Salford Systems

Predictive Miner version 6.6, which offers analysts access to an extensive

range of data modelling tools via an easy to use menu interface.

Apart from CART, among the most successful algorithms, of which there

are available implementations, it is worth mentioning Genetic Expression

Protocol (GEP), Random Forests, Multivariate Adaptive Regression Splines

(MARS), TreeNets, and Multiple Additive Regression Trees (MART). CART,

Random Forersts and GEP will be described in some detail in the following.
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CART, and particularly Random Forests, can handle datasets that display a

high level of complexity and a large number of predictor variables, and are

therefore considered appropriate candidates for use in this project. The GEP

algorithm has been shown to develop stable and effective classification and

regression models to complex and noisy datasets [27].

According to the main goal of this project, to identify the main concep-

tual dimensions of tonal music style, the first analysis that had to be carried

out was finding which, among the measured variables, were the ones that

naturally split the dataset in larger subunits. As in the case of the Canto-

metrics project, this project aimed only at the gross outlines, not the fine

detail, because the range of styles is too large to be meticulously captured

by a database of the present size. Hence, what mattered were the variables

identified to effect the first and second order splitting. For this end, the ini-

tial step was using a data mining clustering algorithm able to reveal the main

splitting criteria, from which the finer differentiations might be disregarded.

Statistical cluster analysis is inadequate for this purpose, as has been dis-

cussed in section 6.1.3. Furthermore, the large number of variables prevents

its use. The data mining alternative to clustering used in this study was the

CART unsupervised machine learning procedure.

6.2.1 Classification and Regression Trees (CART)

The CART algorithm, discussed in Breiman, L., Friedman, J., Olshen, R.

& Stone, C. (1984)“CART: Classification and Regression Trees” represented

a major milestone in the evolution of artificial intelligence [93]. The work

is important for the comprehensiveness of its study of decision trees, the

technical innovations it introduced and the authoritative treatment of large

sample theory for decision trees .

Since its introduction in the early 1980s, CART has been used in practi-

cally all research domains, with Google Scholar reporting about 8,500 cita-

tions. Steinberg and Golovnya (2006) and Steinberg (2009) offer concise and

readable introductions.

A CART decision tree is a binary recursive partitioning procedure capable

of handling continuous or categorical target and predictor variables. The

result depends on the nature of the target variable. If this is categorical,

the procedure generates a classification tree; if the target is a continuous
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variable, a regression tree is generated.

Beginning at a root node, the data is split into two children nodes, and

each of the children nodes is in turn split into grandchildren. The tree con-

tinues to be grown to a maximal size until no further splits are possible,

due to lack of data, software setting limits to the tree depth, or because the

maximum number of records in a node has been reached. The optimal-sized

tree is achieved by pruning the nodes that resulted from a split which con-

tributed the least to the overall performance on the training dataset within

the maximized tree. The CART procedure is intended to produce a sequence

of nested pruned trees, each of which is a candidate to be the optimal tree.

The ‘right sized’ tree is identified by evaluating the predictive performance

of every pruned sequence either on an independent dataset or by using cross-

validation. In contrast to traditional statistical procedures that generate

preferred models on the basis of a training dataset alone [93], if testing or

cross-validation has not been performed, CART does not determine which

tree in the sequence is best.

CART has a number of unique features that collectively ensure this pro-

cedure is ideal for the analysis of this dataset. It includes automatic class

balancing, allows cost sensitive learning and dynamic feature construction,

and accommodates outlier target variables by creating unique children nodes

for such records. Other advantages that CART offers for predictive and

cluster modeling include:

• CART can be used for unsupervised learning and is an ideal alternative

to traditional statistical clustering algorithms.

• The procedure is nonparametric and does not require the specification

of a functional form.

• It can handle complex underlying data structures with many predictor

variables and does not require a pre-analysis data reduction procedure.

• It offers V-fold cross-validation and trees can be pruned to the optimal

cross-validation size.

• It gives a choice of single variable splits or splits that can use optimal

linear combinations of non-categorical variables.
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• The predictor used for each split and the split point is determined

automatically by CART via one of an extensive range of splitting algo-

rithms including: Gini, Symmetric Gini, Twoing, Ordered Twoing, and

Entropy for classification and unsupervised learning; or Least Squares

and Last Absolute Deviation for regression models.

The CART implementation used in this analysis allowed batteries of tests

that after running simulations on the dataset can advise about optimal pa-

rameter settings. These were used to assess optimal CART settings for all

classification and unsupervised analyses.

6.2.1.1 Unsupervised Learning using CART

While CART is usually applied in a supervised learning context, where the

dataset contains values for a target and predictor variables, it can also be

applied in situations where there are only predictor variables, i.e.,no target

variables. In essence this is equivalent to a cluster analysis. This method is

summarized in [94]. The process involves:

• Making a copy of the original dataset and then reordering the data

column by column randomly. In this way, no two columns are scram-

bled in the same way and a so-called Frankenstein copy of the original

dataset is created.

• The Frankenstein dataset is appended to the original dataset, creating

a new dataset with the same number of columns or variables but twice

as many records as the original dataset. The original and Frankenstein

records are labeled accordingly in the new dataset.

• CART attempts to separate the original dataset from the Frankenstein

records; if it cannot distinguish between these two record types, it

means there is no structure in the data.

• If the Frankenstein and original records can be effectively distinguished,

the tree nodes with highest density of original records qualify as data

clusters and may reveal interesting features or patterns that are not

artifacts.

A practical reality with unsupervised CART is that the optimal-sized tree is

not created or deemed important. In this type of analysis, a tree size that
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most effectively separated original from Frankenstein records is desirable and

such trees are often manually pruned to reveal interesting cluster groupings,

but still yield a parsimonious cluster solution.

CART is a registered trademark of California Statistical Software and

is exclusively licensed to Salford Systems. While there are a number of

implementations that have relied on the algorithms described in the original

monograph [7], such as the one in R, the monograph only described less than

20% of CART’s functionality. Salford Systems is the only software company

that has access to the original CART code, including enhancements and

options never published [90]. CART version 6.0 from Salford Systems was

used for the unsupervised CART analysis in this project.

6.2.1.2 Results of CART Unsupervised learning

As mentioned in section 6.2.1.1, CART unsupervised learning provides an

ideal replacement for statistical clustering. Thus, it is the preferred initial

analysis used in order to let the whole set of variables determine the model

without need to select features or transform variables.

CART Unsupervised learning requires some parameters to be chosen.

This is done by using the battery simulation options, which give the optimal

CART settings for both the classification and unsupervised learning models.

Beside the default CART settings, the ‘Parent node minimum node size’

was set to 10. The splitting algorithms that gave the best accuracy were

Class Probability, Symmetric Gini and the Twoing procedures. 10-fold cross-

validation was used to find the optimal tree sizes on the unsupervised model.

As described, CART splits the data in clusters until the process ends.

The resulting global tree is shown in Fig.6.8. The User’s Guide for CART

6.0 states: “We do not expect the optimal sized tree for cluster detection to

be the most accurate separator of original from Copy records. We recommend

that you prune back to a tree size that reveals interesting data groupings”

[94:258]. Consequently, and in light of the considerations discussed in 6.2,

the tree was pruned to a 5 nodal solution, shown in Fig.6.9. Starting on

the Node 1 containing all the cases, the first split is done on the condition

“modulationindex ≤ 4.01”. The 147 original cases that comply go to Node

2, the 150 that do not go to Node 3.

For both nodes, the second split occurs on values of intermodalindex.
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Figure 6.8: CART Full model – 65 nodes

Figure 6.9: CART 5 nodal solution

Cases in Node 2 are split on the condition “intermodalindex ≤ 1.24”. There

are 95 original cases that comply and become Terminal Node 1. The 52

original cases that do not become Terminal Node 2. Cases in Node 3 are
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split on “intermodalindex ≤ 1.18”. The 11 compliant original cases go to

Terminal Node 3. The remaining 139 original cases go to Node 4.

It is not necessary to go beyond this level of detail. The crucial point

made by the CART Unsupervised learning algorithm is that the first two

splits are done on the basis of values of the modulation and the intermodal

indexes. Therefore, according to CART they are the two variables that most

clearly separate the different cases into groups, that is to say, which are the

most important dimensions in the data structure.

6.2.2 Random Forests (RF)

CART introduced the concept of a tree model; RF extended this concept by

developing a ‘collection’ of individual trees or a tree ‘ensemble’. Although

each tree is independent of any other tree, the results of each of these trees

is combined via a voting process for categorical models, or by averaging for

regression models. Since each tree is independent, adding trees to the model

does not create over-fitting, and theoretically a RF model can be extended

indefinitely without any loss in model performance [94].

The notion of combining a collection of separate trees into a committee

of experts or ensemble has been explored in the data mining literature for

more than 20 years. Tree ensemble methods such as RF are regarded as being

highly effective means of modeling complex datasets [5]. As new RF trees are

added, different aspects of the data structure are illuminated, and because

the trees are grown independently of each other, adding trees does not create

the problem of model overfitting. If an important pattern exists in the data,

portions of it will be uncovered by different trees, and genuine patterns will

be detected repeatedly by different trees. In contrast, accidental patterns or

data artifacts if detected will be washed out in the process of averaging the

results [94].

From a practical perspective, RF offers some considerable advantages in

developing a classification and unsupervised learning model. Some of these

advantages are:

• RF, like CART, will automatically select the key variables to include

in a model from a predictor variable list. Potentially, there can be

thousands of predictors.
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• Data does not have to be pre-processed. Hence it is unnecessary to

rescale, transform or undertake data modifications or data simplifica-

tions prior to modeling.

• Although RF is a collection of many trees, the procedure is extremely

fast. The data set with 297 records across 277 variables for 400 trees

took less than a minute of computation time on a Windows desktop

PC.

Salford Systems Random Forests version 1.0 and the Decision Tree Forests

module within DTREG data mining software (version 9.2 for Windows) were

used for all RF classification and unsupervised learning analyses.

The only software setting required in these RF software modules was

the number of random variables used for each nodal split. Optimal values

between 13 and 17 were found to give the best performance in terms of

classification accuracy: the upper value of 17 was used since the predictive

accuracy of models that used this value were on average slightly better than

those using lower values in the specified range.

6.2.2.1 Results of Random Forests

The DTREG implementation of Random Forests was run to classify the

database. In so doing, the algorithm provides the list of overall variables of

importance for the classification. As explained above, the algorithm tends to

washout any artifacts across many trees, which yields results that are robust

and stable. Table 6.13 shows the list, in descending order of importance,

of the variables used for the classification. The variables names comprising

Roman numerals correspond to scale degrees, and Subdominant Major and

Tonic Major to functions.

Other variables follow on with diminishing importance, but among the

most interesting features of these first 34-variables it is worth mentioning

that:

• the most important three variables are the three key indicators;

• of the following five variables, four are the rhythm indicators;

• with the exception of two functions and one harmony, the remaining

24 variables are the frequencies of use of all the scale degrees.
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Overall Importance of Variables
Variable Importance
Global average dot product 100.000
Intermodal index 85.020
Modulation index 80.566
Onsets per measure 73.149
II Major 62.283
Within measure index 60.509
Beat rate 58.275
Between measures index 56.829
I Major 55.898
I]− II[ Major 53.813
III Major 50.439
IV Major 47.075
V Major 46.858
II]− III[ Major 44.459
V I]− V II[ Major 43.585
V II minor 41.719
I minor 41.206
IV ]− V [ Major 41.007
V ]− V I[ Major 40.288
V I Major 40.188
Subdominant Major 38.183
I]− II[ minor 37.974
III]− IV [ minor 37.872
V II Major 37.282
III minor 34.457
IV ]− V [ minor 32.734
II minor 32.050
V III[ minor 31.716
IV minor 31.644
V I]− V II[ minor 29.499
V I minor 28.841
Tonic Major 27.137
Major Triad in Major 26.892
V minor 26.542

Table 6.13: Rank of Variables Importance in Random Forests

Thus, from a conceptual point of view, Random Forests classifies fundamen-

tally on the basis of key, rhythm and scale degrees variables.

There is a good agreement between these two independent algorithms,

CART clustering and Random Forests classification, that Key indicators
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(modulation, modality, degree of tonalness) are the most important con-

ceptual variables for the classification.

At this point it is legitimate to wonder whether the algorithm has the

power to classify the database by style. The problem is that this would be

the result of a supervised approach, which implies imposing a pre-existing

style categorization, something that is preferably to be avoided. On the other

hand, the information about composers is objective, suggesting the possibility

of classifying by composer. This, however, seems excessive, pressing the

algorithm to extract more information than is available.

This study has been done based on less than 300 keyboard pieces which

stand in for the whole of the music of the common practice period. Hence,

even if all the fundamental features of the music had been captured in the

set of measurements, I was convinced that the sample would be too small to

provide enough information to identify composer.

Nevertheless, Breiman states “Random Forests are an effective tool in

prediction. Because of the law of large Numbers, they do not overfit. In-

jecting the right kind of randomness makes them accurate classifiers” [5:29].

This suggests that, as further information continued to be provided to the

algorithm, the structure would keep gradually coming to a better focus. In

spite of my low expectations, I attempted the classification by composer to

find out how successful the classification system was with the current data.

With 200 trees, the classification accuracy was modest, averaging 2.3 correct

pieces out of 11 per composer, or 20.88%. It varied from one composer to

another, ranging from a perfect score (100% accuracy) for Weber to zero for

Chopin, Tchaikovsky, Satie, Bartók and Prokofiev. However, an inspection

of the predicted composer results, piece by piece, was much more encourag-

ing than the accuracy figures suggest. The prediction list has been turned

into a graphic matrix depicted in Fig.6.10.

A priori, a perfect classification would yield a full colored principal diag-

onal with the remainder blank. However, such result would be unrealistic as

well as historically misleading. Composers usually work for many years, and

their lifetimes overlap to significant extents. For example, Handel, J.S.Bach

and Scarlatti were born on the same year; Mendelssohn, Chopin, Schumann

and Liszt were born within the lapse of thirty-three months; the life of Mozart

took place within the span of Haydn’s, and Weber’s within Beethoven’s. Con-

sequently, even if their names are listed in chronological order of birth, the
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Figure 6.10: RF classification matrix

composition dates of their works do not necessarily follow in the same order.

As a result, even for a perfect classifier, the main diagonal could be expected

to be horizontally smeared.

But Fig.6.10 shows a pattern that is not random to any appreciable de-

gree. Instead, it is apparent that the algorithm attributes authorship in a

consistent way. Most attributions (colored squares) surround the main di-

agonal, and attributions to composers distant in the future are particularly

absent (area at right from diagonal). Notice, for example, that out of 11

works of Handel, five are attributed to him, three to J.S.Bach, one to Scar-
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latti and two to Haydn. In the case of Ravel, only the Menuet Antique and

the Menuet on the name of Haydn are assigned to him, while the others

are to Liszt, Grieg, Fauré and Debussy. The worst cases of anachronism are

probably the attribution to Franck of the second movement of C.P.E.Bach

first Prussian Sonata, or of Liszt’s “La Lugubre Gondola I” to Shostakovich.

Anachronisms in the opposite direction are not as unexpected or unjustified,

such as the attribution of Prokofiev’s “Harp” Prelude to Handel. Another

detail worth noting is that, although the database includes movements from

all four of Weber’s piano sonatas, written in the span of ten years, they were

all recognized to be Weber’s, suggesting their stylistic coherence.

Thus, these results strongly suggest that Random Forests is actually de-

tecting style and making attributions that are quite reasonable on the basis

of the scarce information available. From a cognitive point of view, the task

of the algorithm is to detect the prototype through the maze of noise, which

requires it to exclude information that is too particular. The size of the

database was not expected to allow for such fine distinctions. It was hoped

it would be able to detect the general structure, and the graphic shows it

coming into focus.

These results support the view that Random Forests can be successfully

used for dimensionality reduction. The three most important variables for

the classification turned out to be the three key indicators, two of which

coincide with the main dimensions according to the CART clustering. Next

to these, Random Forests found most meaningful the group of rhythm and

scale degree measurements.

6.2.3 Gene Expression Programming (GEP)

GEP was invented by Candida Ferreira in 1999, and like genetic algorithms

(GA) and genetic programming (GP), the GEP algorithm uses a population

of individuals and selects them according to their fitness. By fitness and

luck, additional populations are created and with the incorporation of genetic

diversity, a fit individual will emerge that is the most accurate in terms of

classification accuracy or, in regression models, displays accurate fit statistics

in terms of a high R2 value or a low mean square error value.

GEP is the first evolutionary algorithm that facilitates a direct relation-

ship between the chromosomes genotype and its phenotype. The algorithm
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allows for single or multiple genes within the linear chromosome; it intro-

duces a large range of evolutionary processes that creates greater diversity

between generations (mutation, inversion, transposition and recombination);

and the algorithm requires small population sizes of 30 to 100 individuals.

Other comparable genetic algorithm solutions require populations of many

thousands of individuals. This level of complexity makes them more cum-

bersome, requiring significantly larger computational resources. In summary,

GEP is the most accurate, robust and diverse genetic evolutionary algorithm

currently available for computational and analytical analyses.

The linear chromosomes in GEP are composed of one or more genes, with

each gene being composed of a head region and a tail region. Multiple genes

within a linear chromosome enhance the overall computational effectiveness

by allowing a greater range of functions, variables and constants to be in-

cluded in the gene head, and a greater range of terminal nodes (constants

and variables) within the gene tail. Other specialized regions can be ac-

commodated in the gene to handle random numerical constants and assist

GEP model neural network and classification tree models, if required. This

chromosome functions as a genome and is subject to genetic evolutionary

pressures including mutation, transposition (root and gene transposition),

gene recombination (one and two-point recombination) and inversion.

The linear GEP chromosomes encode expression trees which are impor-

tant in the selection process. It is the creation of these separate entities

in GEP (genome and expression trees) with distinct functions that allows

the algorithm to perform with high efficiency. Expression trees function as

the phenotype representation of the genome, and the GEP algorithm allows

an easily inferred relationship between the genotype and phenotype of the

individual. These features allow the algorithm to represent the natural evo-

lutionary process more faithfully than previous genetic algorithms. [26]

From a practical perspective, GEP can be used for classification analysis,

regression modeling, for time series analysis, and for the construction of

neural network models and decision trees [90]. GEP also offers a number of

other useful modeling options:

• An extensive range of functions is available including mathematical and

logical functions for the gene heads.

• The algorithms accommodate an extensive range of fitness functions,
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with research showing that the application of different fitness functions

to a problem forces changes in the fitness landscape ensuring the model

does not get trapped in a local optimum value [26].

• GEP allows random constants to be added into the genetic solution –

either by natural evolution, or by employing a constant number of ran-

dom numeric constants (integer or floating point) within a prescribed

range – that are added directly into each gene.

• The genomes after reproduction are subjected to modification forces,

the rates of which can be set and changed. Evolution rates can be set

and changed, and the mutation rates, inversion rates, transposition and

recombination rates, are all adaptable.

• Parsimony pressure can be applied to fitness functions during model

development to ensure model size is as small as possible [90].

In any GEP model, the number of genes per chromosome, the head size

per gene, the starting population size, the nature and types of random con-

stants, and the functions to use within the gene head and evolutionary rates

need to be set. There are several GEP resources that are both readable and

insightful which can assist in setting these parameters and that also describe

the underlying theory [26][27].

In view of the encouraging outcome of the CART and Random Forests

classification, the set of three variables found to be of the greatest importance

was used to attempt a classification by composer by means of the Gene

Expression Programming algorithm.

The individual characteristics of different data mining algorithms give

them different accuracies depending on the dataset. The Gene Expression

Programming turns out to have the highest predictive accuracy in this case,

so its classification results can be considered the best that can be obtained

with the limited information furnished by this project’s database. Moreover,

the classification was effected using only three variables. That means the

results are not the best that GEP could attain, as its predictive accuracy

increases as the size of the set of variables. What was intended attempting

to use GEP was to validate the main variable set, showing what can be

achieved with it.

234



6.2. Data mining approach

6.2.3.1 General issues about binary classifiers

The GEP algorithm is a binary classifier. The performance parameters of a

binary classification test are specified in terms related to the 2 x 2 contingency

table or confusion matrix (Fig.6.11):

Figure 6.11: 2 x 2 contingency table

sensitivity is the proportion of true positives that are correctly identified

by the test.

sensitivity =
true positives

true positives + false negatives

A test with high sensitivity has a low Type II error rate. Because it finds

few false negatives, a negative result is trusted to rule out the condition.

Specificity is the proportion of true negatives that are correctly identified

by the test.

specificity =
true negatives

true negatives + false positives

A test with high specificity has a low Type I error rate. Because it finds

few false positives, a positive result is trusted to rule in the condition. Al-

though it seems desirable that any test had both high sensitivity and speci-

ficity, in practice, attempts to reduce Type I errors generally leads to an

increase in the margin of Type II errors, and a trade-off has to be found.

That a test have high sensitivity or high specificity alone does not ensure

its practical value. The accuracy of a test is a measure of its ability to

identify or exclude the condition. Accuracy is defined as the proportion of
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true results in the population.

accuracy =
true positives + true negatives

total cases

and is linked to both sensitivity and specificity by the relation:

accuracy = sensitivity · prevalence+ specificity · (1− prevalence) (6.1)

In this case, the ‘population’ is the set of 297 pieces, 11 of which have

been written by the composer to be identified. Thus, the prevalence is

11

297
= 3.7037%

This value can be used in (6.1) to verify the accuracy values given by

Table 6.14.

6.2.3.2 Results of Gene Expression Programming

GEP being a binary classifier, it has to be run 27 times in order to classify

for the 27 composers, each run determining the pieces that belong or not

to the composer in question. For this reason, the importance given to each

predictor changes from one composer to another. The resulting numbers

are not carved in stone. A gene algorithm starts from an initial population,

and evolution is not a deterministic process. As the solution was allowed to

converge over 10,000 generations, it was anticipated that repeated runs on

the same data may show oscillations of around 2 to 4%.

GeneXproTools version 4.0, developed by Candida Ferreira, was used for

all these GEP classification models. The GEP settings used for all composer

classification models included: 3 genes per chromosome; and a head length of

7 units and a tail length of 8 units. Standard classification functions were used

in the genotype/phenotype solutions. The sensitivity and specificity fitness

function was used across all models. The default mutation rate = 0.044, with

a setting of 8 constants per gene within the range of -10 to +10, the RNC

mutation rate = 0.01 and the Dc mutation rate = 0.044. Using standard

template software settings, the runs gave an overall classification accuracy of

86.9% with an average sensitivity of 95.3% and an overall specificity of 86.6%.

The lowest classification accuracy was 74.1% for Scriabin, and the highest,
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Composer Overall % accuracy Sensitivity % Specificity %
Handel 90.910 100.000 90.559
J.S.Bach 91.580 100.000 91.259
Scarlatti 89.230 100.000 88.811
C.P.E.Bach 88.550 90.909 88.462
Haydn 94.280 81.818 94.755
Mozart 93.270 90.909 93.357
Beethoven 81.820 100.000 81.119
Weber 84.850 81.818 84.965
Schubert 95.623 100.000 95.455
Mendelssohn 85.860 90.909 85.664
Chopin 86.530 90.909 86.364
Schumann 89.560 100.000 89.161
Liszt 91.580 90.909 91.608
Franck 85.860 100.000 85.350
Brahms 82.490 100.000 81.818
Tchaikovsky 87.210 90.909 87.063
Grieg 85.520 90.909 85.315
Fauré 85.520 100.000 84.965
Debussy 83.160 100.000 82.517
Satie 90.240 100.000 89.860
Scriabin 74.070 100.000 73.077
Rachmaninov 82.830 90.909 82.517
Ravel 87.540 100.000 87.063
Bartók 87.540 90.909 87.413
Prokofiev 84.510 100.000 83.916
Khachaturian 80.470 100.000 79.720
Shostakovich 85.520 90.909 85.315

Averages 86.893 95.286 86.572

Table 6.14: GEP Classification by Composer

95.6%, for Schubert. Modulation index was the most important variable

across all 27 GEP algorithms and occurred 106 times. Global average dot

prod and intermodal index occurred 87 and 79 times respectively. Table 6.14

shows the GEP results in terms of overall accuracy, sensitivity and specificity

for each composer.

To remove any suspicion that GEP could have overfitted the classification

solutions, a second trial was carried out separating part of the dataset to

have an independent test set. 6 composers were selected at random (Handel,

Haydn, Beethoven, Liszt, Scriabin and Khachaturian) and the dataset was
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divided into a training dataset and a test dataset. The training dataset

consisted of 189 records or 64% of the original dataset (comprising pieces

1,2,4,5,6,8 and 10 for each composer); the test dataset consisted of 108 records

or 36% of the original dataset (comprising pieces 3,7,9 and 11 from each

composer).

In this trial, the same GEP models gave a classification accuracy for the

training dataset of 80.9%, with the average sensitivity and specificity values

being 97.6% and 80.2% respectively.

The average classification accuracy for the test dataset across these same

GEP models was 72.8% with the average sensitivity and specificity values

being 66.7% and 73.1% respectively. Tables 6.16 and 6.17 show the results for

this reduced set of composers, for the training and test sets respectively. As

Composer Overall % accuracy Sensitivity % Specificity %
Handel 89.418 100.000 89.010
Haydn 85.190 85.714 85.170
Beethoven 74.074 100.000 73.077
Liszt 80.950 100.000 80.220
Scriabin 78.307 100.000 77.470
Khachaturian 77.249 100.000 76.374

Averages 80.865 97.619 80.220

Table 6.15: GEP 6 Composers - Training set

expected, there is an initial deterioration in accuracy and specificity for the

training values, due to the reduction in the size of the training set. Naturally,

the test values are lower, but overall, working on the basis of such a reduced

dataset, it is remarkable that GEP retains an overall predictive accuracy

higher than 72% over a completely new set of pieces, all on the basis of

just three predictors. It is difficult to establish a comparison baseline for

a dataset like this, but since the previous results were based on the best

three predictors according to Random Forests, I decided to run a comparison

based on the same set of six composers, but this time on the basis of the

worst three predictors, also as identified by Random Forests. These were

two harmonies – augmented triad in major and French 6th in minor – and

a function, raised submediant in major. Thus, substituting the three worst

predictors for the three best ones gave an average classification accuracy

of 26.5%, with the average sensitivity and specificity values of 78.6% and
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Composer Overall % accuracy Sensitivity % Specificity %
Handel 82.410 50.000 83.650
Haydn 78.704 50.000 79.810
Beethoven 72.222 100.000 71.154
Liszt 64.820 100.000 63.460
Scriabin 65.740 50.000 66.370
Khachaturian 73.148 50.000 74.038

Averages 72.841 66.667 73.080

Table 6.16: GEP 6 Composers - Test set

24.5% respectively across all GEP classification models. Tables 6.18 and

6.19 compare results: The comparison shows that while the change to the

Composer Overall % accuracy Sensitivity % Specificity %
Handel 19.19 100.00 16.08
Haydn 30.98 72.70 29.37
Beethoven 31.99 81.82 30.07
Liszt 15.49 90.00 12.59
Scriabin 34.68 54.55 33.92
Khachaturian 26.94 72.73 25.18

Averages 26.55 78.63 24.53

Table 6.17: GEP 6 Composers - Worst three predictors

worst predictors reduces slightly the ability of GEP to identify the correct

composers, it has a much stronger impact on its ability to reject the wrong

composers. The neat result is that the average predictive accuracy falls to less

than one third of the value obtained with the best predictors. The combined

Composer Overall % accuracy Sensitivity % Specificity %
Handel 90.910 100.00 90.559
Haydn 94.280 81.818 94.755
Beethoven 81.820 100 81.119
Liszt 91.580 90.909 91.608
Scriabin 74.070 100 73.077
Khachaturian 80.470 100 79.720

Averages 85.522 95.455 85.140

Table 6.18: GEP 6 Composers - Best three predictors
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conclusion from the foregoing analyses is that, from the whole set of variables

obtained by measuring features from the database:

• the three key indicators are the most efficient classifiers of the dataset;

• the next most valuable predictors are the measures of rhythm and scale

degree frequencies of use;

• the use of the key indicators alone as predictors allows GEP to classify

the pieces by composer with an overall accuracy better than 86%;

• even splitting the database into 64% training and and 36% test sets,

GEP was able to classify the new items with an overall accuracy better

than 72%.

6.2.4 Comparison between Analyses

This chapter has presented analyses on the results of the measurements of

features both by means of traditional multivariate statistics and by data

mining techniques. The limitations of statistics were made explicit, showing

that there are no statistical techniques that can deal with the data set of

this study. Three data mining algorithms were used. Their results were

in excellent mutual agreement, and the strongest conclusion was that the

three predictors of key turned out to be the most efficient classifiers of cases

into clusters and also the best predictors for classifying by composer. A

further relaxation of the requirements of exploratory factor analysis to the

point where the soundness of the conclusions cannot be assured, brought

additional - albeit weak - support to the importance of these variables.

This conclusion may raise a question: considering these variables are

clearly important for classification, what if they were used for clustering us-

ing traditional multivariate statistical clustering algorithms? The answer is

that data mining methods can deal with a great number of variables without

making assumptions about their linearity, mutual interactions or distribu-

tions, but statistic methods can not. The resulting data set of this study

turned out to be very complex. The variables are not linear and present

complex interactions – a fact that can be gleaned from the output of the

data mining algorithms.

Nevertheless, two attempts were carried out to see if it was possible to

cluster the data through statistics. SPSS includes an option called Two-step
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Cluster whose purpose is to carry out clustering without pre-determining

the desired number of output clusters. The algorithm itself determines the

optimum number of clusters. The result was that Two-step cluster deter-

mined that the optimum was a single cluster including all of the data set.

This setback notwithstanding, a second attempt was made using the best 13

predictors according to the output of Random Forests. For a second time,

Two-step cluster put all the cases in a single cluster.

Therefore, the knowledge of the most important dimensions of the dataset

does not bring the classification of tonal music within the reach of statistics.

But since powerful data mining algorithms are available for the home com-

puter, studies of this kind should become more widespread to the extent that

the software becomes affordable.

6.2.5 A basic taxonomy of tonal music

The three key variables, being the most important predictors for classifica-

tion, could be used for a basic taxonomy of tonal music. The nature of these

variables results in a classification based on the individual characteristics of

the pieces according to the measured features. This can be visualized in a

tri-dimensional fashion. A plane divides the space in two halves. Therefore,

three planes that are mutually perpendicular divide the space in eight oc-

tants. To exemplify, Fig.6.12 shows a sphere split in eight by three planes,

one horizontal that divides it into the top and bottom halves, and two ver-

tical ones that are perpendicular to each other, which split each half in four

segments – front, back, right and left. One of these octants, the segment

that occupies the top front position is shown shaded. According to this, the

combined values of the three scalar variables assign musical pieces to each

octant, allowing a basic characterization of the cases falling into each.

The scope of modulation index is continuous, from 0 to about 30 with a

median of 4.023, which is very close to the value found by CART, 4.01, as

the limit between clusters. Consequently, the pieces whose modulation index

value is greater than 4 could be called ‘modulating’ and the others, ‘non-

modulating’. Likewise, the scope of intermodal index is continuous, ranging

from 0 to about 7, with a median of 1.48, very close to the values determined

by CART for the second split at about 1.2. Cases with Modulationindex ≤ 4

and Intermodalindex ≤ 1.2 tend not to change mode and could be called
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Figure 6.12: Splitting a sphere in halves in each of the three dimensions of
space results in eight segments

‘stable’ and the others, ‘unstable’.

And while CART did not split next on the global average dot product,

this was found by Random Forests to be the predictor of highest importance.

This continuous variable ranges from a minimum of about 560 to a maximum

of about 2020, with a Median of 1403 and Mean of 1430. A value of 1400

could be used as limit between halves. Those pieces with Global average

greater than 1400 could be called ‘conforming’ since they are very much

tonal-shaped, whereas those with values smaller than 1400 could be called

‘non-conforming’ since diminishing values indicate that the tonality of the

pieces gets more vague tending toward atonality.

According to this binary split in eight octants, the pieces of the database

can be asigned to a region whose character is determined by the combined

values of the three variables.

Octant 0 comprises pieces that are non-modulating, stable and non-
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conforming; The most typical example in the database is Satie’s Gymnopédie

No.1. Scarlatti’s Sonata k.415 is the closest example.

Octant 1 comprises pieces that are modulating, stable and non-conforming.

Examples: Debussy’s Des Pas sur la Neige and Ravel’s Prélude.

Octant 2 contains non-modulating, unstable and non-conforming pieces.

Database examples: C.P.E.Bach’s second movement of the Sonata H57 and

Tchaikovsky’s ‘November’ from The Seasons.

Octant 3 contains modulating, unstable and non-conforming pieces. Ex-

amples: Shostakovich’s Prelude No.5, Ravel’s Ondine.

Octant 4 comprises pieces that are non-modulating, stable and conform-

ing; Examples, Handel’s Sarabande from Suite No.11, Satie’s Gnossienne

No.1.

Octant 5 comprises modulating, stable and conforming pieces. Examples:

Liszt’s Richard Wagner - Venice, Prokofiev Prélude Op.2 No.4.

Octant 6 contains non-modulating, unstable and conforming pieces. Ex-

amples: Beethoven’s Second movement from Moonlight Sonata, J.S.Bach

Menuet from French Suite No.2.

Finally, octant 7 contains pieces that are modulating, unstable and con-

forming. Examples: Franck’s Prélude from Prélude, Choral and Fugue,

Mendelssohn’s Lieder ohne Worte Op.85 No.1.

The pieces are not uniformly distributed. Octant 3 contains 76 pieces,

followed by 7 (62) and 4 (60) whereas octant 5 is a rarity, with only 4 pieces

in it.

The important observation about this elementary taxonomy is that it is

not a superoder of a classification by composer. There are unlimited ways

of classifying data. This one is the way that resulted the most efficient, but

it may not be aligned with the preferences of composers. For example, the

works of C.P.E.Bach are spread in six of the eight octants. Nevertheless, it is

possible that a composer’s individuality makes most of his pieces fall in one

particular class. Inspection of the database shows that all of J.S.Bach pieces

are conforming and unstable. All of Tchaikovsky’s are non-modulating. 10

out of 11 pieces of Debussy and Grieg are non-conforming. 10 out of 11 pieces

of Fauré fall in octant 3.

This chapter has covered the analyses carried out on the dataset, both by
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means of multivariate statistics and by data mining algorithms. The conclu-

sion has been the identification of a set of three scalar variables as the best

predictors for the data set. Next chapter summarizes the conclusions, dis-

cusses the limitations of the study and makes suggestions for future work.
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Conclusion

This research project was a broad inquiry to identify the main conceptual di-

mensions of tonal music style. As this refers to the whole of the instrumental

music of the common practice period, the quest began by objectifying its study

object. Scores were chosen as the materials and a representative database

built; the most relevant features were conceptualized, algorithms to measure

them and their software implementations were developed. Their application

to the database produced a host of numerical results; these were subjected to

the statistical and data mining analyses described in last chapter. The current

chapter summarizes the conclusions and their significance. The limitations

of the study and implications for future work are also discussed.

7.1 Reflections on the research approach

Customarily, any study is required to compare its findings with similar ones.

This study was somewhat unusual in a number of aspects:

• Its main concern was the phenomenon of tonal musical style

• It took on the whole of the music of the common practice period

• It was entirely based on a purposely built database of scores converted

to musicXML

• Its central methodological point was the determination of the key at ev-

ery point, which allowed to base it on scale degrees and their combined

sonorities rather than notes
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These peculiarities make the current study difficult to compare with other

studies. I found no other quantitative study concerned with tonal music style,

and no model of style nor theories about its conceptual components, let alone

competing theories that this study could have set out to prove or disprove.

I could find no other studies about the degree of tonalness of the relevant

corpus. And in relation to its methods, specifically it is its basis on scale

degrees that sets it apart. Occasionally a study is based on scale degrees –

for example, Margulis et al (2008) [63] – but the authors lament the lack of a

tool to determine key changes and admit their conclusions could not be more

forceful because of the ‘statistical noise created by key changes’. While many

other projects work with a non-modulating corpus – be it nursery rhymes

of folk melodies, allowing them to transpose them to the same keys, their

objectives had nothing in common with this project. I could not find studies

that had an integrated approach to measure rhythm or harmony and I was

forced to invent them as I moved forward.

7.2 Summary of findings

This study has reached two main objectives that are discussed in more detail

in the following subsections.

• It has identified, among the measured features, the most important di-

mensions of tonal music style, which could be the basis for a conceptual

model and a basic taxonomy of tonal music style.

• It has proven it is possible to automatically identify a composer’s style

from the score alone, and created a system to effect the identification,

which constitutes a valuable contribution to musicological studies.

In addition, from the methodological point of view, it has found that data

mining is a more suitable tool for investigating the multidimensionality of

music than traditional statistical analysis.

7.2.1 Dimensions of tonal music style

The main goal of the project was to determine the principal conceptual di-

mensions of tonal music style. The results obtained in this respect by several

methods show excellent mutual agreement:
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• CART unsupervised learning made its first split on the basis of modu-

lation index and the second on that of intermodal index.

• Random Forests (RF) found that the three variables of greatest impor-

tance were:

– Global average dot product

– Intermodal index

– Modulation index

• GEP was able to use these three dimensions to classify pieces by com-

poser with high predictive accuracy

• A limitations-relaxed secondary Factor Analysis gave a modest extra

support by finding three main factors,

– the first with highest loading by global average dot product

– the second with highest loading by modulation index and inter-

modal index

The three variables mentioned were originally intended as key-related mea-

surements. The modulation index (3.1) was defined as a measure of the

tendency to modulate; the intermodal index (3.2) as a measure of the ten-

dency to switch modes; the global average dot product was a sub-product

of the process of key determination as a point function. It measures the

resemblance of the global shape of the piece to the idealized distribution of

scale degrees for the key. Therefore, the less “tonal”the piece becomes,, the

less its dot product resembles the vector of key numbers, making its value

decline.

The fact that these three variables came together as key indicators was

unpremeditated, but with hindsight, they constitute a consistent set to char-

acterize tonality. They also constitute a possible basis for a basic taxonomy

of tonal music, as was proposed in subsection 6.2.8.

7.2.2 Other variables of great importance

Next to the key-related variables, Random Forests found that the variables

of greatest importance were the four rhythm descriptors and the 24 scale

degrees.
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The rhythm descriptors evolved from Creston’s conceptualization of rhythm

into a set of four numerical variables. It is remarkable that all four of them

were found to rank 4th, 6th, 7th and 8th in order of variable importance. As

discussed in subsection 6.1.8.2, this set of variables does not contain factors,

which means they constitute a good basis for the independent description of

rhythm.

The presence of all 24 scale degree components, ranking 5th, 9th to 20th,

22nd to 31st, and 34th in the order of variables of importance, shows a notable

consistency, meaning that the vectorial variable measuring frequency of use

of the scale degrees is one of the most important predictors for classification,

and considering that, as with rhythm parameters, they epitomize individual

composers’ choices, their presence supports the notion that the project indeed

measured the conceptual dimensions of musical style.

Therefore, the most general conclusion in relation to the conceptual di-

mensions of tonal music style is that the principal dimensions for classifying

tonal music by style in this data set are key and mode changes, rhythm

measures and relative use of scale degrees.

Naturally, this does not bear any implication about the way the human

brain accomplishes the task of identifying styles. There are multiple ways of

classifying any one set of objects. The dimensions found constitute the most

effective set on the basis on the features measured from scores in this study.

7.2.3 Classification of pieces by composer

Random Forests is an effective means of data reduction that ranks all vari-

ables according to their importance for their contribution as primary and

surrogate splitters across all the classification trees in its model. The unex-

pectedly consistent results of RF for classifying pieces by composer strongly

suggests that the algorithm is actually detecting the style of the pieces. Con-

sidering again Fig.6.10, it comes as no surprise that the two composers whose

pieces were classified with greatest accuracy were Weber and Schubert, who

happen to be the two with largest number of pages in the database. This sug-

gests that a much larger database would significantly improve the method’s

accuracy. It has to be remembered that at no point was it expected that

any method could be able to perform such a feat. The size limitation of the

database coupled with the enormous range of compositional styles involved
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made it apparent that this study could only aspire to unveil the coarsest

dimensions of style, and it was never intended to be able to classify at the

fine level.

The effectiveness of the set of key variables to classify styles was made

more apparent by the outstanding results obtained by Gene Expression Pro-

gramming, whose average accuracy reached 86.9% using only the three key

variables as predictors.

The accuracy of the algorithm improves with the number of predictors

and also with the size of the database. Given that the corpus includes only

11 pieces per composer, reducing the database size even further by splitting

it into a training set and a test set of 7 and 4 pieces respectively, for a random

subset of six composers, was a test carried out only as a way of checking the

effectiveness of the classification scheme, which was then able to identify the

author of the new pieces with an average accuracy of 72.8%, that is, almost

three correct attributions out of four. This is remarkable, considering that

is based on a database less than two-thirds of the size of the original, and

using only three predictors.

In order to provide a reference, the same random subset of six composers

was tested, comparing the results of the three best predictors as judged by RF

against the three worst ones. In this circumstance, the reduction in overall

accuracy on the Training with the three best predictors to 80.9% reflects

purely the impact of having a smaller database. In comparison, using as

predictors the three worst ones in lieu of the three best ones, the overall

accuracy fell to 26.6%, i.e. less than one-third of the accuracy corresponding

to the best predictors. This offers an effective comparison baseline, showing

the relative effectiveness of the best predictors.

What this means is that on the basis of a database of less than a thou-

sand printed pages from only 27 composers, the devised system, beyond the

initial expectations, turned out to be an effective classifier of tonal music

styles, able to identify the composer of new pieces by style similarity only on

the basis of the scores, with an accuracy of almost three out of four, using

merely three calculated predictors. As this accuracy is obtained automati-

cally without making any assumptions, this system has ample potential for

use as a musicological tool in authorship studies.
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7.2.4 Traditional statistical techniques

Traditional Factor Analysis techniques were applied to the Entropies, since

they constituted an appropriate set on account of the variable distribution

and commonalities. Unfortunately, the results only suggested that entropy

is an unidimensional measure of information content, with most of the re-

maining variance accounted for by the difference between modes.

Leaving the Entropies apart, traditional statistical techniques were found

to be unable to deal effectively with the dataset. There were too many

variables to apply any technique other than Principal Components. Since it

was an a priori assumption that all of the variables were needed to capture

the style, reducing their number was not an option – even if a statistically

sound procedure to carry out such reduction existed. Nevertheless, after

pragmatically reducing them to a minimum set of 54 variables, the measure

of sampling adequacy still indicated the inappropriateness of the procedure

by implying that no significant factors existed.

An unorthodox secondary factor analysis, based on extracting compo-

nents from vectorial variables, was then attempted. The new set of 55 vari-

ables obtained by assembling all the proper factors from scale degrees and

harmonies; the scalar variables; and the components that did not contain

factors from harmonic functions, melody and bass, yielded an even worse

measure of sampling adequacy. In summary, it was not possible, even ex-

tending the theoretically acceptable limits, to extract principal factors from

the whole set of measured variables.

As a last ditch attempt, eliminating from the set all the variables with

MSA < 0.6 led to a set of 19 variables which could be analyzed into three

main factors. The problem with this method is that it is impossible to know

to what extent this solution means anything, considering that it explains

only part of the variance of a set of components which themselves explained

only a small part of the variance of their respective vectorial variables.

Only once the data mining solution had already been found, however,

was it possible to have some confidence in these factors. In effect, the 19-

variable reduced set comprises practically all the variables identified by Ran-

dom Forests to be the most important, i.e., the key scalars, the rhythm

components, and the factors extracted from scale degrees. Thus, the set

happens to represent the variables known to be the most significant ones.
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Therefore, it is interesting to note that the two main factors found by the

secondary Factor Analysis correlated most highly with the same set of three

key variables identified by the Data Mining algorithms.

7.2.5 About the determination of key

The determination of key was a fundamental prerequisite for this work. As

far as I know, this is the first study based on frequencies of scale degrees as

a point function. Abstracting to scale degrees rather than pitches removes

a confound that cannot be avoided otherwise and it should be generally

adopted.

In the present study the application of the key-finding algorithm did not

present difficulties as all the materials were known to be tonal, but it could

have if the tonal nature of the music being studied was in doubt. There

is an important caveat about the method: It always finds a key because it

inevitably identifies the largest dot product. In order not to appear to be

misled by atonal or serial music, the method has to be complemented by a

criterion to reject a piece as non-tonal when it falls outside the acceptable

limits usually referred to as “extended tonality”.

In section 4.1.3 I outlined the way to assess the degree of tonalness. It

was in my plans to develop a strict criterion along these lines but lack of time

and necessity combined to prevent it, and it will have to be left as an avenue

for future research. What is needed is not to find the touchstone of tonalness

but merely a practical criterion to apply to the material, failing which there

is no reason to try to find its key.

A number of observations suggested that tonal material is characterized

by certain numerical regularities:

• At any point there is a large difference between the maximum and the

minimum dot products.

• The runner-up keys are always the close neighbors of the actual key.

• In any non-modulating excerpt,

– the average of the relative differences between the top dot product

and the largest five runners-up generally exceeds 10%;
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– the three scale degrees with the highest frequencies of use are the

dominant, the tonic and the mediant.

These criteria would have to be statistically investigated to see if one of

them or a combination thereof could reliably lead to rejection of non-tonal

pieces with a comfortable safety factor. (Naturally, once the criterion has

been established it would become possible for someone to try to write a

musical equivalent to a lipogram, which sounds tonal but fails the criterion.)

This investigation has to consider particularly the problem occurring at the

points of modulation, where the dot product of the existing key is waning

while the successor’s is waxing. This means that the dynamic determination

of a content-based threshold would probably be required.

7.2.6 Considerations about the remaining variables

The components of harmony, harmonic functions, melody and bass do not

seem to play any important role for classification. In fact, in the list of

variables of importance from RF, 18 harmonies, 18 functions and 12 bass

components share among them the rankings as the least significant 48 vari-

ables.

I was particularly disappointed about harmonic functions. I assumed the

alternatives were whether the chromatic harmonic functions would have im-

portance or not. I had envisioned that if my take on functions was right,

all the functions components would appear more or less together in the list

of variables of importance (in the way that scale degrees did) but if I were

misguided, the main functions would have a prominent place among the vari-

ables of importance whilst secondary ones would not. Neither was the case,

however. The function with greatest importance, not surprisingly, turned

out to be the tonic in major, but it ranked only 38th in the order of im-

portance; the following one, in 44th place, was one of the chromatic ones,

the lowered tonic in minor – i.e. the leading tone; and there was no other

function down the list until reaching the 79th place with the subdominant in

major. Consequently, it seems that:

• The frequency of use of harmonic functions does not constitute a sig-

nificant parameter of style.

252



7.3. Implications for research

• There is no practical value in extending the concept of functions to the

chromatic scale degrees as I had proposed.

7.3 Implications for research

This project has combined music research with information technology meth-

ods of analysis. Consequently there are implications for both fields.

In terms of music, the practice of determining the key at every point in

a score is probably the most important suggestion arising from this project

that should become widespread.

The found set of variables works extremely well as style predictors. I think

the proposed definition of the Key indexes makes sense and, given that they

were found to be the main variables according to the Data mining algorithms,

I would suggest they could become tools for broad style characterization,

perhaps along the lines of the basic taxonomy of styles sketched in Chapter

6.

As to the methods of analysis, the project has shown that dealing with the

complex dataset that obtains from multiple measurements of music features

poses an unsolvable problem for traditional statistical methods, whereas the

higher effectiveness of data mining algorithms has been eloquently demon-

strated. Therefore, this project supports David Huron’s push for musicology

to become the data-rich area that it should be.

This project resulted in a novel data structure for musical scores that over-

comes issues with previous data formats. At the beginning of this project

I found it difficult to believe that the majority of studies were still based

on MIDI, whose limitations constitute an unworkable bottleneck. Without

musicXML this study would have had to rely on a purposely-invented for-

mat, which would have implied entering the database by hand. The work

in this project began with the choice of musicXML 1.0 as the basic format

and, although I had numerous issues with it, I must clarify that I continued

working with its initial version because it was the current one at the time I

started to build the database and write the software. The current version,

musicXML 3.0 has undergone a huge number of developments and its future

as the most successful standard for music notation interchange format seems

assured. I would expect future work to be increasingly based on musicXML.

The characterization of rhythm through four variables or dimensions –
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beat rate, onsets per measure, within-measures index and between-measures

index – can be considered as a new approach to categorize rhythm. The

variables have proved mutually independent. Their value as a set of pre-

dictor variables has been validated by Random Forests. Its use could be of

importance to independent studies of rhythm.

7.4 Limitations of the study and suggestions

for future work

This was an enterprise framed by the limits of what a single person can

accomplish in a limited time, which means that from the beginning the aims

were constrained to what was estimated to be possible.

During the trial stage, an extensive range of neural network machine

learning classification models were run on this dataset (using DTREG ma-

chine learning software) to see if classification accuracy and model clarity

could be improved over those obtained from the CART and Random Forests

algorithms. The neural network models tested included the Multilayer Per-

ceptron Neural Network model, the Radial Basis Function Neural Network,

the Group Method of Data Handling Neural Network, a Cascade Correlation

Neural Network and a Probabilistic and General Regression Neural Network.

A Support Vector Machine algorithm was also tested (using a standard Ra-

dial Basis kernel function). In all cases, classification accuracy was worse

and model output obscure.

The identified set of main variables has proven its effectiveness for clas-

sification. This, however, does not mean that the conclusion that this set of

variables constitutes the main dimensions of style is unassailable. The proviso

was that an arguably thorough set of observables should embody the main

dimensions of style. The data mining algorithms selected the best predic-

tors among the measured variables. Had the database comprised orchestral

pieces, texture and orchestration would have been variables worth consider-

ing, and melody and bass could have been operationalized in a more realistic

manner. These changes could alter the balance of importance between some

of the variables. There could be even a case for the use of Entropies as pre-

dictors, since they were not used for the data mining analyses. Therefore

I cannot make the unqualified claim that the variables found are the main
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conceptual dimensions of style, only that they are the main ones given the

conditions in which they were examined. Furthermore, the proportions of

transitions were variables measured but not utilized in the analyses – see

7.4.2.1 – leaving open the possibility of their usefulness for classification.

7.4.1 Database

The compilation of a database serving as a sample of the whole of the in-

strumental music of the period of common practice is a significant outcome

and a potentially useful one for other projects. It will be made openly avail-

able both in musicXML and Finale formats. However, since it was also the

first task I carried out in the project, it imposed severe constraints on what

could be accomplished. Building the database was heavily time-consuming,

particularly on account of the limitations of the software needed to convert

the image to digital and remove errors created by the process. Often, in frus-

tration, I came to the conclusion that some pieces would have been faster to

enter note by note. Hence, a number of compromises had to be established:

• Instead of the ideal, a database of orchestral scores, I opted for the sec-

ond best, one of harpsichord/piano pieces. This choice meant limiting

the recognizability of style, mainly due to:

– loss of the crucial timbral/textural element,

– diminished individuality of personal styles, and

– exclusion of important composers.

• In the selection of the pieces I tried to include those that were at the

same time brief and typical of each composer. This compromise meant

that:

– the selection was not random, opening the possibility of bias,

– the length of the piece weighed against its eligibility, and

– when pieces were too long, excerpts were used – typically only

the exposition section of a Sonata allegro – probably changing the

tonal balance of the piece.

There was also some bias in the selection of the pieces due to personal pref-

erences, which at the time I did not expect would have any consequences.
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The composers most affected were Scriabin and Rachmaninov, as in both

cases I was conscious of selecting personal favorites. My preferences among

the works of the latter are very polarized, as there is a clear division among

those I enjoy and those I do not. Thus, on selecting my preferred pieces I

was distorting the style of Rachmaninov as present in the database. As to

the Scriabin works, they were early ones, ranging from Opp.2 to 22, but I

also included the Etude Op.42 No5 although it belongs to his middle pe-

riod, because it is my overall favorite piano piece. I could not help noticing

the unique consequences in the results of the classification by RF, in which

the algorithm attributed four of the Scriabin pieces, the Etudes Op.8 Nos.3,

11 and 12 and the Op.42 No.5, to Rachmaninov. My interpretation of this

anomaly is that, among Scriabin pieces, I had selected those that mostly re-

sembled my filtered version of Rachmaninov. Hence, it is advisable for future

work to start with a random selection of pieces.

The most important limitation of the database was its size. In statistics, a

sample size of 300 pieces is considered ‘good’ [95:603] and, given that the aim

was only to identify the main dimensions of style, 297 pieces was adequate.

But considering the potential usage of this system in musicology, a larger

database would imply more accurate stylistic determinations. Moreover, I

was unaware at the time that the accuracy of most data mining algorithms

depended on the size of the database. Hence, for a future study, it is advisable

to devote a significant part of the available time to building a sizable corpus.

7.4.2 Methods

7.4.2.1 Exclusion of collected data

In this study a number of music elements were selected in order to measure

their frequency of use by means of their accumulated durations, such as scale

degrees or sonorities. At the same time the transitions between successive

elements were counted. This follows a tradition in music studies – for exam-

ple, in studies of tonal harmony it is customary to classify chord progressions

into “common” and “uncommon”. The value as stylistic parameter of the

frequencies of such progressions is unquestionable. Consequently, a consid-

erable amount of data were measured and recorded. At the end of the data

collection stage, however, there were already enough variables to make their

analyses unfeasible by traditional statistical methods. The mere addition
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of the transitions between each of the 12 scale degrees in each mode and

the remaining 11 would have added 132 extra variables, which would have

had an impact on the results. It is also apparent that the majority of such

transitions never occur.

Considering now the 66 sonorities taken into account, the study of the

chord progressions would have meant adding the 4290 variables correspond-

ing to the possible transitions between sonorities, the majority of which would

have almost always been zero. Further, I collected data about the frequency

of use of functional harmonies. This meant a matrix of 19 x 24 accumulators

or 456 variables for each piece, which gave rise to 207,480 possible transi-

tion variables. These numbers would overwhelm the number of cases in the

database, proving intractable.

Functional harmony transitions or scale degree transitions are likely to

have significant stylistic predictive value, but I could not find a way to inte-

grate them with the measured variables. The difficulty stems not only from

the enormous number of component variables but also from the possible in-

terpretability of the results of mixing components of tensors of four different

orders. As a result, only scalars and vectors were used, and the data collected

about transitions were left unused. I would like to make the transitions data

available for any researchers who would like to pursue this avenue.

Alternatively, it would have been possible to manage these data in a

similar way to that with which I dealt with the harmonies, i.e. considering

only the 18 sonorities with a name, which would have given rise to only 306

progressions. Such a number of extra variables is not small but is easily

manageable by data mining algorithms. And it is impossible to exclude that

a group of harmonic progressions could have been significant for classifying

the database. Thus a recommendation for future work would be to include

at least the progressions between sonorities and scale degrees.

Finally, that statistical analysis cannot extract more information from the

entropies does not imply the lack of usefulness of those variables as predictors

for data mining algorithms. In fact, preliminary evidence using TreeNets sug-

gests promising results for the Entropies, in particular scale degrees entropy

and sonorities entropy for both major and minor modes. This is further evi-

dence that data mining algorithms are much better at extracting information

from datasets than statistics. The value of entropies as predictors with data

mining algorithms will be investigated in an upcoming study.
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7.4.2.2 Operationalization of variables

The database of keyboard pieces presented a serious problem in relation to

the operationalization of melody and bass, as it is impossible to automatize

the determination of what notes constitute them. This topic was discussed in

section 4.1.4, which provided a rationale for substituting melody and bass for

the operationalizable succession of top and bottom notes. From the failure of

these features to become significant predictors it is not possible to infer the

role of the actual melody and bass in a database of orchestral pieces, where

they generally possess a concrete reality, but certainly this is another reason

why an orchestral database should be preferable.

7.4.2.3 Variables not taken into account

The nature of the database prevented consideration of other variables that

should be meaningful to stylistic differentiation, such as texture and timbre.

From circumstantial evidence it seems that orchestration is the most easily

detectable musical parameter, which reinforces the convenience of doing a

similar study based on orchestral music.

7.5 Afterword

I believe this study opens new grounds for musical research both in philosoph-

ical and methodological senses. It shows it is possible to take a quantitative

approach and carry out precise measurements on the materials, excluding as

much as possible the influence of opinion and subjective judgments. While

the issue of tonal music style could be considered of only historical interest, I

think the same approach could be applied to studies of popular music, which

is of an overwhelmingly tonal nature.

The suggestion that key perception is the result of statistical learning and

the understanding that the tonalness of music is based on highly consistent

proportions of use of the scale degrees make it indefensible for musical studies

to be based on notes instead of scale degrees, which requires the determina-

tion of the key as a point function. The unavailability of this information

is equivalent to flying blind; it introduces confounding variables and unmea-

surable amounts of informational noise. I would expect that consciousness

about this problem becomes widespread and the example of this study is
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followed.

From the methodological angle, the study shows conclusively the lim-

itations of traditional statistics and the convenience of moving to a data

mining/machine learning approach. This shift, coupled with the availability

of a large research database of digital music, on the basis of which the values

of numerical parameters would be soon standardized to accepted significant

figures, could revolutionize music studies. These standards could become

usual references for automatic attributional and classificatory studies.

Musicological authorship studies could receive a boost from the availabil-

ity of quantitative tools like the system devised in this project. The number

of musical works that are only attributed to composers on the basis of not

very rigorous evidence is large. Fifty years ago, the stylistic inconsistence

of the Toccata and Fugue in D minor BWV.565 was explained by assuming

it was probably a piece of juvenilia. The current evidence that substanti-

ate that J.S.Bach was not the composer [51] makes it hard to believe it has

taken the world so long to realize this. The impact of the widespread use of

quantitative methods of authorship in music could turn out comparable to

that brought about by stylometric studies in literature.

259



Appendix

Listing of the database
The following is the list of compositions included in the database of this

study. The numbers between brackets after the composition date indicate

number of score pages.

Handel (19)

Suite No.5 HWV 430 (1720)

Air and Variations (3)

Suite No.7 HWV 432 (1720)

Passacaille (3)

Suite No.10 HWV 437 (1733)

Allegro (1)

Air (1)

Suite No.11 HWV 438 (1733)

Sarabande (1)

Suite No.13 HWV 440 (1733)

Allemande (1)

Courante (1)

Suite No.14 HWV 441 (1733)

Aria (1)

Menuetto (2)

Gavotta (4)

Suite No.16 HWV452

Gigue (1739) (1)

J.S. Bach: French Suites (1726) (15)

Suite No.1 BWV812

Sarabande (1)

Gigue (2)

Suite No.2 BWV813

Air (1)

Menuet (1)

Suite No.3 BWV814

Anglaise (1)

Gigue (2)
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Suite No.4 BWV815

Allemande (2)

Courante (2)

Suite No.5 BWV816

Gavotte (1)

Bourrée (1)

Suite No.6 BWV817

Polonaise (1)

Scarlatti (27)

Sonata in g (Erstausgabe) (1738) (1)

Sonata in g K.30 (1738) (5)

Sonata in a K.149 (1752) (2)

Sonata in C K.159 (1752) (2)

Sonata in h K.197 (1752) (2)

Sonata in e K.291 (1753) (3)

Sonata in E K.380 (1753) (4)

Sonata in D K.415 (1754) (2)

Sonata in G K.431 (1755) (1)

Sonata in C K.527 (1757) (3)

Sonata in D K.534 (1757) (2)

C. P. E. Bach (20)

Prussian Sonatas Wq48 (1740-2) (20)

No.1

1. Poco Allegro (2)

2. Andante (1)

3. Vivace (1)

No.2

3. Allegro assai (2)

No.3

3. Presto (2)

No.4

3. Presto (2)

No.5

2. Andante (2)

Wq65/22 - H56 (1748)

1. Allegro (2)
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3. Allegro (2)

Wq65/23 - H57 (1748)

1. Allegretto (3)

2. Andante (1)

J. Haydn (29)

Sonatas

No.46 Hob.XVI/31 (1776)

Allegretto (1)

No.48 Hob.XVI/35 (1779)

Adagio (3)

No.49 Hob.XVI/36 (1779)

Scherzando (3)

Menuet (1)

No.50 Hob.XVI/37 (1779)

Largo e sostenuto (1)

Finale (3)

No.51 Hob.XVI/38 (1779)

Allegro moderato (5)

Adagio (3)

Finale (1)

No.52 Hob.XVI/39 (1780)

Allegro con brio (4)

Adagio (4)

Mozart (42)

Sonatas

No.2 K.280 (1775)

Adagio (3)

No.9 K.311 (1777)

Andante con espressione (4)

No.10 K.330 (1779)

Allegro moderato (exposition only) (3)

No.11 K.331(1781-3)

Andante grazioso (8)

Menuetto (4)

Rondo alla turca(4)

No.14 K.457 (1785)
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Adagio from Fantasy (3)

No.16 K.545 (1788)

Allegro (4)

Andante (3)

Rondo (2)

No.18 K.576 (1789)

Adagio (4)

Beethoven (33)

Sonatas

No.7 Op.10/3 (1798)

Menuetto (2)

No.8 Op.13 Pathétique(1798)

Grave, Allegro di molto (excerpt)(4)

Adagio cantabile (3)

No.14 Op.27 No.2 Moonlight (1801)

Adagio sostenuto (3)

Allegretto (1)

Presto agitato (excerpt) (3)

No.17 Op.31 No.2 Tempest (1802)

Largo, Allegro (excerpt) (3)

Allegretto (excerpt) (2)

No.21 Op.53 Waldstein (1804)

Allegro con brio (excerpt) (4)

No.23 Op.57 Appassionata (1804)

Allegro assai (excerpt) (4)

Andante con moto (4)

Weber (50)

Sonatas

No.1 Op.24 (1812)

1. Allegro (6)

2. Adagio (3)

3. Menuetto (3)

No.2 Op.39 (1816)

2. Andante (4)

3. Menuetto capriccioso (5)

4. Rondo (6)
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No.3 Op.49 (1816)

2. Andante con moto (5)

No.4 Op70 (1819-22)

1. Moderato (5)

2. Menuetto (4)

3. Andante (3)

4. Prestissimo (6)

Schubert (55)

Impromptus (1827)

Op.90 No.1 (9)

Op.90 No.2 (8)

Op.90 No.3 (7)

Op.90 No.4 (9)

Op.142 No.2 (4)

Moment musicaux (1823-8):

Op.94 No.1 (3)

Op.94 No.2 (4)

Op.94 No.3 (1)

Op.94 No.4 (6)

Op.94 No.5 (2)

Op.94 No.6 (2)

Mendelssohn: (40)

Songs without words

Op.19 No.1 (1825) (4)

Op.30 No.2 (1830) (3)

Op.85 No.1 (1834) (2)

Op.30 No.6 (1835) (2)

Op.38 No.6 (1836) (5)

Op.53 No.3 (1839) (6)

Op.67 No.2 (1839) (4)

Op.62 No.5 (1841) (2)

Op.62 No.6 (1842) (4)

Op.102 No.1 (1842) (3)

Op.67 No.4 (1843) (5)

Chopin (31)

Etudes Op.10
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No.5 (1830) (4)

No.12 (1830) (5)

No.3 (1832) (4)

Etudes Op.25

No.9 (1834) (2)

No.12 (1836) (6)

Preludes Op.28 (1836-9)

No.2 (1)

No.5 (1)

No.6 (1)

No.9 (1)

No.13 (2)

No.24 (4)

Schumann (15)

Childhood scenes Op.15 (1838):

1-From foreign peoples (1)

4-The suppliant child (1)

7-Dreaming (1)

10-Almost too serious (2)

11-The scarecrow (2)

12-Child falling asleep (1)

Album for the Young Op.68 (1832-45):

10-The merry peasant (1)

15-Spring Song (2)

16-The first loss (1)

28-Remembrance (1)

36-Italian sailor’s song (2)

Liszt (26)

5 Kleine Klavierstücke:

1 (1865) (2)

2 (1865) (2)

3 (1873) (1)

4 (1876) (1)

Unstern (1880) (5)

Wiegenlied (1881) (3)

Nuages gris (1881) (2)
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La lugubre gondola I (1882) (4)

Richard Wagner - Venice (1883) (2)

Abschied (1885) (2)

En Rêve (1885) (2)

Franck (38)

Prelude, coral & fugue (1884):

Prelude (6)

Choral (3)

Transition (1)

Fugue (6)

Come una cadenza (4)

Coda (2)

Danse lente (1885) (2)

Prelude, aria & final (1887):

Prelude (excerpt) (5)

Aria (6)

Finale (2 excerpts) (3)

Brahms (41)

Acht Klavierstücke Op.76 (1878):

No.1 Capriccio (4)

No.3 Intermezzo (2)

No.5 Capriccio (5)

No.8 Capriccio (4)

Rhapsody Op.79 No.2 (1879) (7)

Fantasien Op.116 (1892):

No.2 Intermezzo (3)

No.5 Intermezzo (2)

Drei Intermezzi Op.117

No.1 (1892) (3)

Sechs Klavierstücke Op.118 (1892):

No.1 Intermezzo (2)

No.2 Intermezzo (4)

No.3 Ballade (5)

Tchaikovsky (35)

The Seasons Op.37 (1875-6)

No.6 Barcarolle (5)
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No.7 Song of the Reaper (3)

No.9 Hunter’s Song (4)

No.10 Autumn song (3)

No.11 Troika (5)

No.12 Christmas (7)

Album for the Young Op.39 (1878):

No.6 Winter morning (2)

No.9 Russian Song (1)

No.17 Ancient Neapolitan Song (1)

No.19 The witch (2)

No.20 Dreaming (2)

Grieg (38)

Funeral March for Rikard Nordraak (1866) (5)

Elegiac melodies Op.34 (1881):

Letzter Frühling Op.34 No.2 (2)

Lyric pieces:

Elegy Op.47 No.7 (1888) (2)

Shepherd boy Op.54 (1891) No.1 (2)

Peasant March Op.54 (1891) No.2 (4)

March of the Trolls Op.54 (1891) No.3 (6)

Notturno Op.54 (1891) No.4 (4)

Bell ringing Op.54 (1891) No.6 (2)

Illusion Op.57 (1893) No.3 (4)

Homesickness Op.57 (1893) No.6 (4)

Phantom Op.62 (1895) No.5 (3)

Fauré (49)

Impromptus

No.1 (1881) Op.25 (excpt) (5)

No.2 (1883) Op.31 (excpt) (5)

No.3 (1883) Op.34 (excpt) (6)

No.4 (1906) Op.91 (excpt) (5)

No.5 (1909) Op.102 (7)

Préludes Op.103 (1910)

No.1 (4)

No.4 (3)

No.5 (4)
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No.6 (3)

No.7 (4)

No.9 (3)

Debussy (42)

Rêverie (1890) (5)

Arabesque No.1 (1891) (5)

Pour le Piano (1901)

Sarabande (3)

Suite Bergamasque (1905)

Clair de lune (6)

Children’s Corner (1908)

Doctor Gradus ad Parnassum (5)

The little shepherd (2)

Golliwog’s Cakewalk (5)

Préludes Book 1 (1910):

Danseuses de Delphes (2)

Des pas sur la neige (2)

La fille aux cheveux de lin (2)

La Cathédrale engloutie (5)

Satie (27)

1ère Sarabande (1887) (3)

2ême Sarabande (1887) (3)

1ère Gymnopedie (1888) (4)

5iême Gnossienne (1889) (2)

1ère Gnossienne (1890) (2)

4iême Gnossienne (1891) (2)

Sonneries de la Rose & Croix (1892)

Air du Grand Prieur (3)

Prélude de la Porte Héröıque du Ciel (1894) (2)

6iême Gnossienne (1897) (2)

Pieces froides (1897)

III (3)

Véritables Préludes Flasques (1912)

Seul à la maison (1)

Scriabin (29)

Etudes:
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Op.2

No.1 (1887) (2)

Op.8 (1894)

No.3 (4)

No.11 (3)

No.12 (5)

Op.42 (1903)

No.5 (6)

Preludes:

Op.9

No.1 (1894) (2)

Op.11 (1895)

No.14 (2)

No.24 (2)

Op.17

No.4 (1895) (1)

Op.22 (1897)

No.1 (1)

No.2 (1)

Rachmaninov (53)

Elegy Op.3 No.1 (1892) (6)

Romance Op.10 No.6 (1894) (2)

Moment musical Op.16 No.5 (1896) (4)

Preludes Op.23 (1901-3):

No.5 (6)

No.10 (2)

Preludes Op.32 (1910):

No.10 (5)

No.12 (4)

Etudes-tableaux Op.33 (1911):

No.2 (4)

No.7 (4)

Etudes-tableaux Op.39 (1911):

No.2 (7)

No.5 (9)

Ravel (45)
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Menuet antique (1895) (excerpt) (3)

Pavane pour une infante défunte (1899) (4)

Sonatina (1903-5):

1 (4)

2 (2)

3 (8)

Mirroirs (1905):

Oiseaux tristes (4)

Alborada del gracioso (excerpt) (5)

Gaspard de la Nuit (1908):

Ondine (excerpt) (6)

Scarbo (excerpt) (5)

Menuet sur le nom d’Haydn ( 1909) (2)

Prélude (1913) (2)

Bartók (28)

Allegro barbaro (1911)(6)

Roumanian folk dances (1915):

No.4 (1)

Sonatina (1915):

1 (2)

2 (1)

3 (4)

Suite Op.14 (1918)

No. 4 (2)

Mikrokosmos (1926, 1932-39)

No.126 (1)

No.130 (2)

No.135 (2)

No.142 (4)

No.150 (3)

Prokofiev (37)

March Op.3 (1908)No.3 (2)

Etude Op.2 (1909) No.4 (5)

10 Pieces for piano Op.12 (1906-13)

No.6 Prelude ‘Harp’ (5)

No.7 Legend (2)
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Toccata Op.11 (1912) (10) (excerpt)

Visions Fugitives Op.22

No.1 (1917) (1)

No.5 (1915) (1)

No.10 (1915) (2)

Music for children Op.65 (1935)

March of the Grasshoppers (2)

Moonlit Meadows (2)

Montagues and Capulets (1937) (5)

Shostakovich (17)

Préludes Op. 34 (1933):

No.1 in C (1)

No.3 in G (2)

No.5 in D (2)

No.6 in b (2)

No.7 in A (1)

No.8 in f sharp (1)

No.12 in g sharp (3)

No.13 in F sharp (1)

No.14 in e flat (1)

No.17 in A flat (1)

No.23 in F (2)

Khachaturian (35)

Toccata (1932) (excerpt) (5)

Music for children I (1926-47):

1. Andantino (1)

3. Ljado ist krank (1)

6. Musikalisches Bild (2)

7. Invention (2)

10. Im Volkston (4)

Sonatina (1959):

1 (4)

2 (3)

3 (excerpt) (8)

Music for children II (1964):

5. Spiel auf dem Tamburin (3)
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7. Trauerzug (2)

Krenek (14)

Twelve short piano pieces in the 12-tone technique Op.83 (1938):

No. 2 Peaceful Mood (1)

No. 3 Walking on a Stormy Day (2)

No. 4 The Moon Rises (1)

No. 5 Little Chessmen (1)

No. 6 A Boat, Slowly Sailing (2)

No. 8 Glass Figures (1)

No. 9 The Sailing Boat, Reflected in the Pond (1)

No. 10 On the High Mountains (2)

No. 11 Bells in the Fog (1)

No. 12 Indian-Summer Day (2)

Total: 916 pages (Excluding Krenek)

Average: 33.93 per composer
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