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Abstract

Dawkins introduced theoncept ofthe meme as the cultural equivalent to the ge(#989, pp. 189
201) To illustrate the concept, Dawkins citedS pv U ] -phraseS, dothes, fashions, ways of
u lJvP %}8e }E }( p]@9%9,p. 1RaZexdmfes of memes o0 }( Al]lve] &£ u%o0 * G
elementsof culture thathaveevolved overtime. Becausenusic is a part of culture, then under
Allve[ ZC%}SZ *]°U u u » «Z}po A ta&fifjst JfpueANve[SAE utbmUs A « Z3

Jan expa }v  Al]v e[ Jith athorough investigation into memés music(2007) This was
done on a number of different levels within mudiom melodic lines to overaéitructure, using arange
of examples within musicWhilst providing a strongase for memes, Jan wast able to provide
evidencefrom an analysis encompassiadarge dataset of music. Howevéandoes providea number
of possiblemethodologies foanalysingnemes in music, includirigvestigatingmemesacross time
periods using single lines of notgX07, p. 211) The present researaixpands on: Vv [suggested
methodologyby looking at short monophonic thre& eleverinote patternsin musicacross five

different non-traditional musicologicaime periodswithin a large dataset of string quartets

A search for memes in musgconductedisinga range of scores. These are converteMtessicXML
documents, which arethen importedinto a relational databaseDataminingisthen implementedon

the resultantdataset to produce a series of ranking positionsnffamophonic notepatternswithin the
musicbased upon theelative frequenciesof their appearancewiithin specifiedtime periods.
Additionally, a similarity lgorithmisused to investigate the possible ancestral relationships between
different monophonic notgpatterns. Within the limitations of the working defitions and assumptions
madein the research, it was shown that theregigidence for the evolutioary propertiesof selection,
replication and variationand the replicator propertiesf longevity, fecundity and copying fidelityr

some monophonic note patterns within the dataset
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Abbreviations and Formatting

Abbreviations
The following norstandard abbreviations are usedthin this thegs:

A-PT  Absolute pitch value excludiradl durations pattern type

ADPT Absolute pitch value includinglative durations pattern type
PTD  Pattern type descriptor

PTI Patterntype instance

PTL Pattern type length

RPT  Relative intervallic pitch exdlingall durations patterntype
RDPT Relative intervallic pitch includinglative durations pattern type

A full explanatiorof theseabbreviations is given at the end thie introduction to Chapteb.

Formatting
The commercial product names referrealin this thesis argivenin italicswhereas horcommercial
product names argivenin normal font. The table and column namesed in the databasare givenin

the Arial font.

The first statement o workingdefinition usedwithin the maintext is highlighted inBlue. Each

workingdefinition isalso listed iMAppendix 1
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Introduction

RichardDawkinsarguesthat evolutionay forces drive cultural chang&989, p. 192) In, The Selfish
Gene(1989)he argues that evolution is not restricted to biology but can exist in other areas as well.
From this, he concludes that culture can evolire order to applyevolution to culture, he introduces
the concept of the 'meme’ that he belieggossesses, in cultural terms, roughly equivalenpprties

as the gend1989, pp. 18201). As examples of memde gives 'tunes, ideas, catgihrases, clothes
fashions, ways of maki pots or of building ar@s' (1989, p. 192) Memespass themselves between
brains and, as eesult, spread through socieffpawkins, 1989, p. 192])fit is acceptedhat music is a
part of culture, thenfoo}AJvP  Al]ve[ ] <béwmga aultural equivalent of a genausic

must also be made up of memaad these memes must be subject to evolutionary forces

Listening to musitrom different periods in timehere can be no doubt that @nges have teen place
For example, a brief comparison between Gregorian Chant and RuteeDeuneveals that

differences include the range of instrumental and vocal parts involved, overall structures, harmonic
palates, melodic structure, rhythmic complexities.etdowever, are thesehangesttributable to

evolutionary processes acting amemesi.e., do memes exist in music?

Jan(2007)provided a strong argument for the existence of memes in music by hypothesising that

memes couldexist at a number of different levels within music ranging from short motifs to structural
patterns A number of examples within music wéngestigatedoy Jarto help illustrate the different

forms that memes could take within the different levels. &plAJvP }v (E}u :avhsehptds| U

made here to provide further evidence to support the meme hypothesis in music by looking for

empirical evidence for memes using mass data analysis. The investigedi®as a basisv = }( : v|[*
suggested methodolgies for analysing memes in music at the interrk leve| in that it uses

ZZYE]I}vE o Y « Pu vs §]}v 8§} P v (E @007, pV2I1BY %o 88}&wvEZ Z]VvA «3]F
of a single meme and its transmissia p 3 3]}v Z]*38}EC A]sZ]v ] o 3(2007@. * %o v
211) albeitherewith many candidate patterns simultaneougbithough no attempt is made to use

statistical modelling to determine overall numbersaandidate memes within the corpus, or music in

general)

There are, howeverariousproblemswith investigating memes music. Partl argues that there is no
general consensus on what constitutes a meme, which is partly a reflection of there beajegeral
consensus on what constitutes culturé/hat isagreed by all theoristis that memesif they exist,
evolve and it is hypothesiseih the present researcimemesevolvethrough natural selection. A brief
investigation of what constitutes evoluticby natural selection followsnd concludes thahree

processesrerequired selectionreplication and variation. ]13]}v ooCU Al]Jve[ E %o0] 3}E
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of longevity, fecundity and copyiriglelity arealsoexplored(1989, pp. 193194) Consequently, a
definition of a memasalighted upon which is broad enoughéacompassnemesin music, whilst
including references to thevolutionary processeand replicator propertiesA meme is unit of
culturalinformation thatevolvesy means ohatural selectior(i.e., selection, replication and variatipn

andwhichexhibits the replicator properties of longevity, fecundity and copfiaaity.

Having arrived at this definitiothe next stage is to investige what can constitut@ unit of cultural
information ]v upe] X = v[e (]Jv]Slihwmydic euZul]e E S "% | S_ }( upe] o ]Jv(}d
demarcated from neighbouring materigR007, p. 3)s used as a basto argue that aunit of
informationcaninclude  }vS8]vulpe ulv}i%Z}v]l] PE}U% }( v}S «X DJ]Joo E[s EP|
information ischunkedinto seven plus or minus two evestn short-term memory(1956)U v : v][e

argument hat a meme needs to consist of at least three n@307, pp. 6661), is used to refine the

group ofmonophonicnotes to acontiguousseries of threeto elevennotes. These ideas on what

constitutesa unit of cutural informationare then merged with the definition of a meme to provide a

working definition of a meme in music that can then be used to investigate memes using mass data

analysis A memefor the purposes of this studys

Any three to elevemonophaic consecutivenotes excludingsymbolic
ornamentation and secondary parametetisat evolvesby means ohatural
selectionice., seletion, replication and variationgndwhichexhibits the

replicator properties of longevity, fecundity and copyfiatglity.

The first chapter ifPartll investigates how computers can be used to analyse music. A set of four
factors for pattern finding using computetsasedon Uitdenbogerd andobel[ six factorq2004, p.

1054) isalighted upon: defining a pattern, defining similarity between patterns, sourcing a suitable
encoding systemandsourcing a suitable music analysis prograrhe definition of a pattern frorPart |
covers the first factor. The second factor is mormptexowingto the diverse nature of the disciplines
surrounding the concept of similarity between patterns in music (ranging from motivic to structural, and
from cognitive to analyticatoncerng. Additionallyjnvestigatingsome of thesolutions for saling the
problens of determining similarity between patterifise., neural networks, weighting systems,
Levenshteiralgorithms)isdeemedto be beyondhe scope othe present study Therefore, a definition

of similarity between patternbased on some dhe musicologicaproperties of patternsgs

implemented(the similarity algorithm)
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For the third factor, a number of different encoding systems are investigated, ranging from audio
scorebased systems. The audbased systems are discountedingto the difficulties involvedn
analysinghe audio files Two scorédased systems araighted uporthat hold the necessary
information to conducthe present researchMusicXML and KerrMusicXML is chosen over Kern due
to its integration with programs s asSibeliusand Photoscoreas well as itsompatibilitywith

relational databases.

The final factor involved looking at music analysis programs such as Melodic Match and the Humdrum
Toolkit. Both of these programs are deemed unsuitable: Melodic Magclause ofts handling of the
definition of a pattern in music, and the Humdrum Toolkit du¢h® complex nature of how it deals

with patterns compared to alternative technologiesn alternative approach of using a relational
database is then investited. It is found that the relational database will work witte present
researchbecauset is designed for mass data storage and analysis,excellent indexing capabilities,

has a standard querying languagehe form of SQL, and is used as part obkledge Discovery in

Databasegaconceptdeveloped to aid mass data analysis)

The nexichapterin Partll (Chapterd) then describes thstagesof Knowledge Discovery in Database

and shows how the concept can work for musiclgsia. This involves showing how the music was
selected, encoded into MusicXML, and transferred into a relational databasel Following on from
this it is then shown how the data is stored, enhanced and transformed within the reddtiatabase in
order to compare the frequency with which patterns appeaross timeusing a ranking systeni.he
chapter concludeby explaining two different types of testing undertaken. Firstly, testing took place to
check that the algorithms were working by usingngges of data and manually checking the results.
Secondly, a set of pseugtandom notes were generated and passed through the algorithms together
with a set of pseudo@andom notes seeded with three piaetermined patterns to check the

methodology.

Thefinal chapter of Part Iboks at the initial results of the live data, explaining some of the
consequences of the methodology, suhthe predominance of samote pattern types, and the

resultant use of a deluplication algorithm.

In Partlll, the rankiry positions of patternsre analysed for evidence of selection, replication and
variation as stated in the working definition of a meme in music. The arguatkmainceds that if a
pattern becomesmore frequent across time, then it is being replicated aptkcted moreoften than a

pattern that becomes less frequent across tiniBecausehe rankingpositionsshow the relative
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frequencies of patterns across timgey are used to show thatertainpatterns are becoming morey

less, frequent than other ggerns, and are consequently showing evidence for selection and replication.

Variation is more difficult to find evidence fbecausat involves determining an ancestral link between
patterns. A similarity algorithm is used to show that there are possibiks between some of the

patterns that first appear in the middle period used within the dataset, and patterns that have appeared
in earlier periods. Itis argued that because there are new patterns in the middle period that have
possible antecedentsithe previous periods, variation has taken pla&ame of theenew middle-

period patternsare then shown to become more frequent over the later periods than other patterns.
Therefore, there are new patterns in the middle period that have possible ad@s, which then

show selection and replication over the remaining periods.

Evidence for the replicator properties of longevity, fecundity and copfidwldity is not sought directly
from the ranking positions and similarity algorithm. It is argued ihistthe meme instance that
exhibits theseproperties. Therefore it is not possible to produce direct evidence faeheplicator
properties from the dataetbecausét only holds information on one instan¢a single printed edition
of a scorepf one manifestationthe score)of a meme. However, Dawkins argues that tbplicator
properties determine the abundance of some memes over others in the memg @89, pp. 194
195) Hisargument is used to suggeit is possible to infer that theeplicatorproperties exisbecause
there is evidence &m the ranking positions gfatterns over time that some patterns are more
prominent than others. When the figures are investigated furtheekgminingthe abundance of
patternsacross compositions as wellaghin the pool of patternsthe evidence for abundance
becomes less convincingdditionally, when using the similarity algorithm to investigate copying

fidelity, it is found that the data does not alwayshawe as would be expected.

PartlVsummarises théssues considered durimgsearch desigrthe chosermethodology and the
investigatiors undertaken It is important to be clear that the present study does not attempt to offer
statistical modelling of mews and their propertiesStatistical modelling is appropriate when there is a
large population of objects of the same sort with a distincegatisationandthe goal igo draw

general conclusions about their properties by selecting a small samplutty. sStatistical modelling
ensures that the generalisations made from the sample are valid for the whole popul#tidinis
research, there is a large populationgaftternssomeof which may exhibit distinctive and unusual
properties that set then apart from the larger population; i.e., angossiblememes. The goal is to find

such individuapatterns andnot to draw conclusions about all patterns within the population
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The present study offers an investigationoofe approach to searching for memesmusic, together
with a number of suggestions for improvements and enhancemehi® result of thenvestigationis
that some evidencés found forpotential memes in musibased on the corpus of works analysed, the

working definitions used, and assutigns made within this study
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Part | Literature Review

1 Chapter 1: What is a Meme?

1.1 Introduction

As explained by Wilsai2009)towards the end of 20Qa person (or possibly persons) sat down and
wrote a list of persoal facts and posted them on the social networking Biéeebook This idea was
taken up by others and was passed around in the style of a chain letter Wiglciebook The recipient
was supposed to write down sixteen facts about themselves and pass tmés sixteen friends

together with the original instructions. According to Wilson, this then evolved as the number of facts
was changed in the instructions by the participants. Eventually, the number settled at tfiesngnd
then the idea took off raidly before experiencing an equally rapid decl{iiélson, 2009) This
demonstrates an idea that has unknown origins, that then mutates witbraber of different
variationswith one variant becomingominant beforethe ideadeclinesrapidly. Wilsor{2009)

suggests that this idea is a 'meme’, but what does this actually mean?

Dawking(1989)introducedthe concept of the meme based on the idea that culturad @volutionary
concepts can be combinedHoweversince the introduction of the concept of the meme a number of
commentators have produced a wide variety of definitions for the meifigis chaptebegins with
Allve[ }v %3 }( $Z u u ideahag dpanned a number of differing definitions. It
argues that it is difficult to produce a definition of a meme that can accommodate a number of
conflictingideas on what constitutes culture, as well as a definition that can provide answers on how

memesare stored andnanifest themselves.

1.2 The Original Concept

In his bookThe Selfish Ger{@989) Dawkindooks into how and why genes replicatad, on this basis
introduces the idea of aultural equivalent to the geneDawkins draws fra his work on genes to
formulate the idea that genetic evolution is not the only form of evolutible argues that cultural
evolution exists and draws an analdggtweenit andgenetic evolution. Dawkins believes that there is

a cultual equivalent of the gene with similar properties and actions. With this analogy, he is

L www.facebook.com
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abandoning the idea that culture is purely for the benefit of genetic replicatioguing that culture has
a separate ewlutionary existence from geng€4989, p. 191) Dawkins uses the termemefor this

cultural equivalent to the gengl989, p. 192)

To illustate the concept of the meme, Dawkitedks about memes being 'tunes, @ catckphrases,
clothes fashions, ways of making pots or of building asti®89, p. 192) These ideas spread
themselves through societies by 'leaping from brain to brain via a process which, in a broadcsens
be called imitation{Dawkins, 1989, p. 192)To illustrate this, Dawkins uses an example of scientists
hearing about a hypothesis, deciding whether it is acceptable or not, then if it is, passmntpi
colleagies and studentsvhich results in the spreading of the idgE989, p. 192)

This idea of a meme has, to a certain extent, caught on with a small number of acadEoriexample,
commentators such as BlackmafE99)and Dennett(1999)have beemromoting the concept of the
memeamongstboth the academic communitgnd the wider community as a whol®ut what exactly

is a meme?

1.3 Defining a Meme

When Al]ve JVSE} §Z 8§ Bu Zu u []Jv iobéoU SZnotheendklly v v o}PC
formulated Pawkins himself expanded on th@alogy later 0r§1982, pp. 109.12)). Unfortunately this
has led toseveraldifferent accouns of what a meme is. Wilkindaimedmore than twenty years later
that the term wasstill unclear in what it represeni@ilkins, 1998) Plotkin two years on from Wilkins
pointedto the importance of getting efinitions correct contested definitionshe arguedcan lead to
researchers going in different directigreausing prblems with the coherence @érms (2000, p. 73)
The implication from both Wilkins and Plaikis that clarity is needed on what constitutes a meme
otherwise the use of the term will lack credibility. Aunger points to another problem with defining a
meme by saying that asany writers ormemetics are ignorant of advances in anthropological
reseach, they will inevitably make mistakes that have already been made when dealing with the
evolution of culture(2000, p. 224) He makes the claim that 'no one knows what a mem@@02, p.

21)and puts this down to thereeingno proof of the existence of memes

Dawkins,m his later boo1982) gives a more coherent definition of a meme by saying that it is 'a unit
of information residingn a brain. It has a definite structure, realized in whatever physical medium the
brain uses for storing informatiof1982, p. 109) Dawkingjualifiesthis by saying that a meme's
ghenotypicleffect is the plysical manifestation of the meme, usinlpthes and music as an example

(1982, p. 109) This defintiorplaces the storage of memes in the brain but does not say how the
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memes are replicated or how they evolveowtver, Dawkins does go aiw explain that memes are
copied by thé& phenotypicmanifestations imprinting themselves into other braibsit he does not go
into detail of how this is achievegd 982, p. 109)

Aungergives a definition of a meme that follows Dawkins' idea that memes are stored in the brain by

saying that memes are

essentially the state of a node in a neuronal network capable of generating a
copy of itself in either the same or a different neuronatwerk, without being
destroyed in the proces$2002, pp. 325326)

Here Aunger is clearly arguing that memes are stored in the brain, as suggested by Dawkins, by
introducing 'neuronal networks' into the defition. He further suggests that replication takes place by
inducing copies in other brains. There am® problems with this definition. Firstly Aunger, like
Dawkinsdoes not make it clear how one merrmauces a copy in another brairSecondly, iderfifing
memes with neuronal networks does not make the search for meangseasiebecauseheir effect on

the braincan only be observed by using brain scavisich isextremely timeconsuming anaostly.

A similar approach to Aunger's definition of memesaken by Blackmore/ho describes memes as
'instructions for carrying out behaviour, stored in brains (or other objects) and passed on by imitation'
(1999, p. 43) This definition itess technical than Aungserbutthe idea of memes being stored

somehowin the brain is the samév }3Z pupvP E[e v o0 |u} EHpwevdr] BlaEkinose

also placesother objects' in the definition as an alternative means of storing memes. With this
definition, Blackmae is separating the meme from the storage mechanism and giving a means whereby
memes can replicate. The important point for Blackmore is that memes are passed on by imitation and
uses Dawkins and thexford English Dictionatg justify this assertiorf1999, p. 43) Thusfor

Blackmore, memes cannot exist without the ability to replicate through imitation.

Brodie describes memes as

a unit of information in a mind whose existence influences events such that
more copies of itself get created in other minddis allows for yawns not to
be memes but the opening of Beethoven's 5th to be 1896, p. 32)

Like Blackmore, Brodie is emphasising where memes are stored anthbg replicate. Unlike
Blackmorewho places the storage of memes in both the brain and other objects, Brodie places the

storage of memes firmly in the braijust like Aunger and Dawkins. Brodie also goes further than
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Blackmore by beginning the defiloin with a view ofmemes as 'a unit of information' as opposed to
just'instructions’. The problem here is that Brodie does not define what constitutes the 'unit of

information’ or howsuch units areopied.

Borenstein's definition also suffers from tpeoblem of what constitutes ‘informteon’. For him,

Memetics is an evolutionary theory of culture, one based on the competition
among ideas and bits of information for the attention of our brains, which will
perpetuate them by repeating then{2004, p. 465)

This links in well with Brodie's definition but expands it by including the idea ofeiitiop, selection
and replication which is also missing from the definitions of Dawkins, Aunger and Blackmore. An
addtional problem with } E v« $ defihiion is that the storage mechanism for memes is only

implied.

Wilkins defines the meme as 'the least unit of sociocultural information relative to a selection process
that has favourable or unfavourable selectiondthat exceeds itsndogenous tendency to change'

(1998) Like Borenstein, Wilkins is bringing in the idea of memes being subjected to evolutionary forces
by talking about selection and change. Wilkins also goes futtiae both Brodie and Borenstein by
describing the information as 'sociocultural’. Whilst addressing the idea that memes evolve as well as
the problems of defining what type of informatidhey consist of,t ] o | ] vdefinition avoids stipulating

where menes are stored.

Gabora gives a very general definition of a meme in a titlesectionin an article: 'Meme: the Unit of

Information that Evolves through Cultur@997) Unlike other commentators such as Aunger, Dagiki

Blackmore and Brodie, Gabora is not stating where memes are stored or that they are replicated. In
181}vU * }E [+ (IvI8I}v } + v}S (lv AZ § }ve8]8us « puv]s }( Jv(}c

what makes up culture. Gabora's definition lsasadvantage ovesomeothers in that it allows the

search for memes to be carried out by observing their manifestations in a culdse, like the other

definiionsU ' }@E [+ (]Jv]8]}V %0 + HOSUE + ]JvP 8Z }voC sA}lopud]lv @

There are other forces that caatton the evolution of memes such as biological angironmental

forces. For examp]¢he structure of the human larynx will have an impact on some musical memes;

tunes that aremore easily sungnaybecome more dominat. Additionally, the weather can impact on

the likelihood ofopertair music making within a cultur@nusic making in the rain is not that pleasgnt

with different memesbeingrequired for operair than indoormusic making in order to ensure the

sound caries over a wider distanceAlso, culture cannot exist without information, but information can
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exist without culture (for example, a gene is a form of information that exists independently of culture).
hv & ' }E& [+ ,(pwLalfgral units of mformation couldalsoevolve through culture. Inrder

to clarify the above pointperhaps a better definition would be:

A meme is a unit of cultural information that evolvdsy means ohatural selection.

However, this definition of a meme still hagme problems. Like Borenste[nit does not state

explicitywhere memes are sted. This can be an advantageitdoes not restrict the search for
memes to specific areas. It also does not specifically address how naeereplicated howeverit
could be argued that replication s componenbf natural selection The definition also assumes

knowledgeof how evolution operates andthat constitutesculture.

1.4 The Vagaries of Culture

In Darwin's Dangerous ldea: Evolution and the Meanings gflbédenet claims that the only aspect of
life that makes man different from other animassthat man has evolved cultu@995, p. 338) White
also makes this observation hyguing thatMan is Unique: he is the onliving species that has a
culture' (1959, p. 3) Gaboralso makeshis claimby askingWhy is Culture Unique tBlumans? A
Speculative Answe¢1997) In this article Gabora suggte that only humans have evolved culture
because only humans can cope with complex thoughtsgto the enhanced vocal and manual
abilities(1997) However, defining culture is difficuecausdlifferent disciplinesapproach the concept

from diverseangles.

Back in 1949, T. S. Eliot wrote Nistes Towards the Definition of Cultf€®49)in which he looks at the
guestions of whether religion is part of culture, and whether cudtis determined by education. The
title is interesting by itself in that it implies he is not giving a fully formed argument by using the term
notes that thesenotesdo not relate to an exact definition of culture by using thealifiertowards and
that he thinks that there can be an exact definition by using the defaniticle. Unfortunately, rearly
sixty years later, th®ictionary of Sociologstates thatthere has not unfortunately been much

precisionin its use'(Abercrombie, et al., 2006, pp. 9B).

Eliot identifies three conditions for culture (he accepts there are more but concentrates on these):
firsty, 2 G v+ §} v Z}YEP v] +3Ep SUuE [ 8Z 8§ Aloo o00}A (JE
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generations secondlythat it should be possible to monitor different cultures in different regions and
determine their differencesand thirdly, SZ § SZ € <Z}puo Z ov }( pv]sC v
E o] RPYHY,[p. 13) It should be noted that for the first two he is talking about culture, and for the
third he is talking about religion (here he is firmly placinggieh as a part of culture). Elicdcognises
that there are different areas to culture suels art, scholarship and philosophy, and that someone
excelling in one of these areas may not excel in the otfE349, p. 21) Additionally, Elicargues that

as society becomes more complex, different cultleakels emerge across societies drehasks whether
these are socially hereditary or whether the cultural levels propagate themsgl2d9, p. 23) Eliot

also states 'that culture is the one thing that we cannelilberately aim at. It is the product of a variety
of more or less harmonious activities, each pursued for its own $4849, pp. 1718), which leads to

his tentative definition of culture: 'Culture may evba described simply as that which makes life worth
living' (1949, p. 26) This definition fits in with Dennett's assertion that culture is what @sakan
different from animals Howeverjt does not take into a@unt that there are peoplavith culturewho
think life is not worth living but do so due to the social and legal pressures against sUibitse

pressures are themselveart of our culture

Whilst Eliot was contemplating definitions of culture, anthraggpsts were working in this area as well.
Aunger explains that thanthropologicaldefinition of culture has evolved over time, beginning with the

idea that culture has to do with objects, social contracts and religious bélie@2, p. 30)

An example of this type of definition is provided by White, who sees culture as 'an extrasomatic,
temporal continuum of things anelvents dependent on symbolin(f959, p. 3) This déinition
identifiesthe importance of culre asits abilityto give additionameaning to an object or idea. White
cites the use of holy water as an examaying that it is only man that can distinguish this from

ordinary water and that animals can tn@ppreciate suclsubtleties(1959, p. 4)

Aunger argues that thiype of definition (i.e.culture has to do with objects, social contracts and
religious beliefsis rather a 'catctall' approach to culturevhichdoes not give a broad enough idea of
what isnotincluded in culturg2002, p. 30) He then explains that cultural definitions mov@bm the
1960s onwardsdnto the idea that culture is something formed in theain, as'ideas, beliefs, and
values', but rejects thisaying that there has been no real consensus totthe of definition (2002, p.
30). NeverthelessHarrisrelies upon thisecondtype of definition insaying that 'culture refers to the
learned, socially acquired traditions of thought and behavior found in human socidi89¥, p. 88) He
guantifies this by saying that when anthropologists are talking abouti®jlthey are looking at the
lifestyles of whole societiencluding their thoughts and patterns of behaviour, not jthetir artistic

and literary achievementfl997, p. 88)
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Finally, Aunger gives his own defioit as 'a collection of ideas, beliefs, and values that can be
abstracted from individuals and considered as a pool of information at the population (20@2, p.
30). Yet this definition only goes some waynteeting Aunger's own concerns about early definitions of

culture in that it is rather a 'catehll’' definition and does not say whatnst included in culture.

CavalliSforza and Feldman define culture as

the total pattern of human behavior and its procts embodied in thought,
speech, action and artefacts, and dependent upon man's capacity for learning
and transmitting knowledge to succeeding generatiq981, p. 3)

Mead uses a similar definition to the secomalf of CavaliSforza and Feldman's definition in her
preface to Benedict's bodRatterns of Culturél934, repr. 1989)saying that it is 'the systematic body
of learned behavior which is transmitted from parents toldren’ (Benedict, 1934, repr. 1989, p. xi)
Although Mead doesn't define 'learned behavior', she does qualify the transmission, albeit rather
narrowly, by limiting it to the parent/child line. These definitionsfgaher than Aunger's in that they

include the idea ofransmissiorrather than justabstraction

Aunger's and Cavafiforza and Feldman's definitioegtendDennett's assertion that culture is what
differentiates man from animals in that they includeasdnce tobelief and CavalSforza and Feldman
include reference tartefacts the existence of neither cultural trafitavingbeen sufficiently proven in
animals. However, Mead's definition does not help Densafisertionthat culture differentiateaman
from animalsn that it only refers to 'learned behavioudnd thisis something that has been

demonstrated in animals.

Sociologists approachhe concept ofculture differently from anthropologistsior example, the
Dictionary of Sociolodists six @proaches to a concept of cultu(@bercrombie, et al., 2006, pp. 92

93).

1. culture contrasted with biology by comparing with nbiological manifestations of societies;

2. culture contrasted with nature by showing thlaimans ae civilised and not barbarians;

3. culturecontrasted with structural groupingbroughinstitutions and organisations within
societies

4. culture contrasted with materialusingbeliefs and ideas

5. cultureasaway of life with differences in the wapsieties behaveor

6. cultureasa means of distinguishing high and low culture.
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However, most writers on culture only offer a definition in one or two of these areas and do not address

all six.

Durhamapproaches a definition of culture by doing a survethefliterature on what constitutes a unit
of culture(1991, p. 188) The common theme he found was that a unit of culture is an 'idedéut

argues that this is too general and lacking in precision. Similatsagarch as 'belief' and 'thought' are
also rejected on the same grounds. He comes up with five properties that c(disigpposed to a unit

of culture)must have(Durham, 1991, pp.-3). These are:

1-'Conceptual Re#y': culture should have shared values and beliefs,
2 -'Social Transmissiarculture should be learnt from others,
3-'Symbolic Encodingtulture should give meaning to symbols,

4 -'Systematic Organisatiarculture takes on its own structure, and

5-"Social History'culture should beéraceable between generations

Yet these properties by themselves do not give a clear indication as toamrdt ofculture is, only

how it manifests itself and how it behaves.

Plotkin argues that culture is the dibj to learn about the ideas and learning of oth¢t994, p. 213)

which matches some of the properties suggested by Durham. He regards culture as a product of human
intelligence, defining it as the ability ttause changes to our behaviqiotkin, 2000, p. 70)However,
humans are able to train other animals to modify their behavipsugh as the toilet training of cats and
dogs This modifying of animal behaviour g@eginst Dennett's assertioparlier in thissectionthat

culture is what makes man déffent from animals. However, Plotkilnes admit that the boundary
between human and animal cultuie fuzzy and introduces the term 'protoculture' when talking about
chimpanzees displaying behaviour similar to human cul{@@00, pp. 72Z73). Whilst Boyd and

Richerson agree thaomeanimals display some signs of culture, they arthae this isthe result ofthe

ease withwhichthe animals can learn certain behaviours independently of the actual transmission of
culture (2000, p. 151) According to Plotkin, there are three levels of intelligence. Firstly there is
'learning and memorysecondly there is 'reasoning and thought' and thirdly there is 'shared learning
and knowledge(1994, p. 154) He suggests that each level involves a smaller group of animals with the
last level having the smakt group. Thiss presumablyPlotkin's way ofllowing for humango be

different from animals.

Ellen argues that anthropologists have struggled to find a definition of culture thatsaltde be
explained in terms ddufficiertly independent units thiacorrespondwith the ideathat the brain can

digest, separatgand reformunits intonew meaning (2002, p. 6) This he argues is due to the tendency
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of anthropologists to talk about culture from an evolutionandéor diffusionist stance.
Anthropologists are not the only ones to think about culture in terms of evolution, as Aunger points out

by saying that

Social scientists have long remarked that the pool of beliefs and values held in
common by members of s@digroupst their culture, in shortt appears to
evolve over time(2002, p. 2)

Therefore, Ellemnd Aunger respectivelgre saying thaanthropologists and sociatientists believe

that culture can evolve.

Accordng to Hull, anthropologists have been investigating cultural and conceptual change for a number
of years and uses Richard Semon's bbekdVineme als erhaltendes Prinzip iWechsel des organischen
Geschehenwritten in 1904 as a case in poigkiull, 2000, p. 50)Bloch also gives a list of

anthropologists (including Stewa(@955) White (1959) and LewviStrausgLeviStrauss, 162)), who

have all written about cultural change before Dawkins introduced the concept of the nigloeh,

2000, p. 191)

Boas(who is called the father of anthropology by Walk2004, p. 159)was working on the idea of
cultural evolution during the first half of the twentieth century and his b&ace, Language and Culture
(1940)includes a number of essays ontau written during thg period Here he not only looks at
existing cultures, but at culture from a historical and developmental amgth a chapter devoted to
cultural evolution entitled 'Evolution of DiffusiofL940, pp. 29@29%) originallywritten in 1924. This
chapter looks at foltales and family groups to show that culture can spread across different regions,
and timesspans with subtle changes. Thus Boas is introducing the notion of cultural evolution well
before Dawkis' inauguration of the meme. Similarly, Bloch points to Kroeber's work on c(itf&2)
being 'superorganicarguing that this approach is similartttat of memetics ForBloch Kroeber is
arguing that culture haseproductive mechanism independenfrom biological reproductive systems
(Bloch, 2000, p. 191)

Benedict talks about how one of the objects of anthropology is to understand the nature and
differences of culture, together ith how they manifest themselves, vary, and change across different
peoples(1934, repr. 1989, pp.-2). Benedichrgues thatainthropologists ask if biological factors can
impact on our cultural traits She therargues thatthis is not always the case that biologicaltfars

impact our cultural traitdy pointingout that North American Indian tribegre biologically similar but

have different cultural behavioyd934, rep. 1989, pp. 23234). This goes againtte ideathat

30



culture is just another function of genetic evolution. Additionallgnedictmakes a brief allusion to the
importance of selection in cultur@rguing that in order for there to be a coherent auk, a society
cannotadoptall possible cultural variants and this must therefore lead to a selection pr¢t834,

repr. 1989, p. 237)

White explores the idea that cultea changes over time ifihe Evolution ofulture: The Development of
Civilization to the Fall of Ronj#959) Hestates that 'man and culture originated simultaneoufsly
(1959, p. 5pround one million yearago. Thid)hite theorises, happened with the evolution of the
ability to use symbolism in the brains of some anthropdi#59, p. 6) White points out that culture is
separate from biological ties by arguing that althoumgbies are born with a brain that has the ability to
usesymbolisn, it does not have a culture at birth. The culture is then acquired from the social
environment around the bab§1959, p. 12) Here he is agreeingith Benedict's idea that biological
factorsdo notinfluenceculturaltraits, and helps furtheexplain why Benedict's Indian tribkavethe
same direct biological ancestdnsit possesdlifferent cultures. Additionally, White also points to the
variousstrands of mathematical thinking that can be traced over time which creates an evolutionary
picture of the subject as an example of cultural evolu{ip®59, pp. 3B1). Whitealsoargues that the
first humanscompared with other animalsvere not well suited to their environment. They had lost
their covering of hair that gave warmth, could no longer escape into the tops of trees away from
predators, were not particularly strong, and did not have offensivapeary like stings and venom to
attack other animal$1959, p. 77) Thus man's ability to survive must haaetly come from culture
whichWhite argues is 'a mechanism whose function is to make life secure arithgous for groups

and individuals of the human speci€$959, p. 78) By saying this, White is implying that culture has
developed from the humafacility for survivabut that culture is not ingrained biologicallyecause

man is born without culture. However, treéspportsthe argument that culture is there for the benefit

of genetic evolutiorbecauséWhite is saying that without culture, man could not have survived.

The examples above from Boas, Benedict and&\8fiow anthropologists talking about cultural

evolution before Dawkins introduced the concept of the meme. Both Benedict and White argue against
a direct causal link between cultural behaviour and biological evoluitimough White argues that
culturemay have originated due to theaadequate physical attributes of humans. Additionally

Benedict admits that there are selection forces on culture and White shows that cultural lineages can be
compiled. However, none of the definitions or writings on erat evolution poinsto Ellen's(2002, p.

6) v A11\2989, p. 192)dea that it is the splitting up of culture into discrete units which can be

manipulated by the brain thas the key to a definition of culture
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The fact that there arenany alternativeviews on culturéhighlightsthat there is no agreement on a
definition of culture. Looking awariouswritings on cultural evolution haalsofailed to provide any
consensusis to what constitutes culture and cultural evolutiofihis does not help in expanding the

definition of the meme asa unit of cultural information that evolvdsy means ohatural selection

1.5 Storage, Manifestation , and replication of Memes

It is difficdt to imagine a situation where culture could exist without the presence of animals shaping
and propagating it. So what role do animals, and more spabltifiman, play within culture, and how is
culture represented, stored and passed between generatiok&Meticist, such as Blackmore and
Dawkinsagree thatmanplays a role in the transmission and storage mechaniboisthere are

variations A v }uu v3 3§} Edm hay tAis worksand howall the procesgsfit together.

When originally expoundingis meme conceptDawkinddentifiesthe brain as theplace for storing
memes. As part of thisie argues that this is also where selection takes pla@eausehere are limited
resources in the brain so it will choose which memes to (@89, p. 197) This idea is picked up by
Dennett who also believes that the brain stores memes and that the limited supply and size of brains
causes selection pressurél999, p. 131) This also meanaccording to Dennetthat memes need to
have the power to get themselves selected over other mefi€93, p. 206) In Dawkins' later book,

The Extended Phenotype: The Gene as the Unitaafti®el(1982) he goes further by arguinthat some
memes will only be successful in an individual's brain if they tie in with other similar memes already
residing inthat brain (a bit like confirmation bias)He illustates this point be saying that memes

relating to communismvill do better when they are transferred to a brainrdnated with a set of
memesthat already relate to communisifi982, p. 111) Conte makes a similppint by saying that
memes are spread by social influenaedich implies that successful memes neeadtmformto current
social thinking in order to be successful. Additionally, Conte takes the idesithidrmemesare

attracted to one anotherand alds a further dimension by arguing that some memes interfere with
other memes. Conte uses the example of a car being flashed by another car coming towards it arguing
that the driver of the car being flashextiginallytakesthe flashingas a signal of geging. The initial
interpretation of agreeting signal is then changamlone of warning when the driver sees a speed
control ahead2000, pp. 109.10). Thughe initial greeting memdormed from an associain with

other greeting memes within the braiatransformedinto awarningmeme. Anothepointis madeby

both Durham(1991, p. 210and Miliceviq1998, p. 27)who aiguethat the workings of the brain are

not all conscious with Durha@d 991, p. 210also believing that this can lead to unconscious selection.
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If all this selection is going on in the brain, does this mean that timeam brainbehavedifferently

from animal brains? Human brains are different from other speeiesording to Dennettecause they
have 'habits and methods, mirdols and information, drawn from millions of other brains which are
not ancestral to our wn brains'(1995, p. 381) But does this account for threlativelylarge size of the

human brain?

Plotkin points out that brain size in humans is about seven times what it should be in relation to the
body (1994, p. 54) According to Aunger, the brain has increased in size due to needing brgtaised
andmore efficientmemory, together with the necessary backup mechanisms to counteract the fact
that neurons dig2002, p. 213) He also makes the point that if you view the increase in terms of
Darwinian evolution, bigger brains must have evolved because they were better suited to the
environment(2002, p. 182) However, this does n@xplainwhatin the environmentaused brains to

become bigger.

Calvin also makes a similar point about humans having a number of unused neurons whiihttie
out later on, but goes on to say thdrains continue to develop into adulthodd@997) Milicevic also
points to the human brain developing after birthith it beinginitially only aroundwenty-five percent
of its eventual weigh{1998, p. 27) Thefactthat the brain is developing after birthlso ties in with
Dennett, who says thathere are certain variations in the brain between people that get fixed for life
after birth, for example learning to speak a languademwyoung fixes certain patterns of neurons
within the brainwhich are different for all individuald993, p. 183) Such issues regarding the
development of the brain are further complicated by tb@ncept thatthe brainis able to refine its own

structures and functions, i.e., its plastic{tgolb & Whisha, 1998)

Aunger goes onto argue that the change from the ape brain to the homo brain was due to a change in
the structures of tie brain and not in how it processes information. Howevergctr@radictshis own
argument to a certain extent by saying that this led to reagnitive abilities that alloylanning,
memory,conscioughought and communication skills, all of which can belgo involve the processing

of information (2002, p. 231) In addition, he neglects to point out that these abilities are found in
various animals (such as apas shown by Darwi(l871 repr. 198)) who do not have this enlarged

brain.

There is also the problem that human memory is rather a haphazard storage mechanism. Calvin points
to the fact that there is a lot of guesswork taking place in memory. The brain will use reviou
memories to fill in gaps in knowledge, quite often incorrectly, hadites the example of constantly

overlooking a misprint in a book as an example of this behay@aivin, 1996, p. 39)Plotkin also
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makes thigoint by saying that memory is constantly reorganising itself ané consequence,

changing its perception of what is knot994, p. 18Q) He also brings in the idea of guesswork but

from a different angle bgaying that the brain will often make guesses rather than invest in the effort of
working out complex calculatior{$994, p. 192) Both Lyncl§1998, pp. 16L1)and Milcevic(1998, p.

28)pick up on the inaccuracies of memory by saying that the brain fuses together past experiences and
recombines them to generate new ideas aalteredversions of the original experience. Mikesums

this up by saying ‘our memories, as exact, recorded, fixed images of the past, are an {{1L298np.

28).

An experiment conducted by Sperber illustrates this polétook two different diagramsindaskeda
group of people to copy them one after the other, like a vistlsihese Whispegame. The first

diagram did not contain recognisable shapes but by the end of the process it had mutated into
recognised shapes with a clear path of how it had cleangrhe second diagram contained recognisable
shapes which were more or less copied accurately (so that they were recognisable as a copy of the
original) without any trace of Bneagebetween the original diagram and the end product. Here
Sperber arguethat the participantsn the first diagram tried to create a mental image of the shapes
that corresponded with shapes that they already knew and that this is what caused the mutation to
conventional shape&Sperber, 2000) Ths experiment shows that the brain is imperfect in creating
copies of ideas which allovisr the variation of ideas, something that Blackmore argues for by saying
that variations are caused by imperfections in the memasywvell asmperfections incommuncation
(2000, p. 28)

Blackmorealsotakes Dawkins' idea of memes competing within the brain and introduces the idea that
genes also have an impact oremeselection. Herreasoning is that memes are competing wéthch

other which affects the genes (such as the size of the brain), whilst the genes are also trying to select
the most beneficial memes for gene replication (for example, imitating@het hunting techniqué

memes will increase the chance of genetiplieation)(Blackmore, 2000, p. 37Blackmore introduces

a new theory with the concept of 'memetic driy@000, pp. 3637). Memetic driveis driven by

imitation, i.e, memes are copied from one person to another by imitatéaghother. Once imitatiorof
memeshad begun, people then needed to decide whichmesto imitate. At the same time, those

genes that allow for successful imitation hetptoreinforcethe imitation of memes Therefore, memes
that help the survival of genes (teolaking etc.) are allowing genes to help with the survival of memes
through better imitation, i.e.a positive feedbacleffect. This ultimately ends up changing the brain

with Blackmore aEP p]JvP 8Z § Z]v 8Z]« ACU uu =« (JE P v 3} E 8 E ]
0 S]JvP (E}u §Z HEE vSo(@OOBYp.3(H0o u u <f
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Others disagree with Blackmofailtimate assertiorthat imitation is tie onlymechanism for

replication. Conte accepts that memes can spread through imitation but includes other types of
transmissioras wel] such as monitoring of behaviours and social lear(20§0, p. 98) Plotkin also
agrees that imitation is usei replicatememes but adds that language and learnamg also used for
the replication of memeas they both help with the copying of informati¢2000, p. 76) Language for
Plotkin is a means of gaining further knowledge whighargueshasa central role in cultur¢2000, p.
83). However, Blackmore does not deny the role of languBmeshe says that language is better at
spreadhg memes than visual communicati¢2000, p. 33) HoweveyBlackmore believes that language

is a means for imitation and thus replication.

In order for replication to take place, there must be some form of trassian whether by imitation or
other means. Blute believes that there are tagpects tahe transmission of memes. Firsttiiere is
viruslike transmission, which is where memes spread horizontlatyugh societyregardless of
generational boundariesSecondlythere is the gendike transmission, which equates to vertical

transmission wherenemes are passedgetween generationgBlute, 2005)

Lynchadvocatesviruslike horizontal transnssionby arguingthat ‘actively conagious ideas are now
called memes(1998, p. 3) Brodie alsadvocatesiruslike transmission of memes by saying 'your
thoughts are not always your own original ideas. You catch thougtuis get infected with tem, both
directly from other people and indirectly from viruses of the migi®96, p. 14) According to Brodie

the mind is good atlealing withinstructions and is also adept at learnjmghich makes it more
susceptble to viruslike memeg1996, p. 63) Brodiegives three ways in which the mind can be
infected with memes.The firstis by ‘conditioning’, which happens through learning, repetition and
association. The secorl®l'cognitive dissonangavhere the mind seeks solutions for opposing
information by tyirgitselfto certain sets of similar memedg-inally, there are 'trojan horseg/hereby a
meme sneaks into the brain by attaching itself to other meitiredie, 1996, pp. 13843). Howevet
these three methods for memes to get into the mind can be explained in terms other than infection.
'‘Conditioning' can be explained as learning from the environmenit by Blackmore'Bnitation (1999,

p. 3)or through other forms of learninguch as trial and errorBoth 'cognitive dissonance' and 'trojan
horses' can be explained by Dawkifi®82, p. 111and Conte'§2000, p. 109)dea of the memes being
both attractedto, and more acceptablavithin an associatedrouping of memes.e., confirmation

biag. Laland and Odlin§mee also point out that viruséepend on the susceptibility of potential hosts
in order to propagat€2000, p. 134) If this is applied to memethen thisaccordswith Dawkirs [and
Conte'sideafor if the host already agrees with the communiseéddogy, then the susceptibility to

communist memes will be greater than the susceptibility to capitalist memes.
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According to Caval$forza and Feldman, there are thrieems of transmission: verticd.e., from
parents to childrenn the same wayn which genes are passed frhorizontal (i.e.peer to peer), and
oblique gimilar tovertical but not from direct relativeg1981, p. 54) Theydividethese formsvarious
further into modeg(1981, pp. 5%0):.

1. Vertical
x Parent to offspring
x Other family members in same generation as parents to child
X More remote family generations to child

2. Horizontal
x Siblings
X Age peers
3. Oblique

X Nontbiological family to child

Members of socialrpups other than family
Teacher to pupil

Society notables

Media

Groups and societies

X X X X X

Within these modes, there are differences in what is transmitted. For example, it is argued that
motherswill influence their children witlelassical music and horoscapthat fatherswill influence

their children with sports and parties, and that the maternal/paternal mix will influence their children
with religion and politic§CavalliSforza & Feldman, 1981, p. 8%l of thesanfluences araletermined

by CavalliSforza and Feldman using statistical models they accept it is difficult to get accurate
statisticsowingto the mix of other influences involveguch as§ Z  Z Joeef2 and social groups

(1981, p. 89) Ultimately, they use statistical modelling to show how similar the spread and evolution of

culture is to epidemiology.

Dennettsuggestshat memesare 'parasitic' rather than vira]1993, p. 200) However, some of his
argumentsgive the impression that memes are viflilee. He talks about memes slowly getting to a
certain level of saturatiobefore spreading rapidly to lmeme generally accepted. This is demonstrated
by using theexample of %o 1 0] « BesBSé¢Hers lists that often give a book far more exposian

books not in the bessellers listsand consequently dramatically increase the salelsestsellers

(Dennett, 1999, p. 133)Additionally, Dennettooks at the speethemes spreadnd says that they

'now spread around the world at the speed of light, and replicate at rates that make even fruit flies and

yeast cells look glacial in comparis@@ennett, 1993, p. 203)In contrast, Hull points to the fact that
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genes can also be passed on rapidking the example of viruses and bacteaad he concludes that

both meme and gene propagation can be fast moR@PO0, p. 55)

Blackmore argues that if memésve only vertical transmissipthen they are all transmitted alongside
genes and that this means there would be little or no conflict between the(i889, p. 132 From

this, she deduces that there must be horizontal transmission (in which she includes-Strali and
Feldman's oblique transmission) as well, and goewa@ay that horizontal transmission works
independently of gene transmissiti@causehere is nodirectconnection between the tw¢Blackmore,
1999, p. 133) Additionally, Blackmore points out that in order for memes to become totally
independent of genes, horizontal transmission needs to become the made of transmission. She
argues that this isow happening with memes transmitted by parents becoming less influential as more
memes are beingransmitted by other sources suchs 'schools, radio, televisionewspapers' etc

(1999, p. 134)

Aungerarguesthat memeticists should be looking at the idea that memes are replicators in order to
understandthem (2002, p. 3) Hediscussesiow symbolsan beused to transfer memedut argues

that suchsymbols are not complex enough to hold all the information that is required for rejaictd

take place. From this Aungeecides that memes cannot just jump from brain to brain and that there
must be some other mechanis(@002, pp. 23&37) In his words, 'memes can't be translated from
brain stuff to signal stuff and back agai2002, p. 236) To try and overcome this problem, he looks at
the way prions replicate by using a protein to pass on information , and the way that computer viruses
link themselves t@ther programs to replicat€2002, p. 103fjhowever, computer viruses cdmave

more compleiy than just linking themselves to existing prograamsithey do not all act in this way).
From thediscussiorof symbols he decides that something extra is required and calls this an 'instigator'
(2002, pp240-241). Instigators are used by memes to aid their replicatioa &imilarway that prions

use proteins to pass on information and computer viruses use other programs to propagate. In other
words, the memes stay in the brain and the instigatorsascameansto transfer the information. The
main problem with this reasoning is that he does not make clear hovidiee of theinstigator can
enhancehis idea that symbols are not sufficient to convey memes. In other words, this doappedr

to progress the thinking on how memes are transferred.

In addition to his idea of an instigator, Aunger also seitssome conditions that are required for

replication. These are:
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Causation: The source must be causally involved in the production of the copy
t Similarity: The copy must be like its source in relevant respeci®rmation
transfer: The process that generates the copy must obtain the information that
makes the copy similar to its source from the same source,tdbgbplication:
During the proces, one entity must give rise to two (or moréhunger, 2002,

pp. 7374)

Do these conditions fit in with Blackmore's imitation? For imitation to take place there needs to be at
least two persons taking paffirstly the person undertaking the original action (the originatand
secondlythe person imitating (the imitator). If the imitator copies the originator then thigioator is
‘causally involvedithout the originator, the intiator cannot imitate There mst be a point at which

if the imitator isdigressingoo farfrom the imitation of the originator, then the originatdrand

imitator pactions are different thigs and the process breaks dowrhislis similar to the problem of
decidingat what stage a mme becomesa new meme rather than a variatiaf the original meme

when copiedas will be discussed in Sectidr3 below. Before that pointhe imitator must be at least
roughly copying the originator, thus meetingtv P &@¢end condition. Likewise, the same argument
can be used for the third conditipinformation transferin that if the imitator is copying the originator,
information transfer is taking place. Once the imitator has copied the originator, then botmitetar

and the originator haveopies ofthe meme which meets the fourth conditiarduplication.

Sperber alsatipulatessome conditions for replication,

1- B must be caused by A; B must be similar in relevant respects to A, and 3
- The process tht generates B must obtain the informatiolnat makes B
similar to A from A(2000, p. 169)

These can be mapped onto Aunger's conditjavigh the first matching Aunger's causation, the second
matching similarityand the third matching information transfer. The only difference is that Aunger
explicitly states that there should be duplication whereas thanly implied by Sperber. As such, the
same argumentsoncerningvhether o |u}@& [ %o dhjitatton d4tisfiesAunger's conditions

apply to Sperber's.

So far, the discussion hasncentratd on memes in terms of the brain, memory and imitation.
However, the artefachlsohas a role to play in a theory of memes as either a possible container for

memes or gossibletransmitter ofmemes. Aunger argues that many artefaexhibit evolutionby the
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fact that they showigins of being adapted and becomingre complex2002, p. 278) Plotkin claims
that culture can bestored exosomatically in artefacts but goestorsay that this does not mean that
culture did not exist before artefacts were arou(i®94, p. 214) If artefacts are a form of storage

mechanisnfor memes, what des this mean for replication?

Boyd and Richerson say that artefacts hold information but that this information is minimal. An
example is a clay pot whit¢toldsinformation on what it is and some of its properties, but does not
show how the pot can be madqBoyd & Richerson, 2000, p. 147his will of course create difficulties
for replication in that a pot is not easy to reproduce without supplementary knowledgzel Sy

argues that it is not ideas that are cegj but artefacts and skills. e$aysthat in order for artefacts to
be successfully copied (in other words, replicated), the materials to make a copy need to be easily
available, the artefast needto allow reverse engineering to take place, and theredset® be a certain
amount of leeway for erroréSterelny, 2006, pp. 15657) Whilst it is fairly easy to copy a book
becausehere is a large amount of technology to help someone to do this, it would be coabiger
more difficult to make a copy of a mobile phone. Both of these artefacts have evolved and are in
abundance, and could be said to be cultural products. However, there is the problem separating out the
physical being of an artefact and the informatitbrat it holds. Books not onipstantiatethe properties
of a book (for example a cover, a number of pages with writing, made out of petpet they also
include information on how it was made (from paper and printed on), as well as holding thehigkt w
is information in itself.A book can also hold information on how to replicate a book, or some other
cultural artefact, for example a recipe for a puddirgunger would argue that the meme in a book is
the content of the text. Haotesthat when the story of Don Quixote is transferred to different media,
the story is still the same so it is the 'information content that defines a replicator, not its material
embodiment'(Aunger, 2002, p. 158hus separatingut the medium from the messageHoweverhe
neglects the point that the medium itself could be a meme (books have evolved over time from being
handwritten, through the advent of printing, to the use oftmoks) and asush the medium is also

open to repication.

If the viewisthat memes are units of information, thdrecausea book storesnformation, the book

must be able to store memes. But if books store memes, how does replication take jHaok® are
massproduced and therefore a large numberadpies are made, but does this copying constitute
replication according to Aunger's conditions? Aunger himself takes an example of an artefact and tests
it against his replication conditions. For his test, he uses the Queen's head on a stamp. Héatgues

it meets the first criteria of causation because the Queen signed the decree for the stamps to be

manufactured, the second of similarity because the picture is a good likeness, the third of information
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transfer because it is the Queen's head on thegp, and finally of duplication because a number of
copies of the stamps are producéflunger, 2002, pp. 736). As for books in terms of their text, the

author causes the book to be written and then copied, the capyains the information of the original,

the copy has got its information from the original and finally, the book is a duplicate of the original. This
means that a book's text can meet Aunger's conditions for replication, and ast suchd be argued

that books store memes. If this is accepted then where does this leave the idea that memes are stored
in the brain and passed on by imitaticaas suggested by commentators such as Dawkins and

Blackmore?

Thereclearlyseensto be somedisagreement orssuessuch as the storage, transmission and

replication of memes, and the role of artefacts and man in memes. This disagreement is reflected in the
various different definitions ahe meme, which again highlights the need for a definition that does not

go intodetail about the storage, transmission and replication processes of memes until agreement is

reached in these areas.

1.6 Memes versus Genes

If the brainisimportant to memes, how does thiffectgenes? Aunger cites an interesting example of
conjoined twirs. They had virtually identical genotypes and obviously the environment they grew up in
was the same. However, one of the twins was more dominant than the other. Aunger uses this
example to claim that genes do not control everything in(@@02, p. 183) So ithisis true, what

effectdoes this have on the link betweenltural and biological evolutidh

Dawkins arguegenes are totally independent of memes lloat memes require genes for propagation
(1982, p. 110) However, for Dawkins this does not mean that the success of a meme relies on the
success of a gene. For this he points to the idea of the suicide martyr whose genes will not get a chance
to propagate afterdeath; but the martyrdom memenayinfect others and cause them to do the same

(Dawkins, 1982, pp. 11011).

Wilkins uses Shakespear&emeo and Juliets an example of the distinction between biological and
cultural entities. Juliet is interested in the physical being of Romeo and not his identity (and
consequently his culture). For JuliBpmeadbeing a Montague, and being the person she loved, were
two distinct states(Wilkins, 198). He goes on to say that although there are ghimensions

biological and cultural, culture will not necessarily make an individual more or less adapted to the
environment but the two can influence each oth@¥ilkins, 1998 Durham takes the stance that

although genetic and cultural evolution are distinct, they both have an impact on human behaviour
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(1991, p. 159) He goes further by arguing that both genetic and cultavaluions influenceesach
other and uses the term 'coevolution' tepresent this phenomenonBoth Wilkins and Durham are

effectsaying that the influence runs both ways between genes and memes.

But where does this all leave the meme/gene analogy and gaove the concept of cultural evolution
forward? Many see problems not only in the analogy itself (such as Doudhé@y, p. 89and Kuper
(2000, p. 185) but also in thdact that genes are studied from a physical science perspective whereas
memes are not (such as Blog000, p. 189and Hull(2000, pp. 4547)).

Dougherty is cautious of ghanalogy. He subscribes to the view that there is no physical form to a

meme in contrast with the gene. From this, he argues that there is no scientific method which can be
used to prove the existence of a meme, which he believes is a problem witméhegg(Dougherty,

2001, p. 89) Kuper goes further than Dougherty and calls the analogy ‘fanciful and flé2680, p.

187). Also Kupeargues that if memes are ideas and taues, then it is difficult to separate them and

treat them in isolation in the same waye can with genes. Additionally, he argues that the mechanism

for transmission of ideas is very different from the transimeisof genegKuper, 2000, p. 187)He uses

these reasons to say that memes are 'shadowy' and only get shape because of the analogy. For these
reasons he thinks that it is dangerous to use the analogy as it may cause differences and inconsistencies

between the genes and memet® be ignoredKuper, 2000, p. 185)

Blocharguesthat in order for the meme/gene analogy to work, theories are needed wildtwork with
both concepts. This is difficult because memeticists tendome from a sociology background whereas
geneticists come from a biolodyackgroundBloch, 2000, p. 189)Others such as Hulhave a problem
with the crossdisciplinary nature ofnemetics Hemakes the same poiras Blochbut adds that each
discipline seems to think that the other disciplines are simpler than they actuall2@o®, p. 45)

Kuper also criticises Dawkins for not citing dtgrature on anthropology and becaus# this, believes
that Dawkins has formed a concept that does not add anything to the cultural evolution dgtse,

p. 179)

There is another problem with the analogytivat the definition of thegeneisnot secure. Both Wilkins
(21998)and Hull(2000, p. 47point to the fact that thedefinition of agene has not been consistent, and
that molecular biology is constantly changitgyviews ongenetics. Wilkins also looks at the idea that
geneshy themselvesare not always evolutionary by pointing out that a son is not a clomeséather

as they can have many different physical characterigfi®88). However, this difference in physical

characteristics could be regarded as just a part of the evolutionary prdoesmly when differences
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occur can there be a selection process to decide which differences are advantageous and beneficial to

the gene-pool.

1.7 Summary

Cultural evolution exists in some form or another. Borens{2d4)shows how the Soviet Union tried

to control cultural evolution before the collapse of communism, and how western cultural ideasdspre
and gained influence in po§oviet Russia, adapting and building on existing Russian culture. This
example shows cultural evolution at work. In addition, anthropologists such as Boas, Benedict and
White had beerexploringthe idea well before Dawkirend have given a number of examples of

cultural evolution. So the real question here is can Dawkins' meme concept add anything to the debate

on cultural evolutior?

In order to answer this question, a clear definition of culture and what is meant bytawola required.
Darwin(Darwin, 1859 repr. 198%roduced aheory of evolutionwhichis now generally accepted
amongst the scientific commuyi However, it is difficult tarrive atan acceptable and comprehensive
definition of culture. This makes forming a definition of a meme even more difficult. So fanenioas
been able to prove the existence of memes to the general acceptance of the academic community.
Until the existence of memes is proved, then surely an ateutefinition of a meme cannot be agreed
upon. As such, a 'catdll' definition will suffice to poinintrepid memehunters in the right direction.
Consequently, a variant of Gabora's definitisas suggestedd meme is a unit of cultural information

that evolvesdy means ohatural selection

42



2 Chapter 2: Defining a Meme in Music

2.1 Introduction

Chapter 1What is a Meme,Sectionl.3provided a definition of a meme that is rather broad in its

reach. This efinition makes searching for a meme difficult as it does not give any real ideas as to the
possible physical or abstract properties of a meme. Another way to search for memes is to look for
evidence of the properties that a meme should exhibit. If greasof culture exhibits these properties
then it could be evidence for a meme. Since a meme is a unit of cultural information that evolves (see

page26), the first aspect to investigate is what processes underlie evolution.

This chapterbegins bylooking at what properties a meme should exhibit, arguing that a meme should
Z A }3Z 3Z A}lous]}v EC % E} e+ + }(+ 0 3]}vU E %o0] 3]}v v A E
of evolution by natural selection), as well as thelregtor properties of longevity, fecundity and

copying fidelity (as stated by Dawkingjollowing on from these processes and properties, the chapter

then tries to define a meme in music. This is done firstly by looking at possible storage and replicatio

U Z v]eue ]Jv upe] U (}oo}A C] <*3}vZ}A }u%}e]8]}ve E upe] o00C
(2007)definition of a meme in music is used as a basis to argue that a single line of consecutive notes
can be considereds a potential meme in music, and a working definition of a meme in music is created

from this hypothesis.

2.2 Processesin Evolution

In 1831, after graduating from Christ's College, Cambridge, Charles Darwin set out on his epic journey
aboard the survey shiHMS Beagle after being recommended for the journey by the botanist Professor
J. S. Henslow. On his return in 1836, he began work on a theory of evolution by natural selection which
resulted, more than twenty years latdn Onthe Origin of Species byaans of Natural Selectiofirst
published in 1859 Heoutlinesa theory of animal and plant life evolving over many millennia from the
same origins, arguing that species have adapted to their environment by evolving characteristics that
allowed for an iereased chance of survivathich in turn increased reproductive success ratad

therefore allowed the passing on of those characteristics. He argues that there are a number of checks
and balances that are at work to stop a single species from takimgaovenvironmenwith food

supply, predators and the environment all playing their p@arwin, 1859 repr. 1985, pp. 1120)

Other factors such as physical borders can act as barriers (such as islandsigstiopipread of some

speciegDarwin, 1859 repr. 1985, p. 131All this could be described as a battle and Darwin himself
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reinforces thisriew by talking about the 'war of natur€1859 repr. 1985, p. 129here 'the vigorous,
the healthy, and the happy survive and multigi}859 repr. 1985, p. 129)

Patterson summarises natural selection with three deductive arguments. Firstly, spedesgfar

too many offspring in relation to the number that are needed for replacement in order to keep the
numbers at a constant level, therefore there must be a struggle for survival. Secondly, species exhibit
hereditary variation. If these variationseauseful for survival then species with these variations are
more likely to survive and pass on these variations to the next generation. Thirdly, the environment is
constantly changing, thus speciwbose hereditary variations help cope with the enviragmhare more

likely to survivgPatterson, 1987, p. 237)

Darwin's theory couldherefore be viewed as a circle going between a species that adapts to its
environment (variation), to some of these adaptations beagpured according to their fitness within
the environment(selection), to those that survivendpass on their adaptations to their offspring
(replication), back to those offspring adapting to thenvironment etc. Figure2.1). But doeg-igure2.1

actually show theessential properties that are required for evolution to take place?

Figure2.1: A circular view of the properties for evolutioby natural selectiorto take place

A number of commentators have their own views on what is required for Darwinian evolution to take
place. These vary in the number of processes involvigtd some having just three and others having

up to six, as well ag the terminology used Aunger opts for three processe®nsisting of heredity

(the passing on of attributes), variation (the changing of attributes) and fithess (which attributes ensure
the survival of the gecies) whicltan arguably be mappedto Figure2.1 with heredity equating to
replication, and fitness equating to selection (only those that fit best into the environarergelected)
(2002, p. 258) Dennett alsmptsfor the three-process model alongimilarlines as Aunger, saying that

evolution occurs with
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1 - variation: there is a continuing abundance of different elements, 2
heredity or replication: the elements have the capacity to create copies of
replicas of themselves,-3 ] (( & vS] o ”(]B8umber d\topiés of an
element that are created in a given time varies, depending on interactions
between the features of that element and features of the environment in

which it persists(Dennett, 1995, p. 343)

Againthese processes tim with Figure2.1, however Dennets order is different in thathe variantsare

replicated before theyre selected.

Gabora suggests four processes are required for evolution to take place. There must besorok fo
information that can go through the process to begin with, then there must be a way of generating
variations of this information, then there must baeveeansand rationale for selecting some of these
variations, and finally, there must be a way to liegte or transmit these variation&abora, 1997) The
major difference between this model and the models of Aunger and Dennett is that Gabora starts with
some form of information (which is taken for granted in Aunger and BghnThe other processes map
easily ontathe three-process models of Auerg and Dennett. Durham's model (created before
Gabora's) has an additional proceésssabora's model. This is thility to be able to isolate ongiece

of information fromanother pieceof information that can ultimately lead to variationsgcausea piece

of information in two different environments without the ability to communicate with one another can
evolve differentlDurham, 1991, p. 22)This last point fits in with Darwin's idea about species evolving
separately on different islangbut this could be viewed as just another means of generating variations.
Calvin uses a sixocess model. Four of Calvin's processes are the same asaGatat Calvin ads

the idea that there needb be different success rates for patterns, and that some of these patterns
should not survivéCalvin, 1996, pp. 16805). These last two processes are really just:gma@sion of

the selectiorelementof Figure2.1 and thus do not add anything new to the models.

If it is accepted that Calvin's final two procesfies, different success rates and some patterns not
surviving)of evolution are arexpansion of the selection component, and that Gabora's first process of
starting with some form of information is a given, as Aunger and Dennett seem to do, then this results

in the three-process model ashown inFigure2.1 of seletion, replication and variation.
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2.3 Properties for Meme Replication

Whenoriginally introducing the concepBawkinscame up with three differenteplicatorproperties
that are required of a meme and that fit in withe gene analogylongevity, fecundity ad copying
fidelity (1989, p. 193)In, The Selfish Ger{@989) Dawkinexamineshow the replication of molecules
took placewhen the procesitially began totake place He hypothesisedhat inthoseearly days
there were somemoleculeghat were more stable (i.e.less prone to splitting), and other molecules
that split quite easily. Those molecules that survived the longébsbut splitting, i.e, whichachieved
longeviy, becamemore abundant. Dawkirelsoconsideredhe frequency of replication amongst
molecules, i.e their fecundity. Those molecules thaplicated more frequently would become more
abundant than those that replicated less frequently. Finally, Dasdonsideredhe accuracy of the
replications, i.e.copyingfidelity. If a molecule had an error in one in ten of its replications, iherll

be less abundant thaniiiff had an error in one in a hundred replicatiof@xawkins, 1989, p. 17)

Later on inThe Selfiskeene Dawkins applies the replication properties hypothesised for molecules to
the meme. Firstly, he argues thaindividual copies ofnemes must have longevity. This means that

they should be able to lasbr asufficientlength of time without becoming immediately extinct and
thusnot being ableo replicate and become abundant within the meme poblowever he does not

specify any time period for this or make any comparisons to the longevity of geaesnd/, memes

must have fecundity. In other words, they must be easily replicated otherwise they will become extinct.
Again, the idea behind fecundity is to ensure that a meme becomes abundant within the meme pool.
Dawkins does not go into detail abonhat makes a meme successful but uses the example of scientists
digesting new ideas before deciding whether to accept them or not. The ideas need to be accepted to
become memes (even if they are not true). Finally, memes need cofigigliy. That isthey need to

be copied withfew or no errors in the copying. This will help the meme become succéssfalisehe

more accurate copies it makes, the more likely it is to survizviee longevity and fecundity, copying

fidelity relates to howa memebecamesabundant in the meme pogDawkins, 1989, pp. 19894)

Brodie points to the problems abpyingfidelity by saying that if it is too high, then nothing will change
and therefore there will be no evolutigmand f it is too low, then there cannot be any replicati(ib96,

p. 67) Dawkins admits himself that he is not sure if memes do exhilfficientlyhigh copyingfidelity

as it is easy to alter memes through communicaii®®89, pp. 194195)(as inthe gameChinese

Whispers.

But how do thereplicatorproperties of longevity, fecundity and copy#figelity accord withthe
evolutionary processesf selection, replication andariation? Longevity will allo@ memethe chance

to be selected and replicated. The longtesurvives, the more likelyit isto be replicated and passed on,
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givingit more chance to be selected. Fecundity also enhaaaeemeschances of survival in & if it
isabundant therthere is more chance of it being selecteBinally, copyingidelity is more difficult to

make a case for in this model. Does it matter if a meme changes drastically if it gives the meme greater
longevity and fecundity? Therab to be some variatioof memes otherwise there will not be any

evolution. Hwever, if the changs areextensiveand kadto greaterlongevity and fecundity, then does

it really matter to the original memdsecausehe original meme has still createsucessful

descendants?

2.4 Refining the Definition of a Meme

In Sectionl.3 above the meme was defined asunit of cultural information that evolvdsy means of
natural selection If it is accepted that evolution consists of seiew, replication andrariation, then the
definition can be expanded @ unit of cultural information thaévolvesy means ohatural selection,
(i.e., selection, replication and variatin Likewise, if A |] v sdplicatorproperties arealsoaccepted,
then the definition can be expandéddrther to a unit of cultural information thaévolvesby means of
natural selection(i.e., selection, replication and variatiprandwhichexhibits the replicator properties

of longevity, fecundity and copyiiglelity.

This extended definitiomaises a number of questions when it is applied to musiih the majorone
being:what is the unit otulturalinformation in musie Does the unit of information consist of a broad
aspect of musicsuch as the style of thgiece, or does it exist at the individual note level, or perhaps
somewhere in between? Is it an amalgamation of all the elements of psugil as pitch, rhythm,
dynamics, texture, structureetc.? Could there be many different types of unit of inforioatacross

the broad spectrum of music that areitherindependently or in tandem, subject to evolutiary

forces? Andlo these units omusial information exhibit the propertief memes?

In other wordsgcanmusic fit in withthe definition of a meme

2.5 What is a Meme in Music ?

Having created a definition of a meme, this definitan thenbe tested againsmusic. Before this can
be achieved, there are certain areas that need investigating in order to understand what can be a meme

in music.

This sectia begins by looking at how memes in music can be stored and replicatesl discussion

focuses on how information regarding music can be storadediasuch as the brain, and artefacts
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such as CDs, scores and books, arguing that tmeskaexhibit theevolutionary processesf selection,
replication and variation, as well as theplicatorproperties of longevity, fecundity and copyifigelity.
Following on from this is a discussion of the impact concepts such as borrowing and allusion have on
memes inmusig in order to determine if these concepts can help shibat memes exist. Finally,

various definitions of a pattern in music are exploeettitheir consequences fdhe present research

are consideregwhich ultimately provides a definition of a petn in music that can be amalgamated

into a working definition of a meme in music for the purposes ofshisly.

2.5.1 Storage, Manifestation, and Replication of Music

Aquestion that is raisewhen looking at what constitutes a mememusic idiow cultual information

in music, andhencememes in musids stored. Sectionl.5 abovdooked at how the brain and artefacts
are both possible storage forms for memes. With music there is the added quesgiarding artefacts

of whether the meme is stored in an auditofguch asnp3format) or a visual form (such as graphical
notation). This question can be relatedldmader ontologicaproblems such as what is a musical piece:

is it the performance or the rtation that defines the pce(a question beyond the scope of this stuely)

Exploring music in relation to the mind is an extremely large and complex area that covers a wide
variety of concepts and ideas. It encompagsdigsrseareas suclas cognitive antbiological disciplines
Although it is impossible to do any of these disciplines justice in such a short space, there are some
elementsthat canhave anmpact on the understanding of the concept menikat must be addressed

These elements include how information is transfertedand retrieved fromthe brain.

To begin with, there is the concept of chunkingost commentators agree that information is stored in
Short Term MemorySTM using a system of 'chunking'. Brower defines a chunk as 'a subjectively
defined unit based w prior learning(1993, p. 21) Radvansky expands on this by saying that a chunk is
a small group of connected pieces of information where each group has an overall meaning which is
dependent on prior learning (i.ghere is a constraint on how chunks are formed based on previous
experience).These groupings are then able to extend the capacity oSthiel becausehunks can vary

in size and complexity according to prior learnifdjller gives an example of chunkiagd how it is
dependent on prior learning by talking about telegraph operators who originallydidarse Code as
individual letters, but then gradually stad hearing them as whole words, atliten phrases, i.eas
chunks(1956, p. 81) This is an example of where prior learning and knowledge can increase the size of
chunking in M, thus expanding its capacitylhere is general agreement that the capacity of STM has

a limit of between 5 and 9 units of informatioa,chunk(at whatever levelpeing one such unit.
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Information isthen transferredirom STM to Long Term Memory (LTM)rbpetition: Brower(1993, p.

23), Radvansk{2006, pp 150151) and Huron2006, pp. 2294.30)all point to the importance of
repetition in the process of storing information in LTM, with Brower also remarking that the amount of
repetition required will be dierent depending on the individual involvéBrower, 1993, pp. 224).

Brower also points to the fact that once information has been passed to LTM, it is more or less
permanently stored and that this storage has an astrunlimited capacity1993, p. 22) However the

idea that memory has an unlimited capacity can contradict the idea that information competes for

storage space within the brajas discussed in Sectidrb.

If repetition is important for the process of passing information from STM to LTM then repetition in
music could impact on the effectiveness of this process. Huron develops this theme by arguing that
composers' repetition of musical fiarns 'acts like an involuntary form of conscious memaorization'
(2006, p. 229and goes on to say that it is unsurprising that the musical motif is short and memorable.
The shortness of the musical motif alsts fin with the concept of chunking in that short sequences of

notes are grouped together in STM.

Memory is not just about how information is stordalut equally importaniy how that information is
recalled. Baddelegt al.point out that cues are requireth trigger the retrieval of information and that
the memories are thepieced togetheacmording to thesecues(2009, pp. 168.80). According to

Snyder, there are three types of cuing. Firstly, there is thmltection' cue where there is a deliberate
attempt to recalla piece of information. Secondly, there is the 'reminder' cue where the cueing of one
memory automaticallypromptsthe memory of another. Finally there is the 'recognition' cue where an
external stimulus automatically triggers the memd@nyder, 2000, p. 70)However, recall of

information is not perfect and Snyder goes on to point out soménefdefects of recalincludingthe
problem of interference whereues that are similar trigger the retrieval of unintended information
(2000, p. 7Q) Radvansky also points to another problem with recall in'(exten the act of

remembering alters memory because the experienf remembering gets store(006, p. 141)

The concepts of chunking in STM, repetition in LTM and cueing in recall can all have an impact on
memes in music. For example, the length and maef the chunks i5TM could influence the
possible length of a meme in musiit.could be that the ideal length of a meme in music needs to fit in
with the ideal length of a chunk in STM in order for the meme to gain an advantagetheememes
that do notconform tothe ideal length of a chunk. Additionally, a meme that requires fewer
repetitions to pass between STM and LTM could have an advantage over a meme that requires a
greater number of repetitions due to the limitations on capacity and processing withibrtie.

Finally, if the cue system for recalling informatiomisinsicallyinaccurate, then this could lead to
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errorsin the recall of memes in musieading to the variation of some memes. Those memes that are
fairly simple(i.e., those which have a smaumber of notes that are predictable in terms of the
movement between notesnay have an advantage in thidaeir recall could be more accurate more of
the time than more complex memégose which have a largeumber of notes with complegitch

andrhythmicpatterns)

Humanmemory is not the only possible store for memes in music as it is also possible that memes are
stored in artefats, as argued iBectionl.5 above Other means of storing musical information are
recordingg(anauditory record of a performance), notation systems (limited instructions on how to
perform a piece of musicand descriptions of musicush as books on thiistory of music,

compositional guidesgndguides to theheory of musig.

Both audie and notation-basedstoragemeanshave the advantage of being ablerecord complex
musical detail. fie interpretationand background detail, however, asabject toalistener's or reader's
previous knowledge andxperience For example, the interpretatioof a trillin music notation

depends on knowledge of thgerformance practiceat the time of the writing of the composition.
Audio and notation storagmeansalso provide a more permanent record of music and are subject to
less variation from inaccurady storage and redbthan is the case with memoryltaoughmistakes in

the performance or the edition will be replicated every time the performance or edition is reproduced.

Books on music, such as ontitstory or on compositioal techniquesprovidea different perspective

on music. Although information from books cannot provide the detail on individual compositions that
can be produced from recordings and scores, they do still provide information on niistorical

books can provide insights iht ~ }u %o} E[* }u%}*]S]}v o u §Z} U poSuE o Vv
influences, and linkages to other contemporary musicig®gsoks on compositional technigues can also
provide information on music. A compositional treatise can become influentéhleansuch, its ideas

can be spread amongst many composers. The ItR&timentisystem was used as trainifigr

composers in Naples during tlegghteenth-century (Sanguinetti, 2007, pp. 534)and was still being
usedto train composers in théate nineteenth-century such aPucciniBaragwanath, 2011)This
systemunderliesmuchof the music from Italy and as such was influential both because it was used for
training purposes but alsain the spread of the compositions that were formed with a background

knowledgeof the Partimenti system.

As recordings, notation, and booksladlld information on musithen, if memes exist in music, these
storagemeansshould also contain memedt canbe argued that these storagaeansare reproduced

widely (e.g, many copies of the same CD recording or scang) hence so are the memésat areheld

50

Z]



within them. However, do these storageeansallow for theevolutionary processesf selection,
replicaion and variation to take plagend do they also exhibit theplicatorproperties of longevity,

fecundity and copyindidelity?

Selection takes place in all three storageans Recordings are selected by the listener based on a
number of factors suche §Z 0]*3 v E[* }Av 0]l «U & }uu v 3]}ve (E}u }3Z E-l
something the listener likegtc. Performers will also seleetlitionsbased on a number of factors such

as theperceivedquality of the editorial judgementfadein relationtoivd E % E S]vP SZ }lu%e}e @
intentions, the ease of reading, the cpstc. Books are also selected by readers again based on a

number of factorsincluding the E (ikga, recommendationgost,etc. Replicatiomlsotakes place

within all three stoagemeans Recordingare copied both within their original formats (such as CD)

and across other formats (such as CbnjaB), and scores and books are prinfegthd sometimes

reprinted, producing many copies. Finally, variation can also take place \ittthreestorage means

With recordings, there are many different interpretations of the same compositibich can be

influenced by previous performances and recordingigh scores there are a variety of editions of the

same composition, andookswith authorsarguingwith each other over aspects of history,

performance and composition

Jan argues that notation can provide longevity for memes in musi€ | v P [§]dr theZongevity of
musical memes, the greatest advance was the development of $1p3d2007, p. 33)This, Jan argues,

is due to thegreaterstability of the memeénstance within notation (i.ethe printed form is less subject
to alteration) than within the mind. Therefore the meme can sumvina particularform for longer in
notation than in the mindJan, 2007, p. 33)The same can be true for both recordings and books
regarding musitecauseboth are less suscejplie to variation comparewvith versionsstored in

memory. According to Jan, fecundity is alsoreasedy recordings and notation as both can be copied
frequently without errorsthus enabling a growth in the circulation of the men{g607, p. 33) When
tackling copyingdidelity in the samesectionof the book, Jan does not refer to any of the storage means
(2007, p. 34) Howeverrecordings, notation and books regarding music will all atiayt copying

fidelity regadless of the length of the meme due to the sepeirmanent nature ofhe storage

mechanism involved, antheir mechanisms for ensuring accuracy.

The mind, recordings, scores, and books on music have all been shown to be possible receptacles for
memes in msic. Howevernoneof these possible interpretations of how the storage means can allow
for the evolutionary processeaf selection, replication and variation, and thieplicatorproperties of
longevity, fecundity and copyinrfidelity takesinto accountthe importance of the composer forming

the originalcompositions
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2.5.2 Musical Connections and the Meme

Western European composeaise (on the whole) the creators of pieces of music that are then either
written down in notation or performed, or a mixture obth. Thereisa vast array of compositions in

musig which raises the issue of whether there are aoyinectiondbetween these compositions in

terms ofhelping toshow possible evidence for memes in music. In other words, are composers through

their compositions the means by which memes are selected, replicated and varied?

One of the ways bwhich composers can pass memes betweaoh otheris by borrowing music from
}1SZ & }lu%e}e Ee-[ }B&wdwiIng]dsvadekined by Burkholdeis ‘taking somethrig from an
existing piece of music and using it in a new pi€t@94, p. 863) The use of the wordomethingis
interesting in that Burkholdeiis not specifically stating what is being passed between compositio
However, ke does qualify the definitiofiurther by saying that the borrowing can include many aspects
of a piece from its melody to its structu(Burkholder, 1994, p. 863)Thiscloudsthe search for

borrowed materal becauseonce one moves away from speciiieeas such as melody, it becomes more
difficult to provide conclusive proof @f connection. This difficulty in proving connectiovill also arise
when searching for memes in music. Firstly, because them@ atear definitioras to what constitutes a
meme in musigit is difficult to determine where and what the connections between compositions
should be and, secondly, because the more the composer moves away from just quoting the melody
(i.e. introducesvariation) the more difficult it is to justify a link without other evidence such as
historical evidence. Thgoblemof providing a link between works is noted by both Gimaé&iB9, p.
233)and Tarnawsk#&aczoowska(1998, pp. 7476), who both use it as requirement fomusical

guotation to have taken place.

Metzerbelieves that borrowing is not just abothie melody, lut alsoabout the cultural identity othe
piece being quoted2003, p. 2) He goes on to say that there is a bond betwbeth pieces involvedn

the quotationthat provides a link between the differenmicro-cultures in which the piges were written
(Metzer, 2003, pp.-40). However, Metzer argues that if the listener does not recognise the material,
then the cultural meaning and the link with the past is misg¢Mgtzer, 2003, pp.&). He goes oto

say that 'if the original is not recognized at all, is there a quotatifi@tzer, 2003, p. 12)However, if

the function of the meme is to replicate and dominate the meme ptwn this problem of the liener
not recognsing the quotation in musidoesnot applyas long as the meme is being replicatdd
therefore may not matter to a meme whether a quotation has been maibout the knowledge of

the listener(or indeed, the composer)

The difficultiedn proving a link betweenompositions using the conceptsaiiotation and borrowing

when an exact match is nadentifiableare also present when composers allude to other works and
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styles. According to Knapp, Brahms used a lot of allusions to the fixstXample, irhis Symphony m

1, Brahms alludes tde key of Beethoven's Symphong. ) to create a connection to the past in his
own style(Knapp, 1998, pp.-21). Korsyn also points to Brahms having a preoccapatiith the past
which is shown through his use of earlier forms and ge(t891, p. 53) With allusions it is more
difficult to find specific connections between pieces than with quotations because allusiahsoten
cover a greater number of mixed elements , such as texture, chord progressions, rhythmic,aggices
Having to tracell thesedifferent elementsin musicmakesit difficult to find a hereditaryline of

selection, replication and variationabhwoud help showthe existence o& meme in music.

Another concept thateflectsconnections betweewompositions is the phenomenon of intertextuality.
According tKlein intertextualityconcernghe connectiors that exisbetween all texts in existence.
These connections ardrmed because whereading or composing a text, both the reader and writer
bring previous knowledge of other texts into their understanding of the wattimatelyKleinargues

that all writing is full of references to other writingse it from direct quotations to allusions, which can
be done both consciously and subconsciokhgin, 2005) Kleinsums up this idea by using a quotation
from Bloom(Klein, 2005, p. 1)The meaning of a poem can only be another po¢ibom, 1973, p. 94)
However, as Korsyn points out, gaining the meaning of a text poses different problems from gaining

meaning from a piece of mugit991, p. 43)

Korsyn (amongst othersuch as Butlef2003), Klein(2005) Koutsobing2008)and Plaskete$2005)

tries to map the concept of intertextuality onto music. He argues that there are a great many
similarities betweersomepieces~ep Z ¢« SA v & Zue[ MEZ3BIiyi} %X TI%]V[e
Scherzo op. 3bb. 6568 and Waltz op64 no. 2bb. 1-4), that cannot be explained througiuotations
and allusions alonewing tothe level and detail oihformation about the connectionequired and that

a model is needed to deal widuchconnectiongKorsy, 1991, pp. 46). That modelaccording to
Korsyncan be intertextuality.Korsyn then goeso8} & % Z@E + o}}u[s <u}s §]The }A
meaning of a compositionca }vo C viSZ E X198d}pld]) By using Blom's The Axiety

of Influence Korsyn expandbe concept of intertextuality in musfarther by saying that in the same
waythat poets are struggling with their place in histdie., their relationship to poets paspresent,

and fuure), so are composerd 991, pp. L5).

An argument to support the concept of intertextuality in music could be derived from the concept of
memes. Memesould account for the connections between wor&schas the similarities between
Lutoslawski's and Chopin's first Etudes, and Bach's Prelude in C MajddoWohltemperierte

Klavier identified by Klein as intertextual link&lein argues that the similarities between these pieces

include the position ofhe piece in the sets, the key, and the keyboard figurati@95, pp. 410).
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These similarities showgossiblelink between the three works which were composed at different

times with different cultural ananusical practices. If these similaritiestween the compositionare

taken agnemes then there is a case that selection, replication and variation has taken place, especially
as Klein points to the composers knowing telierworks involved.However the major problem with
intertextuality is that it implies multiple links across a vast canon of musical wiinkseforein order to
search for memes, theultiple linkshypothesised by intertextualitwould need to be identified and

investigated to seattfor evidence for thevolutionary processess well as theeplicatorproperties

2.5.3 Defining a pattern in music

The concepts of quotation, allusion and intertextuality all show that there are possible links between
compositions. However, none of thesencepts helgin determining exactly what a meme is in music
because the challenges involved in identifying the connections between the compositiomstiznmely

complex Therefore a less complex approach is required.

At the start of his book, Jan sugtga definition of a meme in music as

]Je €S "% | §_ }(upe] o ]Jv(}E&u SJ}vU u E § (E}lu v ]PZ
material by various kinds of articulation and consisting of a relatively small
number of uni or multi-parametric elementst a collection of gches in a
distinctive rhythmic garb(Jan, 2007, p. 3)

Here Jan is arguing that memes are patterns in music, however patterns are not necessarily memes, for
they will not all exhibit theevolutionary processesf selectia, replication and variatioand/or the
replicatorproperties of longevity, fecundity and copy#igelity. However, the definition is stating that

§8Z Z% | S[ v <« 38} Z A }uv it@bpe-sepdrated am the surrounding materiaf.a

pattern can be anemein music, then the question of whakactly constitutes pattern in music needs

addressing.

At present, there is no consensus as to what constitutes a pattern in mBséo a simple melody by
itself can create difficulties when detaining a definition for a pattern in music. Rhythmic elements,
phrasing, metreinessentiapassing notes, etc. can all exist in simple melodies, and need to be taken
into account when formulating a definition for a pattern in music. Even after fornmglatidefinition

applicable toa specificmelody, the definition may not be appropriate for other melodies.
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Other issues also need to be addressed when formulating a definition, including structural patterns
(such as form)polyphonic patterns, harmonic patrns, rhythmic patterns, patternsom dynamics
overlapping patternspestedpatterns, etc. There are also more subjective areas to investigate, such as
how patterns are perceived by a listener, and how to determine wpatterns are significant tthe
listeneror to the composer Thissectionwill investigate some of these issues in relation to memes in
music and will provide a working definition that can be used within the boundariggegiresent

research

When looking for patterns, it is necessaoydefinethe boundaries of the pagrn. However, the
boundariesof a pattern in music can be difficult to determine owing to a number of different factors,
for example thdengthof the pattern. Meredith et al. highlight the problems of tlegth of patterns
arguing that a pattern in music can range from a small motif to a Isegigon (Meredith, et al., 2002, p.
322) Another difficulty arises as to whether ornamentation should be treated as part of the pattern.
Additionally, there is also the problem that patterns can exist within larger patterns (for example,
thematic patterns exist within structural patterns), a point raised by Lar{#605, pp. 37880).

Pattems existing within patterns (nested patterns) means that some patterns will begin before other
patterns have finished, therefore it is difficult to determimdichnotes should be included in the

different patterns.

An obviouglueto look at when decidingvhat notes to include i pattern would be phrase markings

but patterns are not necessarily aligned with phrase markiagda phrase may consist of a number of
different patterns. Other secondary parametgssch & metre anddynamics etg.can proveuseful in
distinguishing patterns, but formulating a definition that encompasses all these different variables is a
complex task. There is also the added difficulty that some of these secondary parameters can create
patterns separate from pitches and ithyns; e.g.,a crescendo mark immediately followed by a piano

mark is often used and, as such, could be considered a pattern in itself.

Another element in determining the properties of a pattern is addressing the issue of what makes a
pattern important. Mt compositionswill contain a basic pattern of the first three notes of a major
scale in sequengeither as a continuous group of notes or spread across a larger set of notes.
However, just because this pattern exits in these works does not necegsadly that this sequence is

an important pattern within thendi.e., the issue of prevalencelConklin and Bergeron argue that due

to the large number of patterns that can be found in a work or corpus, the patterns found need to be
ranked in order of theimportance(2008, p. 6Q) Lartillot makes a similar point by saying thelatively
uninteresting patterns are often found but that the selection criteria used for finding patterns needs to

be robust enough to picup and filter all the interesting patterr{f2004, p. 55) However, as Meredith
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et al. point out, deciding what constitutes a significant, important or interesting pattern is difficult
because the attributes ofgiterns and their context can vary according to both patteplacement
within a workand the workitself (2002, p. 322)

There aresomemethods for overcoming the problems of defining a pattern. The mostictise

method is to define a predetermined pattern, i.e., one tkpecifies all the pitches and durations of the
pattern. For example, the definition could be a pattern such as: a quaver G followed by another quaver
G followed by a third quaver G befaaebar line, followed by a minim E flat, i.#ne openingmotif of
Beethoven's Symphonyn5. The major drawback with using predetermined patterns is that all
patternsthat do not match the predetermined patternill be ignored. The advantage of foaugion a
predetermined pattern is that the problems of patterns within patterns, ornamentation difficultied,
problems withthe significance of the pattern for the wodan bereducedbecause the prdetermined

patterns carinclude or excludsuchelementswithin the music

Clifford et al opt for this restrictive approach by using a set of predetermined patterns to test four
different patternrmatching algorithms using lead sheet music. The use of both the lead sheet music
(which consists of a melody lingth chord symbols) and predetermined patterns allowed Cliffetdl.

to simplify the process of effectively testing the diffet@attern matching algorithms becaugieey

were only interested in the melod2005, pp. 314317). Howeverin their conclusioms, Clifford & al.

point to the need for fast algorithm@hensearching largeatasets even wherusing predetermined
patterns(2005, p. 317) Cope also opts fdhe restrictive approach by predetermining thirty phrases for
pattern matchingin order to helpgarnerevidence for allusion within musicThis, Cope argues, is on the
basis that using a larger number of phrases than thirty would have impacted heatilg tme taken

for the computer to process the informatiq?2003, p. 19) As Clifford et ahnd Cope demonstrate, the
use ofarestrictive definition allows for speedier processingraisicinformation. Howeverthe use of
predetermined patterns is inappropriate ftlie present research projeéor two main reasons. Firstly,

it is not known what constitutes a meme and therefaeneratinga predetermined pattern that fits a
definition of a meme is not possibl&econdly, predetermined patterns will lead to other possible

memes being ignored.

It is also possible to define a pattern as any two or more notes without any other restricting diiteria
unrestrictive),such as distance apart both tonally and rhyihally, starting points, secondary
parameters, etcFor example, in a piece with ten notes, one pattern from the piece can consist of the
first and eighth notesThe main advantage to this method is that all patterns will be included.
However, this methd has a major drawback in that it will be velgmandingonthe }u %o us E [

processing power due to the large number of possible patterns that can be found. For example

56



theme with just ten notes in it will have 1013 possiphiternsunder the unrestritive criteria®
Additionally, although this method can address the problemestedand overlappingatterns, it does
not address the issues of whether to include ornamentation, or how to determine which patterns are

important.

Having tried the restrictie approach first, Cope then opts for the more inclusemirestrictive

approach by using the programuse Muse searches using every possible combinatiocookecutive
notesto provide statistichanalysis of the patterns within compositio(#09, p. 297) Hauset al.also
opt for the more inclusive definition of a pattern by starting with any two consecutive notes and then
adding a singladjacentnote each time until no more matches are fou(@004, p. 1048) In other

words, the definitiorof a pattern used in both these cases is: any two or more consecutive notes.

However, this definition is not completely unrestricted that it only refers to consecutive tes.

The idea of using an unrestricted definition of a pattern in music is appealing when relating patterns to
memes. There are a couple of important reasons for this. Firstly, using an unrestricted definition
meansthat all patterns can be identified fanvestigation as potential memedf all possible patterns
arefound, then statistical analysis can be used to determihetiwer any show evidence for the
evolutionary processesf selection, replication and variation, and theplicator properties of bngevity,
fecundity and copyindidelity. Secondly, using an unrestricted definition removes the problems of
specifyingnested and overlapping patternecauseall patterns will be found regardless of their

context. However, the disadvantage is thawitl take a large amount of processing time and produce a
large numberof results. Therefore pattern definition needs to be found that will produce manageable

and meaningful results.

Another factor to consider is that A ] v afgues that the shorter # genetic unit, the less likelihood
of the unit being broken up and, as a consequetize more likelyit isto survive in its original form
(1989, p. 29) However Dennett argues that a threaote melody is toolsort. He citeghe example of
the three-nucleotideamino acid arginine that propagates profusely but does not have enough of an
ihdividual[effectto be considered as gene. Using this example, he then argues that three notes

cannot have enough impatd make a melodyDennett, 1993, p. 344)

The basis for restricting the number of notes within a patteonld be linked with how the brain
handlesauditory information as alluded to by Jg2007, p. 202) Miller argues that the brain processes

information in groups of 'seven, plus or minus two eve(it856, p. 81) Thereforethe definition of a

% The figure of 1013 isavked outby using? to the power 10minus 1 minus 10 (i.e.t54F s F sr; Thisis
becausesach note can either be included or not inclugbdt then the pattern without any notes does not
warrant inclusion, nor d¢hose patterns with just one note.
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pattern could be: five to nine consecutive neteHowever, Jafunlike Dennettargues that a meme can
consist of just three note@007, pp. 6661). If the lower limitis extended} Jv }E%}E S : v][e
minimum lengththen the upper limit should also be ®xndedby the same amounb maintain

*Cuu SEC E}uv D]oo E[« .vEWEdefinkionwduld then&hange to three to eleven
consecutive notes. This means that seven notes remains the middle of the range, and leads to the
interesting questn as to whether there are more patterns clustered around seven notesahamd

the extremes, possiblyooifirming Miller's hypothesis.

There are still problems with this definition. For example, it doesaddtresshe problens associated

with ornamentdion or secondary parameters. Neither does it give any indication of structural patterns
(such as formpr more abstract patterngsuch as style)However, omitting these elements at this stage
offers a more manageable initial research programme. Thoeeghe working definition of a pattern in

this dissertationwill be:

Any three to elevertonsecutivemonophonicnotes, excludingsymbolicornamentation® and

secondary parameters.

2.5.4 Definition of a Meme in Music

Section2.4 abovegavea workingdefinition of a memeasa unit of cultural information thaevolvesby
means ohatural selection(i.e., selection, replication and variatipand whichexhibits the replicator
properties of longevity, fecundity and copyifidelity. Underlying this definition is the assumption that
the meme/gene analogig legitimate i.e, that the evolutiorary processes for genes are the saase
thosefor memes, and that the gene replicator properties are the sasfer the meme. In order to

map thisdefinition onto musictwo further assumptions are required

Thefirst assumption ighat music ispart of culture. Althouglthis might seem obviousa consensus on
what defines culture is lackings shown in Sectioh.4 above Without an accurate definitioof
culture, it cannot be shown that musaccords with thedefinition. However, any definition of culture

that does notinclude music is surely deficient.

The second assumptiaa that a pattern in music can be considered Zuv]s }( HOSUE o0 JVv(}CEuU
As shown in the previowectionU : v }ve] &< u u 8§} Z }oo SJ}v }( %]8 Z ¢ ]

EZC3SZul(2007dp. B) This definitiorencompasssthe working deinition of a patternin musicas

% E.g., excluding trills, mordents, acciaccaturas, etc., but inclugipgggiaturas.
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any three to elevemonophoniaconsecutivenotes excludingsymbolicornamentation and secondary
parameters. Althoughthe workingdefinition of a pattern will not include all the patterns that Jan is
referring to, it doegepresenta tractable definition of gattern. As such, this working definitiof a

pattern seems reasonahle

If alltheseassumptions are accepted, then it is possible to combine the defindf a meme with the
definition of a pattern to provide aorkingdefinition for a meme in music fahe present research

Therefore thisstudywill considera meme in music as:

Any three to elevemrmonophonicconsecutive notesexcludingsymbolic
ornamentation and secondary parameterthat evolvesby means ohatural
selection {.e., seledion, replication and variation) and which exhibits the

replicator properties of longevity, fecundity and copyiriglelity.

2.6 Summary

The definition of a meme alighted upon in Chaptavas expanded to itlude theevolutionary
processes and replicat@roperties that a meme needs to exhibit, changing the definitiorAtanit of
cultural information thatevolvesby means ohatural selection(i.e., selection, replication and variati@n

andwhichexhibitsthe replicator properties of longevity, fecundity and copyfiaglity.

Unfortunately this definition is stitleficientwhen considering memes in relation to music. If music is a

% ES }( MOSHE U SZ v 8Z % E} o u }( AZ Bv]e]v iuvw]3 }( 403 EEg\VR K
vie (Jv]8]}v }( u u Jv upe] A e pe . e]e 8§} EPHn SZ 8§ % 85 C

JV(}EuU SIAVY J( % 33 Eve }( v}3 * } v}3 VvV Ju% ¢+ 00 %}ee] 0 Zuv]se }

From thisstandpoint, a working definition of a meme fibre present researckvasdeveloped Any

three to elevermonophoniaconsecutivanotes,excludingsymbolicornamentation and secondary

parametersthat evolvesby means ohatural selection (i.e., selection plecation and variation), and

which exhibits the replicator properties of longevity, fecundity and cogidetjty.

Butdoesthe phenomenon of& 1} | @venty-five things[introduced at the start oChapter 1 qualify

as ameme? Theideashowsselection in that eventually twentfive became the dominant number of
facts. The idea was also replicated by being passed between different friends, and was varied in that
the number of facts waalteredwhen replicated. Thus it fitstmthe three-process model for evolution

of selection, replicatiomndvariation. The idea also displays elements of fecunititthat it did spread
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around the community, and copying fideliip that the majority of the instructions remained
unchanged.Unfortunately, longevity is a bit of a problem in that once the idea had peaked, it rapidly
declined in use However, the idea was around long enough for it to spread anduch, it can be

argued thatit did exhibit enough longevity to make it a meme.

Therefore, i Faceboolkhas been able to produce a potential meme, can music?
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Part Il Methodology

3 Chapter 3: Music Analysis using Computers

3.1 Introduction

According to Cope, the history of using computers to aid music analysis and compomitioTencedn
the 1950swvhen work begaron trying to encode music in a format that computers cquidcess2009,
pp. 2836). This led to the development of tiMUSIC-V system for encodingcores into a digital
format. Thereafter there were a number of contribigns tothe field. These included thBigital
Alternative of Music Scores developky BauefMengdberg,Gould and LogemannsLMA Kassler's
Intermediary Musical Languagand Robison'Busical Information Reieval (Cope, 2009, p. 26)More

recently, developments have includdtiDI, Kernand MusicXML

Copealso points to amumber of different programs and techniques for manipulating the encoded music
datathat have beerdevdoped (2009, pp. 2836). Youngbloodisedcomputers to analyse music
investigating Markov Chains Echubert, Schumann and Mendelssohn in the late 1950s. (geds
computers tocount intervaldn small individuapiecesand Laske looked at syntactical structures in the
1970s. Alphonce used computers to determpieh-classsets and Blobaclin the 1980aused statistical
analysis on Baathoralesto determine whether the harmonwas more dominant than the

counterpoint. Ebcioglu created theHORA&ystem in 1992 which also analysed Bewbralesby using

a form of predicate calculus to try and determine any underlying fundamental rules in their
composition. More recently, Huron developed tHamdrum Toolkias a nulti-purpose musianalysis
system, Pople created an adah for MicrosoftExceto undertakeharmonic analysis, Temperley and
Sleator developed th#lelisma Music Analyzeo derive properties from music such as key ametre,
Mazzola and Zahorka developBdibatoto analyse music using a predetermined weighting system with
a scientific basis, and Taube developed bhgsic Theory Workbendo undertakeharmonic analysis of

Bachchorales

A number ofthese systems werereated to analyse specific subsets gi@goire such as Badathorales
(Blobach, Ebcioglu arthube). Others focesl on particular properties of music such as harmonic
analysis (Pople, Taube) gitch-classsets (Alphonce). Only Huronfdumdrum Toolkitfrom the systems
mentioned abovewas developed without a specific repertoire or mual@roperty as the sole

motivation of the system. However, other systems also exist that were not developed for specific
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repertoires such as/ExPATSantana, et al., 1998nd Melodic Match (Wheatland, n.d.) But areany of

these systems of any use fthre present research

This chapter argues that four facteisased orJitdenbogerd and Zobgle ] , need addresisig in
order to use computerto seachfor patterns in musi€2004, p. 1054)a definition of a pattern, a
definition of similarity between patterns, a suitable electronic encoding system, and a suitable
computer program. Because the first factor lai®ady been addressed @hapter 2with a working
definition of a meme in music, only the remaining three require further investigation. Of the three,
defining similaritypetween patternds the most problematiowingto the complex nature of
determiningsimilarity. Someof the issues surroundinifpe similarity of patternsare discussed before
alighting ona definition basedipon up to severproperties of a patternthe number of notesthe
overall shapef the pitches and/or durationghe pitchand/or duration centre, and the distance
between the highest and lowest pitch aral/longest and shortesturation. Finally, theemainingtwo
factors are discussedrguingthat MusicXMLis an appropriate encoding system due to both the
availabilityof encodedscores ilMusicXMLland its integration with programs such Sibeliusand a
Relational Database such &] & }+ SQLUServavould be appropriate due to its dafaandling and

manipulation capabilities.

3.2 Requirements for Computer -Aided Music Analysis

Uitdenbogerd and Zobel identify six factors that nesttiressingvhen using computers to query
patterns inaudio musidiles (2004, p. 1054) Firstly, music igften polyphonic which makes separating
the different grands in audio files difficult. Secondly, musioften in differenttonalitiesand the

tonality of the music has to be taken into account when querying the file. Thirdly, there can be non
melodic notes thasometimesneed to be ignored when matchingperns. Fourthly, a way to
determine which line contains the melodic material needs to be found. Fifthly, if using a suntpvoice
create the searched for patterthen the accuracy of the singing needs to be taken into account.
Finally, audio files arnot a series afiotes(they are a set of audio frequencieam)d consequentlya way

needs to be found to convert the file to a seriecofmparablepitches and durations

Although Uitdenbogerd and Zobel state that the first facta monsequence of ugjraudio filesowing
to the difficulties in separatig outthe frequencies in taifferent instrumental linegi.e., assigning the
note frequencies to the appropriate instrumentshere is a similar problem wharsingscores. Itis
possibk to have morehian one voice to a stave in music notatitimerefore a means of separating out

the different voices istill required. The next three factors that Uitdenbogerd and Zobel highlight are
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also relevant taising electronically encoded music notation. Musies a number different keys and

if patterns are to be found between pieces with different keys, or within piecesawthmber of

different key centres, then a means of addresdwogv to deal with different keys required How to
handle nonmelodic rotes also needs to be addressed, including deciding how important they are and
when toignore them if necessary. Uitdenbogerd and Zobel highlight the importance of extracting the
melodic material in audio files and this has a direct comparison with eleictlly encoded music
notation, in that there needs to be a method for determining which notesraedodic The final two

factors that Uitdenbogerd and Zobel highlight are specific to audio files and toatwaimethodology.

ConsequentlylUJitdenbogerd ad Zobel's first four factors highlight some important aspects of using
computers to analyse musighether using audioor scorebased systemsMusic can be viewed as a
series of interconnected patterns and finding and comparing these patterns is atnpfeseamental

to using computers to analyse music. However, Uitdenbogerd and Zobels' first four factors point to
difficulties with finding patterns, comparing patternsydaprioritising patterns. These fotactorsare
significant fordealing withtwo problems The first ishow to define whatconstitutesa pattern in musi¢
which relates to all four factorsThe definition of a pattern in music will help to determine the form
that a pattern will take, where extraneous notes fit in, and which pattenessgnificant. The second
problem ishow to definewhentwo patterns are similagrwhich relates to the second, third, and fourth
factors An accurate definitiofis important to ensure that only patterns that should be considered the

same or variants afach other are recognised as such.

There are two other factors that need addressimgen using computers to analyse musigirstly
which encoding system should beed? AlthoughUitdenbogerd and Zobel usedh audio-based
encodingsystemthat fitted in with their research methodologf2004) there are also scorbased
systemssuch akern as well as somencoding systemthat can be used to produdsoth scores and
audio, such aMusicXML Secondlywhich technologiesind techniques shouldebused toundertake
the analysi8 This secondactorencompasses a large number of computer programs, operating
systems and databases that calhhave an impact on the performance and complexity of the

algorithms used to analysedhmusic.

Therefore in order for computers to aid ithe process of analysing patterilrsmusic, four factors need
to be considered. These are: defining the properties of patterns, defining similarity between patterns,
sourcing or creating a suitable etamnic encoding system for music, and sourcing or creating suitable

computer programs
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Section2.5.3 abovagives a working definition of a pattern in music floe present researckhat can be
used to address the first of theur factors regarding defining a patteri®f the remaining three factors,
the most problematic is how to create a suitable algorithm that will be able to create a link between

possible variant patterns in music.

3.3 Defining Variant Patterns in Music

If a meme is a pattern in musiandif memes exhibit thesvolutionary processe®f selection, replication
and variation, therevidence for the latteneedsto be found. Selection and replicaticanbe
investigatedby finding exact matches of patterns acrogme (see Sectio.2.1 belowy. However
variation cannot bénvestigatedusingthis method Variation between patterns can only be determined
by looking at whether there is arigrm of relationship(i.e., similarity of pitchesand rhythm) between
patternsacross different time periodsThereforebefore variation can be found, a judgement on what

constitutesa relationshipbetween patternseeds to be determined.

Lartillot's comment that 'a pattern discovery algorithm basedesact identity ofpattern instance will

not be able to recognize transformed pattert§g8004, p. 54)s relevant in this regardHeis pointing out

that although certairpatterns can be matched exactlyere areothersthat can only be related,

through altered notes or through otheperationssuch as inversion. Additionally, both Meredig¢h al.

(2002, p. 322and Lartillot(2005, p. 383)ndd to the problems of matching patterns by pointing to the
difficulties of dealing with ornamentation arsiibsidiary noteswhich can obscure theverall structure

of the pattern and Polansky1996, pp. 291292)points to secondary parametersuch as dynamics and
articulation having an impact on what constitutes similarfgvenif patterns have exactly the same

notes and durations) Therefore there are a number of different problems in tgytn definethe

relationship betweerpatterns in music Additionally, the problem of defininghe relationshipbetween

patterns is not just a matter of dealing with differences in the notes and secondary parameters. As
Polansky points out, there is aldwe problem of the listener's perception, with different listeners
havingalternativeideas on what constitutes i@lationship Polansky goes onto to say that 'the

perception that melody A is closer to melody B than it is to melody C implicitly assumestiualy is

similarity defined, but also degree of similari(¥996, p. 294) Another factor involved in determining

similarity between patterns is that different measurafssimilarityfor different genres ad styles will

produce varying results. Rizo§ 0 X e« P Pnoe SindilZrity nZeasure performs the best for all tasks,
genres,ormusicformafs v P} }v 8} 8 & §Z 8§ 728} A 0}% Vv (( 3]A upe] o
anything but straightforwarck dZ @& ]+ v} ¢Ju]jo E]SC u *pE 3Z § A}EI* A oo v
(2011, p. 313)
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A common solutionvhen using computer® determinewhether patterns are related in musis to
implementweighting systems This is done by giving values to various differences between patterns. A
simple example of this is if there aredvpatterns, A and B, where om®te differs by a semitone
betweenthe two patterns then the differencédetween the patternsgs given a wigihting for pattern
similarity of 1. If there were a second ndt®t is three semitonedifferent between pattern A and

pattern B, then this second difference is given a weighting for pattern similarity of 3, making the
weighting for the differences betgen the two patterns equal to 4. Coga hisSorceremprogram

introduces a weighting system as a way to eliminate pattern matches that do not correspond metrically
(i.e, making sure thastrong/weak matches are eliminat@(®003, p. 24) Another example c

weighting system is found in the work of Rollantho introduces an algorithm calldeExPafFlexible
Extraction of Patterns) that uses a weighting system to determinedfaionshipof patterns based on
differences in length where a certain number of notes are the sé89, pp. 334850). In general, he
weighting system approach relies on specifying a suitable metric that takes into account all possible
significant variations in patterns as well as being able to recognise that the context in which the change
appears can affect theignificance of the variationAdditionally, there is stidl decision to be made as

to what valueof the measure usedhould two @tterns no longer be consideredlated

However, there are problems in using a weighting system for the present researelireddy stated,
Rizo, et alcommented thatis difficult to find a measure that sits comfortably across different styles of
music. Additionally, the concept behind the weighting system is to provide a measure of similarity
between patterns rather than an absolute categorisation of whether two patterns are similar.
Determining a cubff point to provide an absolute categorisation fesch of the different musicological

periods used in this research would require additional work beyond the scope of this research.

Another wayto investigatehow pattems are relateds to employthe concept oheural networks.

There are proponents afsing neural networks in music analysach as Rabufial and Dorado. They

believe that neural networks can go further than just supplying data by arguing that neural networks

can remove human input within some aspects of music anabtsih as style recogion (2008, p. 243)

An example where neural networks have been used in music reseamtirigp8ulos et al who used

VUE o v SA}EIe 8§} o]vl «JulJo E p ]} (Jo « 8}P 8Z E 3} %o GBlghis ZE
suitable alternative listening materig2008) However, rural networks, according to Cope, require

complex algorithms and a great deal of training d@&@04, pp. 12.3).

There arealsoa number ofspecificproblems with using neural networks for the present research.
Firstly,the majority of work on usingeural networkshas been orcategorising elementss v E ZA oo

enl]d [ (JE v pE (daykis, A99E, Ip. 791)For example, a neural network should be able to
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S | *]JvPOo u o} C v S Bu]v §Z fouexamgld magnoraisdar). However, the
present research requires the comparison of two patterns to determinethér there are any similar
elements between the patternsather than a simple categorisatiorsecondly, in order for the neural
network to be effedive, a predetermined definition of similarity would need creating in order to
generate a viable set ofdiming data. The end result would then be subject to the accuracy of the
definition and training dataThirdly, different neural networks may have to be employed to match
across different musicological periods. For example, the definition of simitetityeen two patterns is
likely to be different between early and late period classical composers than late romantic and early
twentieth century composers due to the differing nature of the periods and the stylistic constraints of
the time. Fourthly, as st$ C }* v >] VPU Zv u@® o v SA}EI oP}E]3Zus v u
inherently suited for implementation on gener&o L E %0} } UIRI6Sp BEAY) In particular Bose
and Liang note that neural networks are pewlarly suited for implementing in parallel programming
environments, an dvance topic in computer sciencé&inally there is a wideangeof neural network
technigues and algorithm@&.g., RadiaBasis Functions, Support Vector Machines, Committee
Machines, Principal Components Analysis,-8gltfanising Maps, Informatienheoretic Models,
Stochastic Machines, Neurodynamic Programming, Temporal Processingaleas.yvhich would need

to be researched for thesuitabilityin determining similarity beteenpatterns in music Therefore, an

investigation of neural networks is beyond the scope of the present research.

An alternative solution would be to use the Earih} A E [+ ] ndetsic(EMD)(a variant of the

(V)3

Levenshtein distance measurehccordingo XiagetalU D ] Z ]¢S v u upE&E 0 MO

on the solution of the transportation problem, and the minimum cost necessary to transform one
]*SE&] usS]}v §} (B@1, s Z84®) Theidea is tofind the optimalsolutionrequired to move

objects between two locationgn pattern matching terms, what are the minimum numberabianges

required to convert one pattern into another pattePnThe appeal behind thimpproachis obviousin

that it provides a quantifiable link between patterns. Howevarthis context it is ultimately another

form of weighting systenin that the distance between two patterns is determined by giving a

numerical equivalent to the relationship basedthe differences baween the patterns For the simple

weighting example above, exactly the same calculation can be applied for the EMD value. An example

of an EMD applicatioim musicis providel by Janwho has usedhe EMDapproachto match different

patterns in rms oftheir memetic evolutior(Jan, 2013) Therefore, the same problems highlighted in

using a weighting system for this research also apply to the EMD approach.

Additionally, other academics have used a variety of different siryilareasures on music. Rizo, et al.

attempted to compare a number of different approaches to similarity measures (geometric similarity,
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bar-specific, quantized poirpattern similarity tree similarity, igram similarity, graph similarity) using
examples bpolyphonic musi¢2011, pp. 314816) Their conclusion was that the different measures

should be combined, but that further work on a larger corpus of material is req(@@&HL, p. 322)

The diverse nature of the disciplinesrsaunding the concept of similarity betwegratterns in music

(from motivic to structuralandfrom cognitive to analyticaloncern$ mearsthat this thesis cannot do

full justice to the subject. Nds it feasible to utilise one of theomplex similarity algoriths based
variouslyon weighting systems, neural networks, tme distance etc., to accurately encapsulate all
possible variantdecausehe present researcks not looking for specific pi@rn matches within a

particular style or context, but for a more generalised system that will match across different styles and
contexts Additionally, researching and analysing the various different similarity measures is complex
and timeconsuming asshown by Rizo, et a2011)andtherefore beyond the scope of the present
research.Consequentlythe present researchvill use amusicologicaapproach by implementing a
definition for similarity between patternbased m some of thfundamentalproperties of musical

patterns

Thisstudyhas provided a working definition of a pattern in musiee Sectio2.5.3 that excludes the
majority of ornamentation and all of the secondary parameté&aving just the pitches and their
duration. Thereforalefining similapatternswill be done using theeremaining elements, e.gpjtch
andduration. This choice leads tosimilarpattern algorithmwhichcalculates a value fahe number
of notes in the p#ern, the overall shape of thpitches andor durations the distance between the
highest and lowest pitchethe ratio between the longest and shortest duratiotise average pitclof
the set of pitch classes withthe patterndetermined by the pitch bondaries and the average length
of the notes within the pattern(seeSectiond.6.7 below. Only patterns that have an exact match alh
of the calculated valuestated are considered as similarherefore, interms of the current research,

similarity between patterns is defined as:
patterns that have an exact match on their calculated property values.

A number of otheralculationsvere used in early trials of the algorithrsuch as the distance of
semitones letween the first and last note of the patterrHowever, thesadditional propertiesnade
the system too complex to produce meaningfaltain a reasonable time frameAlthoughthe final
algorithmproduces matches thaimightnot be consideredrariants and ignores some potential
variants the algorithm does produca good number of matches where the two patterns are clearly
similar(seeSection6.3.2. Thus, it is an effective first draft of an algorithm for identifying possible

memes in musithat can be expanded on withdditionalresearch

67



3.4 Music Encoding Systems

The next factor that needs addressingvisichencoding format should be usedin orderfor computers
to analyse musiit needs to be in a format that the computer cprocess This has led to a number of
different encoding formats for music being developed. Cope lists a numif@meatswhich include
MUSIC-V developed in the 1950s and 19604USTRAMNeveloped by Jerome Wenker in 196#gital
Alternative of Music &res (DARMSJeveloped by Stefan Baudtengelberg in 1963ALMAdeveloped
in the 1960's by Murray Gould and George Logemann, anthteemediary Music Langauge (IML)
developed by Michael Kass]@mgain in the 19602009, p. 26) There are alsa number of data
interchange formats fosharingmusicdata between computeprograms and some electronic musical

instruments such asvIDland MusicXML

}% [+ 0]S PEncaoding solutionsvhichhave been developed for epific purposes and as such are
difficult to use in other contexts. Selfridggeldarguesthat 'every system makes sacrifices somewhere
to optimize clarity of its preferred featurefl997, p. 5) Copenotesthat the problem of individualised
encoding systems has resulted in there being no common protocol for the encoding of(20G9¢ p.

26). Melucci and Orio also argue that the main encoding systems used, sxddya Kernand MIDI,
contain differentpieces of musicahformation and none is a complete record of the muygieo4, p.
1059) Howevertheseencoding systems are dewgled for specific areas of music and compgtiend
consequentlythey reflect different aspects of music. Rolland recognises this aiiiimy that it is
essential to choose an appropriate encoding systetiherwise the results will be impairdd 999, p.
336). Whenselectingan appropriate encoding system fibhre present researctthere were two main
issues to resolve Firstly, does the encoding format hold the information requii@dpattern matching
in an accessible wagnd secondlyare there enoughmusic datdilesusing that encoding format to

conduct the experiments with?

SelfridgeField argues thatin terms of information encodedhere are three groups of encoding
formats: soundbased, notatiorbased and analysisased(1997, p. 28) However, here are problems
with this categorisation It does na include audiebased formatsfor the soundbased encoding
formats do not store actual sounganly a coded equivalent of the sounds; auhlysisbasedis for
analysing scores (i,dsnotation-based)andrecordings (i.e.isaudio-based) which therefore can be
grouped with the soundandor notation-based encoding formats depending on the type of analysis.
Therefore, this section will split encoding formaito two main groups: an audibased approach
designed to encode music performance, and a notatiased approach designed to replicate the

workings ofmusicnotation.
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Most audiebased encoding formats are designed purely for the reproduction of audialsig-or

example PulseCode Modulation (PCM) is used to store audio recordings that can be read by compact
disc players. Generally the audio signal is converted by sampling the analogue signal using an-analogue
to-digital converter (ADC) that is thenamaged by a codec (a program for compressing and

decompressing data). These codeaaemploy a variety of techniques to compress the file sseeh
asdynamic rangeompressionwith some codecs being lgs§.e.,during the compression stage, some
information is removed that cannot be retrieved recalculatedl When a givertodec has been

employed in creating the file, the same codec needs to be used for reading th&Hike thereforehas

an impact on the type of software needed to read the 8ee WondWong, 2009, pp. 16911; 180

181)and Burg2009, pp. 26265).

The major disadvantage with using audbased encoding formats for the analysfsnwsic is that the
information is sample@nd quantised from the analogue signal, effectivalyringa sinusoidalwave
based on the frequency and amplitude of the changes in voltage time(Burg, 2009, pp.-20).

Sampling means thabnly information at certain points in timis used for example a sampling rate of
10Hz means that a sate is taken ten times a seconQuantistion is where the amplitude is rounded
to a figure that can be held in storage accordiadhe restrictions of thesample bit sizeHolding the
informationin this waycreates two main problems for analysing patterns in music. Firstly, in order to
look for note patterns a system for separating out the different frequenaresinstrumentdsrequired
because at any one moment in the file the stofeeuendesmay represent a number of different

notes andnstruments If the frequencies are not separated out into their separadeesand

instruments pattern matching can only take place aetglobalfrequency level, meaning that the
matching will not distinguish individual notes aimdtruments Burg argues that 'it is nearly impossible
to separate the frequencies of multiple instruments played simultaneo(@009, p. 233)whilst

d u% E&o C Edervimgdichsinibrmation from actual sound ... is highly comf{2@01, p. 11)
Nevertheless, there are commercial programs available that can coaudit files into a scorbased
(JEuU 38U ou Z < BAyd@EscH@lifate. HoweverFigure2.1 «Z}Ae §Z 3 ES }(s SZ}A v
Sring Quartet . 127, ' movement, which clearly demonstrates the problem of matching notes to
instruments by showing notes existing for the piano, cello, guitar, bass and vidieesecond problem

is that theaudiosignal does not givaccuratedetails of some secondary parameters such as metre
textures, dynamicsgtc., nor is it able to distinguismalytical nuances such as enharmonically

equivalent notes.
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Neverthelessthe audicbased approach has a distiraxivantage over the scofigased approach in that

it includes details of a performance that a score cannot include, such as the exact amount of rubato
used or the precise grading between different dynamidewever it must be remembered that some
codecs 8e compression algorithms that remove certain pieces of information, such as inaudible
frequencies, in order to reduce file sizes. For example, MP3 removes the top and bottom frequencies
that the human ear cannot distinguish. Additionally, due to samplingall the audio signal is

digitized, so care has to be taken to ensure that the same sampling rate is used across all files for
comparison, otherwise there is the risk bathlosing valuable information and comparing files that

contain different leved of information.

Audio files are often used for research into musioimation retrieval. For exampleKostek has
examinedhow to retrieve melodiphrasesrom audio files using techniques such as neural netwirrks
order to create classification systerf2004, p. 1108) However little research has been done on
matching melodic patternwithin audioencodingswhich could be due to the difficulty of trying to

accurately separate out the different frequencies befonelodic pattern matching can take place.

The second maitype of encoding systemstisosebased on notation. Selfridgféield describs a

number of different notatioAbased encoding formats, developed over the years, designed to reproduce
the equivalen of typeset music scoresThese includdMuTeXand its derivativesSCORE, LIME Tilia,
Nightingale Notelist, et{1997, pp. 3132). Because of the emphasis on the graphical,(ivbere the

notes are placed on thpage) rather than notationaispectdi.e., what the note represents) of music

scores, these encoding formats are not suitable for pattern matching analysis at the note level.
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Therefore, this section will concentrate on thré&@manticjnotation-based @ecoding formatsKern
SMDLand MusicXML

To beginKernis an encoding format developed by the Center for Computer Assisted Research in the
Humanities as a format for the electronic distribution of music scores and is extensively used by the
Humdrum Toolk for music analysi€Huron, 2002) An overview of th&ernformat is given by Hurgn

who describeKernas a basic representation of western musical notation that concentrates on pitch,
duration and instrumentation. Hurothenexpands on this description by listing six areas of notation
that Kernencodes: pitch, duration, articulation and ornamentation, timb@ther [(i.e., performance
indicators etc.), and editorial markingd.997, p. 377) All theseelements are giveASCIl (American
Standard Code for Information Interchange) text equivalgntsich makethem readable by humans as

well as computers.

The advantage of usiri{ernfor pattern matching irthe present studys that t holds all the details

required, i.e, pitch and duration. Additionally, there are a large numbeKefnscores available online
(Center for Computer Assisted Research in the Humanities, rechpving some of the need tmnvert

and import printed scoreBito a suitable encoding formatJsing scores that have been created and
uploaded by others means relying on the originators to ensure the quality and accuracy of the encoding.

However, by using largaumbersof scores, lte impact of errors is reduced.

Another encoding system iké Standard Music Description Language (SMBigh is the music
specificversion of the Standard Generalized Markup Language (SGkIfjdgeField, 1997, p. 36)
SGML is, according to Prigmore, 'used to define different document models for different purposes'
(2008, p. 15) Ultimately, SGMLis designed to hold the actual data (i.e., the notes and durations, etc.),
together withthe structure of thedata (i.e., how the different notes relate to each othex)thout any
regard for anyisual representation. Sloan lists four different domains that are used by SMDL to
organise the musical information. Firstly, therehie tantus whichholdsinformationthat is relevant to
both the score and the performancee, $Z }u%.}e E[e v U Vv S§Z }LuSedonty]ihve S]So0
visualdomain tolds information about notation, i.ewhich pitches follow one anotherThirdly the
gesturaldomain contains information about the actual sounds,, tlge frequency of a pitchand finally
the analyticdomain holds extra information and commentaries regarding any analysis of the pigce

the detailsof the structure of the piece(Sloan, 1997, pp. 474071)

Like Kern, SMDL is not held in binary but in text formfadditionally SMDL pitch can be specified as
either a note name or a specific frequen&loan,1997, p. 472) However, SMDL does not offer any

advantages over Kern in terms of pattern matchinthipresent researchecause they both hold all
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the information requiredi.e, pitches and durations The main difference is that there are a greater
number of Kern scores easily available. There is also the problem adri@exity of SMDL, with
Stewartsaying that 'its approach is so abstract, unwieldy, and even obscure ... that a commercial

implementation has yet to emerge after 15 years of avaligh(2003, p. 6Q)

Finally Extensible Markup Language (XML) is a simplified version of SGML and, according to Stewart, is
ideal for representing music because it alldesflexibility in the way thedlocumentis structured (2003,

p. 60) Inthe same way that SMDL is a version of SGML, MusicXML is a version of XML. Music XML was
developed by Recordare, whased it on the MuseData arkern formas, extending these to go

beyond just western classical music. Unlike SMDL, a number of music applications have been developed
that integrate with MusicXMlincluding the two main graphical notation software applicatiddibelius
andFinale(Recordare2008)

Like KernMusicXML is not held in binary format, but uses ASCII text, making the files easier for humans
to read(Recordare, 2008)However, the document structures can become extremely involved and
complexowing tothe large number of possible elements and attributes that can belong to an individual
note, negating some of the benefit of being readable by humans. Again, MusicXML holds no advantage
over either Kern or SMDL in terms of pattern matchinth@presentresearchbecause all three hold
detailsof pitch and rhythm BecausevusicXML and Kern are related, it is relatively easy to convert
between the two formats, which meanhat MusicXML and Kern are comparable regarding the number

of scores available. Hower, MusicXML can hold more information about music than Kern, which

could potentially slow down the performance of a compubecausaghe MusicXML documents are

correspondinglyarger in size.

When referring to music encoding formats, reference also needle made to the widespread use of

the Musical Instrument Digital Interface (MIDI) format. MIDI was developed as a common interface to
allow communication between digital instruments and computddslike audio fileswhichstore
informationabout changs in voltage from analogue signal4lDI stores information about the actual
notes. This information includes details of the pitch, netagth, instrument, loudnes®tc. (Wong,

2009, p. 117) However MIDI does not bid all the performance information that can be present in

audio formats, leaving out information on performance nuances such as tone colour, etc.

There are disadvantages to using MIDI for matching pattertigipresent researchecause of the way
it encodes music. A given pitch has the same code regardless of any enharmonic equivalents, and

duration is determined byote onandnote offevents. The formermeans that the subtlety of keyand
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moreover, the tonal nuances and implicatiomsmissing fronthe files, and thdatter mustbe

translated into rhythmsefore analysing duratical similarity.

Asnoted above thisstudyrequires both an encoding system that holds all the necessary information,
as well as a large sample of files that can be dsemnduct the experimentsin order to use audio
formats, workwould need to take place to separate out the information required. Although there are
programs to facilitate this (e.gSibeliusAudioscore Ultimate), these programs are ncampletely
accurae and require a certaimmount of user input to tidy the data. Notational formats such as Kern
and MusicXML hold the information required in a relatively straightforward file compared to audio
formats,soeither of the these formats can be used. Additady, both Kern and MusicXML have the
advantage over audio formats in that less user input is required to convert printed scores into
notational formats. However, Kern has a slight advantage over MusicXML due to the large eatabas
Kern scores availahlalthough the majority of Kern scores are also available in Musickidlvever,
there are othemwebsitesthat holda small number oddditionalMusicXML scores such as Project
Gutenberg(Project Gutenberg, n.d.)Additionally, loth Finaleand Sibeliugan convert MusicXML
documents intanusicnotation. Therefore, either Kern or MusicXML would be appropriatelier

present research

3.5 Computer -Aided Music Analysis Technologies

The final factor that needaddressing when searchiffigr patterns in musicising computers ig/hich
technology to uséwhich is partly dictated by encoding formatshhere are a number of different
computer programs that have been developed to help aid music analysis that range from specific
applicationssuch as Tonalities developed by Pof@@02)that analyse harmonic structures antbnal
centres in music, to generalised analytical tools such as thedrdumToolkit developed biduron
(1997). The present researatequires a technology that is able to copeiwliarge dataset, whichcan
search for patterns using only a general concept of agpat andwhichcan produce statistical
informationon the patterns found.Currently, there aréwo mainsystemshat do suchgeneralised
pattern searchingndthat might be appropriate fothe present researchMelodic Match andhe

Humdrum Toolkit.

Melodic Match was developed at the Warsity of Melbournewith the first official release in 2007
(Wheatland, n.d.) Its purpose is to allow for the search of patterns in music notation and lyrics using a
graphical interfacéased orMusicXML documentsndit is principally aimed at music researchers and

analysts. The vianus different searches can either produce statistical information or praeidation
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informationfor the patterns. The programhas a number of different search features tiatilitate
searchingor both melodic and rhythmic patterns with a number offéient predetermined
transformations, with or without criteria such as articulation. There is also the facility to search for a
number of different patterns at the same time. The results are set out either as statistical information

or as a coloured gphical representation of the score.

The advantages to this system are that it can search for dbdolute pitchandrelative intervallic

values and can search through multiple files as part of a single search. There are, however, a number
of limitationsin respect tathe presentresearch. Firstly, it can only match on exact patteres it has

no facility to include 'wild cardsand is therefore unable to match similarity betweeariantpatterns
beyondthe settransformations. Secondly, it can grdeal with absolute values for rhythrrise., it will

regard four crotchets in 4/4 time as being different from four quavers in 4/8 time. Thirdly, it deals with
MusicXML documents as separate filesarching through a large number of files simultanepistery

time-consuming and processamtensive

TheHumdrumToolkitwas like Melodic Matchdesigned as an aid for musicologists to help analyse
music The package consists of twomponents Firstly, there is a predefined syntax using ASCII text
that all encodings must follow. This specifies how the encodings should treat different properties of the
music and its metadatéHuron, 1994, p. 8) A number of different translators have been written to

convert different emoding formats such asIil into a suitable format farseby Humdrum Toolkit

(Huron, 2002, p. 11)Secondly, there is the Humdrum Tooltself whichhas over seventgeparate
commands for the manipulation of data. Heecommands aremallprograms that perform a single
operation to manipulate datavhich can be welded together to create more complex manipulations
(Huron, 2002, p. 14)

The main advantage tfie Humdum Toolkitover Melaic Matchis thatbecausehere is anarray of
different commandsvailable, there is thability to fusecommands togethemwhichmakesit a very
powerful tool for music analysis. However, this complexity does come at angtistHuron admitting

that learning the commands can be like learning a computer programming language. Huron also
believes that 'programmers will readily understand that the comdiariented structure is Humdrum

d } } o | JEipeipal strength, because it allows complex scriptstobé® v v u Jsv }v [
favorite programming languagé002, p. 21) Some researchers have tried to reduce the complexity of
the commands by creating Graphical User Interfasash as KornstadtdRingand Taylo's Humgui
(Huron, 2002, p. 25)Howeverneither ofthese systems offaran interface for all of the commands

available under the Humdrum Toolkit.
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Usingthe Humdrum Toolkito tacklethe presentresearchprojectwould have theoretically been
possible but it would have created a number of problems. Firdtlis projectis not what the
Humdrum Toolkit was created foAlthough t wasdesignedo allowboth general and specific
applicatiors,with questions relatingtome] epu Z <« ZtZ] Z }( Sug C@Acertos/contain the
BAG, u}S]A M[ }& Z/v §Z upe] }( *8$E AlvelCU E Jee}v v e« u}@E
positionsthan in weak metric positiongfHuron, 1998, p. 1)t wasnot specifically designed for mass
data analysis on the scale thie present researchSecondlythe Kern documents are alemi
structuredtext-based documents without any indeximgaking them difficult to querand
computationallyinefficient. Thirdy, a number of documents used fitre present researchvere either
in pdf format or were scanned frompinted score which would have created difficulties franslating
them into the Kern format (this would have involved converting them into MusicXMltheem

converting MusicXML into the Kern format).

As withusing theHumdrum Toolkitit would have theoretically been possibledonductthe present
research using the MusXML documents directlyThere are a number of tools that allow the querying
of XML documents such as XQuery or XPadith of which were designed to quy collections of XML
data(Prigmore, 2008, pp. 12627) However, XML is reallydatainterchange format (i.eit allows the
porting of data fom one program to another program without afiyrther intervening conversions to
the data or its structure)ratherthan a fully functional datananipulation system XML alsdias the
same problem as Kern documerits that all the documents are textasal making them

computationally inefficient to query.

An alternative solutiono using Melodic Match, thelumdrumToolkit, or directly querying MusicXML
documentsjs to use a technology that was designed for mass data storage and manipulation,
regardless ofvhether the technology was specifically designed for music dakee present research
must searchthroughlarge amounts of data to find pttrns in thepitchesand rhythmsof music scores
that areencodedusingletters and numbers Therefore, povidingthe technology used can search for
patterns inletters andnumberswithin large datasets and produce suitable statistics, thafoes not

need to bespecificallyrelated to music.

Relational Databasesean obviougechnology tochoose becausahey canhold large amounts of data
which can then be queried and manipulated using Structured Query Language (SQL). According to
Prigmore, aelationaldatabase is 'a persistent, s@léscribing, structured collection of related items of
data' (2008, p. 1Q) The important concepts in Prigmore's definition are that the databaselfis
describingbecausehis means thatt holds details of thetsucture of the informationit is structured

meaning that all the information istored in a consistent and organised wag., every piece of data
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has its own place within the structure of the database, and it hoétisted items of datameaning that

all the pieces of information have some connection.

The advantages fdhe presentresearchin using relational database®ncernthe speed of information
retrieval, the use of a standard datpiery language, and the concept of dataining. Relational

databases have the advantage oviee HumdrumToolkitwith speed of searchingecausehey can
implement indexing. Indexing data is much like indexing a book, and when implemented effectively can
make searching for the required information quickiean nonindexed datgPrigmore, 2008, p. 510)
Queryinginformation in relational databases is also less complex thémeiHlumdrumToolkitbecause
databasesise an internationally recognised language for querying data, the Structured Query Language
(SQL)initially developedat IBM in the 1970s by Donald Chierlin and Raymond Boyce, which was
adopted by the International Organisation for Standards (ISO). SQL can e usaaipulate both the

data and the metalata within the database. This languatgs beerimplemented across a number of
different Databasélanagement Systems (DBMBcludingOracleand SQLServewith Elmasri and

Navathe arguing that it is one of the reasons for the success of the relational database(gt@¥elp.

233) Finally, relational databaselso have the advantage of bgiable to implement datanining
techniqueseasily which, @cording toHmasri and Navathegre powerful took for andysing large

datasets that lookor pattems and relationship&007,p. 25)

The disadvantage with the relationahthbase model fothe present researcks that the music is not in

a suitable format. lis possible to transfer the pglind scanned scores into a tabufarmat straight

away, however this would havevalved writing a program for the Optical Character Recognition (OCR)
of music that couldhen transfer the data directly to eefational catabasebecauseoneis notcurrently
available. Of the preexisting encoding systemspth Kern andviusicXML documestcanbe translated

into tabular form for the relational dtabase modelHere, MusicXML has the advantage over Kern in
that algorithms already exist for importing XML documents into rela@idatabases. Additionally,
programs gist for theOCRof pdfs and scanned documentiat import the datainto MusicXMLunlike

for Kern Using these translation toalsgether with existing MusicXML documemtgars only one
program wouldbe requiredfor the transfer of the data into the relationaladabase. Therefoe, due to

the ease of importing MusicXML documents into a relational database, as well as there being programs
alreadyavailableto read andtranslate pdfs and scanned scores into MusicXtkieMusicXMLlwas used

for the present research
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3.6 The Four Factors

The requirements for a system to analyse patterns in moasbeenformulated usingactors put

forward byUitdenbogerd and Zob€P004) Ultimately, four factors have been identified as being
necessary fothe presentresearch:defining the properties of patterns, defining similarity between
patterns, sourcing or creating a suitable electronic encoding system for music, and sourcing or creating

suitablecomputer programs

A working definition of a pattern has beanrivedatin Sectior2.5.3 abovewhich provides a suitable
definition that can bdranslated into codehat a computer camprocess Additionally, a definition of
similarity has beefformulatedin Sectior3.3 abovebasedon selected properties of patterns that can

also be translated intcode MusicXML was chosen as a suitable encoding system due to it providing alll
the information requirel, having a number of sources already encoded, being readily inesbiato

music editing software such &sbeliugas discussed in Secti@), and being easily integrated with a
relational database Finally, a relatical database modewas chosen to implement theearch

algorithmsdue to itsdata-handling abilities, its use &Ql.and its ability to implement dataining

techniques.

Consequently, the definitiafor a patternin musicandfor pattern similarity inthe present research
will be implemented using dataining techniques on MusidX. documents that have been uploaded

into a relational database.

3.7 Summary

At the beginning of this chapter, it was shown that a variety of encoding systems for music and systems
for analysing music have been developed. The majority of these encodinguesici analysis systems

are for specific tasks (such as analysing Bach Chorales), but there are some systems that are more
generalised in their concept, suchlésrn, MusicXMLlthe Humdrum Toolkit, and Melodic Match

However, the question was whether thesgstems were suitable for the present research.

It was argued that for the present research four factors, basetitsienbogerd and Zobgle <] &£ ( S} E-
for using computers to match patterf2004, p. 1054)wererequired. Firstly, a definition of a pattern

that could be implemented usingpmputers was required. Bection2.5.3 a working definition of a

pattern in music was provided for the present research, which can be translatednrafgorithm for a
computer to process. Secondly, a definition of similarity between two patterns was required. A
definition of similarity is extremely complex, in that it covers a number of diverse approaches, from

cognitive to analytic, and from moiivto structural, etc. There are a number of different approaches to

77



implementing searches for similar patterns, such as weighting systems, neural networks, and earth
U}A E[e 3 v o P} & ] 3 Z uinYestigafioAm@@ethefiation and testing ahese

algorithms for the task required is complex and thiecensuming, and consequently beyond the scope of
this research. Therefore, an alternative approach to matching patterns by comparing their length, their
overall shape, their pitch/duration centreand the distance between the highest and lowest or longest

and shortest notes was devised (see Sec8@above).

The next factor was determining a suitable encoding system. A number of encoding systems were
discussed, from audi to notation-based systems. However, the requirement for the present research
was that the encoding system should be easily able to handle pattern matching, which ruled out audio
based systems due to the problems in decoding the frequerazidsnstrumentation; and should have a
large number of existing encodings already available, which ruled out SMDL. The remaining two
notation-based encoding systems (Kern and MusicXML) can both handle pattern matching in terms of
the present research, as well as hayia selection of documents already encoded. Ultimately, the
decision to use MusicXML was based on the fact that it is aidegechange format, meaning that
programs such aBhotoscoreand Sibeliusare able to handle it, that there are a number of corsjiions
already encoded in MusicXML, and that there are already algorithms for uploading the documents into

a relational database.

The final factor that required addressing was which computer analysis system to use. The two obvious
choices of the Humdruroolkit and Melodic Match were discounted. Melodic Match was discounted
due to its inability to handle the definition of a pattern developed here, and the Humdrum Toolkit due

to the complex nature of the system and the amount of processing power it waud required to

mine the data. An alternative solution of using a relational database model was proposed. The
advantages of the relational database model are that it can handle large amounts of data, it has an 1ISO
standard querying language, and dueitsindexing capabilities it is less processor intensive than

Melodic Match and the Humdrum Toolkit.
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4 Chapter 4: Using Knowledge Discovery in Databases

4.1 Introduction
Dataminingis just one phasef the processof Knowledge Discovery in Dataes(KDD) Elmasri and
Navathedescribe a total of six phases for KDD: Data Selection (deciding which data to use for the
process), Data Cleansing (removing any data that is incorrect or colgigEnrichment (adding
information that is not in the original datthat will help with the understanding of the data), Data
Transformation (using encoding to reduce the amount of data), Data M({pnogessing and analysing
the data) and Data Reportinfetrieving the resultsj2007, pp. 94@47) There ishoweverno
consensus for thaumber of phases fdKDD. For example, Maimon and Rokach have nine phases for
KDD: Understanding the domaimleding and creating the datasety@-processing and cleansing the
data, transforming the data, selection of data mining technique, selection of an appropriate algorithm,
running the algorithm, evaluating the results, and putting into practice the knowledge discovered
(2005) Howeverboth setsof phases can be reduced to three overall stages: data preparation, data
mining, and data evaluationThe present researahill implementthese three stages overallsing

ou *@E] v E A 8Z [¢ *]&E % Z + v¥foltbided intepresenthgeanchbecausehey
all have an impact on, and are integral to the succesthefdata mning process at the centre @b

methodology.

This dapter gives an overview of hoDDworks and how it is applied in this study. Each stage of the

KDD process giscussed, together with its implementatiom tierms of the present research.

Additionally, a section on how the system was tested is included. This explains how the code was tested
to ensure the results were accurate by manually testing small samptistaf Also, a pseud@ndom

sample of data was created to test the methodology, togethih three predeterminedpatterns. The

results from the pseudoandom and seeded pseudandom testing show thaanyinterference

resulting from the methodology isegligible.

4.2 Data Selection

According tod u % E ousicWofafion provides a representation which is convenient for study and
can also easily be converted into a fornsaitable for computer analys[€001, pp2-3). Unfortunately
this statementdoes not really do justice to the difficulties involved in converting scores into an
electronic format Programs are availalie assist in the conversion (e,§hotoscoreand SharpEyg

however they are not totallaccurate and requirgarying amounts of intervention in the conversion
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processdependingonissues such as the quality of the scan and the complexity of the mlsic.
minimisethe use of conversion softwarthe repertoire chosen fothe present researckvas largely

determined by the availability of scores already in electronic format.

There areéboth musical and technical issues to consider when selecting the repertoire. Fastly
already noted)the availability of scores in electronic format needd®investigatedn orderto
minimise the use of conversion softwar&econdly, the repertoire needs to extend across different
time periods in order tdest whetherpatterns exhibit the evolutioary processess well as the
replicatorproperties. Testingwhethertheseprocessesnd properties exist can only be achieved by
looking at the progress of patterns ovan extendedperiod of time. Thirdly, the repertoire should
consist ofonlyone genre. This is important because instrumemtd genrediave ther own
idiosyncrasiege.g., the pitch range of the instruments involved, etiagt composers take into account
therebypossiblymediatingthe interchan@ of patterns between compositiongGenres also have their
own individual styles and structures basen historical origins andevelopment Consequentlyeach

genre could havés own set of genrespecific memes.

There is a large selection of scores in MusicXvhdt on the Kern Score websig€enter for Computer
Assisted Re=arch in the Humanities, n.d.)JThe website lists fiftpne composers with a total of 108,703
filesbetween themin an electronic format. Howevghe range of scores available is varialhte
example there are many encodings Bfach chorales but oplseven symphonies (all by Haydn). Many
of the scores are in multiple formatsicluding Kern and MusicXML. Other websites contain MusicXML
documaents, such as Project Griberg(n.d.), but suchwebsites have narrow range brepertoire in

this format. Scores ipdf format are also available ahe Project Gutenberg sitend onother sites

sud as the Petrucci Music Libraiyternational Music Score Library Project, n.ahich contains an
extensive range of repertoireBecausaone of these sitemdividuallywill provide enough suitable
repertoire in MusicXML format for meaningful resybdl will be drawn ontogetherwith some
conversions fronpdf format and some scanned scores to filpgan the repertoire that is not available

electronically.

Becausehe KernScorewebsite contains the most scores, thike helped determinghe choice of
repertoire. The sit@rovidesa number of different genresncluding string quartets and pianorsatas.
Becauseéhe chosen genre needed encompass differentime-periods, string quartetsvere selected

to providea representative exampjeomposers from the classical period to the present day have
written in this genre. Stnig quartets also have #advantage of having mostly a single melodic line per
instrument making the pattern generation less complex. However, the numbsiriolg quartetscores

available in Kern format was limited to a few compoggust five) and there are no comprehensive
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collections. Therefore, an additional soursach as the Petrucci Music Libramas requiredupon
which the necessary conversion process could take place in order to provide a representative sample of
the genre across different time periods. Additidly, somescores were scanned to supplement the

range of repertoire used.

Thispart of theresearchbegan byselectingMusicXML scoreavailable from the KerBcorewebsite

Thesecovered5 composersainda total of 289 movements from 81 compositio(geeTable4.1).

Composer Number of Compositions Number of Movements
Haydn 40 139

Mozart 23 73
Beethoven 16 71

Schubert 1 4

Brahms 1 2

Table4.1: Number of compositions and movementownloaded from the KerrScorewebsite

Therewere more documentghan those listed abovavailable on the KerS8corewebsite but there
were problems with the format of some tliese For example, théle for , C v Btring Quarteop.

20 na 6, 1 movement, had the first violin part split across two staves (f@mpled.1, where XPart 3
and XPart doth representthe 1* violin, XPar0 is for the celloXPart 1 is for the viola, and @2 is for

the 2" violin pari.
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the KernScorewebsite

Some of the MusicXML files downloaded from the K&corewebsite needed tde amended in order

for Sibeliugo be able to read them (as part of the data cleansing phdmzauseSibeliusvas unable to
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recognise thedmlautsin the documents. For example, most of the Mozart scores usddhalautin
Z, &S o[ QOREe secibn (lines of code that provide metadataj the documentvhichstates the

original published score from which the encoding was made, i.e.
<l-- INFO key="YOR" value="Breitkopf & Hartel Editior¥

This was easily rectified by removing theléeys[from the affecteddocumentsbecausehey are for

information only and are not essential for the reading of the documents.

Time was also a limiting factor in how many of the available documents on theSkKeravebsite were
used. Although the documents frometKernScorewebsite were already in the MusicXML format, a
certain amount of preparation and checking of the documents was still requBedausdime was
limited, it was decided to restrict the number of documents used from the KSswrewebsite in oder

to concentrate on getting a greater spreadaimposerdrom other sources.

A small number of additional MusicXML documents wame/nloaded from the Project Gehberg

website. These covered just 2 composevth a total of 5 movements from 2 worksegsTable4.2).

Composer Number of Compositions Number of Movements
Brahms 1 1
Schumann 1 4

Table4.2: Number of compositions and movements downloaded from the Project Gutenberg website

Another source of documents was the Petrucci Music Library. Documents downloadetthisom

websitewere in pdf format anatovered 15 composers with a total of 117 movements from 54 works

(seeTable4.3).

Composer Number of Composibins Number of Movements
Haydn 19 24
Mozart 12 13
Beethoven 1 1
Schubert 3 12
Mendelssohn 3 12
Schumann 2 8
Smetana 1 2
Borodin 2 8
Brahms 3 9
Tchaikovsky 2 8
Grieg 1 4
Debussy 1 1
Sibelius 1 5
Ravel 1 4
Bartok 2 6

Table4.3: Number of compositions and movements dowsadded from the Petrucci Music Librasyebsite
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Becausehe documents from the Petrucci Music Library were all in pdf format, they needed to be
converted into MusicXML. This conversivas done usindge p & S @&hptgscordJitimate software.
The conversion accuracy from the pdf document iRtiotoscorevas rather disappointingn part
because of the pooguality of the pdf documerg and resulted in a large amount nfanual correctin

being requiredseeFigure4.1).

Page EIDH O e gix | BH S | Pp Transpose 1;;.1 Rescore : :

Allegro di molto.

& == 2 ==
P o — . e — T
....... ¥ S

Figure4.1: Photoscoreendering of Haydn String Quartet op. 20 no.14 movement bb. 19

Another problem with usinghotoscoravas that there wee errors in the conversiofiom pdf via
Photoscoralirectlyto MusicXML, specifically in some octavagements and icorect accidentals (see
Figured.2). As a resultPhotoscorecould not be reliediponto make the conversion to MsicXML.
Fortunately Sibeliusan readthe Photoscoreroprietary fileswhich could then be checkednd by
pe]vP Z }@olepliigin, can therconvert the filesnto MusicXML. No issues concerning the
conversiorof pdfs viaPhotoscorghen viaSikeliusbefore translatiorto MusicXMlvia Doletwere

encountered.
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Figure4.2: Incorrect D# in bars 338 and 339 duridgect conversion fromPhotoscoreo MusicXML: Bartok String Quartet
no. 1 2“ movemert bb. 337346

Unfortunately using the Petrucci Music Library still only provided docunfents limited number of
compositions Therefore, dditional worksin printed-score formwere scanned intéhotoscorewhich
were then converted bibeliusia theDoletplugin into MusicXML. This process covered 6 composers

with a total of 31 movements from 9 works (s€able4.4).
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Composer Number of Compositions Number of Movements
Debussy 1 3
Dvorak 2 8
Janacek 1 4
Prokofiev 1 3
Shosakovich 3 11
Smetana 1 2

Table4.4: Number of compositions and movemengtanned intoPhotoscore

The same problems th&hotoscorénad with pdf documents were alsmcountered withthe scanned
printed documents. The quality of the conversion irfehotoscoravas sometimes poor andhotoscore
would againnot correctly convert to MusicXML. As a resattditionalmanualinterventionwas
required withinPhotoscoretogether with usingsibeliusand Doletto convert the documents to

MusicXML.

In total, documents were either downloaded or scanned for 19 composers with a total of 442
movements from 11tompositiongseeTable4.5). The earliest composition used was writterLift62
and the laswaswritten in 1970, allowing for a wide timgame for theevolutionary processesf
selection, replication and variation to ach completelist of thecompositionausedand their sourcess

givenin Appendix 1- WorkingDefinitions

This selection ofvorks and movements by no means comprehensive representation of the genre as
a whole. A number of composers who wrote string quartets are missing, such as Boccherini, Britten
SchoenbergSpdir and VillaLobos all ofwhose scores are not easily available electronically. Itis also
rather biased towards composers such as Haydn, Mozart and Beethelierhave a large selection of
their output on the KerrScorewebsite Additionally, only Beethoven and Mozarteshad all of their
string quartets transferred to the database used for the present researbh.selection of composers
and works usedvas partly due to the availability of the material, partly due to the problems of using
Photoscoreand partlydueto the time-consuming nature of scanning and converting scores into
MusicXML and the resultant time pressures on the reseattbwever, the sampldoes cover sange

of composers across ade time-span that willprovide meaningful and interestingsultsthat can then

be exploredwithin the remit ofthe present research
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Composer Number of Compositions Number of Movements
Haydn 40 163
Mozart 23 86
Beethoven 17 72
Schubert 4 16
Mendelssohn 3 12
Schumann 3 12
Smetana 1 4
Borodin 2 8
Brahms 3 12
Tchaikovsky 2 8
Dvorak 2 8
Grieg 1 4
Janacek 1 4
Debussy 1 4
Sibelius 1 5
Ravel 1 4
Bartok 2 6
Prokofiev 1 3
Shostakovich 3 11

Table4.5: Total rumber of compositions and movementssed for the dataset

4.3 Data Cleansing

The next phasef KDD is dataleansingwhich involves ensuring that all the data used is accurate. In
this case, all the electronic documents needed to be chet&etsure that both the encoding had
been done correctly, and that the forat of the documents was correcthis was achieved by checking
that the MusicXML documents could be read3ikeliusand then by checking the resultaBibelius

score against a printeeldition.

In the previous sectionn data lection, it wasnoted that Photoscorecaused problems in its reading of
pdf documents and its conversion into MusicXML. Unfortunately these were not the only problems
encountered whilst usinthis software. There weralsosome areas wher#é was unable to ape with

certain aspets ofthe music.

Photoscoravas unable to readreencode tremolanarkingssuch as in Braha{String Quartebp. 51

no. 1, 1* movement bb. 1-6 in the viola and cello par{seeFigure4.3). Tocorrect thiswould either
have involed alteringthe notesto the correct valuenanuallywithout the tremolomarkingin
Photoscorethen opening thé?hotoscoralocument inSibeliusand adding in the tremolmarking or
expandingout the tremolomarkings that had specifichythmicvalues. Thi would have been extremely
time-consumingbecauseconstant reference back to the scorgould be required to ensure that all the

tremolos were correctly encoded. It was therefore decided to remove the tremaldkingandleave
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them as single notes with ¢happropriaterhythmicvalues (se&xampled.2). For the sake of
consistency, tremolonarkings were also removed fromll documents that were not generatday
means ofPhotoscore This will have an impact on the pattern generatin the number of repeated

samenote patternsidentified by the system will bé&ewer as a result of not including the tremolos.
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Figure4.3: Photoscoraeading ofthe tremolo in Brahms String Quartet op. 5d0. 1 £ movement bb. 16
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Example4.2: Interpretation of the tremolo in Brahms String Quartet op. 51 no. I thhovement bb. 16
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Difficulties also arose over how to handle repeats in music using e scoresoftware. Photoscore
has the ability to put in repeat marks but not first or secdinge indicators(e.g, BeethovenString
Quartetop. 135 2™ movement b. 67) orDa Capaepeats(e.g, at the end of the trio section of the
minuetandtrio movem v§ (& }u , Sring Quartebp. 42) W Z} 5} J@biljty to handle certain
types of repeats called into question whether the pattern generation system shoulde¢akatsinto
account. Repats tend to be structural andecausestructural memes aréeyond the remit othe
present researclhey do not need to be included. However, some compssaite out repeat®or Da
Caposf they want to make subtle changéass in§Z + }v u}A u v$ }( StihpRuaftet
op. 135 where théa Capas written out), in which case repeats should be includddherefore, some

of the scores will have the repeats marked whereas others will have the repeats written out.

Repetition is important for the propagation of memes so not including repeats could havepantion
showing possible memes. However, repeats are not always observed in performance and sometimes
propagation takes place througierformancerather thanscores Unfortunately the overriding factor

for the present researckvas,as withthe tremolos,the time-consuming nature afestoringthe repeats

that Photoscorecould not handleand therefore repeats weralsoleft out. Forthe sake of cosistency
repeat markingsvere removed fronthosedocuments not generated throughhotoscore It is

recognged thatthis stillleavesthe problem of some composers writing out the repeats, which have

been left unaltered. Although thisnot ideal, itwas necessary to keep the research focused.

Ornamentation was also a problem fBhotoscore Symbolic ornamets such as trills, mordents etc.
were not easily picked uipy Photoscorewith many beingnterpretedasplain text. The program also
had difficulty in associating the ornaments with the correct notith some being linked to the
incorrect stave. Graaeotes also caused problems in that they would be read as normal nbies
creating an incorrect number of beats in a bar. Acciaccaturas svpegticular problemin that
Photoscorevould interpret the slash as part of the stethus altering the lendt of the note. However,
the definition of a meme in music for the purposegtod present researcignores alsymbolic
ornamentation(seeSection2.5.3 above As such, most of the ornamentation was either ignored
where it dd not affect the notes (such as trill marking®) removed where it did affect the notes (such

as acciaccaturas).

The next problem encountered in usiRfpotoscoravas how the software handled tied notes and slurs.
Sometimes it would confuse tied notesdaslurs e.g, two identical consecutivaotes with a tie over
them in the original would be encoded as tigentical consecutivaotes with a slur rather than a tie
(seeFigured.4). This was a problem ftine present researchecatseit was important to distinguish

whether a note was sounded more than once when generating the possible patterns. Unfortunately

88



the Photoscorenterface does not make it clear whether it has encoded the marking as a slur or a tie
which meant checkingach marking that covered twidentical consecutivaotes todetermineif it was

encoded as a tie and amending where appropriate.
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Figure4.4: Photoscoreenderingof ties/slurs in bars 28 and 29 of the delpart in Brahms String Quartet op. 51 no. 12
movement bb. 2731

UsingPhotoscordo convert pdfsor scanned scores into MusicXML 8ieliusand Doletalso raised
issuesconcerninghe quality of the editions of the music in pdf. Althoule present researchis

concentrating orpitchesand rhythms and ignoring secondary parameters, there were still the

occasional problems eountered fromeditorial errors ineditions from which the pdf and scanned

scores were taken. These covered incorrect nundfdreats in the bar (e.gHaydn[s "SE]vP op.u ES §
64 na 2, 1 movement b. 20, where theviolin 2part has too many quaver rests), to missing clefs (e.g.
Mozart[+ ~3$ E ]v P KYG75&¥meévement b. 8, where thecello partis missing the returrio bass

clef after beginning the movemeim the treble clef). Where these mistakes weletected they were

corrected via thePhotoscoresoftware.

It was not juskeditorial errorsthat were detected.A number of encoding errors were found in the
documents downloaded from the KerScorewebsite. 8me ofthese errorsnvere a result of mistakes in
the conversion from theoriginalKerndocumentto the MusicXMldocument,and otherswere incorrect

in the originalKern documenand therefore also ithe MusicXLdocument

Examples where there were errors in the MusicXML documents but not iarihmalKern document
included problems with accidentals (e.Beethoven[+ ~ & @& ]v P op.[13C18 nfovement b. 56,

where theviolin 2part has aB naturalthat should be a B doubldat), problems with key signatures
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(e.g, Beethoven[+ ~ 3§ E ]v P op.[13CEIS nsovement b. 72,where thekey signature should have six
flats and not five as in the MusicXML document), instruments in the wrong orderHeygdn[ ¢ ring
Quartetop. 54 na 3, 1* movement were the instruments are in the reverse order with the cello part at
the top), problems with tuplets (e.gBrahms[ ~& E]v P op;51@EE 153 movement,b. 40, where

the triplets are not encoded leaving an inoect number of beats in the bg@nd notesmissing (e.g.
Mozart[+ ~ & E ]v P KYI70E%meévement bb. 5-6, where theviolin 1 parthas all the notesnissing).

Examples where the errors appeared in both the MusicXML and Kern documents inclueg missi
accidentals (e.gBeethoven[« ~ 3 E ]v P op.[18@0S1, 3% movement b. 70, where theviolin 2 part
has arEthat should be an E flat), incorrect notes (¢Beethoven[« ~ 3 E ]v P op. 18@&51, 3™
movement b. 257,where theviola parthastwo B flatsthat should be &), missing appoggiaturas (e.g.
Haydn[+ 73 E ]v P 0op.64@034,3> movement bb. 1920, where theviolin 1 parthas appoggiaturas
missing from the C sharps), key signatures missing from triosNmgart[+ ~*$E]v P KYI71E&'E $§
movemen), andincorrectenharmonic equivalents (e.dBeethoven+ 3§ E ] v P op. 18@0s2, 4"

movement b. 343, where thecello parthas arE sharghat should be an F natural).

~

Some of these errors wetle result ofthe editions used avingerrors(e.g, Mozart[s *"SE]JVPKyu ES §
173 3 movement b. 8,where thecello parthas aCthat should be a B flab tie in with both the

harmony of the bar anlecauset is part of a parallel octave passage with the viola paHowever,

mostthat were investigated weréhe result ofeither being incorrectly encoded in the Kesriginal

with the error therefore carried over to the MusicXMilocument or being incorrectlyconvertedto

MusicXML.

Having found some issues with usiPlgotoscoreand pre-existing encodings, all of the encodings were
examinedwithin Sibeliusaand, if necessarye-encoded via théoletplugin to ensure consistency of the
MusicXML encoding and to correct any errors that were identified. Although a number of errors were

discovered during this process, it is not certain that all errors have been rectified.

Accuracy will always be a problem when encoding music electronicathe same way that it is a
problem during the editing and creation of paper scores. Even whesdbres are checked by
specialist editors and proataders, there will always be occasional mistakes espegaidign there are
time-constraints. Théatter was a significant factor in searching for errors within the encodinggein

present research
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4.4 Database Design

A diversion from the KDD proceassiow necessarypefore a description of the next stage (data
enrichment)becausat is important to understand the structure of the relational database behind the
KDD process together with how the informat has beemmported from the MusicXML documents into

the relational database.

Relational dtabases are controlled by Database Management Systems (DBMS) that are usually
proprietary. There are a number of different DBMSs availaiith IBM, Oracle anticrosoft all
producing their own, together with a number of opaource products such as MySQL. There are no
overriding factors that need to be considered when choosing a DBMBdqresent researchbecause
the database is not businessitical, nor will it be compiled for distribution Therefore, the research
uses D] &} BQUServa&?008 R2 Express Editibecausehis is available as a free downlgdths
plenty of support from both Microsoft and a communibf users, and | haverowledge othis

technologyhaving used ito builda number of business administration systems.

The concept behind the relationahthbase is that the data is split into a number of different tables that
are linked together byKeys[ These &ys are unique identifiers #t create different relationships
between the tables. This means that when one table is investigated, it is easy to see the data in all the

other related tables linked by the key

The present researdhses tables that can be grouped intwo distinct types. Firstlythere are the main
tables that hold the data extracted from the MusicXML documents. Secdahdhg arethe tablesfor

the data transformation andlata miningprocesses.There is neverthelessan additionaltable
(tbIFilePath) that is usedolely by the conversion program to ensure that the same file is not ctat/er

more than once

4.4.1 Main Tables

The present researdhses a central table callébINote that holds details of all the pitches atikir
durationsfrom the source repertoireevely note ineverypiece has a single row of data associated with
it in this table(seeFigure4.5). The columns used in this table can be divided into four types: firstly the
key that links the table to the other tables, secontlipseholdingdetails about the position of the
notes within the scores, thirdihose holdingdetails about the notes themselves, afalirthly those

that will be filled by calculated values part of the KDD processes
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PiecelD Movement PartlD Bar  MNoteOrder Pitch Octave Durgtion Tie Voice MNewPat Chord RelValue AbsValue  TimeValue

1 28 1 P4 B9T 1 G2 153 N1 0 2 50 S0G 1
2 490547 28 4 P4 EST 1 D 3 153 N1 3 NULL  NULL  NULL

3 430543 28 1 P4 BST 1 B2 153 N1 3 NULL  NULL  NULL

4 490584 28 4 P4 897 2 R 2 153 N1 0 1 RO DOR 1

5 430547 28 4 P4 700 1 G 2 7880 E 1 0 1 50 S0G 5

6 430548 28 1 P4 700 2 R 2 153 N1 0 1 RO DOR 02

7 430545 29 1 Pl 1 B1 2 384 N1 0 1 15 UtB1 025

B 430550 29 1 Pl 1 B1 2 768 N1 1 1 B-1 S0B-1 1

5 430851 29 1 Pl 102 D 4 384 N1 0 1 U4 LoD 0.5

10 430552 29 1 Pl 103 D 4 768 N1 1 50 50D 2
Figure4.5: A sample of the data frontbINote that consists}( SZ o0 «§ v}S ¢ }( §Z o oStrivtg @Hartetgp. ] P[e

v 8Z (]JE+8 v}3 « }( §Z A]}o]StingRuaEetod.(1 noCLlv e
Thee are two columns of the first tygp the NotelD, whichgives each note a uniqgueimerical
identifier; andthe PiecelD, whichlinkstbINote to tbIPiece through a numeric value. The second type
of columngathers together those columns that descrithe position of the notewithin the scoreand
includes theMovement column whichholds the number of the movement the note belongsttoe
PartID column whichrefers to which instrument the note belongs to (P1 for Violin 1, P2 for Violin 2, P3
for Viola, and P4 for Celtdhe Bar column whichrelates to the bar amber the note is found irthe
NoteOrder column whichgives the ordein whichthe note appeaswithin a bar and theVoice
column whichgives a numerical indication for which voice the note belongs to when there is more than
one voce in a part The third type of column indicates the details of the note and includeRitich
coumn AZ] Z }vs Jve 8Z %]53 Z vu ~3}P 3Z EZA|FE . TeCHAE +Z E % V
column whichgives the octave of the pit¢hhe Duration coumn, which gives a numeric value for how
long the pitch lastsandthe Tiecolumn AZ] Z Jv' ] & « ]( 8Z Vv}§ ] % ES Mtie, 5] ~A]S
Z [ (}& sz Plvv]vP faof thesgndhof astig ZTHefourth type of column includes athe
calculated valueghe NewPart column which states whether the note is the beginning of a new
instrument, movement or piecgthe Chord column whichindicates if the note is a part of a chottie
AbsValue column whichindicates whether the note hagone up or dowrirom, or remained the same
as the previous note together with its pitctine RelValue column whichindicates the relative interval
from the previous noteand theTimeValue column whichindicates the relative value of the duration

compaked to the previous note (seEable4.6).

ThePiecelD in tbINote connects tablPiece, whichhas details regarding the pieagwhich this
particular note occurgncluding the piece title, year @hcomposer. It includes linkeohd cdculated
columns together with details of the pieces. The columns arePibeelD, whichlinks totbINote; the
ComposerlD, whichlinks totblComposer; the PieceTitle, whichgives the relevant catalogue number
of the work the PieceYear, whichgives a yeafor the work (thissdiscussed iisectiord.5 below; and

the PeriodID, whichis a calalated column depending on thieieceYear column (se€lable4.7)
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Column Type Column Name Column Values Examplevalue

Link NotelD Unique identifier 465623

PiecelD Number linked to 28 (indicating link to
tblPiece unique PiecelD 28in
identifier tblPiece)

Note Position Movement Number of the 1 (indicating the first

movement movement)

PartiD P1, P2, P3 or P4 P2 (indcating Violin 2)

Bar Bar number 62 (indicating bar 62)

NoteOrder Number indicating 1 (indicating the first
position within the bar | note in the bar)

Voice Number 1 (indicating that it is

in the top voice)

Note Detall Pitch Pitch of the note F+1 (indicating an F

including number of sharp)
sharps(+) or flats)

Octave Number 5 (indicating the 8

octave

Duration Number 1536(providing a

comparable figure
against other duration
values)

Tie N orBor E N (indicating there is

no tie)

Calculated Vale NewPart lor0O 0 (indicating that it is
not the start of an
instrument movement
or piece)

Chord 1= single line note, 2 5 1 (indicating it is not
top note of violin or part of a chord wthin
viola part, or bottom | the part)
note of cello partor 3
= any other note

RelValue U, D or S followed by | D1(indicating that the
number of semitones | note isl semitone
from last note lower than the

previous note)

AbsValue U, D, or S followed by | DOF+1 (indicating that
number of octaves it has gondo the F
difference fromlast sharpless than an
note followed by pitch | octavedownsince the
of this note previous note)

TimeValue Number indicating 1 (indicating that the

how many times
longer or shorter the
note iscompare to the

previous note

note isthe sameength
as theprevious noté

Table4.6: Description of the columns present ibINote
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Column Type Column Name Column Values Example Value
Link PiecelD Unique identifier 28
ComposeriD Number linked to 7 (indicating link to
tbIComposer unique | ComposerID 7in
identifier tbIComposer)
Piece Details PieceTitle Catalogue Number 27-0 (indicating op. 2)
PieceYear Year 1877(indicating that
the composition was
begun in1877)
Link and Calculated | PeriodID Number linked to 4 (indicating period})

Value

tbIPeriod

and linking to
PeriodID in tblPeriod

Table4.7: Description of the olumns present irtblPiece

TheComposerID in tbIPiece connects tablComposer, whichholdsthe names of the composelsee

Table4.8).

Column Type Column Name Column Values Example Value
Link ComposerID Unique identifier 7

Detall Composer Name of omposer Grieg

Table4.8: Description of the columns present itblComposer

These are théhree main tables in the database atitley are connected via th&lotelD, PiecelD and

ComposerlD columns as shown in the entity relationship diagram (Siggire4.6). The relational

nature of the database means thits possible tdrace a path from a particular note togarticular

composer bymovingthrough the tables using thBiecelD to connecttbINote andtblPiece, and then

the ComposerlD to linktblPiece to tbiIComposer.

In addition to these three main tabled)dre are two lookup table§.e., tables that store repeated data

which can be given a unique identifietINoteLookup, whichgives all enharmonic equivalents the

same reference numbeandtblPeriod, whichgives the range of years that each period covers.
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Figure4.6: Entity relationship diagram withtbINote , tbIPiece andtblComposer

In order to work out the relativintervallic distancdetween consecutivaotes, the system needs to
know when two notes with different pitchamevalues areenharmonic equivalents This ischieved
usingtbINoteLookup, whichlists all the different pitch valug®itch column)together with their
octaves(Octave column) givingall enharmonically equivalemitchesa uniquenumber

(NoteLookupID column)(seeTable4.9).

Column Name Column Values Examplevalue

NoteLookupID Number 55

Pitch Pitch of the note including F+1(indicating an F double sharp)
number of sharps(+) or flaty(

Octave Number 5 (indicating the % octave)

Table4.9: Description of the columns present itbINoteLookup

Pieces are grouped together by periodsading to the year in which #hcomposition was started (see
Sectiord.6.1). These periods are controlled ¥Period, whichlists the years covered by each period

usingPeriodStart and PeriodEnd columns(seeTable4.10).
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Column Name Column Values Example Value
PeriodID Unique ldentifier 4

PeriodStart Year 1851
PeriodEnd Year 1903

Table4.10: Description of the columns present itblPeriod

These twadables can be fitted into the entitselationship diagram by linkirifpINote to tbINoteLookup
on Pitch andOctave, and by linkindgblPeriod to tbIPiece on PeriodID (seeFigure4.7).

I 2

Figure4.7: Entity relationship diagran with tbiINote , tbiPiece , tbiComposer, thiPeriod, and tbINoteLookup

4.4.2 Data Transformation and Mining Tables

The data transformation and mining tables deal mainly with the pattern generatiomaarking
generation part of the databaswith two tables for pdterns ¢blPatterns andtblPatternProperty) and
one tablefor ranking positiongtblIRanking). An additionaktable haseen used to keep track of what

stage the system is atiblPass).

The main pattern table iblPatterns that holds all of the threeto elevennote patterns generated by
the system(in accordancavith the working definition of a pattern in musja)sing both the absolute
pitch values and the relative intervallic values of the notes. It also lintkkdRatternProperty using the
AbsID, RellD andTimelD columns Additiondly, there are columnsbgeginning withDeDup) to show
if the patterns should be included as part of the-digplication processas described isection5.3(see

Table4.11).



Coumn Name

Column Values

Example Value

PatterniD Uniqueidentifier 3620599

NotelD Number 465623(indicating that the pattern
starts withNotelD 465623from
tbINote)

AbsValue0l1 Pitch of the first note in the F+1(indicaing the pattern starts

pattern with an F sharp

RelValueO1 0 Always & (indicating the starting
point for the relative values)

TimeValueO1 1 Always dl (indicating the starting

point for the relative values of
duration)

$EVIODOXH

«

U, D, or S followed by number of
octaves in changersie last note
followed by pitch of this note

DOF(indicating that it has gone
down less than an octave to &n
naturalsince the previous note)

SHO9DOXH

«

U, D or S followed by number of
semitones from last note

D1 (indicating that the note is 1
semitane lower than the previous
note)

7LPHO9DOXH

<

Number indicating how many
times longer or shorter the note is
since the last note

1 (indicating that the notasthe
samelengthas theprevious noté

NumNotes

Number

5 (indicating the pattern ha$ notes)

AbsID

Number

7042221(indicating the
PatternPropertyID in
tblPatternProperty associated with
this pattern)

RellD

Number

303374 3(indicating the
PatternPropertyID in
tblPatternProperty associated with
this pattern)

TimelD

Number

647825(indicating the
PatternPropertyID in
tblPatternProperty associated with
this pattern)

DeDupA

Number

1 (indicating that this pattern should
be included with the deduplicated
patterns t see Sectiors.3)

DeDupAD

Number

1 (indicating that this patten should
be included with the deduplicated
patterns t seeSection5.3)

DeDupR

Number

0 (indicating that this pattern should
not be included with the de
duplicated patternst seeSection
5.3

DeDupRD

Number

0 (indicating that this pattern should
not be included with the de
duplicated patternst seeSection
5.3

Table4.11: Description of the columns present itblPatterns
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ThetblPatternProperty holdsthoseproperties of patterns that are used to d&gmine pattern similarity

(NumNotes, Shape, PitchCentre, andHighLow columns)and t links totblPatterns on
PatternPropertyID usingAbsID, RellD and TimelD (seeTable4.12).

Column Name

Column Values

Example Value

PatternPropertylD

Unique identifier

7042221

PropertyType A (for absolute pitch values), R (fi A (indicating that the properties are
relative intervallic values), (or for absolute pitchvalues)
duration values)
NumNotes Number 5 (indicating there are Botes in the
pattern)
Pattern Temporary oding for the pitches | Blankt (used as a temporary storag
and/or durations of the notes in | during the creation of pattern
the pattern properties)
Shape Combinatons of U for up, D for | D(indicating the pattern goes
down and S for same. downwards only
PitchCentre Number -1 (indicating the average pitch
movemeny
HighLow Number 4 (indicating there arel semitones

between the highest and lowest
notes)

Table4.12: Description of the columns present itblPatternProperty

BothtblPatterns andtblPatternProperty can be linked tdbINote as shown irFigure4.8.

I

-

Figure4.8: Entity relationship diagram withtbINote , tblPatterns , and tbIPatternProperty
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The next tabletblRanking, dealswith ranking the patternsccording tahe frequency of their

appearances within the dataséee Sectiod.7 below. There are a number of different ranking

columns (all begin witRank or NewRank), which relate to whether the ranking is across all pattern

lengths, within each pattern length, or whether the ranking was calculated after thiigdkcation

process (se&ection5.3). Both thePitchlD and TimelD columns refer to thdatternPropertyID in

tblPatternProperty (seeTable4.13).

Column Name

Column Values

Example Value

PatternDescriptor

A (or absolute pitch
values), AD (for absolute
pitch values with
duration), R (for riative
intervallic values) or RD
(for relative intervallic
values with duration)

AD(indicatingabsolute pitchvalues with
duration)

PeriodID Number 4 (indicating period ¥

PitchID Number 7042221(indicating that it links to
tblPatternProperty where PatternPropertylD
=704222)

TimelD Number 8575744(indicating that it links to
tblPatternProperty where PatternPropertylD
=8575744

PatternType Combination of pitches | F+1:1/DOF:1/DOE:1/DEE1/DO0OD:1(indicating

and duations the pitches and durations of the notes in the
pattern)

PitchShape Combinations of U for | D(indicating thepitches of thepattern

up, D for down and S for
same.

continuously progress downwards through th
pitches)

DurationShape

Combinations of U for
up, D for down and S for
same.

S(indicating the durations of the notemre all
the samé

NumNotes Number 5 (indicating there aré notes in the pattern)

TotalNum Number 26 (indicating that this pattern appes26
times within this period)

Mvts Number 7 (indicating that this pattern appears i
movemenswithin this period)

RankAll Number 963(indicating that this pattern comea63™
within the ranking positions for all pattern
types)

RankNum Number 117 (indicating that this pattern come$17"
within the ranking positions for pattern types
the same length

NewTotalNum Number 26 (indicding that this pattern appears 26

times within this period after deluplication)
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Column Name

Column Values

Example Value

NewMvts

Number

7 (indicatirg that this pattern appears in 7
movemenswithin this period after de
duplication)

NewRankAll

Number

672(indicating that this pattern comes72"
within the ranking positions for all pattern
types after deduplication)

NewRankNum

Number

56 (indicating that thiattern comes6"
within the ranking positions for pattern types
the same lengthafter de-duplication)

NewRankAllIRelFreq

Number

906 (indicating that this pattern come06"
within the ranking positions for all pattern
types based on the relativedguency
algorithm, explained in SectioB.5, after de-
duplication

Table4.13: Description of the olumns present in tbIRanking

ThetblRanking table can be linked back tbINotes via tblPatterns tables as shown iRigure4.9.

I

I

Figure4.9: Relationship diagram withtbINote , tblPatterns , and tbIRanking
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The last table used by the pattern and ranking generation syss¢blPass, which keeps record of

which pieces of codeave been run (se€able4.14).

Column Name Column Values Typical Value

Pass Number between 0 and 6 1 (indicatingthat this record refers
to the piece of code labelled
PassO}

Completed Number between 0 and 6 1 (indicating tlat the associated
stage of thecodehas been
completed)

Table4.14: Description of he columns present itbIPass

4.4.3 Additional Table

The final table in the atabase igblFilePath, whichholds a record of the file path of all the MusicXML
documents that have been transferred into the Database (&#a@e4.15). This is to ensure that the

same file is not transferred more than once.

ColumnName Column Values Example Value

FilePath Path of an uploaded file | DAAndrew XML Files NEW Gried 27-0-1.xm|

Table4.15: Description of the columa present intblFilePath

A complete entity relationship dgram detailing all of theelatedtables can be found iAppendix4.

4.4.4 Database Encodings

The database useasriouscodes to represent some of the data. These inclealdes forthe pattern

descripors, the shapes of patternthe pitches and durationsef the patterns and the pattern types

Pattern descriptors are indicated using four different cqaepresenting different combinations of
whether the pattern uses the absolute pitch or relative intervallic values of pitchesyhather they

includeduration as well as pitch (sdeable4.16).

Code | Meaning

A The pattern uses the actual pitch values without any duration

AD The pattern uses the actupltch values together with relativdurations

R The pattern ses the relative intervallic values pitcheswithout any duratiors

RD The pattern uses the relative intervallic valu#gitchestogether withrelativedurations

Table4.16: Pattern descriptor codes
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The bur pattern descriptors were chosen so that a comparison could be made between whether the
absolute pitch of patterns produced different sets of results than relative intervallic value patterns, i.e.,
how important are the absolute pitch values to memespared to relative intervallic values.

Likewise, it was decided to separate out the pitch values from the rhythmic values to see if the pitch
values without their durations produce a different set of results from pitch values with their durations,
i.e., bow important is the rhythmic element of patterns to memes. An alternative method would have
been to use the scale degree classification of the pitches. However, this would have meant analysing
the music for the different keys within each section of theges in order to convert the pitches to their
appropriate scale degree classification, together with overcoming the major problems associated with
producing an algorithm that can distinguish between the different musicological styles covered by the

presert research.

The shape directionsf the pitches withinpatterns are indicated using three different codes
representing whether the pattern is going upwards, staying on the same note, or going downwards
The same indicators are used to show if the duratiohnotes are getting longer, shorter, or are staying

the same(seeTable4.17).

Code | Pitch Meaning Duration Meaning

U The pattern moves upwards in pitch The duration gets longer

S The pattern stays on the same pitch The durationstays the same
D The pattern moves downwards in pitch The duration gets shorter

Table4.17: Pattern shape codes

The dsolute pitch value@ tbINote are in the form of the note letter followed by a plusiifpr sharp
andaminus sign for flat. If there is just one flat or sharp the plus or minus sign is followed by the
number % if it is a double sharp atoubleflat then the plus or minus sign is followed by the number 2.
For example, A double sharpmglicated by A+2Forrelativeintervallicvalues, the number represents

the number of semitones between the note and its predecessor. For example, the number 5 indicates

that the note is five semitones either abe or below the previous note.

Each noted preceded by a letter indicating the diramt of the pattern from the previous note. U is for
upward movement, s fordownward movement, and S means the note is the same as the previous
note. In addition, for the absolute value of pitches a numbédirfaflow the direction indicating how
many octaves difference there is. For example D1A means the pitch A is ovartane but less than

two octaveshelow the previous note.
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The pattern encoding tbIRanking is formed by placing all of the notesthin a givenpattern together
in one field separated bfprward slashes.Examplet.3 shows the encoding for @ur-note A pattern
descriptor patterntogether with its musical notatian The notes start on an F sharp, go up to an A,

then go down more than 2 octaves to a G sharp, and égdming up to the A next to the G sharp.

1w
L]

=
I

#;L &

Example4.3: Example of the encoding of a fourote A pattern descriptor pattern type

Cg’t:;

Likewise Examplet.4 shows the encoding for a founote R pattern descriptor pattern typegether
with its musical notation (starting on a @though it can start on any notgyhere the note goes up 5

semitones, then up another semitone, then dowsdmitonesto endon itsstartingnote.

!
by
7

| 1008

-

Exampled.4: Exampleof the encoding of a founote Rpattern descriptor pattern type

-
1
-

tﬁ’i:»
ol

Durationscan also be indicated in pattesmising numbers to represent thaduration relative to the
previous note. Therefore the number 1 means the note is of the same duration as the previous note,
valuesgreater than 1 mean the note is longer than the previous note,\aidesless than 1 mean the
note is shorter than the previes note. The duration is separated from thich by a colon, e.qlU6:2
means the note is 6 semitones above the previous note, and is twice as long as the previous note.
Dealing with tuplets using relative values does not cause any problems. For exarnpitchet

followed by a triplet quaver pattern would be encoded as 1 for the crotdhetausat is the first note

in the pattern, then 0.333ecausehe second note is a third of the value of the first, followed by two

1s becausethe next two notes are the same as the previous note.

Exampled.5 shows an encoding for a fomote AD pattern descriptor pattern together with its musical
notation. The pitches are the same a€ixamplet.3 but the codeshowsthat the second note is twice
as long as the first, the third note is the same length as the second, and the fourth note is half the

length of the third.
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Example4.5: Example of the encoding of a fourote AD pattern descriptor pattern type

4.45 Visual Basic Code

Once the database had been designed, it was necessary to transfer the MusicXML documents into the
tables whichrequired a conversion program to be writterA number of different programming

languags could fave beeremployedto achieve this becausaosthave the ability to read XML

documents as well as the ability tonnectto databases.As withthe DBMS, there were no business
critical issues or issues surrounditigtribution of the progranto consider. Therefore D] E}*}(S[*
Visual Basic 201®as chosen becausewas capable oAiccomplishinghe task it is a relatively straight
forward language witlshortdevelopment timesand because | have used the languagether

projects.

o Bulk MusicXML to DB Transfer o] @ [

Connection String

Driver={SCL Server}; Server=_\sglexpress; Database=MemesBeethoven;

#ML File Path

Get XML

Composer

XML files must have the format ¥-Y-£ where X is the opus number {or any other
numbering system), ¥ is the number within the opus, and £ is the movement. X, Y and Z
should only contain digits.  f there is no number within the opus number, then use a 0.
The composer name is the name of the folder that holds the XML files.

The system is ready to upload. Select the Get XML’ button to navigate to the comect
folder, then select “Start”.

Waiting for file..

Figure4.10: Visual Basicanversion program form
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TheVisual Basiproject consists of one forrfi.e., a single screen thaiermitsa user to control the
program) whichallowsthe user to connect to the database andodse the MusicXML documerits be
transferred with the code needed to conneand transfer the data to theatabase being written as
part of thisform. The form consists of an editable field in which the database connection string is
displayed, a noeditable field containing the chosen file path, a reditable field containing the name
of the composer whose works are being transferred, and agutitable field showing the progress of
the transfer and any system messages that occur. There are alsocttmeeand buttongbuttons that
invoke a piece of codepne that checks the connection string and connects the program to the
database, one that allows the user via a dialog box to choose which folder to take the MusicXML
documents from, and one that starthe process of transferring the data to the database Ggere
4.10).

When the form is first opened, it tries to connect to the database. If it is unable to connect, it opens the
form with a message in the box at the bottom aritbars the user to amend the connection string.

Kv §Z }vv S]}v SE]JVP Z » Vv uv USZ pe E SZ v 0] Ie }v ZK<[
again to connect to the database. If it is successful, instructions are displayed in the box at the bottom

av 8§Z Z' SyD>[ uss}v]e v o X

tZ v 8Z pue E o] le}v 82 Z' SyD>[ upss}tvuU [ E}As (}E &}o E[ ] o}
allows the user to navigate to a folder where the MusicXML documents are stored. Once this has been

completed, theusercagZ v o] | }v Zz*8§ ES[X

o] IJvP }v 8z z~§ ES[ usSS}v SE]JPP &« vpu E }( J(( E vS %o E} -
if a record of thecomposerexistsin the database. If the composer does not already exist in the
database, the system crass a record for that composer. The system then loops through all the XML
documents(each document contains one movemenmtthin the chosen folder. For each XML
document, it checks that the document has not already been uplogfldédas, it ignores th
document. If the document has not been uploaded already, then it looks to see if any other movements
of the samepiece have been uploaded. If any other movements have been uploaded then it just
uploads the document. If no other movements have alrelagign uploaded, then it creates a record for

the piece before uploading the document (deigure4.11).
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Figure4.11: Flow chart for the uploading of XML documents to the database

The atual uploading of the document uses antlel code from Deitel and Deité2009, p. 996) This
code looks at the elements and attributes for each note,dadthose elements and attributes that
need uploading, it put the values into variablésWhen all the details for a notere obtained, it then

adds thenote to the databaseWhen thecodereaches the end of a document it moves onto the next

* A variable in coding terms is a temporary storage mechanism for data.
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document if there is one, or displays a completion message if all twithents in thafolder have

beenprocessed

4.5 Data Enrichment
The previous two sections have explained how the database is structured and how the MusicXML
documents have been transferred into the tables. Tdilwingstage is to return to the KDD process

with the next step of data enrichment.

Data earichmentconcernsadding information that will help with the understanding of the data. There
were two areas where information was added to the database: firattpble wasisedto help identify
when noteswere enharmonically equivalent and to help calculetiervallicdistances between notes
(tbINoteLookup); and, secondlya table wasusedto group the year of each compaosition into periods
(tblPeriod).

The tabletbINoteLookup contains all possible pitchas all possible octaves féine instruments of a
string quartet. All noteg a given octavéhat are enharmonically equivalent weessignedhe same
NoteLookupID. EacHNoteLookuplD is in sequence so that when the sounding pitch goes up by one
semitone,the NoteLookupID also goes up one semitone. This table is then used to calculate the

intervallicdistance between two consecutive notes.

The tabletblPeriod contains thePeriodID. EachHPeriodID groups togetheia setof compositions

written within a precetermined timeframe. This then allows comparisons to take place between pieces
written around the same time with other pieces writtémeither an earlier or latettime-frame.

Creating periods for groups of compositions, rather than treating each cdtigroas a separate entity,
follows the concept of grouping similar items together as part of the KDD proé&sdPeriodID

covers a number of years and is allocated in ascending ordethieesarlierperiodshave a lower

PeriodID than the laterperiods.

The periods were created after taking into account the repertoire that was importedtie database
However before this could be done the year of each composition needed to be obtainedraackd

into the database.

There were a number of diffent factors to take into account when determining which year to count as
the date of the composition. Each composition could have a number of diffatersassociated with

it, such as the year the composition was started or finished, the year it vea(iblished, or the year it

107



was first performed. Ottr issues could have an impafdr example, there may have been sketches for

the work from much eatrlier, or revisionsudd have been made much later.

For the sake of consistency, the year used was/deg of composition as stated i3roveMusic Online
(2011) Where theperiod ofcomposition spanned more than one year, the earliest year was used. This
was decided on the grounds that most compogansbablyhad the mairideas for the composition at

the start of composing the work. Howevérshould be recognised that for memes to propagate other
people need to hear or see the woind this would not necessarily have taken place in the same year

that the composer wrotehe composition

The periods fall roughly into five standard musicological periods: early Classical, late Classical, early
Romantic, late Romantic, and early Twentieth Century. To begiffirgh@eriod covers the time from

the firststringquartetselectedU , C v[didd, 5 ES v 601U 3113 staded e 1%73.
dZ « }v % E]} 3Z v 3§ E 533 gukidetssGirtefl+n}1%81.Becausahere was a break

} 1PZ8 C &+ 3A v20 dpandtssiated in 1772and Hs op 33 quartets started in

i66iU « A oo - E | 3$A178 dapeddndA[¥3and his K387 quartet started in

1782, this was where the break between the periods was placed. This means that the first period
covers the early quartetsf Haydn and Mozart, and the second period covers the later quartets of

Haydn and Mozart as well as the first period quartets of Beethdfga op 18, started in 1798).

The third periocbeginsA]3Z §Z}A. 5] qupsets started in 1806whichare the first quartets to
AE]588 v ]v $Z}A v[e u] pointasdiiErkXthedend of all the Haydn and Mozart
guartets usedvithin the present researckvith the last Mozart quartet being his B90, started in 1790
and the last Haydn quartetding his op77 quartets’, started in 1799making a natural break between
§Z + v v S8Z]E % E]} X dZ S3Z]E % E]BO stareddifdgAD v 0ee}Zv][e
Therefore this period covers the middle and late period quartets of Beethoverettag with quartets

by Schubert, Mendelssohn and Schumann.

E Zu-[5} Yuartets started in 1865begin the fourth periogdwhich provides a natural break from
D v o0°¢}ZVv.[80 §tdartet. The end of the fourth period is more problematicausehereis not
such a naturafjapas withthe other periods. This is because there are overlapping composers who are
not naturally grouped together. df example HeeC[e+1P%sas started in 1893he same year that
Dvorak started his q®6 quartet. Alsq b} S Z HeeC [+ Vv (I®OR)qodrets were started before
ANl o] ueH6)fdartet(1909) This leads to the question of whether Debussy and Ravel should be

° 08Z}UPZ 8Z <8 v E SZE % E]} * }( SZ}A v[e }ud%pus } v}$3 oo }V(}Eu
study.
. C v[s *SE]VP <u ES § }% X iiécduse iviy indompuiate.

108



included in the fourth period with Borodin, Brahms, Dvorak, Grieg, Smetana and Tchaikovsky, or
whether they should be included with Bartok, Janacek, Prokofiev, Shostakovich and $iktakuith.

In the end, the breakas placed A v Z A 035 qudet startedin 1902 v ES}IL[E }%o
guartet, startedin 1908 to keep the years inegjuence and to separate Debussy and Ravel from Bartok
(seeTable4.18).

Period Years Covered Composers Covered Total N of Total N of
Compositions Movements

1 176211773 Haydn 25 97
Mozart

2 178111799 Haydn 44 177
Mozart
Beethoven

3 180611847 Beethoven 21 87
Schubert
Mendelssohn
Schumann

4 186511902 Smetana 13 52
Borodin
Brahms
Tchaikovsky
Dvorak
Grieg
Debussy
Ravel

5 1908 11970 Janacek 8 29
Sibelius
Bartok
Prokofiev
Shostakovich

Table4.18: Breakdown of the periods together with the associated composers within the dataset

4.6 Data Transformation

Data transformatiorconcernsencoding the data in such a way tithe amount ofdata stored is
reduced or altered for ease of minin§or example, people who live in the same toaould be grouped
together, allowing analysis to take place by towather than looking at each person individually. the
present research, aumber of different areas of the data needed transforming fnor@ching the
compositiongo the periods to generating the patterns and their propertieshe data trangfrmation
was implemented usingtored procedurs [(a series of sequential Transact SQL commands that are

grouped togetherwhichcan then be run usingne Transact SQL command)

109



4.6.1 Periods

The first stored procedurd?ass00:1Periods, was used to match theompositionswith the periods
This was done by comparitige PieceYear column intblPiece with the PeriodStart and PeriodEnd
columns intblPeriod and plaéngthe appropriate value for the period in tHeeriodID column of
tbiPiece.

4.6.2 Flagging Instrumental Parts

The next stage was to flag the start of pieces, movements and parts whthiate so that the system
knows when to stogeneratingpatterns, aml when tobegingeneratingpatterns for the next piece,
movement or part This was achiedeby flaggindhe first note of each instrumental part by placing the

number 1 in theNewPart column oftbINote.

A stored pocedure calledPass01:1Parts looks for aly notes that are in the first bar of the movement
with aNoteOrder of 1 (i.e, the first note of bar 1) and places a 1 in thewPart column. The stored

procedure then places a 0 against all other notes to remove the NULL value from that column

4.6.3 Double Stopping

When there is double stopping on an instrument, the pattern generation system needs to know which
notes from the chord to use. It is possible to create patterns that will use all of the notes in the chord
by going through the chord(spiceby voice. Howeveythis approach would be complex in that the
system would need to go through the chord(s) multiple tiriaking each line created by the chord

note individually, together with the appropriate number of notes before and after the chord(s).
Because of time constraintghe simplestoption was taken in that only one note from each chord was
used in the pattern generation. Again for simplicity, itsvedways the top note from the violin anibla

parts and the bottom note from theatlo part.

Anumber of sored procedures weraised to achieve this. StorgmoceduresPass02:1Chords,
Pass02:2Chords, Pass02:3Chords, and Pass02:4Chords for the instrumental parts violin 1, violin

2, viola and ello respectively looked for all the chords and flagges motes to use in those chords

" Null values in databases are notoriously difficult to deal with. This is because a column entry can have three
different states; it can have data, be Empty, or be Null. When the entry is Empty, the database knows what type
of data the entry can hold (i.e., text, number, date, etc.). However, when the entry is Null, the databas®toes
know what type of data the entry can hold. As a consequence, when querying the column it is necessary to be
wary of Null values because thejllvmot always be included in the results. Therefore, it is often easier to give the
entries a value or to give them Empty status to minimise inaccuracies when querying the data.
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usinga 2 in theChord column oftbINote. The next storednecedure Pass02:5Chords, flags all notes
that are not part of a chordsinga 1 in theChord column oftbINote. Finallystored procedure
Pass02:6Chords looks atall the remaining notes (i.gthose that are part of a chord but are not being

used in the pattern generation) and flags semotesusinga 3 in theChord column oftbINote.

4.6.4 Tied Notes

Because only pitches and durations are being considertftkipresant research any tied notes can be

combined into one single note with tiredurations beingstummed

The stored pocedurePass03:1Ties goes througtblINote looking for any notes that are tied together
using theTie column intbINote, andalso forany conseaitive rests When it findsuchnotes or reds,

it adds the duratiosof all the tied notesor those of therests together andreplaces theduration of

the last note of the tigor the last rest of the group of restwith this calculated valuelt then removes
all the other noteconnected bythat tie or removes albther the rests within that group of rest For
example, two crotchets tied together become a single mijrEnda crochet rest followed by a quaver

rest becomes aingledotted crotchet est.

As explained in Sectigh3 above it was not always possible to distinguish between ties and slurs within
Photoscore Becausdhere may have been sondiscrepancies in the data, the storetbpedure will
only treat two casecutive notes as a tie if they are the same pitch (including their enharmonic

equivalent) even if the data in th@ie column oftbINote indicatesthe notesaretied.

4.6.5 Absolute, Relative and Duration Calculation

In order to generate the patterns, the sgm needs to know the position of each natativeto its
neighboursi.e., when the system encounters an A, is that A higher or lower than the previous and
subsequent note® This is achieved byeatinganabsolute pitchvalue arelative intervallic alue, and
a relative durational value for eactote (corresponding té\bsValue, RelValue, andTimeValue

respectively irtbINote) in relation to the previous note

The sored procedurePass04:1NoteValues goes through each note in tbiINote and uses an enapdin
system (as described Bection4.4.4 abovgto show the position in pitch and duration of a notdative
to its predecessonote. Becausdhe system looks at both absolutand relativeintervallicvalues for
pitches, as wélas including duration information, the system makes three difiemlculations for

each note.
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Firstly, for eactiecord of a note iribINote (except for the first note of a piece, movement or pdhg

stored proceduravorks out the relative position dhe absolutepitch value of the note by calculating

whether the note is higher or lower than the preceding n{désregarding any resthat separate the

notes)X /( §Z v}$S e §8Z <+ u % ]S ZUABSV&@Solumn ditbiNdte S Likediseif

8Z %)% Z ]* 0}A @ 8Z v §Z % E A]}ue+ v}$ highepthanthe prvious npte$#Z %o]3 2
He » Zh[X /3 8Z Vv o po &+ Z}AuvC}3 A E SA v §Z 3A} v}s .
to the direction indicator in théAbsValue column oftbINote. Finally, it places the actual pitch of the

note next to the octave counter in th&bsValue column oftbINote. For example, if the first pitch is an
&Iv3}ISA i v 8Z o I}V %]8 Z ]* ' *Z E% ]v }tle Abs\VmllgoA]oo %0 .
tbINote of the G sharp recordndicating that the second pitch is going up by at least an octave to a G

sharp from the first pitchWhen the record inbINote representsaE *SU ZiiZ[ ]* %00 ]v 8§z

AbsValue column oftbINote becauseno direction pitch,or octave placement is required with rests

Secondlythe stored procedurdakes eachiecordof a notein tbINote (except for the first note of a

piece, movement or parind works out the relativintervallicdistance of the note by deulating

whetherit is higher or lower than the preceding nafgisregarding any rests thaeparatethe notes)

and then works out how many semitones there are between the two n@issgtbINoteLookup).

Like the absolutgitch value calculation, ifth v}8 ]¢ §Z ¢ u % ]S Z ]S %Rebsalue Z~[ JvS} ¢
column oftbiINote U J( 8Z %0]3 Z ]* 0}A G 8Z v 83Z % @E Al}ue vhighd pe = Z [
than §Z % @& A]}pe v}S ]38 pe o Zh[X /8 8Z v o0 po § « ZédMthetwd + u]s}v
notes(usingtbINoteLookup) and places thatvaluenext to the direction indicator in thRelValue

column oftbINote. For example, if the first pitch is an F in octave 3 and the second pitch is a G sharp in

} 8 A 8135 Aloo % o RelZlueiof thiNoseZndicating thatthe second pitch is 18emitones

higher thanthe first pitch. When the record itbhINote E % & + v3e [ (B %0 ZReWwaduk

column oftbINote.

Finally the stored procedurdakes the duration of each notar rest recordand calculatests
relationship to the precedi® v}sS }E& & S E } Ehd previdiséddrdbastti€¢ same

LHE S]}v ]S %0 TimeXaud volaimn oftbINote indicating that bothrecordshave the same
duration. If thepreviousrecordis not the same value then it divides the duration of the secoacbrd
by that of the firstrecordand places thavaluein the TimeValue column oftbINote. This means that if
the secondhote is longer than the first, th&imeValue will be geater than 1. For example, if the
duration of the firstnote is 4 and the duration of the second istlBe TimeValue will be 8 divided by 4
givingaTimeValue of 2. This effectively means that the secamate is twice as long as the first.

Converselyif the seconchote is shorter than the firstthe TimeValue will be less than 1. For example,
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if the duration of the firsnote is 8 and the duration of the second is 4 fhieneValue will be 4 divided
by 8 making &imeValue of 0.5. This effectively mearthat the seconahote is half the length of the
first. Unlike the absolute and relative calculations, rests are not treatgdlifferently from notes for

both haveduration.

4.6.6 Pattern Generation

Once the previous phases have been completed, the ddiaailly ready for the system tgeneratethe
patterns. Patterns argeneratedfor all possible combinations of thre¢o eleverrnote consecutive
singleline patterns within each piecas is consistent with the definition of a pattern in music as
describal in Sectior2.5.3 aboveand these are placed iblPatterns. There are three stored

procedures that perform this taslPass05:1Patterns, Pass05:2Patterns, and Pass05:3Patterns.

The first stored ppcedure Pass05:1Patterns, begins by disabling the indexes thiPatterns to speed
up the process. Indexes are rebuilt each tinteeordis added andbecausehis procedure adds the

generatedpatterns(ageneratedpattern is equivalent to one recordne at a timejt drastically

increases the time taken for this process. Therefore, the indexes were disabled to stop this process and

were enabled again at the end of the proces®ass05:3Patterns. There-enabling of indexes
automatically rebuildshem, meaning that nothing has bedast in the process of disabling and re

enabling the indexes.

Once the indexes have been disabled, the patterns are then generated. The basic process for pattern

generation is as follows:

Step 1t Extractthe first eleven notes of an instrumental partdplace theAbsValue, RelValue

and TimeValue for each othesenotes into variables.

Step 2t Change the first note variable fé&bsValue to just the ptch name the RelValue to 0,
and theTimeValue to 1 (this is because thes@lues are for thédirst notein the pattern and

therefore do not need to be related to a previous note).

Step 3t Take the first three g8 of valuesn the variableand create a threaote pattern putting

the resultant patterninto tblPatterns.

Step 4t Repeatstep 3 for all the far- to elevennote patterns.

Step 5t Move all the variables down one (e }A $Z + }v v}§ [+ s op ]Jvs} &z

vi§ [+ es ou A E] o U SEZ 3Z]E v}E [+ e+s op ]Jv8} 8Z -
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Step 6tAdd the next note frontblNote Jv3} 3Z o A v3Z v}8 [+ A E] o -«
Step 7t Repeat the process froBtep 2

Exampled.6 gives an example of patterns generated by this algorithm using a sharbpattern.

["First Six-Note Pattern ]

["Second Five-Note Pattem |

[ First Five-Note Pattem

P’ A | — | r J
7 al i - > - - |
0 o = I I I
\!)J/ i I I L —

——
First Three-Note Pattermn
Second Three-Note Pattermn
Third Three-Note Pattern
Fourth Three-Note Pattern
| First Four-Note Pattern |

|_Second Four-Note Pattern

Third Four-Note Pattern ]

Exampled4.6: An example of pattern generation

The onlyexceptionto thisalgorithmis whenthe system reaches the end op#ce, movement opart.
When this happens, it keeps moving the variables down without adding any morefnatethINote
andcreates the appropriate lengtpatterns whilst reducing the number of notes each time until it has
processedhe last threenote pattern(i.e., it repeatsStep 2to Step 7ignoringStep §. Then it begins

from Step lagain with the next appropriate piece, mawent or part.

The next stored pcedurePass05:2Patterns makestwo modifications tathe records irtblPatterns.
First it removes any patterns fronblPatterns that have a rest as either the first tastelementof the
pattern. With this system therés no recognisablalifference between a founote patternof rest, A, G
sharp, A anéthree-note patternof A, G sharp, A. Secondly, teredprocedure removes any null

values inblPatterns.

Finally, stored pcedurePass05:3Patterns re-enables the indees ontblPatterns to speed up the

next stageof the system.

4.6.7 Pattern Properties

The final stage of datansformationis toidentify some basic properties for patterns thaill allow a
comparison of similarity between different patterns to take placeording to the criteria laid out in

Section3.3 above The patterns iriblPatterns are grouped together according to whether they are the
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same in terms of their absolute pitches, their relative intervallic values, or thetiveldurations. For
example, when looking at the absolute values of pitches, all patterns comprising of just threth€s
same octave will be grouped together. When looking at the relative intervallic values, all patterns that
have three notest the same pitchin the same octave will be grouped togethdfor each group of
patterns, a record is created thiPatternProperty together with the properties for that particular

pattern. Reference is then made backitPatterns by placing thePatternPropertylD from

tblPatternProperty into the appropriate column ablPatterns (AbsID, RellD, or TimelD).
The pattern properties are worked out as follows:
Number of Notest how many notes are in the pattern

Pitch Shape the overall direction between the pitclsg(i.e., a combination of ups, downs, or

same notes).

Duration Shape the overall movement between the durations (i.e., a combination of longer,

shorter, or same length durations).

Pitch Centret adds all the relative intervallic distance values togetiigen divides by the

length of the pattern minus 1.

Duration Centret Adds all the relative durational values together, then divides by the length of

the pattern.
Pitch High/Lowt calculates the intervallic distance between the highest and lowest notes
Duration High/Lowt calculates the distance between the longest and shortest notes

The pattern properties arealculatedusinga series obtored procedures beginning with
Pass06:0Index. Like the generation of patterns, the first task is for the systemgatdé the indexes

ontblPatternProperty to speed up the processThis is done biass06:0Index.

Next, thestored procedure®ass06:1:1Time, Pass06:2:1Rel, andPass06:3:1Abs group the same
patterns fromtblPatterns together, placea record for each disting@attern in tbIPatternProperty, and
fill in the PropertyType, NumNotes, andPattern columns oftbIPatternProperty. Stored pocedures
Pass06:1:2Time, Pass06:2:2Rel, andPass06:3:2Abs updatethe TimelD, RellD andAbsID
respectively irtblPatterns with the appropriatePatternPropertyID from tblPatternProperty. Stored
proceduresPass06:1:3Time, Pass06:2:3Rel, andPass06:3:3Abs calculate theappropriate pitch or
durationshape of the patternandtheir pitch or time centre valueand placethe results into the

Shape andPitchCentre (stores both the duration and pitch centre valuesjumrs of
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tblPatternProperty respectively. Then stored poceduresPass06:1:4Time, Pass06:2:4Rel, and
Pass06:3:4Abs calculate the difference between the highest and lowest valiughe pattern and place
this value in theHighLow column oftblPatternProperty. Finally, the indexes dahlPatternProperty

are reenabled by storeghrocedurePass06:4Index.

4.7 Data Mining

Once the previous four stages of KDD have taken place, the negtaftagta mining, which involves
processing and analysing the data, can take pl&imasri and Navathe list five differecategoriesof
information that can be gained during data minidgssociation ruleg if one item is present then what

is the probaliity of a different item being presentglassification hierarchiesitemsare grouped

together with similar items nder a hierarchical structuregquentialpatterns tif one event occurs

what is the likelihood of another event occurriteger; patternswithin time seriest looking atitems of

data across a time seriesndclustering t do similar items cluster at certain points within the dataset

(2007, pp. 94849). The present researdiooks at patterns witm music across a number of different
time-frames therefore the data mining wiim to %. E} § 8Z 38 &E 08 38} ou-E] v

gatterns within time seriefcategorisation.

There are a number of different algorithms that can be used for tha dahing process, such as
Sampling Algorithrs) Apriai Algorithrrs, Frequent Pattern Tree AlgorittsyPatition Algorithms, etc.
(Elmasri & Navathe, 2007, pp. 9987) All of these algorithms are based on the ideat ttertain items
within the dataset can be removed due to their infrequecturrenceswhich helps speed up the
processing Becaus¢he present researchimsto find infrequent patterns as well as frequent patterns
within the dataset, none of the algohiins introduced by Elmasri and Navaikappropriate. However,
the Association Rules algorithfine., what is the likelihood of one item being connected to another
item) can be adapted (removing tHeupportand Confidenc&omputations, which are there teeduce
the quantity of data being mined)ecauset basically ranks recurring item sdts., in the present

research, patterns of noteg)ccording to the frequency of their occurrence

Forthe presentresearch, the data ming involves counting the pattns, ranking them according to
their frequencies, and creatirgtablethat shows Z % S8 EvV[e %acEO}Ptde ranking
positions over timdtblRanking). The stored procedureBass07:1Ranking andPass07:2Ranking
calculatethe ranking position foeach pattern within each period withass07:1Ranking creating the
ranking positioracross thalifferent pattern lengths andPass07:2Ranking creating the ranking

position within the same pattern length group.
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dz @E(«p v C[ }( %RgquaktofBesngmber of times a pattern appears altogether within a
period, multiplied by the number of movements it appears in within that period. For example, if a
pattern appears 100 times within a ped across 4 movements it has a Frequeoic00. However, if a
pattern appears 50 times within a period across 10 movements it fk@sguencyof 500. The result of
this calculation is that those patterns appearimgnytimes inmanydifferent movements will have a
high frequency, anavill consequently appear towardbe top of the ranking positions. However, a
pattern type that appeargew times in one movement, or a pattern type that appears just once in many
different movements will have a low frequency, anill consequently appear towards the botn of

the ranking positions This ido stopa patternthat appears many times but only in a small number of
movementsfrom gaining a high ranking positiosms the potential propagation of the pattern is less
owing toit appeaingin a small number of work@urther discussion on this process takes place in

Section5.5).

The first stored procedurdr@ss07:1Ranking) ranks the patterns in descending ordeeich period
according to their Frequen@nd places the results thIRanking using theRankAll column for the
ranking positionStored procedurd®ass07:2Ranking ranks the patternsvithin each group of pattern
lengthsin each periodand updates thdRankNum column intbIRanking with theseresults. Finally, the
stored pocedurePass07:3Ranking puts the Shape value fromtblPatternProperty into the
PitchShape and DurationShape columrs of tblIRanking, calculates the gtern type encoding and

placesthisin the Pattern column oftbIRanking.

4.8 Data Reporting

The final phase in KDD ispgrmoduce reporton the dataset Thepurpose of reporting in the context of
the present researckvas to be able to investigate the ranking positions of the pattémrarder to
determine whether there is any evidence for theolutionary processesf selection, replicatio and
variation, as well as theeplicatorproperties of longevity, fecundity and copyHidelity, as

hypothesised in the working definition of a meme in music.

A number of stored proceduresease written in order toextractthe required information fromte

dataset. Each of these stored procedures produces information for one or more of the tables in the
nextthree chaptes. The data was either copied directly from the running of the stored procedure, or it
A+ %0 Jvs§} D Ex@R2Q1®f further manipulation (such as calculating percentage figures).

This information isliscussed in Part Ill
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4.9 Testing Phase

Three different sets of testing were undertaken to ensure the coding was accurate and the results
produced would be what was expected. Thst tests involvedestingthe code using two methods:
putting a very small sample of data through at each stage of the implementation of the algorithm and
manually verifying the results, and putting a larger subset of live data through each stage of th
implementation and selecting some resultaetords to manually check treecuracyof the code The
second stage consisted of sending two sets of data (a pserttomsampleand the same pseudo
random sample seeded with three pdetermined elevemote patterns) through the system to check
the algorithms produced quantifiable results. Finally, the live data was put through each stage of the

algorithm and randomly selected records were again checked to verify the accuracy of the coding.

4.9.1 Code Testing

The Visual Basic code was tested firstly by using a manually created XML document containing a small
number of pitches and rhythms. TIX8L document was uploaded to est database and each note

was checked to verify that it had been encoded correctly imithe database. A small selection of XML
documents from the live dataset were then uploaded to the test database. The start and end note of
each instrumental part and movement were then checked to see that they had been correctly encoded
within the testdataset. Secondlya random set of notes were selected from the test dataset and

checked against an original printed score to ensure the accuracy of the encoding.

Each stored procedure within the database was tested using both a small set-defgamined data

anda set ofselected records from a std®et of the live data. The pretermined data was designed at

each stage to ensure that the data was appropriate for the stored procedure being tested. For example,
when testing the stored proceduf@ass01:1Parts, records were created in the petermined data

for each break between instrumeaitparts, movements, and piece¥hese breaks were then manually
checked to verify the stored procedure had correctly identified the start and end of each instraiment

part, movement, or piece. A subset of the live dataset was then passed through each of the stored
procedures. After each stored procedure was run, a set of records were setexterting to the

expected outcome of the procedute verify if the procélure had run correctly. For example, after the
stored procedurdPass01:1Parts was run, a number of the records at the start and end of each

instrumental part, movement and piece were checked to see if they had been flagged correctly.
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4.9.2 Algorithm Testing

The first test involved creating a pseuttmdom sample opitchesand passinghem through the
algorithm. With pseudeaandompitchesit would be expected that all patterns would have the same
ranking position, providing that there are no duplicate patigwithin the dataset A stored procedure
was created within &est database to provide 12,000 pseudimdom pitches (approximately 1% of the
size of the live dataset) from 4different pitches (the average span of pitches for the instrumental parts
within the live dataset) with four differergitch durations (although there are only fopitch durations,

due to the pseudaandom selection of the durations, some of the resultant rhythms can become
complex, e.g.a crotchet followed by a quaver followed bhysemiquaver followed by a crotchet). The
pseuderandom pitches were split into five periods (the same number as the live dataset), with two
pieces both containing four movements per period (to ensure a spread of patterns across both pieces
and movementy resulting in each of the four instrumental parts containing 75 nofeshle4.19 shows

the resultant number of ranking positions for each PTD/PTL/Pécimubination.

Table4.19clearly shows that there is dnone ranking position for the vast majority of PTD/PTL/Period
combinations. For the shortdength PTDs (such as the thremd fournote PTLs) there is sometimes
more than one ranking position, especially for th®Rs. This difference in the numbdranking
positions between the shorteand longerlength PTDs is to be expected as there are more possible
combinations of notes for the longethan the shorterlength PTDs. For example, a thieate APT has
48 x 48 x 48 (i.ev Z)° possible permtations whereas an elevenote APT hasv 2 Spermutations.
Additionally, the RPTs have less possible permutations per PTL than tHeir éounterparts. For
example, a threaote APT hasv Z possible permutations whereas a threete RPT only hass 72
possible permutations (there are only two possible choices as it does not matter which note the
permutation begins with under the-RTs). Altogether there are 2,400 notes in each period creating
2,384 three-note patterns, and there are 2,304 (i,ev 2) possible threenote RPTs, meaning that

there will always be some duplicate patterns generated for thmeée RPTs using a pseugandom
dataset of 12,000 notes. For patterns of four or more notes, it is possible that there will be no duplicat

patterns.

® A description of PTDs and PTLs is provided in Sé&fion
% 47 pitches plus a rest.
%\When taking into account the breaks between pieces/movements/instrumental parts.
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Table4.19: Number of ranking positions for each PTD/PTL/Period combination using the pseaddom dataset

The second test involved seeding the psewdodam dataset with three pradetermined elevemote
patterns. Theranking position®f these seeded patterns should appear higher in the ranking positions
than those patterns generated from the pseuttndom data. Exampled.7 shows thethree eleven

note patterns used to seed the pseudandom dataset. Each pattern Exampled.7 was created so

that there are no duplicates of any threm® elevernote length patterns across all three examples, or

within each example
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n | |

) I

ii) Third elevennote seeded pattern

Exampled.7: The three elevemote patterns used to seed the pseud@ndom dataset

Each pattern inExampled.7 was then placed at random within the pseutindom dataset with a

different number of appearances within each period as statetiaible4.20.

Example Period

1 2 3 4 5
[ 16 12 8 4 0
ii 0 4 8 12 16
iii 8 8 8 8 8

Table4.20: The number of times each pattern EBxample4.7 appears within each period

The patterns used iBExampled.7 have a effect on the number of ranking positions for each

PTD/PTL/Period combinations compared to the purely pseaddom dataset.Table4.21 shows the

number of ranking positions for each PTD/PTL/Period combination using the seeded yparddm

dataset.
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Table4.21: Number of ranking positions for each PTD/PTL/Period combination using the seeded pseundiom daaset
Table4.21 shows that the seeded pseudandom dataset produces a greater number of ranking
positions for all the PTD/PTL/Period combinations than thesesded pseudoandom dataset ifTable
4.19. This$ what would be expected as the seeded patterns are inserted multiple times into the

pseuderandom dataset giving them a greater probability of a higher frequency figure. To show
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whether the seeded patterns are rising or falling through the ranking jpositacross the period3able

4.22 shows the anking position of the first patterof the three to elevennote patterns generated

from the seeded patterng§i.e., only those patterns generated by the system that start with the fiost n

of the three seeded patterns)

Seed 3

Seed 2

12

12

Seed 1

19

15

Period| 1

PTD | PTL

10
11

10
11

10
11

10
11

AD

RD

Table4.22: The ranking position in each period of the first pattern generated from each of the seeded patterns within the

pseudo-random dataset
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We would expect that the ranking positions for each of the seeded patterns vibalidve as shown in

Table4.23. This is because the frequency with which each seeded pattern was placed within the
pseuderandom dat should mean that each seeded pattern will have a greater number of appearances
within the appropriate period than any of the pseudandom generated patterns. Additionally, each

. % 38 EvV[e (E <pv C Z v e § ¢} §Z 3 tBrdugh thi erjols in te@s v %o ¢

of their ranking positions.

Period
Seeded Pattern 1 2 3 4 5
Exampled.7 i 1 1 1 3
Exampled.7 ii 3 1 1 1
Exampled.7 iii 2 2 1 2 2

Table4.23: Expected ranking position for each of the seeded patterns if the psetamitdom data has no impact

As can be seefom Table4.22, the vast majority of the PTD/PTL combination seeded patterrmafoll
the ranking positions set out ifiable4.22. The remaining PTD/PTL combination seeded patterns
ranking positions can all be attributed to interference from the psewmitdom dataset. For example,
the unexpected threanote APT raking position in periods 3 and 4 is a consequence of other three
note patterns generated from the seeded patterns maytuplicates within the pseud@ndom

dataset. This means that the thremte patterns generated from the seeded patterns that have
duplicates within the pseudoandom dataset will have a greater frequency of occurrences than those

that have no duplicates, giving the patterns with the duplicates a higher ranking position.

However, theamount of interferencewill be negligible in terms ahe present research. The figures for
the number of possible distinct patterns that can be created from a random generation system are,
apart fromsome three and fournote PTDgsless than the total number of patterns within the live
dataset. Where intderence exists it will mainly affect the bottom ranking positions due to the number
of patterns within the dataset that aractuallyrepeated as shown by the position of the seeded
patterns within the ranking positions ifable4.22. Because the majority of the analysis is looking at the
movement across the ranking positions of the patterns, the patterns affected by interference will still
need to progress to or from the top ranking positions, and consequently will still need toastarge

amount of duplication within some periods compared to other periods.
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4.9.3 Live Data Testing

After all the data was uploaded from the XML documents into the live database, a sample of records
was selected and checked against a printed score to whiafythe uploading was accurate.

Furthermore, after each stored procedure had been run, a set of relevant recordswesreally

checkedo ensure that each stage of the algorithm was being implemented correctly. For example,
once stored procedurass02:1Chords had been run, a selection of records were chosen where the
first violin part had either double stopping or more than one line. Each of these selected records was
checked irtbINotes to ensure that the relevant record had been updated with the ayppiate

encoding in theChord column.

4.10 Summary

Once thetechnologieshad been alighted upon, the next stage was to demonstrate how the
technologies could be used within the contextloé present researchA descriptiorwas given in this
chapterof how the six phases of KD&s proposed by Elmasri and Nava{@e07, pp. 94®47) were
implemented withinthe present researchFirstly, data selection showed how the repertoire for the
dataset was compiled usirfgeely available existing MusicXML documents, converting freely available
pdf documents, and scanning in repertoire to produce a set of compositions that covered a range of
composers and periods. Secondly, data cleansing showed some of the difficulis@sgicertain
technologiessuch as inaccurate conversions, andelying on freely available scores where errors such

as incorrect notes were detected.

A diversion was then made from the concept of KDD to show how the datétbalevas designed.
Thisincluded details of all the tables used and how they linked together to form a coherent dataset.
Additionally, an explanation wagvenof how the MusicXML documents were transferred into the

database using a conversion prag created irfVisual Basic

Returning back to KDD, the next stagedafta enrichment showed how enharmoaity equivalent notes

were dealt with in the system, and how the tirperiods which grouped compositions from the same

era were defined.Subsequentlyit was shown how the storeprocedures processed different
transformationshow ties and chords were navigated by the system, how the absolute pitch, relative
intervallic, and relative duration values were calculated, how the patterns were generated, and how the
properties for the natching of similar patterns were generateBollowing on from data transformation

data mining showed how the ranking positions were created using a frequency calculation based on the

number of instances of a pattemultiplied bythe number of movements whichthe pattern
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occurred. Finally, data reporting showed how stored procedures were usedriactdata that could

be used tanvestigatethe evolutiorary processes, as well as theplicatorproperties

The final section of this chapter lookedraiw the code and methodology was tested. The code was
tested by manually checking samples of data after each stage of the implementation of the algorithms.
The methodology was tested by using a psewaloddom dataset and a seeded pseudmdom dataset,

both of which showed that the methodology performed as would be expected.
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5 Chapter 5: Initial Observations

5.1 Introduction

The most striking aspect of the initiabservationdsthe predomnance at the top of the ranking
position tablesof three-note PTghat do not move from their starting pih (i.e., samaote PTs). This
was true for all five periods as well as for all four PTDs. For example, the highest ranking pd3ifion
in the final period was three consecutive Ds aExampleb.1: Three consadive Ds- The highest
ranking positionA-PT in Period fn.b., the three consecutive Ds can be in any octdggable by the

instruments of a string quartet).

QQ;’HD

O O O

Exampleb.1: Three consagtive Ds- The highestanking positionA-PT in Period 5

However, is this predominance in the highest ranking position of tiiee, samenote PTs a reflection

of the most frequent PTs as a whole?

This chapter investigates the ranking positions in teaihsome initial findings. Overall, it finds that the
most prominent patterns across all the periods consist of three consecutive notes the same. When
these samenote patterns are investigated further, it is discovered that the methodology allowed
repeatal patterns (such as a repeated bass note, as in the opening two bars of the 1st movement from
, C v[e "SE]VP YU ES § }%X A0 vV}IX i §} }u  u} E-ndie @Eterhy aves X
naturally more dominant than their longéength counterpars owing to the number of different

possible permutations of patterns each pattern length can generate. These issues are resolved by
implementing a deduplication procedure that only counts the first instance of a pattern in a repeated
pattern of notes wha calculating the frequency of a pattern, and by not comparing patterns of

different lengths when calculating the ranking positions.

A number of terms and abbreviations are used to help with the understanding of this, and the following
two chapters. Fir$y, the present research looks for evidence for memes using absolute pitch values
and relative intervallic values, both with or without relative durational values (as described in Section
4.4.4. These four views of the data aresdribed as pattern type descriptors (PTDs). Within each

pattern type descriptor there are a number of different pattern types (PTs), which describe the pitches
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and/or durations of one or more pattern type instances (PTIs). A pattern type instancetceéers

actual appearance of a pattern type within the database. For convenience, the pattern types use the
following abbreviations: AT for absolute pitch values without any duration-RDfor absolute pitch

values with relative durations,-RT for reléive intervallic values without any duration, and 4RD for

relative intervallic values with relative durations. Finally, pattern type length is abbreviated to PTL. For
reference, the abbreviations are listed in the header for the subsequent pagesthoftistchapter and

the following two chapters.

5.2 Same-Note Pattern Types
Further investigation of the top of the ranking positions revealed that there was predominance
amongst the 20 highest ranking positions of same note HTigs occugd across all fauPTDsnd

across all five periods, as shownTiable5.1.

Period
1 2 3 4 5
Highest| N?in | Highest| N%in | Highest| N°in | Highest| N%in | Highest| N%in
Ranked| Top | Ranked| Top | Ranked| Top | Ranked| Top | Ranked| Top
Same 20 Same 20 Same 20 Same 20 Same 20
Note Note Note Note Note
PTD PT PT PT PT PT
A-PT 1 16 1 14 1 19 1 20 1 9
ADPT 1 20 1 18 1 18 1 19 1 10
RPT 1 7 1 7 1 8 1 7 1 6
RDPT 1 9 1 8 1 8 1 7 1 5

Table5.1: Predominance of samanote PTs in the20 highest ranking positions

Table5.1 shows both the rankingosition of the highest ranked sarmmote PTandthe number of
samenote PTs there are in the 20 highest ranking positions for each petiodn be seen thathe
predominance of samaote PToccurs across all five periods, although in Period 5 themaistinct
reduction in the numbeappeaing in the 20 highest ranking positions, especially f®TR and RD

PTs

A shift in the highest ranking positiétTswvould be expected as composers turned away from the
tonal-centric music of thelassical andomantic eraand began investigating alternatiapproaches
to pitch organisation However, samaote PTs within a compositiomaynot always imply a tonal

centre. Additionally, there are a number of accompaniment figures that useategenotes that
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Abbreviations

PT: Pattern Type PTL: Pattern Type Length PTD: Pattern Type Descriptor  PTI: Pattern Type Instance
A-PT: Absolute Pitch Values without Duration ADPT: Absolute Pitch Values with Relative Durations
R-PT: Relative Intervallic Values without Durations RDPT: Relative Intervallic Values with Relaiugations

could have been rejecteby twentiethcentury composerand this would probably have arffect

on the highest ranking position PTBlevertheless, it is relatively ggo find examples of a
repeatednote accompaniment figure in twentietbentury string quartets (such as in the second
Al}olv % ES (Elu & 6 }( 8Z + }v u}Auartet$o.}Z, andbsthlthe WsIE | v P
and viola parts from bar 139 of the] (3Z u}A u v3 }( ~Z}3 | QuarEro E E]vP

A number ofstringquartets use a repeated note as an accompaniment figure indicated using the

tremolo notation (for example, the opening &fZ (] E+3 u}A u v3 }( & Zue[ "SE]JVP Ypu C
no. 1linthe viola and cello parts). As discussed in the previous chapter, owing to the complex nature

of convertingtremolos into MusicXML, these indicatosgre not included, nowere they expanded

out into possible realisatios) thereby reducinghe number ofsamenote PTgenerated. As such,

samenote PTs are arguably under represented, making their dominance in the ranking positions

unexpected

It could bethat the predominance of samaote PTgs a result of the methodologysed togenerate

the patterns. The system took each instrumental part from a movement and created all the possible
three- to elevennote patterns. However, this created the situation of a group of notes all on the
same pitch being counted multiple times. For example, a group of diveecutive Gs resulted in

one fivenote pattern, two fournote patterns, and three thre@ote patterns beingenerated(see
Examples.2). The advantage of this method is that it ensured that all possible patterns were
generated andherefore allhad the potential to exist as nmees. Neverthelesshis method allowed

for continuously repeated notes and patternsdtiain more prominence than nerepeated groups

["Only Five-Note Paitern
Third Three-Note Patiern
Second Three-Note Patiern

First Three-Note Pattern
P A | I I | ]
¥ al | I I | I
[ Fan & & & & &
\J & & & & &

|_First Four-Note Pattern

| Second Four-Note Pattern |

Exampleb.2: Five consecutive notes pattern generation
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Abbreviations
PT: Pattern Type PTL: Pattern Type Length PTD: Pattern Type Descriptor
A-PT: Absolute Pitch Values without Duration

RPT: Relative Intervallic Values without Durations

PTI: Pattern Type Instance
AD-PT: Absolute Pitch Values with Relative Durations
RDPT: Relative Intervallic Values with Relafugations

5.3 The De-Duplication Process

In order to reduce the effect of the methodology on the nipiitation of samenote PTsa newset

of stored procedurs (Pass08:1DeDupA, Pass08:2DeDupR, Pass08:3DeDupAD, and
Pass08:4DeDupRD) was created to count the repeategtoup ofnotes onlyonce. For example, in
Exampleb.2 above, the five Gs under the new stored procedure progucdy one fivenote

pattern, one fournote pattern, and one thre@ote pattern, & shown irExamples.3.

[" One Five-Note Patien

One Three-Note Pattern

L 18!
L 1HER
L 188

N
L 118
L1008

| One Four-Nate Paitern

Exampleb.3: Five consecutive notes pattern generation using-deplication stored procedurs

The new stored procedusalso had an effect on all repeatedtires, such as alternating pattern
groups For example, under the original pattern creation procedure a group of six notes alternating
between a G and a D would generate onergite pattern, two fivenote patterns, three founote
patterns and four threenote patterns (sedxanple5.4). But under thenew stored procedure the

systemcreates one sixnote pattern, two fivenote patterns, two foumote patterns, and two three
note patterns (se&xamples.5).

[ Only Six-Note Pattern 1

["Second Five-Note Pattem 1

[ First Five-Note Pattern

>
]
|

s
——

6 N
.

|

T

|

T

First Three-Note Pattern
Second Three-Note Pattern
Third Three-Note Patiern

Fourth Three-Note Pattern

| First Four-Note Pattern ]

|_Second Four-Note Pattern

| Third Four-Note Pattern |

Example 5.4: Six alternating notes pattern generatiobefore using the deduplicating stored procedures
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Abbreviations

PT: Pattern Type PTL: Pattern Type Length PTD: Pattern Type Descriptor  PTI: Pattern Type Instance
A-PT: Absolute Pitch Values without Duration AD-PT: Absolute Pitch Values with Relative Durations
RPT: Relative Intervallic Values without Durations RDPT: Relative Intervallic Values with Relafugations
["One Six-Note Pattern 1
[ Second Five-Nate Pattern |
["First Five-Note Pattern
s)
P A P P P
y 4 - - [
N I - I - ]
AN YA | = Il = 1
) L__——-_ L___—-_‘ | m—

First Three-Note Pattern
Second Three-Note Pattern

| First Four-Note Pattern

|_Second Four-Note Pattern J

Exampleb.5: Six alternating notes pattern generationsing deduplicating stored procedurs
Unsurprisingly, this dduplication process had significant effect on the predominance of same
note PTs in the highest ranking positiongable5.2 is an amended version dfable5.1 showing the

data after the deduplication process has taken place.

Period
1 2 3 4 5
Highest| N°%in | Highest| N%in | Highest| N%in | Highest| N°in | Highest| N%in
Ranked| Top | Ranked| Top | Ranked| Top | Ranked| Top | Ranked| Top
Same 20 Same 20 Same 20 Same 20 Same 20
Note Note Note Note Note
PTD PT PT PT PT PT
A-PT 2 6 3 4 2 5 1 5 39 0
ADPT 1 7 1 6 5 5 1 6 31 0
RPT 5 2 5 2 3 2 6 2 10 1
RDPT 4 4 3 2 4 2 4 2 10 1

Table5.2: Predominance of sameanote PTs irthe 20 highest ranking positions after deuplication

Tableb5.2 clearly shows a reduction in the predominance of samte PTsafter the deduplication
process has taken placdditionally, the highest ranking samete PT is no lager always in the
number one position. The difference in the predominance of samte PTs between the last period
and earlier periods is even more marked than before thaldplication process, with the highest

ranking position samaote APT and ABPTbeing at positions 39 and 31 respectively.

5.4 Three-Note Pattern Types
The second factanfluencing the highest ranking Pisgthe number of ntesin a pattern. Even after
the de-duplication process, the highest ranking positiamedominated by threenote PTs Table

5.3 showsthe number of such PTs in the 20 highest ranking positions.
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Abbreviations

PT: Pattern Type PTL: Pattern Type Length PTD: Pattern Type Descriptor  PTI: Pattern Type Instance
A-PT: Absolute Pitch Values without Duration ADPT: Absolute Pitch Values with Relative Durations

R-PT: Relative Intervallic Values without Durations RDPT: Relative Intervallic Values with Relaiugations

Period

PTD 1 2 3 4 5
A-PT 20 20 20 20 20
ADPT 20 20 20 20 20
RPT 15 16 17 19 17
RDPT 14 15 15 19 16

Table5.3: Number of threenote PTs in the 20 highest ranking positions

Tableb5.3 clearly demonstrates the pomminance of threenote PTdecause for ahe PTD/Period
combinations, threenote PToccupy he majority of the20 highest rankingositions In fact, all the

20 highest ranking position-RTs and AIPTsacross althe periodsconsist of three notes

The prelominance of threenote PTsanbe expected for two main reasons:irstly, trere are more
three-note PTls geeratedbecause there are more potential combinations of three notes within a
compositionthan any other length dPTI (apart from twenote PTIsvhich are not being considered
as part of this study). For examph melodic line that has eleven notes Wwdlveonly one eleven
note PTI compared to nine thremote PTIs Secondly, there are fewer possible combinatiofhs
notes in a threenote PT For example, a thremote pattern will have 12x12x12 possible
combinations whereas a fourote pattern will havel2x12x12x12 possible combinations of notes
(disregarding octave variatns and enharmonic equivalents). The combinatiothefe being far
more potential threenote PTIs together witfewer possible cominations of notes within three
note PTsneans that ach potential threenote PThas a higher probability of occurring mulgpl
times than longefength PTs. This results in thraete PTs having a greater chance of prominence

in the top ranking positions than their longkamgth counterparts.

Table5.3 also shows a difference in the predominance of threxe PTs in the 20 highest ranking
positionsbetween theabsolute pitch value and the relative intervallic value PTDs. As noted, the
absolute pitch value PTRse completelydominatedby three-note PTs in the 20 highest ranking
positionsfor all periods, whereathe relative intervallic value PTRge not (although there is an
increase in the number of threrote PTs making the 20 highest ranking positions across the
periods) As withthe general predominance of thresote PTsthis is to be expected because there
are fewer combinations of threaote reltive intervallic value than absolute pitch valuesPTor
example, withthe APT and ABPTthere is a distinction between three copsutive Gs and three

consecutive As, whereas withPT and RIPTthere is no such distinction
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5.5 Relative Frequency Rankings

To counteratthe effect of shorter PTisavingboth a greater number of PTésd a smaller number

of potential conbinations of notesthe ranking positionsvere recalculated to use a relative

frequency figure rather than an actual frequency figure. The new calculation involved deitegmin

the frequency of each PT (using the number of PTls multiplied by the number of movements in

whichthe PT appears)3Z v ]A] JvP §Z ]v ]JA] p o Wd[* (E <p v C (JPUE C &z
for the appropriate PTL, multiplied by the total number of movements. ThereforeachPTLand

for eachPT generategdthe frequency calculation was
1L /L
H

—_—

A1L AL

where Opis thetotal number of times a PT occuasd Mp is the number omovements in which the

PT was used.

For example, if a threaote PToccurs 22 times across 2 movements and the total number of all
three-note PTIds 1,000 across 20 movements, then the pattéype will havea relative frequency
of 0.0022, i.e.

tt
sdrr

t
H— L rartt
tr

Likewisejf a four notePToccurs 21 times across 2 movements and the total number ofriote

PTds 900 across 20 movements, then thettern type will have a relative frequency of 0.0043.

ts t .
— H— L rértu
{rr tr

Forthesetwo examples, the founote PTunder theoriginalranking system would appear with a
lower rankingposition than the threenote PT but under the new ranking stem their positions
would bereversed. Table5.4 shows he number of threenote PTs within the 20 highest ranking

positionsusing the new relative frequency algorithm

Period
PTD 1 2 3 4 5
A-PT 20 20 20 20 20
ADPT 20 20 20 20 20
RPT 16 16 18 19 18
RDPT 15 16 16 19 17

Table5.4: Number of threenote PTs in the 20 highesanking positionsusing the relative frequencylgorithm
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Table5.4 shows that the recalcation d the ranking positionsising relative frequencies has had no
significant effect on the p@ominance of threenote PTs in th@0 highest ranking positionsFor
example, just likdable5.3, both A-PTs and APTsare completelydominated by threenote PTs in
the 20 highest ranking positiorfr all periods. Likewise, tHfegures for RPTs and RIPTs are very

similar toTable5.3, with a maximum difference between comparablgpearancdigures of 2.

The fat that the using thenew relative frequency calculation has had such a minimal effect is
surprising. This is beasethe calculations earlier in this section on hypothetical thraad four

note PTshow how it is possible for a fomote PT to rise abova threenote PT in the ranking
positions. To help investigate why there is not a great deal of difference in the 20 highest ranking
positions when using the new as opposed to the original frequency algarithbie5.5 shows the

total number ofPTIs for each PTisingA-PTgor each period.

Period

PTL 1 2 3 4 5

3 90,735 258,587 204,131 133,305 56,290
4 106,427 300,991 234,208 147,842 62,724
5 111,066 312,420 239,009 152,435 64,686
6 109,379 308,934 237,106 150,388 61,898
7 112,895 319,510 247,097 155,532 64,791
8 110,637 313,136 240,927 153,466 62,679
9 113,607 320,197 246,918 157,650 65,099
10 111,756 317,904 248,052 157,403 64,589
11 113,357 321,526 248,544 159,189 65,906

Table5.5: Total number of PTIs for each PTL usin§Ps

Table5.5 clearly shows thaffor all periods, there are more fourote than threenote PTIsisingA-
PTs This is counteintuitive to the statement irSection5.4 abovehat there should be more three
note than fournote PTIs Howeverjt must be remembered that théiguresin Table5.5 do not
show all the possiblBTIs Ths is due, firstly, to all PTisat begin or end witha rest being reraved
(seeSectiond.6.6 abovg and secondlybecause of the deluplication proess that removed PTls

that are duplicated when there is a repeated group of nge=eSections.3 abové.

There is also a potial problem in usinghe relative frequency calculation. When calculating the
absolut frequency of a pattern L LH /L), the figure for the number ofi PTlgs far greater than

the figure for the number of movementa which a PT occurs (i.e., the Kefind figure in the

134



Abbreviations

PT: Pattern Type PTL: Pattern Type Length PTD: Pattern Type Descriptor  PTI: Pattern Type Instance
A-PT: Absolute Pitch Values without Duration ADPT: Absolute Pitch Values with Relative Durations
R-PT: Relative Intervallic Values without Durations RDPT: Relative Intervallic Values with Relaiugations

calculation igyreaterthan the righthand figure) For exenple, the top ranking positiothree-note
A-PTin period 1has 7624nstancesacross 60 movemen{s.e., y xtH x . This gives the number of
PTlsa far greater weighting, especially when considering that there is a relaswedyl number of

movements (442) compared to a large number &fd77,834,928or A-PTs across all perigds
£ a
AU/E

However, when using the relaévrequency calculationﬁé H gthe weightingsetween the
U

figures for PTls and movemeragse revergd, in that the movement figureill be far greater than

the PTI figure (i.e. the leftand figure in the calculation is nasmallerthan the righthand figure)

For examp, using the previous highest ranking positibree-note A-PTin periodl example, the
figure for the relative frequency ¢¥Tlds 762 (the number dPTIof this specifid®Tin period 1)

divided by 90,735 (the total number of afiree-note PTIs in period 1), resulting in a figure of 0.0084
whereas the figure for the frequency of the movements is 60 (the total nurabarovements in
whichthe PToccurs withinperiod 1) divided by 440 (the total number of possible movemants
whichthe PT can occur), resulting a figure of 0.1364. This means the figure for movements in this
example has gone from being substantially smaltenpared to the PTI figug62 for thePTlIfigure
against 60 for the movement figure) to being substangiddirger (0.0084 for th@TIfigure against

0.1364 for the movement figure).

Investigating the actualdures for some of the highest ranking position PTs may help to determine if
this issueof the weighting between the number &fTisand the number of moamentsin which PTs
occuris a significant problemTable5.6 shows the figures for the ten highettree-note A-PTs in

period 1,and Table5.7 shows the same for founote A-PTs

Ranlng Position N°of PTls N°of Movements Absolute Relative
Frequency Frequency
1 762 60 45,720 0.001145
2 586 75 43,950 0.001101
3 532 82 43,624 0.001093
4 710 59 41,890 0.001049
5 655 63 41,265 0.001034
6 658 61 40,138 0.001005
7 638 62 39,556 0.000991
8 668 58 38,744 0.00®70
9 645 58 37,410 0.000937
10 526 69 36,294 0.000909

Table5.6: Ten highestanking position threenote A-PTs for period 1
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Rankng Position Neof PTls N¢of Movements Absolute Relative
Frequency Frequeng
1 338 61 20,618 0.000440
2 337 60 20,220 0.000432
3 395 49 19,355 0.000413
4 285 65 18,525 0.000396
5 376 a7 17,672 0.000377
6 354 a7 16,638 0.000355
7 301 50 15,050 0.000321
8 299 48 14,352 0.000306
9 299 a7 14,053 0.000300
10 330 37 12,210 0.000261

Table5.7: Ten highestanking position fournote A-PTs for period 1

Table5.6 clearly shows that the nubrer of movements that a Raccurs in has a direct impact on the
ranking peitions. For example, the Panked ¥ (highlighted in grey) iffable5.6 occurs fewer
timesthanthat ranked &' (also highlighted in greybut the number of movementsach PT occurs

in issignificantly greater for th®T ranked &1, givingit a greater absoli¢ and relative frequency

than thatranked 4th.

When comparing able5.6 to Table5.7, it is noticeable that the figures for the number of PTls and
for the number of movements arenahe whole, greater for the threeaote than for the foumote
PTs. The figures for the number of PTIs and movements also result in values for both the absolute

and relative frequencies being greater for the thneete than for the foumnote PTs.

Becausehe comparison betwen three and fournote PTshows a clear difference in the number
of PTlsas well as in the number of movements, and because there is little difference highest
rankedPTsbetween using absolute anelative frequency figures @ must question whether
ranking the PTasing the relativdrequencyalgorithmis valid. Producing a relative frequency value
to compare different PTLs is comparable to the conceRalfitive Species Abundanedjich
concerns calculating how the populan numbers of different species can be compared within
different geographical locations. The complexities of the issues surrounding relative species
abundance have resulted in a number of different theories for the calculation, none of which has
become uiversally accepted(Verberk, 2012and (Volkov, et al., 2003) Consequentlythe ideaof
trying to determine a single meaningful figure for the distributafran individuaPTisbeyond the
swpe ofthis studyandwill not beinvestgated any further. Instead, the present studll revertto
justusing the absolutérequency ranking positions within each Rilhen comparing the ranking

positiors of PTs.
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5.6 Pattern Type Shape Property

Chapter 4 Sction4.6.7, provides an explanation for how the Bifch shape property wasalculated
(it shows the overall direction of the movement between notes). Saote PTgroduce a shape
property of Z apd this shape has been showmhave an effect onhie ranking positions, as shown
in Sectiorb.2 Howeve, there are many other P§hape properties identifiedhat need to be
investigated in term®f their effect on the ranking positionsrable5.8 shows the number of each

PT shape property within the 20 highest ranking positfoee-note PTs

Shape Period

PTD Property" 1 2 3

A-PT D 12 12
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Table5.8: Numberof each shape property for th20 highest ranking position threenote PTs

X An explanation of the shape properties is provided in Sectidnt
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Tableb5.8 confirms thd, after de-duplication, samenote PTs are no longer dominant (i.e., most
frequent) within the 20 highest ranking positions for threete PTs Infact, for APTs and APTs,
the dominant (i.e., most frequenghape property is now a unidirectional downsgdgrogression
(shownin Exampleb.6) across the first four periodsHowever, foR-PTs and RPTSs, there is no

particularly dominanshape propety across any of the periods.

0

tﬁ’kb

Exampleb.6: Top-ranked threenote pattern type with a shape property ofB [in period 1within the dataset

There arealso a higher numberfaifferent shape properties for-RTs and RBPTs (nine in total)
than for APTs and AIPTs (five in total) in the 2ddhest ranking position threaote PTs This
difference between th@bsolute pitch value and the relative intervallic value Pd@dapsbeexplained
by the fact that the relative intervallic PTDs encompassve different absolute pitch value PTDs.
For exanple, a pattern of three notes thatses through the first three notes of a major scale can
appear as a number of separd®d sunder theabsolute pitch value PTDgcause each major scale
will count as a differenPT. However, the same pattern véppea as only ond>Tunder therelative

intervallic value PTOzecause the intervals arbé same regardless of they.

Table5.8 showsthe shapeproperty for threenote PTdut there are a limited number of shape
properties that can bgenerated for threenotes. This ibecause there can only be a maxim of
two changes in the direction between pitches for threaete PTs. However, a longiength PT will
have a greater number of possible changes in direction: for example, seven and-etde PT<an
have up tosixand tenchanges in directionespectively Table5.9 shows the shape propertider a

longerlength PT (seven notes) in the 20 highest ranking positions
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PTD Shape Period

Property 1 2 3 4

DUDU - - - -

DUDUD - - -

DUDUDU

S

SD

SU

SUS

RPN Rw A
1

1 1

2 1

SDS 8 4
1 1

6 2

3

U -

ubuUD - - -

ubDUDU - - -

1
NN

UubuUDUD - - -

IS

) 1 1 -

Table5.9: Numberof each shape propertyor the 20highestranking positionsevennote PTs

Table5.9 shows that for sevemote PTsthe samenote shape property foA-PTs and AIPTS
becomes more prevalentyith a reduction in the unidirectioal downwardprogressiordominance
compared with threenote PTsTable5.8). However, the othefindings of the threeand sevemote
PTshape properties arsimilar. For example, theie a greater diversity of shape properties Rr
PTs and RPTs than for #Ts and AIPTs andthere are no dominant shape propertiésr RPTs
and RBPTs

When looking at the data iflable5.8 and Table5.9 for all four PTDsthe unidirectional shape
propetties of D, S and U asanole seem to dominateTableb.9 gives the frequency of PWigth a
unidirectional shape property within the 20 highest ranking positions for threeven and eleven

note PTawithin the dataset.

Table5.10shows thatfor three-note APTs and APTShere is apreponderance of unidirectional
shape properties However, he unidirectional downwargrogression threenote PTare clearly
declining in number over the periodConverselythe unidirectional upwardgrogression PTare
clearly increasing in numbeicross the periods. ofthe three-note RPTs and RPTsa marked
decrease ireither theunidirectional dwnward or upward progressions is not evident. When
looking at the sevemote PTs, APTs and AIPTs show a preponderance of samate PTs, whereas
for RPTs and RPTs no unidirectional movement type is dominaftinally, the elevenote PTsare
dominated bythe samenote shape property across all four PTDs, although fBTR andRDPTs the

figures are small considering they are out of a total of 20 ranking positions.
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Period

PTL PD Shape 1 2 3 4 5

3 A-PT D 12 12 9 9 6

S 6 4 5 5 -

U - 1 5 4 8

ADPT D 11 11 10 7 5

S 7 6 5 6 -

U 1 1 4 5 9

RPT D 4 3 3 3 4

S 1 1 1 1 1

U 3 3 3 4 4

RDPT D 4 3 3 3 4

S 1 1 1 1 1

U 3 3 3 4 4

7 A-PT D 4 10 3 - -
S 9 10 11 18 10

U - - 5 - 3

ADPT D - 10 5 - -

S 10 10 11 13 6

U - - 7 1 3

RPT D 4 7 5 - 1

S 1 2 2 6 7

U - 3 2 - 4

RDPT D - 7 7 2 -

S 1 1 1 3 2

U - 3 4 1 4

11 A-PT D - 1 1 - -
S 9 10 12 17 14

U - - - - 4

ADPT D - - - - -
S 10 10 11 13 12

U - - - - 2

RPT D - 1 - - -

S 1 1 1 4 6

U - - - - -

RDPT D - - - - -

S 2 1 1 2 3

U - - - - -

Table5.10: Number of each unidirectional shape propertgr the 20 highest ranking position thregseven and eleven
note PTs

The fact that sam@ote PTs seem to become more predominant wirgreasing thé®?TLsuggests
that the de-duplication process has a greater effectshorterlength patterns than on their longer
length counterparts. This accords witte de-duplication methodologyin that seven consecutive

noteson the same pitch would originally hageneratedfive three-note patterns and only one
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sevennote pattern, whereas after the dduplication process the same seveate patern would

still generate one sevenote pattern butonly onethree-note pattern (see Sectiob.3).

5.7 Summary

The inital observations havehown that there is a predominance of threete, samenote PTs in
the 20 highest ranking positiondHowever, whilst th@redominance of threenote PTss spread
across all the perits, it is not as marked in thénal period. After the de-duplication processthe
numberof three-note samenote PTs in the 20 highest ranking positissxeduced. However,
Section5.6shows that this reduction isot as markedvhen lookng at the longeflength APTs and
ADPTs

To compensate for the dominance of threete PTsan attempt was made to relativeézhe different
PTIls by creating ainglevalue for the rehtive frequency of each RBmpared to other length PTs
Unfortunately, this illustrated the complexities invelin creating a meaningful figure that would
show the distribution of PTlacrossall PTLs As sah, it was decided tcompareonly PT®f the

same length.

Finally, the PT shape property was investigated. This found that for-tioeeAPTs and APTs
there is a decrease in the frequency of the unidirectional downward progression and an increase in
the unidirectional upward progression shape properties across the periods. However, this is not the
case for the severand elevemote PTs, where for the ajority of PTD/period combinations the

samenote PT is predominant

Given that the initial observations highlight that there are some changes taking place across the
periods, particularly in the PT shape property, it must be asked whether these changke egsult
of the evolutionary processes of selection, replication and variation, and subsequently do they

provide evidence to suppothe concept of memes in music.
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Part Ill  Analysis

6 Chapter 6: Evolutionary Processes

6.1 Introduction

Thepattern with the highestranking positiorin period 1(i.e., the pattern with the most occurrences
in the most movementsks three consecutive Gsthe same octavewhen using the absolute pitch
values of the notes In fact all the periods havén their highestranking positiona pattern that
consists of three consecutive notes the same, whether looking at absolute pitch values or relative
intervallic values, whiter includingthe durational value of the notesr not. Howeverthe three Gs
from period 1 do not remaiin the highestranking position across all five periods. periods 2 and
3they dg, but in period 4 the pattern drops through the ranking positionst@Bce and in period 5
drops further to 1&' place. Therefore, the pattern of three Gzecomedess frequent through the
periods in relation to other patternsand consequentlit can be argued that is being selected and
replicatedfewer timesacross the periodsAdditionally, there isa different hree-note pattern
consisting of consecutiveotesthe same (three Dsyyhichcould be considered a variant tifree Gs,
appearing in thénighestranking positiorfor periods 4 and 5. But does this movement through the
ranking positions of the three G®gether with apossiblevariant pattern of three Deeplacing the

three Gs in thénighestranking paition, make the three Gs a meme in music?

As arguedri Chapter2, for memes to exighey need to display the evolutiany procesgsof
selection, replication and variation, as well as exhibitrdyglicata properties of longevity, fecundity
and copyingfidelity. If it is accepted that a pattern in music is a reasonable unit of informatind
that a meme can be a unit of informatipthen patterns in music should show teeolutionary
processess well & exhibit thereplicatorproperties. The methodology outlined iRart lliresults in a
series of ranking positits for patternan musicbased upon thdrequencyof their occurrences
within the dataset across the periods. It is these ranking positiortsatteaexplored in this chapter
to investigate whether there is any evidence fatterns in music displaying the evolutionary

processes of selection, replication and variation.

Selection and replicatioare investigated togethewhen analysing the rankingpsitions since

selection is a moderating force on replicatioisargued that if som@atterns areconsistently at
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the top of the ranking positionshey arebeing used more frequently than those patterns at the
bottom of the ranking positions, anduosequentlythe formerare being selected and replicated
more widely tharthe later. Additionally, if patterns amonsistentlyprogressing upwardrough

the ranking positionghose patterrs are showing signs dfeing selected and replicated an

increasng number of times across the periods. Likewise, the opposite is true for patterns
consistently progressing downwards through the ranking positions. Some of the patterns that show
either a consistent progression upwards or downwards through the rargasgionsare then

sampled tanvestigate the various scenarios in which the patterns appéhais further investigation
showsthat the patterns could appear in a number of different structural places within a quartet (in
expositions, in codas, in trio cions,aspart of cadencesetc.), in any of the instrumental parts, and
in a number of different scenarios (such as parthef melodic interest, part of an accompaniment

figure, part of a baskne, part of a sequence, part of a parallel passag®veeninstruments etc.).

Evidence for variatiois explored using the similarity algorithm explathin Sectior3.3 above
Firstly, an investigatiois made into the effectiveness of the similarity algorithm used. This
investigaton highlighs thedifficult nature ofdefining similarityand showsoth the positive and
negativeaspectf the algorithm in that iprovidesboth possible and improbableonnections
between patterns. The next stage invedtaking patterns that firsappeared in period 3, seeing if
those patterns progressed upwards downwards through the subsequent periods, and finding

possibleconnections with patterns frorthe previous two periods.

The investigations finthat there are somenew patternsin period3 that, through the ranking

positions provideevidenceof selection and replication. However, the numbers of patterns involved
isextremely small compared to the total number of patterns within the dataset. Likewise, some
evidenceisfound forconnectimsbetweenthe newpatternsin period 3 and some patterns in the

earlier periodsbut the similarity algorithms not completely effective.

6.2 Selection and Replication

A composer'svorksare shaped byis or hersplace in historythe composercreatesworksthat
accord witha progression from the paghrough the present, and leat the future. In order to
achievethis, a composer igither intentionally or unintentionallydelecting and replicating
elements from thepastto fit into a present context Part of this process could be the selectamd

replication of patterns in musithat the composer has heard and believes work as pahnibr her
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own compositional style or as part of an individual composition. In other words, the composer is

selectingand replicating materigberceivel to be relevant to their own work.

WhenPTsare selected and nglicated by composersomeshould gain mor@rominence in the
rankingpositions across the periodsThis ibecause thos®Tghat areused by composensore
frequentlyacross timewill, selfevidently,gain a higher rankingositionacross the periods than
thosePTghat are not Additionally, it should also beogsible to see some Blisappearing from
the ranking psitions in the later periods they are no longer being selecteaind replicated. There
should also bé&Tghat appear in the ranking positis in only one or two periodbecausenew PTs
are not necessarilgelected and replicated. Howevélng movement of the P within the ranking

positionsacross the periods is nbly itselfconclusiveevidence for selection and replication

Jan points outhat Ut]Hose memes that have the greatest perceptaagnitive salience will tend to

be the most widely propagated in the meme pool, to the disadvantgdq $Z}s o0 ¢ ¢ 0] vS (}Eu-]
(2007, p. 229X ,}A A EU 3Z]* & ]+ » §Z «u *38]}v }( AZ-Godpifides U u Z% E
e 0] v FpkMexample, th&@Tin Exampleb.1 hasarguablybeenselectedandreplicatedwidely (it is

a topranked PT)but does the Piave anydefining Z G 3§ E]+3] » §Z § PléognitveZ % E %o
0] v [M /(82 §2%a8ofanadcodpaniment figure, themwouldthe pattern type have

anymoreor lessZ% E -%BM]8]A -« o] ifth¢ySEraatthe start of both the first and

second subject of a sonatarm movemen®

It could be argad that because the R3f three Ds is at the top of the raimg positionghen it
automatically hasZ % & -66Bu]8]A - diievo the fact that it has been widely selected
and replicated across compasits. However, the Pdf three Ds coul@gimplybe a useful tool in the
tu% }e E[- Yaribcalid be that itis part of the basic fundamentals of congitbion and will
therefore be found widely across compositionsgardless of their chronology ] X XU  vv §8[e Z'}}
d E 1165, pp. 7778)).

Additionally, there is the issue afthethera composer had knowledgs a particular Pbefore
incorporating it into a compositionFor example, hasomposerX used & Twith or without any
knowledge that composer Y has already usedHt®vever, just becaussomposer Xnight not have
anyknowledge ottomposer Yoes not neessarily mean that there is no link between the two
composers For example, it could be that botlomposer X and ieard thePTfrom a composition
by composer ZUnfortunately, stemmatlike investigations into the connections between different

composers ee beyond the scope dhe present research
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What can be investigated is the movement between ranking positibtise PTscrosshe periods
This movement can then hesed to show if any RTare becoming more, or less, dominant across

time, helping to povide evidence fopossibleselecton and replication

Another aspect that can be investigated is the type ohsac®s in which the PTappear. For

examplejt could be thatthose P that progress upwards through the ranking positiansused in
similar scenariosywhereasthose that progress downwardse used indiffering scenarios. If this is
the case it would show that thieinction of the PTswithin the musichas an impact oselection and

replication.

6.2.1 Exploring Selection and Replication within th e Dataset

To explore each PPsogressia through the ranking positiong calculatiorwas made as to how
many times eaclPTmoved upwardsdownwards or stayed in the same ranking positibatween
consecutive periog either with or without appearing inhe appropriatefirst or last period

according to their progression directipasshownin Table6.1.

ConsistentJpwards Progression ConsistenDownwards Progression
With Appearance| With Appearance in| With Appearance| With Appearance in
PTD in All Periods Periods 2 t Only in All Periods Periods 1 to 4 Only
A-PT 44 5,188 30 46
ADPT 20 2,911 17 28
RPT 53 5,180 54 36
RDPT 36 3,333 73 43

Table6.1: Number of PE consistently progresing upwards or downwards through the ranking positions across the
periods

The figures imMable6.1 show that for alfour PTDs there are some BThat consistently progress
either upwards or downwards through the ranking positi@atsoss the periodsHowever, these
figures areextremely small when compared the total number of PTs for eaciB. For example,
there areover fou million APTs making the percentage figafor the number of PSthat
consistently progress wypards throughthe ranking positions across the periods (44) equal to
0.001%.Even thenighestnumberwithin Table6.1 of PB (5,18) producesa smallpercentage figure
(0.124%) when compared the total number of P3 for the appropriatd®TD (greater thanfour

million).
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Table6.1 also showshat for all thePTDsthere are agreaternumber of P$ that c not appear in
period land then consistently progress upwards through the ranking positions across the periods
thanthe number ofPTsdoing the opposite, i.eprogressing downwards through the ranking
positions and not appearing in period 5'his would suggest that, compalrto the number of P&

that consistently progress upwards through the ranking positions aalbgse periods, there are a
larger numbetrof PTE that were not usedby composers in period, but were then used in period,2

and then gained more poparity during subsequent periodsHowever, the revese is not true, in

that there are noigreater numbes of P& that completely falbut of use inperiod5 having

consistently progressed downwards through the ranking positions during the previous four periods.

The dataset alsdh®ws that there are Pslthat are not used in all five period$able6.2 shows the

number of P$ according tethe number ofperiodsin which each Pappeas.

Number of Periods in which eaBITAppears (with % of all PTs

In Only Oneout of In OnlyTwo InOnlyThree | InOnlyFour In All Five
PTD Five out of Five out of Five out of Five
A-PT 3,906,786| 93.5%| 170,300| 4.1% | 55,570| 1.3%| 28,433| 0.7% | 16,162 | 0.4%
ADPT 4,952,734| 96.6%| 113,375| 2.2%| 35,280| 0.7%| 16,566| 0.3% | 8,406 | 0.2%
RPT 2,802,562| 91.9%| 152,376| 5.0% | 51,227| 1.7%| 25,925| 0.9% | 16,590| 0.5%
RDPT 3,967,525| 96.0% | 104,786| 2.5% | 33,577| 0.8% | 15,937 | 0.4%| 9,045 | 0.2%

Table6.2: Number of P§ appearing in one omore periods

Table6.2 shows tha, for all PIDs, the overwhelmingnajority of PE appearn only one out ofthe

five periods. For example, thePTs show that 93.5% of Pafgpear in only one period and only
0.4% appear in all five periodgadditionally, Table6.2 alsoshows that for allfour PTDs, there is a
inversecorrelation baween the number of PSappearing in either one, two, three, four or five
periods, and the number of periodis which P§ appeatr; i.e., there afewer PE appearing in all
five periods than in four out of\fe periods, and there arewer appeaing in four out of five periods

than in threeout of five periodsetc.

Section5.2showed how threenote PE dominated the ranking tables when comparing frequencies
of different PTk. This implies that length has an effect oa frequenciesvith whichindividual P$
are used by composerdoes this affect bw different PT& behave according to the number of
periods they appear in and how they progress through the ranking positionssatite periods?

That isdo all PT& have aelatively small number of Blconsistently progressing ward or

downward throughthe ranking posibns, do all PR .have an overwhelming majority BfT's
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appearing in just one perigénd do all PBE.have a relatiig small number of PTeppearing in all

five periods, across dlbur PTDS? Table6.3 is similar toTable6.1 in that it shows the number of BT

consistently progressing upwardsdownwards through theanking positions across periqdsut

herethe dataisorganized according tBTL

ConsistentJpwards Progression ConsistenDownwards Progression
With Appearance
With Appearance| in Periods 2to 5 | With Appearance| With Appearance in
PTD PTL in All Periods Only in All Periods Periods 1 to 4 Only|
A-PT 3 18 824 7 2
4 11 1,728 5 4
5 8 1,247 14 1
6 4 600 3 4
7 2 364 1 7
8 - 173 - 5
9 1 120 - 10
10 - 80 - 5
11 - 53 - 8
ADPT| 3 12 1,032 6 2
4 5 876 7 8
5 2 477 4 7
6 1 242 - 3
7 - 142 - 5
8 - 63 - 2
9 - 33 - 1
10 - 29 - -
11 - 17 - -
RPT 3 14 5 20 2
4 14 804 9 3
5 9 1,450 9 3
6 3 1,151 5 5
7 3 652 3 4
8 1 435 1 3
9 2 313 3 6
10 4 217 1 5
11 3 153 3 5
RDPT | 3 11 617 12 7
4 8 904 14 7
5 5 604 13 4
6 5 401 11 6
7 1 300 8 4
8 1 204 6 4
9 2 139 4 5
10 2 100 1 2
11 1 64 4 4

Table6.3: Number of P$ consistently progressing upwards or downwards through the ranking positions across the

periodsorganised byPTL
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Whilethe majority of the figuresn Table6.3 for PTs progressing upwards or downwaags too
small to be meaningfubn the wholethey accord with the findings frm Table6.1, in that theyare
relatively small comparedith the overall number of PTsSmilarly, the column with the largest
valuesare for those P3that do not appear in period but then consistently progress upwards

through the ranking positions acreperiods from period @nwards.

There is however,an interesting quirkn the figures for PF that b not appear in period but then
consistently progress upwards through the ranking positions across peribisrot always the
three-note P that have the largest numbef B following this trend. For examplbe four-note
A-PTs ad RBPTSs, and the fivaote RPTs are thenost frequentPTsfollowing this upward trend. In
fact, only five threenote RPTsdo not appear in period &nd then progress upwards through the

ranking positions across periods compaweith 1,450 fivenote R-PTs

DividingTable6.1 according to PHErevealed some significadifferences between the different
lengths. Furthesignificantresults are produced whedividingTable6.2 according toPTL.asshown

in Table6.4 below.

Table6.4 showsthat not all PT&produce the same resul&sthe dataas a wholgseeTable6.2).
Thereisa distinction betwen how the shorter and longdength PTs behave thin Table6.4. For
example, when lodkg at the data for Pas a whole, there isrdnversecorrelation between the
number ofPTsappearing in only one, two, three, four or five periods, and the number of periods
involved i.e., agthe number of periods increases, the number of PTs decreadesvever, this is not
always the case whenking into account specific PTLBSor examplethe three-note APTs, PTs

and RBPTs, and the founote RPTsdo not follow this correlation.

Also, the percentage of BTthat appear in all five parils compared to all BTwithin thatPTD

changes significantlgccoding to PTL For example, the percentage figure foree-note APTs

appearing in all five periods is 16689compared to thequivalentpercentage figure forlevennote

PTs of 0.%. This difference between PTLs shows a correlation between the PTL and the percentage
figure of PTs appearing in all five periods, with the longer PTLs having a smaller percentage figure.
Thedifference betwea the shorterand longePTLss truefor all four PTDsalthough for theADPTs

and RBPTghe difference in the percentage figures between thaad elevennote PTLds smaller

(3.3 and 6.4ercentage points respectively) than #&wPTs and Ts (16.91ad 34.5 percentage

points respectively) in percentagmint terms.
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Another point to make regardingable6.4 is thatit is not always the thre@mote PTLghat have the
greatest abslute frequency of PTappeaingin all five periods.For examplethe four-note APTSs,
RPTs and RPTs all have a greater absolute frequency figure for PTs appearing in all five periods
than their threenote counterparts Howeverthe three-note PE have the greatest percentage

figureof PTs appearing il five periodgor allfour PTDs

Number of Pdods in which each PAppears (with % of all BY
In Only One out| In Only Two out| In Only Three| In Only Four| In All Five
PID | PTL of Five of Five out of Five out of Five

APT | 3 8,183 | 44.9%| 3,029 | 16.6% | 1,961 | 10.8%| 1,956| 10.7%| 3,086 | 16.9%
4 59,933 | 59.2%| 17,613 | 17.4% | 10,227| 10.1%| 7,685| 7.6% | 5,747 | 5.7%
5 201,559| 75.6%| 38,160| 14.3%| 15,514| 5.8% | 7,816| 2.9% | 3,559 | 1.3%
6 379,234| 87.4%| 37,600 8.7% | 10,753| 2.5% | 4,361| 1.0% | 1,774 | 0.4%
7
8
9

525,268 | 93.1%| 28,436| 5.0% | 6,948 | 1.2% | 2,769| 0.5% | 1,003 | 0.2%
606,717 | 96.2%| 17,888| 2.8% | 4,092 | 0.6% | 1,570| 0.2% | 460 | 0.1%
675,490| 97.6%| 12,723| 1.8% | 2,817 | 0.4% | 1,041| 0.2% | 265 | 0.0%
10 | 709,142| 98.4%| 8,532 | 1.2% | 1,833 | 0.3% | 705 | 0.1% | 155 | 0.0%
11 | 741,260| 98.9%| 6,319 | 0.8% | 1,425 | 0.2% | 530 | 0.1% | 113 | 0.0%

AD |3 78,841 | 72.5%| 14,669 13.5% | 7,068 | 6.5% | 4,519| 4.2% | 3,607 | 3.3%
PT 14 | 290,362| 86.6%| 28,237| 8.4% | 9,725 | 2.9% | 4,694| 1.4% | 2,390| 0.7%
5 | 462,302| 93.2%| 23,081| 4.7% | 6,510 | 1.3% | 2,725| 0.5% | 1,260| 0.3%
6 | 564,334| 96.5%| 14,832| 2.5% | 3,706 | 0.6% | 1,597 | 0.3% | 623 | 0.1%
7 | 645,970| 97.7%]| 11,079 1.7% | 2,896 | 0.4% | 1,226| 0.2% | 295 | 0.0%
8 | 677,574| 98.5%| 7,551 | 1.1% | 1,958 | 0.3% | 754 | 0.1% | 113 | 0.0%
9 | 724,403| 98.9%| 6,041 | 0.8% | 1,474 | 0.2% | 483 | 0.1% | 56 | 0.0%
10 | 742,173] 99.2%| 4,368 | 0.6% | 1,077 | 0.1% | 328 | 0.0% | 30 | 0.0%
11 | 766,775| 99.4%| 3,517 | 0.5% | 866 | 0.1% | 240 | 0.0% | 32 | 0.0%
RPT | 3 544 | 28.7%| 289 | 15.2%| 204 |10.7%| 207 | 10.9%| 654 | 34.5%
4 8,266 | 43.1%| 3,151 | 16.4%| 2,209 | 11.5%| 2,168 | 11.3%| 3,405 | 17.7%
5 54,319 | 59.5%| 16,286| 17.8% | 9,251 | 10.1%| 6,513| 7.1% | 4,938 5.4%
6 | 174,438| 76.1%| 32,468| 14.2% | 12,699| 5.5% | 6,362 | 2.8% | 3,108 | 1.4%
7 | 327,473| 86.8%| 33,268| 8.8% | 10,439| 2.8% | 4,385| 1.2% | 1,892| 0.5%
8 | 448,209| 92.6%| 25,427| 5.3% | 6,569 | 1.4% | 2,494| 0.5% | 1,084| 0.2%
9 | 541,846| 95.4%)| 18,941| 3.3% | 4,553 | 0.8% | 1,719| 0.3% | 768 | 0.1%
10 | 600,407| 97.2%| 12914 | 2.1% | 3,063 | 0.5% | 1,185| 0.2% | 441 | 0.1%
11 | 647,060| 98.0%| 9,632 | 1.5% | 2,240 | 0.3% | 892 | 0.1% | 300 | 0.0%
RD 22,458 | 63.8%| 5,475 | 15.6% | 2,894 | 8.2% | 2,118| 6.0% | 2,256 | 6.4%
PT 143,217| 80.3%| 20,018 11.2% | 7,955 | 4.5% | 4,413| 2.5% | 2,854 | 1.6%

3

4

5 302,391| 89.7%| 22,282| 6.6% | 7,400 | 2.2% | 3,326| 1.0% | 1,626 | 0.5%
6 427,180| 94.6%| 16,953| 3.8% | 4,754 | 1.1% | 1,940| 0.4% | 803 | 0.2%
>

8

9

522,087| 96.5%| 13,166 2.4% | 3,518 | 0.7% | 1,364 | 0.3% | 621 | 0.1%
573,709| 97.8%| 8,970 | 1.5% | 2,370 | 0.4% | 974 | 0.2% | 383 | 0.1%
628,712 98.4%| 7,478 | 1.2% | 1,968 | 0.3% | 796 | 0.1% | 250 | 0.0%
10 | 657,849| 98.8%| 5,756 | 0.9% | 1,497 | 0.2% | 568 | 0.1% | 143 | 0.0%
11 | 689,922| 99.1%| 4,688 | 0.7% | 1,221 | 0.2% | 438 | 0.1% | 109 | 0.0%

Table6.4: Number of PE appearing in one omore periodsorganised byPTL
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It can be argued that both the progression tabl&alfle6.1 and Table6.3) and theperiod
appearance tablesT@ble6.2 and Table6.4) show evidence for selectiomd replication. Table6.1
andTable6.3 show thatsome P¥ (albeit a relatively small number comparedhe total number of
PTs) either show eonsistenly upwards or downwards progression through the rankingipons
across the periods. This would bensonantwith the hypothesis of BIbeing selected and
replicated, with those P§ progressing upwards through the ranking positions being selected and
replicated more widelghan other PTsaicrosghe periods, ad those P$ progressing downwards
through the ranking positions being replicated and selected fewer titm@s other PTsicross the
periods. However, the small numbers involved comparedhéototal number of PTdoes call into

guestion thesignificanceof these P$ as evidence of selection and rieption.

The small number d?Tsconsistently progressing upwards or downwards through the ranking
positions could be a result of the methodology. As explain&kitiord4.6.6 all posible patterns
from the dataset were generated to accondth the working definition of a meme in music. Tid
have generated patternthat cross the boundaries of what a composeightconsider a paern in
music (such as phrasinigarlines, restsetc.). Therefore, the methodology may have generated a
significant number of pattera that, musicallymay not bevalid. For example, a pattern that consists
of the last three notes of the Minuet section and the first three notes of the Trio sectiondrom
Minuet and Trio movement will be treated as a-Bbte pattern by the pattern generation algorithm.
Consequentlytheseextra patternsgenerated will affecthe ratio between the numbeof PB that
continuously progress upwards of downwards through itueking positions anche total number of

PTs

Table6.2 and Table6.4 also show evidence for selection and replicatiohe fact that there are P§
that only appear in one period onsistentwith the argunent that thesePTs are being createbut

are notsubsequenthbeing selected and replicatedAgain, there is a préém with the numberof
PTsbhecause the werwhelming majorityonly appear in one periodith relatively fav appearing in
other periods Thsissuewith the small number oPT appearing in more than one period could also

be a result of the métodology generating pattesithat may potentially not beonsideredvalid

The fact thateachPTL can produddiffering resultscan also be interpreteds evidence to support
the hypothesis of selection and replication. The data shows that shBfteare being used more
frequently thantheir longer counterparts This could be a result shorterPTs being more

susceptible ¢ selection and replicatioawing totheir being more easilyecalled ancamalgamated
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into newcompositions Nevertheless, the numbgiof PE involveds again relatively small

compareal to the total number of PTs

6.2.2 Exploring Selection and Replication in the Music

This section inveigates the placement within the music of some of the PTs in order to ascertain
whether there is any link between the ranking positions and the context in which PTs appear. It
would, perhaps, be expected that PTs at the top of the ranking positions wppkhain similar

contexts, whereas PTs at the bottom of the ranking positions could be expected to occur in a variety
contexts. Therdore, a small number of randoexamples oPTIs are explored for their context

within the music.

Before investigating theontexts of the PTIs, it should be noted thadking at the datenmasse

will not always give an accurate picture of the behaviouP®éwithin the ranking positionacross

the periods when looking for evidence of selection and replication. For exaaplean progress
upwards(or downwards}hrough the ranking positions across the periods by moving either upwards
(or downwards) just one position between egahir of consecutive periogl This meanshat the PT

is actually staying in roughly the samesition across the periodmdis arguably not showing as
muchevidence forselection ad replication as anethat moves from the bottom to the top (or vice
versa)of the ranking positions across the periods. This is because the numB@kdaicreasegor
decreasesinore across the periods for BTthat progress through a large number of ranking

postions compared tdhosethat stay in roughly the samgosition.

Itisalso possible for a Rd show an upward (or downward) progression through the ragki

positions across the periods but to still remain towards the bottom of the ranking positions, meaning
that the PTis remaining relatively obscurdf a PTremainsat the bottom of the ranking positions,

then it is not being selected and repied as videly asonethat moves from the bttom to the top

of the ranking positiongbecausethe ranking positions are basgedf coursepn the number oPTs.

In order to overcome these problems of placement within the ranking positions wivestigating
PTswithin the music, it is necessaty filter out any PT¢hat do not progress very faprwhich
remain close to the bottom ahe ranking positionsTable6.5 showsthe total number of P§
consistently progressing either upwards or dovards through the ranking positions across the

periods, how many of them either start or etttakir progression within th&0 highestranking
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positions depending on the direction of progression, how many of them progress through at least

100 ranking positins between the first and last periods, and how many fit bibsecriteria.

Progression PTD Total Nof | N°Starting N° Progressing Ne Fitting Both
Direction PTs or Ending in| through at least 100 Criteria
Top 50 Ranking Positions
Upwards A-PT 44 13 37 6
ADPT 20 8 16 4
RPT 53 16 40 9
RDPT 36 17 30 12
Downwards A-PT 30 18 24 15
ADPT 17 10 12 6
RPT 54 24 33 8
RDPT 73 50 43 24

Table6.5: Number of P§ consistently progressing upwards or downves through the ranking positions acreshe
periods

Table6.5 shows hat the majority of PSinvestigated in the tabl@rogressa significant distance
through the ranking positions across the periods, and that there agbatantia number of P$ that
start or end (according to theirrpgression direction) in thB0 highestranking positions. This
indicates that most of the PsTdo not progress througbnly a smal number of ranking positionsor

do theyremain towards the bottom fbthe ranking positions.

Table6.6 displays the Pmoving through the greatest number of ranking positions across the
periodsfor each progressiodirection and D, whereasTable6.7 displayshe PTthat has he
highest rankingostion in either the first odast period depending on the progression directid?il's

that progress upwards arfeighlighted in greyand PTs that progress downwards aret highlighted

There are a couple of nax differences betweefMable6.6 and Table6.7 in terms of thePTL and
directional movement of the PTinvolved. IMable6.6, the PE are on the wha shorter than those
in Table6.7. For example, all the P¥inTable6.6 are either three or four notes long, whereas in
Table6.7 the PTgange from three to eleven notes long. Likewise, the RilTable6.6, compared to
Table6.7, haveon the whole morealisjunctive movement For example,lbthe PTs imable6.7 have
a movement of either one or two semitonesthey stay on the same note, wheas those inrable
6.6 tend to make use of some larger intervals. However, when looking atutational aspect of
the PB, both tables show that sewm out of the eight PSthat include duration (i.eADPTs and RD

PT3 use the same length note throughout.
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PTD PT? Shape PTL Ranking Position within Period
Property 1 2 3 4 5
A-PT A/DOA1/DOG D 3 629 522 487 209 92
ADPT A:1/D0G+1:1/S0G+1: DS 3 449 394 237 228 77
RPT 0/U1/U3/D2 ub 4 805 667 592 439 173
RDPT 0:1/D4:1/U3:1 DU 3 550 527 359 167 113
A-PT G/DOE1/DOD D 3 124 359 392 415 421
ADPT G:1/S0G:1/S0G:2 S 3 137 190 226 352 369
RPT 0/D5/D3/D4 D 4 150 174 232 392 450
RDPT 0:1/D12:1/U5:1 DU 3 86 182 218 320 435

Table6.6: PBthat consistently progress upwardghighlighted in grey)or downwards through the ranking positions with
the largest difference in ranking positions beten the first and last periods

PID |PT? Shape PTL Ranking Position within Period
Property 1 2 3 4 5
A-PT | D/UOE/UOF/UOG U 4 82 44 15 10 1
AD-PT | D:1/UOE:1/UOF:1/U0G:1 U 4 79 46 19 11 1
RPT | 0/U2/U1 U 3 8 7 4 3 2
RDPT | 0:1/D1:1/U1:1/D1:1/U1:1 DuUDUDU | 10 105 85 52 6 2

/D1:1/U1:1/D1:1/U1:1/D1:1 | DUD

A-PT | C/SOC/SOC/SOC/SOC/SOC/S( S 5 8 48

ADPT | D:1/DOC:1/DOHL:1 D 11 17 22

RPT | 0/S0/S0/S0/S0/S0/D1/S0/S0 | SDS 11 12 130

0 OiwiN
NINOTN
|00 [(O| W

RDPT | 0:1/S0:1/S0:1/S0:1/U1:1/S0:1 SUS
S0:1/S0:1

9 55 103

Table6.7: PBthat consistently progress upwardgighlighted in grey)or downwards through the ranking positions with
the highest ranking position in ta relevant first or last period

The two tables also show that theredgithera large difference in the rankj positions of the BT
betweenperiod 1 andoeriod 5 without the PF making it into thénighestranking positions in the
appropriate first or last perid, or that the P start(or end)in the highestranking positions in the
appropriate first or last period but do naove significantlglown (or up) the ranking positions. For
example the upward progressing-RTin Table6.6 moves from ranking position 629 in period 1 to
ranking position 92 (out of 511 rankings) in period 5 and therefore does not e the top 10%
of ranking positions in period; 5vhereas theupward progressingRT inTable6.7 progresses to the

highestrankingpaosition in period 5 fronmanking position 82 (out of 747 rankings) in period 1.

Becawse P§ inTable6.6 compared tathose inTable6.7 show a greatedegree of movement

through the ranking positions across the periods, and shgweaterrange ofintervallicmovement

'2 An explanation of the PT encodingiwvided in Sectiod.4.4
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between the individuahotes they will be investigated furtheby looking at their musical context.
Examples.1 shows in standard music notatigrall éght PB fromTable6.6 with the RPT and RIPT

typesstarting onc?, with all the durations starting with a crotchet
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Exampleb.1: Examples of théTsin Table6.6

Before lookingat the locationof the patterrs in the music, it is important taletermine f the PB in
Examples.1 have a wide spread @fistancesacrass periodand composers and are not appearing in

Table6.6 simplybecause they are extremely frequent in a few compositiohable6.8 shows how
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manyPTtarein the dataset, hownany movements and compositioeach PT appears,iand how

many compaers have used each Rom Table6.6.

Number
Example Of Total | In Movements| In Compositions Of
Number | PTD PT PTE Composers
3.7i A-PT A/DOA1/DOG 349 130 66 18
3.7ii ADPT A:1/DOG+1:1/SB+ 332 103 63 18
1:1
3.7iii RPT 0/U1/U3/D2 251 97 62 18
3.7iv RDPT 0:1/D4:1/U3:1 300 96 63 18
3.7v A-PT G/DOE1/DOD 447 143 73 17
3.7vi ADPT G:1/S0G:1/S0G:2 366 125 74 14
3.7vii RPT 0/D5/D3/D4 656 182 92 14
3.7 viii RDPT 0:1/D12:1/U5:1 460 173 87 13

Table6.8: Number ofPTk of each PTfrom Table6.6

Table6.8 shows that each Pfiasa large spread d?Té across both compositions and composers
(thereare 111 pieces in total by 19 different compoger$herefore, the BsToccur in the majority of
compositions by the majority of composershis is interestingoecause a lower figure for the

number of composers would be expected. At the start (or,elegpending on progression direction)

of the PTp progressionit is relatively infrequent and should therefore appear in fewer
compositions, and consequently compos@rsrks, inappropriate theperiod. For upward
progressingPTs each appears in all but omemposerp work, indicating widespread use in all
periods. However, it should be remembered that there are only two compogetise first period

Haydn and Mozartincreasing the likelihood of the PTs appearing in all of the composers in the first

period, despite the small number of PTls

So far it has beearguedthat the PF inTable6.6 mayexhibitselection and replicatioon the
groundsthat they are either consistently moving upwards or downwards through the ranking
positiors across the periods, over a wide range of ranking positions, and over a wide range of
compositions and composers. This now raises the questiamefe and how these BRppear in
realcompositions Do they appear in expositions, in codas, in trio sasi,aspart of cadencesetc,,

in any of the instrumental partgnd are they a part of melodic interest, part of an accompaniment
figure, part of a basBne, part of a sequence, part of a parallel passage between instrunetats

The location withintie composition could show if the scenarios of PTIs have a bearing on whether
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the PT is selected and replicate&or example, it may be that the PTs with a high ranking position
appear in similar scenarios, whereas those PTs at the bottom of the ranksitgope appear in a

wider variety of scenarios. If this situation is the case, then there would be supporting evidence for
the scenarios of the RS having a bearing on the ranking positions, Bpaxtensionon selection

and replication.

Some 6the PEBin Examples.1 are, in their own way quite interesting in terms of this study. For
example Exampleb.1i consists of three notes descending by semitones, which is a sequence of
chromaticnotes. Consequentlyit would be epected thatExamples.1i would be used less
frequently in the earlier periodsvhen the traditional majoiminor tonalities werecentral and more
frequently in the later periodsvhen composers started to break awipm this system. This is
exactly what he dataset is showing fdExamples.1i, in that the PTprogresses upwards through the
ranking positions across the periods. A similar point can also be maB&dmples.1 iii, where the
pitches cannot be mapped to any of the major scalefowever, the other two P that progress
upwards through the ranking posstis Examples.1ii andExamples.1iv, can both be maped onto

the traditionalmajor-minor tonality.

Converselythe PB inExamples.1 that progress downwards through the ranking posiscacross
the periods Exampleb.1 v to Exampleb. 1 viii) can all benapped ontoa traditional major-minor
tonality. For examm, thePTin Exampleb.1 vii is a descending arpeggio in a major key in root
position. Againthe dataset mirrors what woldl be expected of such a A that it is high irthe
ranking positions in the earlier peds, wherethe traditional majorminor tonalitieswere centralto
composers, and descends through the ranking positions to the later periods. Thaosslikle
exception to thiphenomenonis the PTin Examplées.1 vi, which consists dhree consecutive Gs.
The majority of the exampbkin Examples.1 conformto what would be expeed in terms of the
PTe[ %o E}PE ¢e]}ve SZEIUPZ $Z E VI]VP %o}« pidisir that sprie Af iU $Z E
PT are not easily identified asiambiguoushbelonging to theraditional major- minor tonalities, or
as definitelynot belonging to them. For exanglExamplées.1ii could belong to a number of
different major or minor keyg¢such as A major or F# minpbut there is not enough infmation
within the PT(given thatthere are only two different pitches) to say thati@ndefinitelybe mapped
onto a specific major or minor tonalityTherefore, it is impssible to say if such examples accord

with a specific directional movement within the ranking positions.

The discussion on the tonality of the PT&kamples.1 above ignores some of the complexities

involved. For example, many cimatic passages can be integrated into a predominantly diatonic
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structure. However, soe of the examples do show that some chromatic PTs are more dominant in

the later than in the earlier periods, as would be expected.

Even thouglExample.1i does not on its own conform to thetraditional major- minor tonality,

this does not mean to say that it will not have been used in compositions based firrtiigton

system This is reflected ithe dataset, which shows th&ixamples.1i is used byHaydn ad

Mozart. The firsPTlof Examples.lioccurs]v §Z (] E+3 u}A u v8 }(, C v[s "SE]JVP Ypu
no. 1, where it is used as part of a downward chromatic accompanifigane (seeExamples.2,

where thePTlis highlighted in blue).
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Example6.2: Haydn String Quartet op. 1 no. 1 1st movement bb-3@

Examples.2 shows thatExampleb.1i is partof alocal chromatic passage the key of Bmajor that
can be interpreted as a repeated obar £quence consistingf two V - | progressias in the keys
of F major and limajor respectively.The PToccurs as part of the transitionahpsagdetween the
two subject groups$n the recapitulation section of thmmovement(the corresponding section in the
exposition is worked differently, creating a different progies). However, the PSpans thawo

chord sequencesTherefore e firstPTlof Examples.1i in thedataset could be considerearesult

of the employment of a sequence

However Examples.1i is not just restricted to the result of patterfisrmedwithin sequences, as in
Examples.2, but can ao be a part of the main melodic mater@la composition.Examples.3
showsExamples.1i appearingas part of the rpetition ofthe fugue subjectn the fourth movement

ofHaC v[e "SE]VP YU ES § }% X i1 v}X X
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Example6.3: Haydn String Quartet op. 20 no. 2'4novement bb. 5652
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Example.3 showsExamples.1i occuring in the middle of afugue movementwhere the first six

notes of the fugue subject are repeated in thirds alternating between the violins and the pairing of
viola and celloExampleb.4 gives the fugue sybct). However, the PGannotactually appar in the
fugue subject in the home key of the movement (C major). Therefore, althougRThists

absolute pitch value form is not prominent in this movement (it only appears three tintesin

form), in its relative intervallic value form (i.e., && descending semitones)pervades the

movementowing  its prominencen the fugue subject.

L )

|

—
Example6 AW &uPP pi & (Elu , C v[s "SE]vP mauededt 3 }% X i1 v}X 1 &

Mozart alsogivesthe relaive intervallic value oExamples.1i prominence irother compositions.
Exampleb.5 shows the pattern type in its absolute pitch value form in the second movement of
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Example6.5: Mozart String Quartet K. 168"2movement bb. 4953

Examples.5 shows part othe second subject from the recapitulation in the slow movement. The
first subject is arguably in twhalves (se&xamples.6), with the secondhalf showing that it could
form the basis of a transformation into the second subject as in the pass&g@imples.5, in that
both passagebegin with adownwardstepwise progression.In the exposition theecond subject is
in a differentkey (the relative majgrfrom the first subjectas would le expected, and therefore
Examples.1i does not appear in its absolute pitch value form. Howeveloés appear in its
relative intervallic value form in bars 4% in the firg violin part. The Palso appears in a number

of other places in its relative intervallic form. rlexample, irExampleb.5 the first threenotes of
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the viola part followthe same relativentervallic form a€xamples.1i due to the imitative nature of

the movement

Mst half I 2nd half |

I - I ' I —~— | | | | |
) ‘ e —* 1 1
Examples.6W dZ (]E+% sp i & (E}u D} ESpormtin@Eenrny up ES § <

The examples above show th&ixamples.1i isfound indifferent scenarios within compositions
from period 1 The PTin its absolute pitch form is arguably not particularly prominent even though
it appears in some maisubjects, although its relative intervalfarm has been shown as part of a

fugue subjectExamples.4 above.

An interesting point regarding th@Ts of Examples.1 i shownabove is hat they are all preceded by
a Bh When looking at the dataset, 87% Tt of Examples.1i are preceded by alBwith the

second most populgpreceding pitch bein®, albeit in only7% ofPTE. The fownote PTconsisting

of Examples.1i preceded by alBcontinuously progresses upwards through the ranking positions
across the periods from position 503 in period Jptwsition128 in period 5 This progression mirrors
that of Examples.1i, althoughExampleb.1i has a greater difference in therking position

between periods 1 and 29 and 92 respectivelyds well as achieving a higher position within the

ranking positions in period. 5Thereforethere appears ¢ be alink in terms of movement within the
ranking positions between the P®EExamples.1i andExampleb.1i preceded by alBwith both

showing a grear dominancen the ranking positionas they progresdirough the periods.

ThePTsof Examples.1iinperiod 2 are very similap those inperiod 1 There are examples of the
PTbeing used as part of an accompanirhéigure, as part of melodic materias well asn its
relative intervallic form Exampleb.7 showsExamples.1iin the viola part othe first movement of
D} E&[+ "SE]VP Yu ES § <X 816X
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Example6.7: Mozart String Quartet K. 28 I movement bb. 153155
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ThisshowsExamples.1i being used as part of a descendoigomaticscaleharmonic
accompaiment figure during the codsection This us&xamples.1ialso occurs in the codetta

section at the end of the expositioim the second violin part (bb. 5%9), but in a different keyi.e.,

in its relative intervallic values

An example oExample5.1i beingused as part of melodic interestcurs in the third movenra of

, C v Pptring Quartet op. 74 no. 3hown inExampleé5.8. HereExamples.1iis used as part of the
second phrasat the start of the second half of thErio section. This R¥also used as part of the
accompaniment to the main theme in the first half of the Trio section ESesmple6.9). Because
the PTisappearingat the start of asecond phrase and as part of the accompaniment to a main

theme, it can be argued that thfigureis an important aspect of this movement.
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Example6.8: Haydn String Quartet op. 73 no. 3 3rd movement bb-49
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Example6.9: Haydn String Quartet op. 780. 3 3rd movement bb. 387

Examples.9 also shows thaExampleb.1li isbeing used in its relative intervallic form in the viola
part in bar 36as part of parallethird part-writing with the second violin pausing the absolute
pitch form ofExample5.9. The P1n its relativeintervallic form is alsased ina number ofother

places in the Trigection, givingt arguablymore prominencahan other PTén this section.

The examplegém period 2againshowthat Exampleb.1i is being used in differersicenarios.
Additionally, here is,as with the examples from period, the factthat the PTin its absolte pitch
value form is noespecially prominenalthoughits relative intervallic form does help to reinforce its

prominence in some movements.
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The remaining periods also sh&xamples.1i being used in differergcenarioswith the PTE being
found aspart of accompaniment figures, as paf melodicmaterial, as a consequence of
sequences, within development sections, within caads., andwith examples in all the different
instrumental parts For example, in period,Examples.1i is foundin adescending bas#ke in the
firstmovementof §Z}A S8tfing Quartet op. 59 no. 1 (where it forms pafta descending two
bar sequenceg, and in the same periatlappearsn the introduction section of the opening

U}A u vs }( $Z}A v[e "SE]VP Y [Exaiplés.10and Exaimples.11).
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Exampleb.11: Beethoven String Quartet op. 130 1st movement bb51
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Examples.1li appearsn a number of different scenari@ross the periodsHowever there arean

increasinghumber of examples in the latgeriods where the PT isad as part ofmelodicmaterial

For example, in period 5 the PT occurs as pameibdicmaterialin works by Bartok and

Shostakovich amorsg others, with the Palso occurring in these compositions as part of

accompaniment figuresExamples.12 and Example6.13 showthe PTas part of the melodic

materialand as part of @hordalfigure above a melodic line in the cell@spectivelyin the final
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UIA u vE }( ~Z}e3 I}A] Z[+ & (E |MBWever, U helnotéthat a relatively

small numbeiof samples were choseand consequently, may not reflect the dataset as a whole.
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Example6.12: Shostakovich String Quartet no. 3 5th movement bb-87
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Example6.13: Shostakovich String Quartet no. 3 5th movement bb. 3341

In theaboveexamplesExamples.1i has been shown to occas part of a number of different
scenariosi.e., & part of accompaniment figas, as part of melodimaterial, as aonsequence cd
sequence, as part of an opening slow section, as pathofdal passageetc. It has also been shown
that when thePTappears as part of the thematic material, its relatintervallic value equivale®T

can also be foundThere is also some possible evidence for the PT being used more frequently as
part of melodic material in the later periods, although this is based on a relatively small sample of

examples.

The three ¢her PTsn Examples.1 that show an upwards progression through the ranking positions
aaoss the periods (i.eExamplées.1ii to Exampleb.1iv) also show that the PTs appeaara varietyof
scenariosacross all the periods. The next set ahiewles show a sample BfTs of the PTsn
Examples.1ii to Examples.1iv, beginning witfExamples.14, which show$ Tt of Examples.1 i

across all the peods
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i) Haydn String Quartet op. 17 no. 1 4th movement bb. 1281
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iii) Beethoven String Quartet op. 59 no. 1 4th movement bb. 1228
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iv) Boradin String Quartet no. 1 1st movement bb.
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v) Sibelius String Quartet op. 56 2nd movement bk81

Exampleb.14: SamplePTk of Example6.1 i

ThePTsin Exampleb.14 showExamples.1lii appearingn a number oflifferent scenarios Example
6.14 1U (E}lu , CnyQuartei®dg. 17 no. 1, shovisxampleb.lii being used in period ds part

of a repeated note accompaniment figure in the violaMozart[¢ "SE]JVP Yu &S § <X Ad6h (E}L
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2,Examples.1ii is foundin the fourth movementas shown irexamples.14ii as part of melodic
materialwhere the shape othe overall phrase is similéo part ofthe main theme of the movement
(bb. 1-8), in that they both have a long note followed by a descending scale with the phrase ending
with a falling semitongbb. 34). Exampleb.1ii is being usethereto vary the first four bars of the

main theme with the melodic material being split between violin 1 and violin 2.

Exampleb.14iii andExamples.14iv (from periods 3 and FespectivelyshowExamples.1ii as part
of a repeated pattern of notes. Firstigxamples.14 1]JU (CE}u §Z}A v[e "SE]VP Yu E3§ §
1, fourth movement, hagxamples.1ii beingusedas part & arepeated chord section. Secondly,
Examples.14iv, (E}lu } @&} Jv[e S E]vV First moEemedt hdskExamples.1ii as part of a
contrasting figure tht alternates acontinuousparallel octavesemiquarer movement in the viola

and cello parts with chords in the violin parts over longer notes in the viola and cello parts.

Finally,Example5.14 v showsExampleb.1 ii being used as part of the main theme at thgeoing of
§Z ¢ }v ulA u vs3 }( "] o]ue[ "SEDweYipd BES § } % X fi 0

The nexipair of examplesExamples.15and Examples.16) showPTs of Exampleb.1iii andExample

6.1iv across all five pards
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ii) Haydn String Quartet op. 54 no. 2 4th movement bb-6&
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iv) Tchaikovsky $ihg Quartetno. 3 1st movement bb. 56865
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v) Prokofiev String Quartet no. 1 1st movement bb.-48

Example6.15: SamplePTE of Example6. 1 iii
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i) Mozart String Quartet K173 3d movement bb. 14
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ii) Haydn String Quartet op. 54 no. 2 4th movement bb-52
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Example6.16: SamplePTE of Example6.1 iv

Theexamplesof PTé of Exampleb.1 iii andExamples.1 iv inExamples.15 and Examples. 16, like

thosein Exampleb.14, show a wideange of scenarios for the RT$hey range from being important

aspects of the melodimaterial such asExamples.16 iv, where Examples.1 iv forms part of the

main theme of the second movement (and in this string quartet, the fourth movement as toell)

part of an accompanimenfigure, as inExamples.16i, where Exampleb.1 iv forms part othe viola

part.

There are ther examples ofhe use ofExampleb.1iii andExamples.1liv as part oimelodic

material, such asExampleb.15i, where Exampleb.1iii is used by the violins in as part oparallel

octavepassage to lead into the next sectiohthe movementand Examples.16 v, where Example

6.1iv is usedhs part of the main openingelodicmaterial in the viola partOther examplesvhere

Examples.liii andExamplées.1iv are used apart of themelodicmaterialincludeExamples.16ii,

where Exampleb.1iv occurs due to the second violin falling the first violin in thirdsandExample

6.15ii, where Exampleb.1 iii occurs as part of the first violimart, with the second violin pargain

following in thirds. An example oftessline figure occursin Examples.15v where the cello part

usesExampleb.1liii as the movement changes ksignature
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The placemat across a change in the key signatur&xamples.15v highlights an issue with the
methodology in that all possible patternsra generated causing som®T&to occur across
boundaries such as structural breaks, time signatunges keychangesetc. Because this
examplestraddlestwo different key signatures, #@lsoraises the questioftogether with PTs
straddling changes of key not recorded by a key signatfrtije importance of scale degrswithin

patterns, which is nobaddressed within the methodology.

OtherPTs of Examples.1iii arefoundin Examples.15iii, where thePToccurs as part cd
continuous semiquaver line in the firgiolin part, and irExamples.15iv, whereit occurs as a
consequence of a sequencidplet cellofigure. The remainin@Tlof Examples.1iv is inExample

6.16iii, where thePToccurs as part of repeated melodic material.

So farall the examples used in this sectiare of PTghat are continuouslhascendinghrough the
ranking positios across the periods froifable6.6. The next set of exampleBxXamples.17 to
Examples.20) showthose PTgthat are continuouslydescendinghrough the ranking positiamacross

the periods fromTable6.6.
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iil) Bartok String Quartet no. 1 2nd movement bb. 1%

Example6.17: SamplePTk of Example6.1v in periods 1, 3 and 5 respectively
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ii) Grieg String Quartet op. 27 4th movement bb. 1996

Example6.18: SampleP Tk of Example6.1vi in periods 2 and 4 respectively
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i) Sibelius String Quartet op. 56 5th movement bb.-53

Exampleb.19: Sample PTk of Example6.1 vii in periods 1,

3 and 5 respectively
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i) Tchaikovsky String Quartet no. 1 4th movement bb. 3589

Example6.20: Sample PTk of Example6.1 viii in periods 2 and 4 respectively

Examples.17to Examples.20 show that, like the PE inExamples.1 that consistently progress
upwards throughthe ranking positions across the periadbere are a wide variety aftenarios for
the PTs of PTdrom Examples.1 that consistently progress downwards through the ranking
positions across the periods. These inclédd aspart of melodic material such as ifeExamples.17
i, where Exampleb.1v is part of the melodic line in the first violin part in the Minuet sectiothef
movement, and irExamples.19ii, where Exampleb.1 vii appears in the opening theme the first
violin part. There arelso examples of the Paspart of bassline figures such asn Examples.20i,
where Exampleb.1 viii ispart of the celloline for the last three notes of the bass line during the

caderce point at the end of a phrase

OtherPTsof the PTdrom Examples.1 v to Examples. 1 viii appear inbass lins (as inExamples.17

il andExamples.19iii), as an arpeggiated accommpiment figure (as itxamples.19i), and as part

of a repeatel chord figure (as iExample5.18ii). They camlso beshown inextensiongo melodic
fragments, as iexamples.20ii, where thePTlis an extension to an imitated phrase padshrough
the parts in the preceding bar&Examples.18i is aPTlof Examples.1 vi in the first violin paras part
of a rhythmic figurewhilst the second violin ahviola provide melodic movement in thirds. Finally,
Examples.17iii shows &P Tlof Exampleb.1v as parof a parallelthirds passage between the first

and second violin parts.
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All the PTlIs used EExample5.2 to Examples.20 have shown that the PTis Example5.1 occur in a

wide variety of senarios However, dithe PB inExamples.1 are either three or four-notes long

The examples above show titae PTsn Example5.1 are, on the whole, part of longer patterns or
phrases. Thereforelo longe PTsalsoshowa wide variety of scenarids the compaositions from

the shorterPT® The sevenand elevennote PTs represent the average length and the longest
length P respectivelyso an investigation of these can be used to counterbalance the
predominance of theshorter-lengthPTs irTable6.6. Table6.9 adapts the format offable6.6 for

seven and elevennote PTnly, together with thecorrespondingexample numbem Examples.21
shown below the table Those rows highlighted in grey are for PTs that ascend through the ranking

positions, whilst those that are not highlighted are for PTs descending through the ranking positions.

Ranking Position within
Example Shape Period

PTD Number | PT Property PTL| 1 2 3 4 5
A-PT | 3.27i E/UOF/DOE/UOF/DOE

/UOF/DOE UDUDUD 7 |181|171|107| 50 | 24
ADPT NONE 7
RPT | 3.27ii 0/U2/U2/U1/U2/U1/U2 | U 7 | 247 | 215|206 | 173 | 12
RDPT | 3.27iii 0:1/D1:1/D2:1/D1:1/Ul1:1

/U2:1/U1:1 DU 7 | 186|170 | 162 | 143 | 82
A-PT |3.27iv | C/SOC/SOC/SOC/SOC/SO

/SOC S 7 2 3 5 8 | 48
ADPT | - NONE - 7 - - - - -
RPT | 3.27v 0/S0/S0/S0/S0/S0/D7 SD 7 | 44| 79 | 85 | 101 | 234
RDPT | 3.27vi | 0:1/S0:1/S0:1/D1:1/S0:1

/S0:1/S0:1 SDS 7 5 |12 | 16 | 18 | 158
A-PT |- NONE - 11 - - - - -
ADPT | - NONE - 11 - - - - -
RPT | 3.27vii | 0/SO/R0/S0/SO/R0O/S0/SC

/RO/S0/SO S 11 [141] 63 | 39 | 20 | 18
RDPT | 3.27viii | 0:1/U1:1/D1:1/U1:1/D1:1

/U1:1/D1:1/U1:1/D1:1 ubUDUDU

/U1:1/D1:1 DUD 11 | 92 | 79 | 46 | 6 3
A-PT |- NONE - 11 - - - - -
ADPT | - NONE - 11 - - - - -
RPT | 3.27ix | 0/S0/S0/S0/S0/S0/S0/SO

/D2/S0/S0 SDS 11 | 12 | 20 | 26 | 39 | 92
RDPT | 3.27x 0:1/S0:1/S0:1/S0:1/S0:1

/S0:1/D1:1/S0:1/S0:1

/S0:1/S0:1 SDS 11 | 2 7 | 11| 12 | 62

Table6.9: Sevenand elevennote PTs that consstently progress upwards or downwards through the ranking positions
with the largest difference in ranking positions beteen the first and last periods
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Exampleb.21: Exampleof the PTsin Table6.9

Table6.9 shows some differences from the shorter threand four-note patterns ofTable6.6.
Firstly, not all of the combinations BTLPTDsin Table6.9 have aPTthat consistently progress
upwards or downwards ttough the ranking psitions across all the period$-or example, there are

no elevennote APTghat consistently progress upwaras downwards through the ranking
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positions across all the periodkikewisepoth the sevenand elevemnote ADPThaveno PTsn
Table6.9. This is @onsequence of there beirfgr fewer ranking positionavailablefor the eleven
note as againsthe three-note PTswith 75 versus747ranking positiongvailablerespectivelyin
period 1 for APTs Therdore, there are fewer available rankg positions for the longethanthe

shorter-note PTgto progress through across the periods.

Secondly, there are not such wide differences in the ranking positions betparérds 1 and
Table6.9 as there are iMTable6.6. For example, the sevarote A-PTin Table6.9 moves from
ranking positio number 181 in period 1 foosition24 in period Swhereaghe correspondind®Tin
Table6.6 moves from ranking position number 689period 1 toposition92 in period 5 Again, this

is due to there being fewgrossible ranking positions for longéman shorterPTLs

Example6.21 highlights further differencesdiween thePTsin Table6.6 and Table6.9. For

example, most ofhe PTsn Examples.21 have very littleintervallicmovement aad where there is
movement,it is either by minor or majoseond (apart fromExamples.21v, where the first ten
notes are the same followed by a descending perfect fifth), whefiga®ut of the eightPTsn
Examples. 1 (iii, iv, v, vii and vijiihave at least one inteal greater than a major second. Also, eight
out of the tenPTdn Exampleb.21 (all except ii and ijihave either a repeated note or a repeated
two-note group, whereas only two out of the eighTsin Examples.1 (ii and v) have a repeated

note.

Another difference between thBTan Examples.21 and Examples.1 relates totonality. Allthe PTs
in Examples.21 can bemapped ono atraditional major-minor tonality, depending on the scale
degree matchingwhereasthe same cannot be said fail the PTdn Examples.1. Everthe PTsn
Examples.21that consistently ascend through the ranking positions lsamapped onto a
traditional major-minor tonality, depending on the scale degree matching. Althoagtajor-minor
tonality mapping does not precludePTfrom being able to ascend through the ranking positidhs
is rather unexpectethecause the compose in the laer periodstended tomove away from the
traditional major-minor tonalities of the earlier periodsBy comparison, only onsut of thefour PTs
in Exampleb.1 (Exampleb.1ii) that consistently asceads throwgh the ranking positions across the

periodscan be mapped onta major-minor tonality depending on the scale degree matching

There arealso P$ inExampleb.21that are similar to each other in terms of the number of differen
notes and theiintervallic movement, both within their own arstross the two differenPTL

groups. For exampl&xamples.21iv is similar t&Examples.21v (bothof which are seveimotes
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long) in thattheir first six notes are the sameiith only the final notebeing different. An example
where there is a similarity across the differdffLss shown inExamples.21 vi andExamples.21x,
where bothPTsbegin witha repeated note, move down a semitone, and then repeat the new note
to the end of he pattern. In factExamples.21vi can bfound nestedwithin Examples.21x, as is

shown inExample5.22.

Ty 23D v
| Example 3.27 x | Example 3.27 vi

A4 I I I I 1 1 I I I I |

Y] I I T 1 1 I | | | | |
Example6.22: Example6.21 vi nested withinExample6.21x

Finally,Example5.21vii is interesting in that it is the onRTin either Example5.1 or Example5.21
that includes rets. The PT itsathn, with the help oficcentsn the correct placs, bepart of the
classic 3/4 waltz accompanimenthisPTascends through the ranking posit®mmeaning that thee
are moreP Tt of it in relation tothose ofother PTdn the later periods than in the earlier periads

possibly reflecting its popularity in the late nineteertbntury.

The next set of exampleEXamples.23) howsPTé ofthe sevennote PTdrom Examples.21.
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iif) Mendelssohn String Quartet no. 4 2nd movement bb.-62: a PTlof Example6.21iii in period 3
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v) Bartok String Quartet no. 1 3rd movement bb. 3307:a PTlof Example6.21v in period 5
e — —_ T e e e o
T — — — — — — — —
F f—r r F f—r 7
| dddgudIdstssss I g o ddd
Vi B EeR e o
e Sl T i il
B e pud =3 g
vi) Bartok String Quartet no. 2 2nd movement bb. 4338:a PTlof Example6.21vi in period 5

Example6.23; Sanple PTE of sevennote PTsfrom Example6.21

Like theP Tk of the shorterPTLSrom Exampleb.1, the sevemote PTdrom Examples.21 occur ina
wide variety ofscenarios For example, theriss aPTlthat is part of themelodic inerest such as
Examples.23iii (where, interestingly, thePTlusesanenharmonicequivalent first and last notin

the PT), anda PTIthat isthe top part of a chordal passages inExamples.23v. Anotherscenario is
found inExamples.23ii, whereExampleb.21ii is part of a unisoroctavescale figure at the end of a
transitional passage. THEISrom Examplées.21 can also be found as accpaniment figures,
especiallythose with a number of repeatedotes. For exampldoth Examples.23iv andExample
6.23viinvolve thePTk as part of a repeatediote pattern Finally Examples.21i, appearsaspart of

a repeated threenote figure inExamples.23i.

Unlike the shortelPTL3n Examples.1, whichappear in a variety of scenariabe longer seveimote
PTsn Examples.21tend, onthe whole, toappearmore in accompaniment figures rather than as
part of the melodic interest. This changesaknariodor longerPTLHecomes even more

prominent when looking at the elevemote PTdrom Exampleb.21, as shown ifExamples.24.
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i) Mozart String Quartet K58 1st movement bb. 1-25:a PTlof Example6.21 vii in period 1

ii) Beethoven String Quartet op. 18 no. 5 3rd movement bb-@D a PTlof Example6.21 viii in period 2

iii) Mendelssohn String Quartet no. 4 4th movement bb:51a PTlof Example6.21ix in period 3

iv) Debussy String Quartet op. 10 1st movement bb:3® a PTlof Example6.21x in period 4

Example6.24: SampleP Tk of elevennote PTdrom Example 31

All the PTs of elevernote PTdrom Examples.21in Examplées.24 involvethe PTsaspart of
accompaniment figures. TheBdkrange frombeing part of a walttype accompaniment figure, as
in Exampleb.241i, to being part of a repeatedote accompaniment figre, as in bothExampleb.24 iii
andExamples.24iv. FinallyExamples.24ii showsa PTlof Examples.21viii as part of a repead

two-note accompaniment figure ovea cello melody.
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6.2.3 Selection and Replication Summary

Some evidence has been shown for selection and replication by looking at therdatsse The

data has shown that there are certdiTshat are present in all five periogdalthoughthese are just
afraction of the total number of PTs. Of thosedthatare present in all five periodshere are a
smallnumber thatprogresseither continuously upwards aontinuouslydownwards through the
ranking positions across the periods. Additionallgréhare a number of PSthat do not appeain
period 1but then continuously progress upwards through the ranking positions across the periods.
Likewise, there ar®Tghat continuously progress downwards through the ranking pos#iacross

the peliodsbut that do not appear in period.5

Because there arBTghat arepresentin the ranking positions across all the periods, as wel&s
that are appearing and disappearing from the ranking positions across the pegtstdionand
replicationmay betakingplace. If theravereno selection and replication of tHeTs then the
logical outcome would be that the vast majority of tR&swould appear in all the periods and
would stay in roughly the same ranking positiodsq there are a vast number of pobte
combinations of notesand therefore of PTef which onlyasmall prgortion are represented
within the dataset(although not all combinations would be musically viablagain, this points to
selection and replication taking plada thatonly someof the PTswithin the dataset(which
representonly someof the possiblecombinations of notes)are appearing in all the periods.
Additionally, he data clearly shows that the majority BT sonly appear inone of thefive periods

pointing to thesePTaot being successfully selected and replicated.

There is, however, a significant variation in the numéiP Tsappearing in just one out of the five
periods across the differefRTLs For the shortePTLsthe percentage oPTgthat appear in just one
periodis far lower than is the case with the lond&fLs This would suggest that there is less
replicationof the longer than the lsorter PTgtaking placebecause there are far fewer longei's

appearing in all five periods compared to those that appeanst one period.

For allPTLsthe number ofPTsthat appear in all five periods significantly smaller than thodeTs
that appear in just one period. Additionally, of thd3&shat continuously progress either upwards
or downwards through the rarikg positions across all the periods, there is an even smallabeu
that show a progressioacrossat least100 ranking positions between periods 1 and.b, that

show a marked increase or decrease in ranking positions across the periods
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When lookingat the spread across composers and their compositions oPffrghat either progress
upwards or downwards through thgreatest number ofanking positionsicross the periodghe

data shows that thes@Tsoccur in a range aftring quartetsandacross aaumberof composers
(although the dataset is not a complete record of every string quartet by every composer, it does
coverlll compositions from9 different composersanging fromthe classical period to the
twentieth-century) It could be argued thahosePTsthat occur across a range sifing quartetsare
just part ofbasic compositional techniques aate genre or instrumentspecific constraintsBut
thosePTghat have the highest difference in the ranking positions between the firdttha last
periods are showinghat they are either being used more, or used less across the periods and, by

extension, are efier being selectewr rejected by composers.

ThePTghat have the greatest difference between the first and last period ranking posiaenall
either three or four-notes long If these are being replicated and selected, then having just three or
four notes in eas PTdoesnot }E& A]3Z D]oo EdrciLgkagrfamelion into groups

of seven plus ominus two eventg1956, p. 81) However, it doeaccord withhisidea that we can
easily remember four notes but &m it becomes increasingly more difficult to rememlfige notes

and upwardg1956, p. 81) Thereis the additional problenthat there are far fewer longer than
shorterPTs meaning that the longdPTsdo not have as much scope to progress through the ranking

positions as the shortesnes

The sampledP Tt from Examples.1 have been shown in variosgenarioswithin compositions.

These range from melodic material from main themes to parts of accompaniment figures. Despite
this range okcenariosall the PTs were part of a longer materidlhis does not mean that theege

no examples of 8Tmatching a wholg@hrase rather that theexamplegaken did notindicateany.

The placement of th®Tswithin compositions also varied. Some would be present at structural
points, such as cadences at the end of sectimrsyithin the main thematic sectionsvhilst others
would appear in transitional sectionas part of a longer phrase, or even as a mixture of these

scenarios

Additionally the PTsfrom Examples.1 are vared in terms of mapping the pitclseontomajor-minor
scale degrees. Some cagfinitely be mapped ontagpart of a traditional major-minor tonality, whilst
othersdefinitelycamot. There arePTan Examplées.1 that progressedipwards through the ranking
positions acnss the periods that cannot be mapped onto thaditional major-minor tonalities.
Likewise, there wer@Tsn Examples.1 that progressed downwards through the ranking positions

across the periods that can be mapped ofrtaditional major-minor tonalities. This i® be
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expected in thatit showsthe traditional major- minor tonalities are used less frequently in the later

than in the earlier periods.

Theexampleof the longerPTL3n Examples.21 show a diférent picture fromthat of the shorter
PTLsn Examples.1. Whereas therevasa variety of scenariowithin the shorterlengthPTs, the
longerlengthPTisshow a more restricted useAdditionally, he longerlength PTan Examples.21
tend to have less movemeamtross the ranking positiotlsan theshorter-lengthPTs as well as

being used moreften in accompaniment figures than as part of melodic interest.

The fact that the longer PTexhbit different properies tothe shorteronescould be de to the

latter being more memmblethan$Z (}Eu EU <% ] o0oC AZ v }ve] E]vP D]Joo E
number of events we can remember. The fact that the lorigjEsin Examples.21tend to be less

complexin terms of intervallic movemerthan the shorteronesin Examples.1 could be the result

of the limitations of memory in rememberirigng, complex strings of eventas discussed iBection

2.5.1 above

6.3 Variation

A composer will tend to utilise material thegflectshis or herown style of composition and this
style is largely determined bg Z  }u %o} & [l @oe} ECJuding the stylistic, geographical
and instrumental constraints of thime. As part of this procesa composer either uses existing
patterns that they or other composers have used, or they create patterns that iewer been used
before. Thesereatedpatterns could either have absolutely no conneatwith, or be variatsto,

existing patterns

Forthe evolutionary process of variatioto be found, it needs to be shown that there gratternsin
the dataset thatare ancestrally relatedIn other words, the dataset needs to show that a mutation
from one pattern to anotkr has taken placeThe mutation would need to showvidence that it has
either beengenerally adopted over time (i.e., that ithgingselected and replicated), or that over
time the mutationhas faded from use (i.e., that itm®t being selected andeplicated). Therefore, if
patterns can be shown to be mutationspreviouspatterns, andf the mutations can be shown to
havebeenselected and replicatedver time, thenthey show evidence of the evolutiany processes
of selection, replication and viation, and carpotentially provide further evidence for the existence

of memes in music
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Distinguishing between completely new and mutated patterns is where the difficultyHies.can it

be shownthat a new patten isindeeda mutation ofanearlierpattern? Also, if two patterns show

signs of snilarity in terms of their pitcland/or rhythmic elements, is this enough éstablish an

ancestrarelationship between thera

6.3.1 Exploring Variation within the Dataset

This section will explore the evidence fbetevolutionprocess of variatioin three ways. Firstly, it

examineghe number ofPTdor three of thePTL3n each period to see if there is an increase in the

number ofPTaused. Seaudly, itinvestigateghe different sets ofPTpropertiescalculatel (as

described in SectioB.3 abov@in each periodo see f the number increasesThirdly, itexplores

whetherthere arePTdn the later periods that have not appeared in the earlier periods and

investigatesthe resultantPTsfor similarity with otherPTdn the earlier periods.

If there are morePTsf eachPTLin each subsequent period, then theaee PTsin the later periods

that have not appeared in the earlier periodshosePTghat have not appeared in the earlier

periods caild bedescendant®f those that do appear in earlier period3able6.10shows the

number of differentPTghat appear in each of the five periods fefLs bthree, seven and eleven

notes.
Period
PTL PTD 1 2 3 4 5

3 A-PT 5,481 8,879 11,011 9,863 8,144
ADPT 20,803 43,924 45,572 35,878 19,317

RPT 870 1,259 1,478 1,177 1,048

RDPT 7,716 15,717 17,422 12,961 8,026
7 A-PT 79,483 209,923 168,230 113,098 48,341
ADPT 86,981 238,628 184,574 121,736 51,276
RPT 58,511 144,972 126,228 84,349 38,266
RDPT 72,539 195,669 155,608 99,840 43,878
11 A-PT 96,706 270,938 204,278 133,626 55,310
ADPT 98,150 277,022 208,848 136,820 56,687
RPT 86,208 239,824 184,778 117,036 50,266

RDPT 88,706 250,129 191,883 122,190 52,350

Table6.10: Number of PTsfor eachPTDin all the periods

Table6.10does not show an increase in the number of differBifisacross all periods for any of the

PTL/AD combinations The number of thremote PTspeaks irperiod 3whereas the number of
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seven and elevennote PTgpeaks irmperiod 2for all thePTDs This roughly parallels the number of
pieces and number of notesithin each periodwhich peaks iperiod 2beforefalling continuously
across the periods tperiod 5(seeTable6.11). This matching of the peaks betweg&able6.10and
Table6.11 could be used to claim that the number of differdPit sacrossthe periods is nothe

result of variation of existing patterns but is simply a natural consequence of the number of pieces

and notes in each period within the dataset.

Period Number of Pieces Number of Notes
1 25 148,819
2 44 418,444
3 21 331,822
4 13 224,882
5 8 98,054

Table6.11: Number of pieces andotes within each period

AlthoughTable6.10does notshow an increase in thealuesfor PTs in evergubsequent period, it
can stil be argued that there is some evidence for variation. For the tinae PTL.there is an
increase in the number ®@Tetweenperiods 2 and across all thé’TDsthat does not correspond
with the number of pieces or notes in each perfooim Table6.11. Theefore, this increaseannot
be explained away by the number of pieceslanotes. One explanatiorrould be that a greater
diversityof PTsare being used by composers. This exjlton then raises the question of where

theseextra P§ come from.

Lookingat the overall number of BsTwithin each period does nghow how manare repeated
across morahan one periodit only shows how many there are in each period. However, there
could be aset of unique PTgsed in each periodTable6.12 builds onTable6.10 by showing how

manyPTsexisted inat least one, or were not usdd any, of the previous periods.

Table6.12 shows thathe majority ofseven and elevennote PTs in each of the periods have no PTls
in any of therelevantprevious periods. This is especially true for the atewvete PTs, wherat least
95% ofthem in any of the period/PTD combinatiohave not been used in any of the previous
periods. Howeer, for the threenote PTst is only inperiods 2 and 3vhere most of theéPTs have

not been used beforeThis shows a clear difference in the number of-présting PTs between

shorter threenote and longer elevenote PTs.
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New or Period
PTL| PID Reused 2 3 4 5
3 A-PT |R 4576 | 52% | 6,931 | 63% | 7,505 | 76% | 6,151 | 76%
N 4,303 | 48% | 4,080 | 37% | 2,358 | 24% | 1,993 | 24%
ADPT | R 11,216 | 26% | 17,800 | 39% | 17,707 | 49% | 10,067 | 52%
N 32,708 | 74% | 27,772 | 61% | 18,171 | 51% | 9,250 | 48%
RPT | R 792 63% | 1,104 | 75% | 1,062 | 90% 976 93%
N 467 37% 374 25% 115 10% 72 7%
RDPT | R 4,995 | 32% | 8,335 | 48% | 8,071 | 62% | 5,240 | 65%
N 10,722 | 68% | 9,087 | 52% | 4,890 | 38% | 2,786 | 35%
7 APT | R 12,727 | 6% | 20,816 | 12% | 14,566 | 13% | 6,542 | 14%
N 197,196 | 94% | 147,414| 88% | 98,532 | 87% | 41,799 | 86%
ADPT | R 5,073 2% 8,298 4% 5,562 5% 2,796 | 5%
N 233,555| 98% | 176,276| 96% | 116,174 | 95% | 48,480 | 95%
RPT R 16,695 | 12% | 27,711 | 22% | 20,678 | 25% | 9,785 | 26%
N 128,277| 88% | 98,517 | 78% | 63,671 | 75% | 28,481 | 74%
RDPT | R 5,883 3% | 10,081 | 6% 7,279 7% 3,535 | 8%
N 189,786 | 97% | 145,527 | 94% | 92561 | 93% | 40,343 | 92%
11 |APT | R 2,420 1% 4,452 2% 3,006 2% 1,333 | 2%
N 268,518 | 99% | 199,826| 98% | 130,620 | 98% | 53,977 | 98%
ADPT | R 1,499 1% 2,534 1% 1,443 1% 621 1%
N 275,523 | 99% | 206,314 | 99% | 135,377 | 99% | 56,066 | 99%
RPT | R 3,942 2% 6,803 4% 4,820 4% 2,423 | 5%
N 235,882 | 98% | 177,975| 96% | 112,216 | 96% | 47,843 | 95%
RDPT | R 2,041 1% 3,395 2% 2,238 2% 1,206 | 2%
N 248,088 | 99% | 188,488 | 98% | 119,952 | 98% | 51,144 | 98%

R = P3reused fromat least one previous period
N = P§ notused in any of the previous periods

Table6.12: Number ofPTgthat have either been used onot used in any 6the previous periods

The fact that the majority dPTsin each periochave not been used beforeould provideevidence

for variation Thgon the basis that theseew PTsin each periodnay have originated from existing

PTs However, the fact that foboth the sevenand elevennote PTghe difference between the
numbersof new patterns compared to existing patterns in each of the perisd® large (especially

for the elevennote PT$ could be used to argue that there is no variation taking plaliee

argument would be that if variation does exist, then there should be more previously used than new

PTs, becaussurelycomposers would, othe whole, use PTs already in existence.

In Section5.4it was shown that there are more possilanger thanshorterlengthPTs This
difference in the number dPTscould provide arexplanation for both the dominance of neTqa

large set of possible PTs for a composer to select fram for the diference in theratio between
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new and existindPTsoccurring in the eleve- and threenote PTs the result ofa larger set of eleven

note than threenote possible PTs for a compode select from).

Looking at the number d®Tswithin each period and whether they@new or existing PTsas
shown that there is some possibility that variation has taken place. However, the figures do not
indicateanything definite pecause there isot a continual increase in the number®Tsacross the

periods, nor isliere anyconcreteevidencethat anyof the newPTsare variations of existingTs

The next stagé addressing this probleiis to examine whether PTs become more varied over the
five periods, usinghe PTpropertiesspecifiedin Sectior3.3 abovefor determining similarity If

there is an increase ithe number of different valuefor eachPTproperty, and in the range of each
PTproperty value across theeriods, tlen this would indicat¢hat the PTsare becoming more

varied For aPTto be a variant of an existirgT, then thePTproperties of the existing@® Twill
possiblychange, creating a new setBffproperties. Therefore, if there is an increasdtie number
of different sets oPTproperties, then variation coultlave takerplace. Additionallyif music has
become more complexwer time, it would be expected that thBTproperty values wuld become
increasingly variedvertime creatingmore complex sets of propertiesTable6.13 shows the

number of differentPTproperty values within each period.

Pitch Properties Duration Properties
Period Shape Centre High/Low Shape Centre High/Low
1 1,679 400 42 1,601 9,947 1,596
2 2,154 480 46 1,834 23,250 3,330
3 2,301 466 48 1,837 21,804 2,937
4 2,214 450 46 1,939 17,721 2,668
5 1,595 445 43 1,552 19,272 2,865

Shape = The overall shape of the pitch or duration

Centre = The averagdtph or duration of the notes

High/Low = The tance between the highest and lowest pitches, or between the longest and shortest duration
The calculations fothe creation of the properties ar@xplained inSection4.6.7.

Table6.13: Number of distinct values for each of the pattern type properties within the dataset

Table6.13shows a peak for the number of differgpitch-pattern properties during eitheperiod 2
or 3before continuously falling through ¢hpeiiods to period 5 This roughly parallethe figures for
the number ofPTdn each periogdasshownin Table6.10 (for three-note PTshe number ofPTs
peaks in period 3, whereasth the seven- and eleveanote PTgeak in perid 2), andlikewisethe
figures for the number of pieces and notes in each peramshownin Table6.11. However, the

figures for the duration properties show a different pictuire that the progressiorof the values
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across the paods does not follow theame lines as for thgitch-pattern properties It could be
expected thatf the music of the later periods is moreraplex(in terms of intervallic and rhythmic
structures) then there should be eorrespondinghgreatercomplexty of both pitchandduration
propertiesin the later periods. However, the figuregsggesthat (once the number of pieces and
notes in each period has been taken into account) there is a sileilar ofcomplexityacross the
periods in terms of pitchand agreaterlevel ofcomplexityin termsof duration in thelater periods
Therefore, this would suggest thiditthere is a greatecomplexityin later musig itis coming more

from the rhythmic than the pitch element ¢fie music.

To investigate the ffierence between the pitch and rhythmic propertiesther, Table6.14 and
Table6.15show the number of new property values compared to the number of existing property

values in each period for the pitch and thgnic elements respectively.

Property | New or Period
PTL| Type Reused 2 3 4 5
3 High/Low | N 4 10% 1 2% - 0% - 0%
R 37 90% 39 98% 38 100% 38 100%
Centre N 11 15% 1 1% 2 3% 1 1%
R 64 85% 72 99% 67 97% 69 99%
Shape N - 0% - 0% - 0% - 0%
R 9 100% 9 100% 9 100% 9 100%
7 High/Low | N 5 11% - 0% 1 2% - 0%
R 41 89% 45 100% 44 98% 43 100%
Centre N 16 19% 2 2% 2 2% 1 1%
R 69 81% 80 98% 80 98% 80 99%
Shape N - 0% - 0% - 0% - 0%
R 189 | 100% | 189 100% | 189 100% | 189 | 100%
11 | High/Low | N 4 9% 2 4% 1 2% - 0%
R 42 91% 46 96% 45 98% 43 100%
Centre N 12 14% 4 5% - 0% 1 1%
R 72 86% 81 95% 83 100% 81 99%
Shape N 655 31% 282 12% 141 6% 36 2%
R 1,483 | 69% | 2,006 | 88% | 2,051 | 94% | 1,419 | 98%

Table6.14: Number of pitch property values that have either been usedmot used in any othe previous periods
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Property | New or Period
PTL| Type Reused 2 3 4 5
3 High/Low | N 194 57% 113 33% 94 29% 108 31%
R 144 43% 231 67% 229 71% 236 69%
Centre N 325 62% 211 39% 154 32% 157 33%
R 199 38% 335 61% 322 68% 316 67%
Shape N - 0% - 0% - 0% - 0%
R 9 100% 9 100% 9 100% 9 100%
7 High/Low | N 1,134 | 64% 578 37% 485 34% 592 37%
R 643 36% 982 63% 962 66% 995 63%
Centre N 2604 | 72% | 1,647 | 49% | 1,071 | 40% 1,377 | 48%
R 994 28% | 1,686 | 51% | 1,581 | 60% | 1,491 | 52%
Shape | N 7 4% 1 1% 1 1% - 0%
R 177 96% 180 99% 184 99% 179 | 100%
11 | High/Low | N 1991 | 65% | 1,062 | 40% 766 33% 899 38%
R 1,059 | 35% | 1585 | 60% | 1587 | 67% | 1,468 | 62%
Centre N 4,080 | 74% | 2561 | 50% | 1593 | 41% | 1938 | 47%
R 1,424 | 26% | 2,554 | 50% | 2,327 | 59% | 2,189 | 53%
Shape N 398 22% 178 10% 162 9% 34 2%
R 1,394 | 78% | 1,619 | 90% | 1,709 | 91% | 1,444 | 98%

Table6.15: Number of duration property values that have either been usednot used in any of the preious periods

BothTable6.14 and Table6.15 show that the majority of property valués both the pitch and
durationelementare not new for each period, although the figures femnvalues in theluration
element are on the whole greater thdar the pitch element. Howevethere are more newhan

existing value# the High/Lowand Centreduration propertiesin period 2 for all PTLs.

The fact that the pitch element property valsiare not increasing substantially across the periods
reinforces the ideaderived from the data ifable6.13, that the pitch element oPTss not

increasing greatly inomplexityover time Likewise, the fact that théurationelement shows a
greater use of new pattern property values compared to the pitch element sugtiestd is the
former that is inceasing ircomplexity However, the figures for duration show that there are fewer

new values being created in the later pergitlan in period 2

Investigatinghe PTproperty values has not revealed much evidence for variation. The data has
shown that there is some difference between the periods when looking aPfmroperty values,
but there is notthe consistentnicrease irthe values across the perioddVhat hadeen seen is that
thereisa difference betwean the pitch aad the duration properties of PT,awith the latter arguably

becoming morecomplexacross the periods. This increasmanplexity does suggetiie possibilty
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of variationhaving taken plagen thatthe more complexXPTsbeing created in later periods could be

variants of simplePTdrom earlier periods.

The final investigation in this section isewaminethe PTghat appear for tte first time in period 3,
followingtheir paths across the ranking positions in the subsequent peranidgto determineif

they have any possible ancestors in the first two periods. If it can be shown that there are possible
ancestors to some of the neRTsappearing in period 3and that these newTghen show selection
andreplication taking placet is possible that theseariantPTscould be considered potential

candidateso be memes in music.

In order to showthe possibility of selection and replication of tRdsnewin period 3 Table6.16
shows the number of neWwTghat first appeared in period,3he number subsequently rising and
falling through the ranking positions, and the remaining number that fit into none optaeious

categoriesused inthis tablefor three-, seven and elevennote PTs

PTL PTD N°of PTs | Only Appear in| Subsequent| Subsequent Remainder
Newin Period 3 Ups Downs
Period 3
3 A-PT 4,080 2,655 |65.1%| 387 |[9.5%| O 0.0%| 1,038 | 25.4%
ADPT 27,772 | 23,931 | 86.2%| 497 |1.8%| O 0.0%| 3,344 | 12.0%
RPT 374 227 |60.7%| 35 [9.4%| O 0.0%| 112 | 29.9%
RDPT 9,087 7,416 |81.6%| 259 |2.9%| O 0.0%| 1,412 | 15.5%
7 A-PT 147,414 | 143,634| 97.4%| 150 |0.1%| O 0.0%| 3,630 | 2.5%
ADPT 176,276 | 174,613| 99.1%| 71 |0.0%| O 0.0%| 1,592 | 0.9%
RPT 98,517 | 93,450 | 94.9%| 332 |0.3%| O 0.0%| 4,735 | 4.8%
RDPT 145,527 | 143,444| 98.6%| 128 | 0.1%| O 0.0%| 1,955 | 1.3%
11 A-PT 199,826 | 198,882| 99.5%| 37 |0.0%| O 0.0%| 907 0.5%
ADPT 206,314 | 205,820| 99.8%| 18 |0.0%| O 0.0%| 476 0.2%
RPT 177,975 | 176,588| 99.2%| 101 |0.1%| O 0.0%| 1,286 | 0.7%
RDPT 188,488 | 187,794| 99.6%| 70 |0.0%| O 0.0%| 624 | 0.3%

Table6.16: Number ofthree-, seven and elevennote PTdfirst appearing in period 3and their subsequent progression
through the ranking positions

Table6.16 (like Table6.12) shows that the longethe PTl.the greater the number of ne®Ts Of

the PTsnewin period 3 there are soméhat progress upwards through the ranking positions across
periods 4 and 5 Once again, theris a difference in the figures between ttieree- andelevennote
PTswith a greater number othe formerprogressing upwards through the ranking positions
comparedto the latter. However, none of thBTsnewin period 3shows a continuous progression

downwards through the ranking positions acrgesiods 4 and 5 for any of P$hown inTable6.16.

187



Abbreviations

PT: Pattern Type PTL: Pattern Type Length PTD: Pattern Type Descriptor  PTI: Pattern Type Instance
A-PT: Absolute Pitch Values without Duration AD-PT: Absolute Pitch Values with Relative Durations
RPT: Relative Intervallic Values without Durations RDPT: Relative Intervallic Values with Relafugations

The Eemainder[figure shows the number of neRRTsthat do not progressontinuouslyupwards or

downwards through the ranking positioasrossperiods 4 and 5

The fact that there are nBTsnewin period 3that continuously progress downwards through the
ranking positions acrogzeriods4 and5 is rather unexpectedbecause it should be possible for a
variantPTto be createl in the thid period thatis not selected and replicated as frequently in the
subsequent periods. However, it could be the case that the majority dPireaew in period Jare
not achieving aufficientlyhigh enough ranking position to allow for subsequent fallthéir ranking
positions acrosperiods 4 and 5Table6.17 shows the number oPTsnew in period 3that have the
lowest ranking positioin that period(i.e., that appear at the bottom of the ranking tablésr period
3).

Number of PT&New PTdNewin Period 3dn the BottomRanking Position

PTL PTD in Period 3 Number Percentage
3 A-PT 4,080 2,727 67%
ADPT 27,772 20,855 75%
RPT 374 229 61%
RDPT 9,087 6,376 70%
7 A-PT 147,414 122272 83%
ADPT 176,276 148508 84%
RPT 98,517 77,659 79%
RDPT 145,527 116,645 80%
11 A-PT 199,826 175698 88%
ADPT 206,314 182659 89%
RPT 177,975 149662 84%
RDPT 188,488 159845 85%

Table6.17: Number of PTsnew in period 3havingthe lowest ranking position

Table6.17 clearly shows that the vast majority BiTsnewin period 3 have the lowegtossible
ranking position This means that these nd®shave only onéPTlin the whole of period &indare

therefore unlikely to progress any further down the ranking positions in the subsequent periods.

Even the figures for the number BfTsprogressing upwards through the ranking positiongatle
6.16 can bemisleading when looking at the numbef ranking positions for each ged. This is
because there are a different number @failableranking positions for each period within each

PTL/AD combinationas shown iMable6.18.
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Period
PTL PTD 1 2 3 4 5
3 A-PT 747 1,318 1,222 1,003 511
ADPT 593 1,214 1,008 778 394
RPT 392 501 538 492 367
RDPT 615 1,086 954 769 439
7 A-PT 193 493 295 141 111
ADPT 138 378 198 102 78
RPT 372 780 632 396 234
RDPT 241 560 472 262 162
11 A-PT 75 163 91 70 44
ADPT 67 136 71 53 31
RPT 148 323 255 175 93
RDPT 123 261 210 118 62

Table6.18: Number ofavailableranking pcsitions for each period

Table6.18 showsthat there are differenihumbers ofranking positions across tH&TLsPTDsand

periods. For example, thtaree-note A-PTshows thatperiod 5has fewer ranking positiortean

period 4 which in turn hasdwer ranking positions than period(is is in fact true for aPTL/HD
combinations) This will obviously have an effect whexaminingprogression within the ranking

positions across the fisequent periods for anyTin period 3

There are, howeveRTghat first appear irperiod 3andthe origin of these will now be explored
Table6.19 shows the total number dPTsn period 2together withthe number ofPTsnewin period
3,and the number 6PTsrom period 2that could be an antecedemf one of thePTsnewin period

3. Theseantecedent figuresre calculatedy comparing the pattern properties of Shape, HighLow
andPitchCentre (as explained in SectB.7) of thePTsnewin period 3with those ofall thePTsn

period 2 using an exaatriterion match between the pattern properties.

PTL PTD Total Nof PTdn | N°of PTNewin PossibleAntecedentPTsn Period 2
Period 2 Period 3

3 A-PT 8,879 4,080 8,332 94%
ADPT 43,924 27,772 31,373 71%
RPT 1,259 374 209 17%
RDPT 15,717 9,087 2,020 13%

7 A-PT 209,923 147,414 200,397 95%
ADPT 238,628 176,276 81,189 34%
RPT 144,972 98,517 134,569 93%
RDPT 195,669 145,527 51,349 26%

11 A-PT 270,938 199,826 217,991 80%
ADPT 277,022 206,314 50,577 18%
RPT 239,824 177,975 189,765 79%
RDPT 250,129 188,488 37,904 15%

Table6.19: Number of possiblentecedentsof new period 3PTsin Period 2
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Table6.19 shows thatacross all thé®TL/HD combinationsthere arePTsnewin period 3 that have
exact matches in termsf pattern properties with som®&Tdrom period 2. It should be noted that
this table does not map thBTdn the two period against each other; ratherstmply shows the
numberof PTghat canbe mapped. This means that there mayM®Emnewin period 3 that do not

have any antecedents in period 2. It also means that there can be multiple matches between the
two periodsi.e., a newPTin period 3 may have multiple possible antecedents in period 2, &t a

in period 2 may match a number of differeAtsnewin period 3 (eamany-to-manyrelationship in
database terms). What the table does show is that there are, according ®rthkarity algorithm

used a number of possible matches betweliis acrosthe two periods that could possibly indicate

evidence of some form o¥ariationrelationship.

The percentages of the possible variants show a mixed picture acroBStteend PTDs  For

example, threenote PTshave the largest percentage of possible antecedéots\-PTs and APTs

(both absolute pitch alue AIDg whereas the severand elevenmote PTshave the largest

percentage of possiblantecedentdor A-PTs and R T9both PTDswithout duration). The large

percentage figures for the threeote A-PTs and AIPTscould be an outcome of the methodology

that a large number of the absolute pitch valB&swill have the same pattern properties. For

example, a majoascendingriad in root position can have a number of different pitch valueg

GEG and BF#A), creating a amber of different PT.dut all of thesePTswill have exactly the same

pattern prop €3] * }( Zh[ (}E ~Z % U 6 (}E ,]P Z>TAreenotd RTsalcpEawy 13 Z v G
fewer combinations for the duration of the notes, which could explain the high percentage value of

the three-note AD-PTs

If the PTsiewin period 3 are descendants of PTs in period 2, then these new PTs need to also
exhibit selection and replication in the subsequent periods in ordeugport theirqualificationas
potential memes.Table6.16 aboveshowed that of the PTshat first make an appearance period
3 and then appear in both the subsequent periods, the vast majority ncomsistentlyupwards
through the ranking positions, withone descendingonsitentlythrough the ranking positions in
the subsequent periods. As explainediection6.2.1 abovethis movement through the ranking
positions shows possible evidence for replication and selection. Once again, ther@iistitgan of
the number appearing in the later periods being smaller than the numbBiTehppearing in the
earlier periods, whicltan have amffect on the figures because there dmwver ranking positions

available inhe later periods. Consequentiyhe PTs that first appear in perioda®d then appear in
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subsequent periods are more likely to rise through the rankingtioos than to fall, becausthere

is a greater opportunity for rising than for falling through tiamking positions

If it is acceptedhat the pattem properties of length, overall directional shapéch (or duration)
centre, anddistance between the highest and lowest notes (or longest and shortest notes) can
indicate whetherPTsare related to each other, thethe fact that a numbeof PTghat first appear
in period 3can be matched witfPTsn period 2suggests the possibility of variation. By then
consideringhe ranking positions of thesgew period 3PTsn the subsequentwo periods, it can be

argued that these indeed show setion, replicationand variation.

6.3.2 Exploring Variation in the Music

Investigatinghe dataen massefor variation has some drawbacks in termgodviding a suitable
measure oflistance between differenpatterns Chapter 3Section3.3 aboveagives an explanation
of the difficulties involved in using computers to determimkether patterns are variants of each
other, anddiscusseshe significantproblemof trying to provide a suitable algorithm that the
computer canimplementthat is universally applicable to differepatternsin different catexts
from different periodsof time. As a result, this thesis necessarily usedadivelysimple measurdy
definingPTsas beingootential variants if a set of predetermingahttern properties exactly match.
However, using statistics based on this measure of variation does not show how effective this
approach has been. This section wilitfexaminethe viability ofthis measure of variatiofi.e., it
will examinethe workingsof the similarity algorithmand thenasseséf this approach caidentify

suitablevariant PTswithin the dataset by investigatirgpmePTé within thescores

Similarity Algorithm

This section wikkxaminethe similarity algorithm by separating out the gitérom the duration
propertiesof the PTs, and investigating the twets ofpropertiesseparately. The pitchroperties

of the PTs will be tackled both using the absolute pitch and the relative intervallic values of the notes
without duration(A-PT and FPT respectivelywhilst the duratiorpropertieswill be tackled by using

the relative durations of the notesnly without the pitch(there is no corresponding RIEscriptor

from the four PTDs faturation-only PTS)
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To begin, a short threaote A-PT(Example5.25) isinvestigated to look at theitch-only PTghat are
deemed to be vaantsof it according to the pitclpropertiesthat are used in the similarity

algorithm

Example6.25: Three-note PTconsisting of the first three degrees of an A major scale

Example.25 shows a threenote A-PTthat uses the first three notes of the A major scale. Looking
at just the pitchesi(e., excluding the duration), the pith properties for thisA-PT are: Notes = 3,
Shape = U, PitchCentre = 2, and HighkE 4(see Sectiod.6.7for an explanation of these

properties)

Thereare 133 othelA-PTghat have the sameitch properties athat in Examples.25. Because the
A-PTrefers toactual pitchvalues it could be expected that there would be matching pitch
properties with allA-PTghat have the first three notes from any of thmajor scales However,
there are only 12 majordys in tota)] whichmeans that there are still 122-PTqi.e., 133 othe®A-PTs
with the same pitch properties minube 11 other major keys) that have matchipdch properties
with Examples.25that cannot be accounted for using tfiest three notes of a major scaléAgain,
because theA-PTgefers tothe actual pitchvaluesof the notes, some of these 122PTghat match
the pitch properties could be caused by enharmonic equivaleBtsamples.26is an AP Tthat has

the samepitch propertiesasExamples.25 because it is enharmonically equivalent

Example6.26: Enharmonic equivalent t&Example6.25

Thoseenharmont equivalentA-PTs within the dataset that match thpétch properties ofExample
6.25 contribute another 32 out of the possible 133 matchit@Tswhich, taken with the 12 major
keys, still leaves 98-PTgemaining unaccounted forThe remainin@0form a group consisting of
A-PTghat still begin and end a major third apart, but with the middle note moitiger a semitone

up or down, two examples of which ashown inExamples.27.
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Example6.27: Two examples oPTgthat match theabsolute valuepitch properties ofExample6.25

Therefore, he majority(90 out of 133pf A-PTghat havean exact match with theitch properties
of Examples.25 have a different intevallic structure fromExamples.25. Examples.25 consists of a
continuous upward movement of twoonsecutivevhole-tones,whereas90 of the A-PTsmatching
the pitch properties oExamples.25 consist of an upward movement efther a semitone followed
by three semitones, or three semitones followed by a semitonendke examples iExamples.27.
Under the algorithm used inthe present researchboth the latter intervallic structures are regarded
as having the same pitch properties and are therefore deemed fooltential variantsof each

other.

When looking at theitch properties usingR-PTs there are only two dier R-PTsthat have the same
pitch properties a Example6.25in its RPT form(0/U2/U2"%). TheR-PTfor Examples.25will cover
all the pitch-only PT thathave he same intervallic structurég., two consective wholetone
intervalsmoving upwards The other twdRPTghat have the sameitch properties agExamples.25
include thepitch-only PTdn Examples.27(0/U1/U3 and0/U3/U1), together with allthe A-PTghat

have the same intervallic structure tgese two examplesegardless of theipitch content

Forboth the A-PTs and ®Tsthere are soméPTghat do not havean exact match gpitch
propertiesasany otherPTswithin their PTD, examples of which are show Examples.28 and
Examples.29.

'3 See Sectiod.4.4for an explanation of these encodings
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Example6.28: Three-note A-PTthat has no matchingitch propertieswith any other A-PT

Example6.29: Two threenote RPTsthat have no matchingpitch propetties with any otherRPT

All of thethree-note A-PTs that do nohave an exact match with any otherW d[e %c]S Z % E} % E S|
have a largéntervallic distance (of owean octave) between two consecutive notes. Howethe,

same is not true for RTs. ferearesomethree-note RPTs that do not havan exact match with

any other RWd[e %0 ]3 Z %bh@ERNe i@etaltic distances thahcompass less than an octav

between the pitches (seExamples.29).

When looking at sevenote pitch-only PTqA-PTs and ®Ts) there isa larger number oPTs that
have the samgitch propertiesas otherPTghanis the casdor the three-note pitch-only PTs
regardless of whether usinhe A-PTs or FPTdescriptor Becausef the way thepitch properties
are calculated, there are many more possipiteh-only PTs with the sampitch propertiesfor

seven than for three-note pitch-only PTs For example, sevennote R-PTthat consists oix
ascending whole tone@.e.,0/U2/U2/U2/U2/U2/U2) can be altered by changing the first interval to
a semitone and changing anfthe subsequent intervalto a minor 3rd (i.e.

0/U1/U3/U2/U2/U2/U2 or0/U1/U2/U3/U2/U2/U2 etc.)and still retain the same pitch properties.
However, a threeote RPTthat consists of twascending whole toneg.e.,0/U2/U2) can only

make one such change in order to retain the same pitch properties

The same logic regarding the increaséeélihood ofpitch property matches betweepitch-only PTs
holds true when comparing threeand sevemote PTsto elevennote PTs Table6.20 shows the
numberof A-PTsand RPTghat have the same pitch propertiesthosepitch-only P& that consists
of the firstthree, sevenor eleven notes of @ontinuousA major scalestarting on the toni¢see

Examples.30).
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Example6.30: Three-, seven, or elevennote pitch-only PTsconsistingof acontinuousA major scalestarting on the tonic

PTL PTD Number ofOther Pitch-OnlyPTs With the
Same Pitch Properties &xamples.30
3 A-PT 134
RPT 3
7 A-PT 289
RPT 149
11 A-PT 211
RPT 90

Table 6.20: Number ofpitch only PTswith the samepitch propertiesas a PT consisting tifie first three-, seven or
eleven notes of aontinuousA major scalestarting on the tonic

Table6.20shows that there are morpitch-only PTswith the samepitch propertiesfor the seven
than the threenote PTs fronExamples.30. However Table6.20 also shows that there are fewer
pitch-only PTawith the same pitch propertiefor the eleven than the sevemote PT fromExample
6.30, whichis contrary to what should be expected according to how the pitch properties are
calculated This idbecause therasonly a largermotentialnumber of pitch-only PTs that can have
the same pitch properties for the longpitch PTs It shouldbe remembered that just because there
isa larger number opotential pitch-only PTs with the same pitch properties for elevéman for
sevennote PTsit does not necessarilfpllow that composers wikhctuallyuse all the possiblpitch-
only PTghat can be generated from eleven notelm other words, there are more possikppéch-

only PTghat will have the same pitch properties gssein Examples.30than exist in the dataset.

So far onlythe pitch propertiesof PTdhavebeen investigategdwithout any regard to the duration of
the pitches involved.The next stage j€onverselyto look at the similarity of durations without any
regard to the pitchesExampleb.31 shows ahree-note duration-only PT, andExamples.32 shows a
possible variant that has theameduration properties axamplet.31, i.e, Notes = 3, fsape = U
DurationCentre=2.3333, andHighLow= 7(see Sectiod.6.7 abovdor an explanation ofhese

properties).
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Example6.31: Samplethree-note rhythm

Example6.32: Samplethree-note rhythm with the same dration properties asExample6.31

The difference betweeixamples.31 and Examples.32, obviouslyliesin the fact thatthe second
note inExamples.32istwice the length ofthe second note ifexamples.31. Other than that, both
the outer notes in the examples have the sathgation. Therefore it could be arged that the
examples are similar, in that the second note is longantthe firstthe third islongerthan the

second and that the outer notes are the sanderation,in both examples.

There are, however, relatively few threwte duration-only PTshat share the sameéuration
propertiesasany otherthree-note duratiorronly PT(82 out ofa possiblel,769). When looking at

the properties of threenote pitch-only PTs it was notedhat there were far fewePTs with the

same pitch propertiesvhen using thdRPTcompared with theA-PT descriptar The same

explanation regarding the difference between using relative and absolute values could explain why
there are relatively few thre@ote duration-only PTghat havethe sameduration properties,

becausehe durations arealwayscalculated usingelative rather tharabsolute values.

When looking at theroperties of the severand elevemnote duration-only PTs it would be
expected that there wou be a greater number of PTs with the same duration propettiaa for
the three-note PTsbecause of there being a greer number of possiblenatches (thesame logic as
used forpitch properties above)Table6.21 shows the number odlurationronly property matches

for the PTin Exampleb.33, usingthe first three, first seven or all eleven notes of the example.

Example6.33: Sampleelevennote rhythm

PTL Number of OtheDurationOnlyPTs With the
Same Duration Properties &xamples.33
3 1
7 10
11 6

Table6.21: Number ofduration-only PTswith the same duration properties athe first three, seva, andall eleven
notes of Example6.33
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The first threenotesof Examples.33were used above iExamples.31to show a possible link with
Examples.32 based on both examples having the same duration properfiele6.21 shows that
Examples.31and Examples.32 arein factthe only twoPTsn the datasethat havethe same
duration propertiesas the first three notes dixamples.33. Thefirst seven note®f Examples.33
show an increase in the number dfiration-only PTs that havéhe sameduration properties
compared to the first three notes. However, the first eleven notes shdecaeasen the number of
duration-only PTs that have the same duration propertiesmpared to the first seven noted his is
contrary to expectationsbecausavhen considering the logic regarding the number of posdiile
sharing the same pitch propertiexplained abovép. 195), there should bean increasén the
numberof duration-only PTs with the same duration properti&s each subsequently long&T
Table6.22 expands on this by giving the total numberdoiration-only PTsn the datasettogether

with the number that havéhe sameduration propertiesas anotheruration-only PT.

PTL | TotalN®of Duration-Only N° With SameDuration Percentage With Same Duratio
PTs Propertiesasat Least One | Propertiesasat Least One Othe
Other DuratiorOnly PT DurationOnly PT
3 1,769 82 5%
7 62,406 16,036 26%
11 195,217 71,754 37%

Table6.22: Number ofduration-only PTs with the sameluration properties compared to totaPTs

Table6.22 shows that there are far more sevarte duration-only PTswith the sameduration
properties than threenote durationonly PTs both in terms of numbers anak apercentage of the
total number ofduration-only PTs Howevert while there is a substantial inease in the number of
durationronly PTs when comparing treeven to the elevernrnote PTL this is not matched by a

corresponding increase in the percentage figure.

There is a additional factor that affects the numbef possibledurationronly PTswvhich match the
duration properties of other PTSThisisa consequence dfow the system measures the duration
properties ofPTs where all the notes hattee same duration. As withne of theexamples of the
samenote relative pitch fromExamples.29 (three consecutive As at the same octathegt has no
other RPTs with the same pitgbroperties, theduration-only PTwith the same duration across all

its notes dasnot have anyther duration-only PTs wtih the same duration properties

There is, thereforean increase in the number &Ts with the same propertidsom three- to seven

note PTsand ten either an increase faturation-only propertiesor a dr@ in numberdor pitch-only
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propertieswhen compaing the sevento the elevennote PTs As explained abovthe pitch-only
property figuresare counterintuitivewhen considering thpossiblenumbersof PTs having the same

properties

Usingboth the pitch-only andduration-only properties ofPTsto decde ifanyare variants creates a
number of potential matches across all the differ&Ls Some of these ntehes may not be
variantsdue to thecatch-all nature of thesimilarity algorithm The similarity algorithmalso

produces a number dTghat donot hawe any possible variantsased on theipitch-only or
durationonly properties In other words, according to the similarity algorithm, there are some PTs

that have not produced any potential variants.

Although thesimilarity algorithmdoes highlightertainpitch-only andduration-only PTs as being
potential variants of each otherthere are some drawbacks to tla@proach For example, using an
exact match between the pattern properties does not allowRdrsof different lengths to be
matched (i.e. variants whictadd additional notes to 1). Moreover, thealgorithmwill not match

patterns clearly related bgertain compaositional techniques, such as inversion.

There is obviously a difference between théAs and R Tswvhen usinghe approachof matching

pitch properties to show possible variantspifch-only PTs TheA-PTs showall possible APTs

which have exactly the same relative intervallic structures as each other as being possible variants
By contrastthe R-PTs us¢he relative dstance between the pitches and consequently, all the

patterns with the sameelativeintervallic structure are treated as one PT

Because durations within theTsare all calculated on a relative basis (i.e., the duration of each note
is expressed as a multgpbf the duration of the previous note), treémilarity algorithmdoes not

show up matche betweenduration-only PTsof analogous note duration values. For example, three
crotchets will not be shown as being a possible variant of tiquesverseven thoughthey both have

the same relative durations.e, they are the saméuration-only PT However, thalgorithmstill

does produce possible variantsdifratiorronly PTsbased on theiduration properties, ashownin
Table6.22 above. Like thepitch properties, some of the possible variahtratiornronly PTsmaynot

be true variants dueo the catchall nature of the system.

From this point forward, the duration element of PTs will no longer be separated from the pitch

element The msic examplewill revert to using all four PTDs.
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Music Examples

The examples of variaftTsgiven above have only shown that themilarity algorithmproduces
some results. The next stage igdetermine whethervariation actually takes place within timeusic
represented bythe dataset. In order todo this selectednew pattern types from period 3 (i.ghose
without a PTI in periods 1 and 2) are investigat@tiesepattern types first appear in period 3,
subsequently rise through the ranking positiongeriods 4 and 5, and have the highest ranking
positions in period 5Table6.23 shows thesawelve selectedPTsogether with theirranking
positions in periods 3, 4 and &ndExamples.34 showsthem in standard music notatiopwith the
relative intervallic valu®Tsstarting on é, and all durations starting with a crotcheExample6.35
then showsPTs of the PTan Examples.34.

Example Rarking Position ifPeriod
PTL | Number | PTD PT 3 4 5
3 3.40i A-PT | F/JUOF+1/DOF 1,204 | 905 304
3.40ii ADPT | E1:1/D0G1:1/UOE1:1 1,004 | 767 259
3.40iii | RPT | O/U6/U5 530 432 287
3.40iv | RDPT | 0:1/D7:1/D9:1 944 535 282
7 3.40v A-PT | A/JUOB1/DOA/UOB1/UOC/DOB1/UOC 278 141 62
3.40vi | ADPT | G:1/UOA:1/D0G:1/UOA:1/UCRE:1 195 98 33
/DOA:1/U0B1:1
3.40vii | RPT | 0/U1/U2/R0O/D2/S0/U2 632 396 160
3.40viii | RDPT | 0:1/D1:1/D1:1/U1:1/U1:1/U1:1/U1:1 468 248 79
11 3.40ix | A-PT | E/SOE/SOE/SOE/SOE/SOE/SOE/SOE/DOD| 91 69 34
/UOE/SOE
3.40x ADPT | D:1/S0D:1/S0D:2/S0D:0.5/S0D:1/S0D:2 64 52 29
/S0D:0.5/S0D:1/S0D:2/S0D:0.5/S0D:1
3.40xi | RPT | 0/U4/R0/D4/U4/R0/D4/U4/R0/D4/U4 243 175 76
3.40xii | RDPT | 0:1/D1:1/D2:1/U2:1/D2:1/D2:1/D1:1 203 118 36
/U1:1/D1:1/D2:1/D1:1

Table6.23: Samples oPTsnew in period 3 and their ranking positions in periods 3, 4 and 5
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i) A-PT- F/UOF+1/DOF

i) ADPT- E1:1/DOG1:1/UOE1:1

i) RPT- 0/U6/U5

iv) RDPT-0:1/D7:1/D9:1

v) A-PT- A/UOB-1/DOA/UOB-1/U0C/D0B1/UOC

vi) AD-PT- G:1/UOA:1/D0G:1/UOA:1/UOBL:1/D0A:1/U0B1:1

vii) R-PT- 0/U1/U2/R0/D2/S0/U2

viii) RDPT- 0:1/D1:1/D1:1/U1:1/U1:1/U1:1/U1:1

ix) A-PT- E/SOE/SOE/SOE/SOE/SOE/SOE/SOE/DOD+1/UOE/SOE

X) AD-PT- D:1/S0D:1/S0D:2/8D:0.5/S0D:1/S0D:2/S0D:0.5/S0D:1/S0D:2/S0D:0.5/S0D:1

xi) RPT- 0/U4/R0/D4/U4/R0/D4/U4/R0/D4/U4

xii) RDPT-0:1/D1:1/D2:1/U2:1/D2:1/D2:1/D1:1/U1:1/D1:1/D2:1/D1:1

Exampleb.34: Exampleof the PTsin Table6.23
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i) Beethoven String Quartet op. 74 1st movement bb-68: Instance oPTfrom Example6.34 i

ii) Mendelssohn String Quartet no. 1 1st movement bb. 2080: Instance oPTfrom Example6.34ii

iii) Beethoven String Quartet op. 59 no. 1 1st movement bb:-ZBt Instance oPTfrom Example6.34iii

iv) Beethoven String Quartet op. 95 3rd movement b. 70: Insiuoed PTfrom Example6.34 iv

v) Mendelssohn String Quartet no. 1 4th movement b. 95: Instanc®®from Example6.34 v

vi) Mendelssohn String Quartet no. 1 4th movement b. 98stance ofPTfrom Example6.34vi
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vii) Beethoven String Quartet op. 132 3rd movement bb. 1026: Instance oPTfrom Example6.34 vii

viii) Beethoven String Quartet op. 13Bst movement b. 37: Instance &¥Tfrom Example6.34 viii

ix) Beethoven String Quartet op. 59 no. 2 1st movement bb. 192: Instance of pattern type fronExample6.34 ix

X) Schubert String Quartet no. 14 2nd movement b. Tstance ofPTfrom Example6.34 x

xi) Beethoven String Quartet op. 95 4th movement bb.-12: Instance ofPTfrom Example6.34 xi

xii) Beethoven String Quartet op. 130 6th movement bb. 2208:Instance ofPTfrom Example6.34 xii
Example6.35:; PTkof the PTsin Example6.34
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ThePTsselected inrExamples.34 have a number of similarities in terms of movement, rhythm and
tonality mappingwith thoseselected for 8ction6.2.2(Examples.1 and Examples.21). For

example, most of th&Tan Examples.34, like most of those ifexamples.1 and Examples.21, have
stepwise movement between the notes. Only the thieste ADPT, RPTand RBPTand theeleven
note RPT(Examples.34ii, iii, iv, and xrespectively) have intervals greateraih a major second. In
Examples.1 and Examples.21there are siXPTsout of a total of eighteen with intervals greater than

a major &cond, of whichHour arethree-note PTs

It is not just the movemendf the pitches in thd®>Tsn Examples.34 that show asimilarity with
thosein Examples.1 andExamples.21. The majority of thé€Tdn the examplefiave a very simple
rhythmic elementwith most of the examples staying on the satength of note. IfExamples.34
only one out of the six exaphes with a rhythmic elemen®&D-PT or REPT) does not have notesf

all the same durationnamelyExamples.34x. Everthis examplds not especially complex, in that it
has a simple repeated thremote rhythmic pattern. There ardso similarities betweelExamples. 1,
Examples.21 and Examples.34 when investigating the tonalitypnappingsof the PTsselected, in that
most of thePTdn the examples can have their piehmapped oro scale degreesf the traditional

major-minor tonalities

There are also some similarities between som#éhefPTawithin Examples.34. For example,
Examples.34 v andExampleb.34 vi follow the same overall shape. Tinervallicdifference
between those twdPTss that whereasone has asemione interval the other has whole-tone
interval and vice versa. This is also highlighted by the system in that both BT thavethe same

pitch properties: i.e., Shape = UDUDU, Pithige = 0.5 andHighLow= 3.

A final point to make is that although ti&Tsn Table6.23 progress upwards through the ranking
positions acrosperiods 3, 4and 5 none progressegery far,with noPTreaching a raking position
greater than 29. When taking into account the number of possible ranking positions for each
PTD/PTL/period combinatigrthe elevennote AD-PT(Examples.34 x) reacheonly the 29" ranking
position inperiod 5 out of a total of 31possibleranking positions.Table6.24 shows the ranking
position in period ®f the PTdan Table6.23, together with the number of ranking positions available

for eachPTD/PTLcombination.
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PT Example PTD Ranking Position iReriod N° of Available Rarikg
Number 5 Positions in Period 5
3 3.40i A-PT 304 511
3.40ii ADPT 259 394
3.40iii RPT 287 367
3.40iv RDPT 282 439
7 3.40v A-PT 62 111
3.40vi ADPT 33 78
3.40vii RPT 160 234
3.40viii RDPT 79 162
11 3.40ix A-PT 34 44
3.40x ADPT 29 31
3.40xi RPT 76 93
3.40xii RDPT 36 62

Table6.24: Ranking positions in the last period of tHeTsin Example6.34 together with the number ofavailableranking

positions

Table6.24 shows that only twaut of the twelve PTan Examples.34 (vi and viiimake it more than

halfway up theavailableranking positions in period.5These are both severote PTghat include

duration ADPT and RPT).

The fact that most of th®Tsn Examples.34 do not make the top half of theanking positionsn

period 5 suggesthatthosePTs that first make an appearance in perio& not making a

significant impact on the ranking positions of the last two periods. In other words, tieayoar

appearingmuchmore frequentlyin the compositions of the later periodsan in perod 3 in relation

to other PTs

So farthe PTsn Examples.34 have beershown to rise through the ranking positions across periods

3 to 5 showing some supporting evidence $etection and&plication (as argued in Sect|6n’2.1

above). ThesdPTaeed to be investigatetlrther to see if there are possibleTsn periods 1 and 2

that could have spawnetthem. Table6.25shows the number of possibbntecedentPTsn period 2

basal on thesimilarity algorithm

The numbers for the possible antecedents for eBdh/PTD combination shownTable6.25 are
tiny compared to the overall number of PTs in period&s would be expectethere are fewer
antecedents fo the R-PTsthan the A-PTsas well as fewer antecedents when the duration of the
notes are taken into accoufivith the exception of the elevenote RPTs and RPPTs) Table6.25

neverthelesshows that under thesimilarity algoritim, there are possiblantecadents in period 2
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for the period 3 PTs shown Example5.34. Some of hese antecedents willow be explored, both

to see how they compare with the PTsHramples.34in terms of ther pitches and durations (to

investigate the effectiveness of the algorithm), and the scenarios in which they occur (to investigate

whether there is any similarity between the scenarios)

PTL Example Number PTD Number of Possible Antecedent
PTsn Period 2

3 3.40i A-PT 28
3.40ii ADPT 14
3.40iii RPT 9
3.40iv RDPT I

7 3.40v A-PT 140
3.40vi ADPT 58
3.40vii RPT 37
3.40viii RDPT 2

11 3.40ix A-PT 51
3.40x ADPT 8
3.40xi RPT 23
3.40xii RDPT 38

Table6.25: Number of possible antecedents jeriod 20of the PTsin Example6.34

To beginthe similarity algorithm foExamples.34i (F/UOF+1/DO0fonly identifiesrelative intervallic

equivaent PTsas possible antecedent&xamples.36 shows a possible antecederttthie PTin

Examples.34i that is an enharmonic equivalent, together walPTI(E}u , C v[e "SE]JVP Yu ES §

17 no. 1 from period 1 and anothePTI (E}u D}l ES[« 3§ EP8P frympeEdd 8 <

i) Enharmonic equivalent teexample6.34i

i) Haydn String Quartet op. 17 no. 1 1st movement bb-22

iil) Mozart String Quartet K387 1stmovement b. 31

Example6.36: Possible antecedent dExample6.34 i that is an enharmonic equivalent
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The PTsin Example6.36 show thesepossible antecedent Ad Example6.34i in two scenarios.
Example6.36ii shows thePTaspart of melodic interest during the transition from the first to the

second subjectwhereas irExample.36iii the PTis part of the second subjedh the exposition.

Examples.37 shows thePTin Examples.34i transposed up one wheltone, together with aPTI
(E}u D} ES[* "SE]JVP Yu ES § <X 880X

i) A wholetone transposition ofExample6.34i

i) Mozart String Quartet K499 3rd movement bb. 935

Example6.37: Possible antecedent oExample6.34i that is a wholetone transposition

There are relatively few?Tqjust two within the first two periods in the daset)which arean exact
transposition ofExampleb.34i (i.e, with all three notes having the same pitch namegardless of

the accidentss), with the vast majoritypeingenharmonic equivalents of a transpositi@re.,

without all three notes having the same pitch name regardless of the accidersls)-xample

6.38, which shows an enharmonic equivalent transpasittogether withPTs J]v , C v[e *"SE]VP

Quartet @. 1 no. 1fromperiod 1lU v (E}u $Z}A v[e "3 @ABWNP. Mrpm@Berics 3 %o X
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i) A transposition with enharmonic equivalent t&xample6.34i

i) Haydn String Quartet op. 1 no. 1 1st movement bb:30

iif) Beethoven String Quartet op. 18 no. 1 1st movemenit 26-27

Example6.38: Passible antecedent oExample6.34 i that have bee transposed and use enharmonic equivalents

The possible antecedenExamples.381) of Examples.34i isshown as part of melodic interest in
Examples.38ii andExamples.38iii, which issimilar tothe PTEin Examples.36. WithExamples.38,
both PTEare part of the main thematic material of bothe movements shownExamples.38ii
occurs at the ad of the first phrase offte opening theme, anBxamples.38iii is in a section that

repeats ina sequence over two barthe motivic material from the first bar of the movement.

Thepossible antecedents Examples.36to Examples.38reflect the fact that all the possible
antecederts in the dataset foExamples.34i have the same overall shape and intervallic structure.
Theseexamplesshow thatthe antecedents a being used as part of melodic materiahis is
differentto Section6.2.2 abovewhich showed the selected and replicatedisn a wide range of
scenarios.However, the examples &Ts ofExamples.34i do show thattheytend to be part of

longer patterns, as was the case with the examples showing selection and replidatiomst be
remembered, though, that this is a small set of samples chosen at random, and therefore, may not

be representative ofthe dataset as a whole.

Moving on to the threenote ADPT fromExamplet.34ii, both Example6.34i andExample6.34 ii
are similaiin that they both only producgossible variant PTs thaave the same overall shape and

intervallic structure Addtionally, forExample6.34ii, the duration properties dmot produce any
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possible variantsf the rhythmic structure Examples.39 shows a possible &acedentPT together
withaPTI(E&}u , C g Quartet op. 20 no. 4romperiod1U v (&E}u §Z}A v[e "SE]VP
Quartet @. 59 no. 2from period 2

i) Enharmonic equivalent teexample6.34 i

i) Haydn Strilg Quartet op. 20 no. 4 1st movement bb. 1861

iii) Beethoven String Quartet op. 59 no. 2 1st movement bb. 18D

Example6.39: Possible antecedent dxample6.34ii that is an entarmonic equivalent

ThePTsin Examples.39 show thePTin Examples.34 i in an enharmonially equivalent version that
is used in two different ways. Firstly, the possible antecedegrigloyedas part of ararpeggiated
figure in the first violin partExample6.39ii), and secondly as part ah accompaniment figure in

the cello part Examples.39iii).

Examples.40shows a possible antecedetat Examples.34 i that is a semitone transposition,
togetherwitha PTI(E}u , C v[e "SE]VP Yu o %o} X 1iiW}X i (E}u D} ES[e &
Quartet K. 428from period 2.
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i) Semitone transpositionof Example6.34 ii

i) Haydn String Quartet op. 20 no. 3 2nd movement bb-58

iif) Mozart String Quartet K428 3rd movement bb. 8@4

Example6.40: Possible antecedent dxample6.34ii that is a semitone transposition

Both of thePTkin Examples.40 come fran the Minuet and Trio movementsThatin Examples.40
ii begins in the first violin part at the start of thio section (beginning at bar 53) and is part of the
main theme of the section, kilstthat in Examples.40iii is an accompaniment figure in the second

violin part that occurs at the end of thedt half of the trio section

The wssible antecednt PTsor Examples.34ii in bothExamples.39 and Examples.40are, like
those forExamples.34i, either enharmonic equivalents or transpositiosfeach other. Urnke the
possible antecedents foExamples.34 i, those forExamples.34ii showthat the PTé are being used

as part of accompaniment figures as well as part of melodic interest

When looking at fiches using relative intervallic structure (i.the R-PTs and RPTS3, allpatterns
with the same intervallic structure aregardedas onePT Therefore, when looking at-RTs and
RDPTs anypossible antecedentthat the similarity algorithm highligk should have a different

intervallic structure from thdRPTsand RBPTsin Examples.34 (i.e., iii, iv, vii, viii, xi and xii)

Examples.41repeatsboth the PTand PTlof Examples.34iii and Examples.35iii respectively(i, ii),
along with a possible antecedewith an intervallic changéii), together with aPTifrom , C v|[e

String Quartet op55 no. 1from period 2(iv).
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i) PT- Example6.34iii

ii) Beethoven String Quartet op. 59 no. 1 1st movement bb-Z8t Instance oPTfrom Example6.34iii

iii) Intervallic change t&Example6.34iii

iv) Haydn String Quartet op. 55 no. 1 3rd movement bb-3D

Example6.41: Possible antecdent PTfor Example6.34ii

In Examples.41iii, the pssible antecedetrto Exampleb.34iii uses the same twinternalintervals
but in reverse order (i.e0/U5/U6 as opposed to 0/U6/U5Both PTsin Examples.41ii and
Examples.41iv span an overall igrval of11 semitonesboth are in transitional passage where the

key of the naterial is changingand both have the same internal intetg albeit in a different order

Interestingly, thePTO/U5/U6 (Examples.41iii) does not have my PTEin the datasetin period 1
This means thait is newto period 2, and thatit may have spawned thRT0O/U6/U5, which is itself

newin period 3

Thesimilarity algorithmalsoshowsother possible antecedents that span the saexternalinterval
asExample.34iii but with different internal intervalsTable6.26 listsall the remainingPTghat are
shownby thealgorithmas possible antecedents Examples.34iii, together withanindication of

whether they appear in period 1 and/or 2
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PT In Period 1 In Period 2

0/U1/U10

0/U10/U1

0/U2/U9

0/U9/u2

0/U3/U8

0/U8/U3

0o/u4/u7

0/U7/U4

OOVl
O OOV V|

Table6.26: Possille antecedent PTsto Example6.34iii

Table6.26 shows that the majority of pgsible antecederPTso Example6.34iii appear in both
period 1 and 2vithin the dataset. However, threef thosein Table6.26 make their first appearance
in the period 2 (asis the casevith the possibleantecedentPTin Examples.41iii). Thepossible
antecedentPTsO/U3/U8 and 0/U4/U7 are shown iBxamples.42, together with aPTlof each from
period 2

i) Possible antecedent (0/U3/U8&p Example6.34iii

i) Haydn String Quartet op. 76 no. 6 3rd movement bb-563

iii) Possible antecedent (0/U4/U7p Exampleb.34 iii

iv) Haydn String Quartet op. 64 no. 2 4th movement bb. 1¥42

Example6.42: Pasible antecedents t&xampleb.34ii
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Thealgorithm for identifying possible antecedents has gueed some results fdExamples.34 i
which, unlikethose forExample6.34i andExamples.34ii, havevariousdifferent internal intervdlic
structures. Additionally the fact that some of the pssible antecedents tBxamples.34iii make
their first appearance iperiod 2 suggestsghat they are themselves vauts of previousTghat are

then varied agin for usen period 3

Examples.34 iv showsanother set of possible antecedents based on the thnete RDPT Example
6.43repeatsthe PTand PTIfrom Examples.34iv and Examples.34iv, respectively(i, ii),along with

apossible antecedenii), together with aPTI (E } u S$Z}A v[e "SE]VP Yuf@ES § }% X i6 v
period 2(iv).

i) PT- Example6.34iv

i) Beethoven String Quartedp. 95 3rd movement b. 70: Instance BfTfrom Example6.34iv

i) Intervallic change t&Example6.34iv

iv) Beethoven String Quartet op. 18 no. 4 4th movement bb. 411113

Example 6.43: Possible antecedenPTfor Example6.34iv

Like the pssible antecedent iExamples.41, that in Example6.43is based upon theame two
intervals as its possible descendaxtcept in reverse order (i.e., 0/D9/D7 instead of 0/D7/D9).

However, unlike the gssible antecedent ikExamplet.41, that in Example6.43 has at least on®TI
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in period L Examples.44 shows aPTlof the posible antecedent fronExample6.43iii Jv , C v[e
Sring Quartet op. 1 no. Arom period 1

Example6.44: Haydn Stmg Quartet op. 1 no. 1 5th movement bb. 310: Possible antecedei®Tfor Example6.34 iv

All the dher antecedents tdExamples.34iv identified in the dataset encompass sowfahe
possibledifferent intervalcombinations that span a descending magmth. Table6.27 lists these

together with an indicationhether there is @Tlwithin period land/or 2

PT In Period 1 In Period 2

0/D1/D15 9

0/D15/D1

0/D2/D14

0/D14/D2

0/D3/D13

0/D13/D3

0/D4/D12

0/D12/D4

0/D5/D11

0/D11/D5

0/D6/D10

0/D10/D6

0/D9/D7

00|00|00|00|00|00|00|©|00|00|00|00|00
O|O|o|o|o|m|©|[© oo/ |||

0/D8/D8

Table6.27: Possible antecedent PTte Example6.34iv

Table6.27 shows a greater number of psible antecedents thahable6.26. This is obviously due to
the fact that there is $éarger interval between the first and last notesERramples.34iv than in
Examples.34iii, creating egreater scope for morantecedent forms Another difference between

the two tables is that iTable6.27 there arePTshat do not appear in eitheperiod 1 or peiod 2,
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whereas 8 the PTan Table6.26 appear in at least onef the first two periods.An explanation for
this difference could be that ifable6.27 (RDPT$ only thosePTghat alsomatched on the relative
duration of the notes were inctled, whereas inTable6.26 (RPT3 the duration of the notes was
ignored. Notincluding the duration properties fahe information inTable6.27, there areonly

three possible atecedents without anyTs in the first two periods, compared to seven in the table

as it stands.

As explainedhn the previoussection(p. 197), when the duration of all notes inRTis the sare, the
similarity algorihm does notidentify any possible variantsf the durations. Becaus the PTin
Examples.34iv has alhotes of the same duratiofthe same is true foExamples.34ii), all ofthe

possible antecedents afeTswith notes of the same duration.

Examininghe possible antecedents to the thraete PTdn Examples.34 has highlighted a number
of interesting points. These raadgrom differences betweethe A-PTsand R-PTsarisingfrom how
the algorithm identifiespossible antecedentshe differentPT§ of the possible antecedentnd the
scenarios in which they appeand whetherthe possible antecedents appear in period 1 and/or

period 2

The threenote A-PT and ABPT(Examples.34i andExamples.34ii) only supportedpossible
antecedents that had the same underlying intervallic structure, whereas the thoeeR-PT and
RDPT(Examples.34iii andExamples.34iv) produced a range of different underlying intervallic
structures. However, the possible antecedentstfasetwo latter types were limited, in that the
interval between the first and last note of ti&l'swas the same, all three notes showtt: same

direction ofprogression, and the change was limitediie two internal intervals.

When looking at the possible antecedents to the thieste RPT and RIPT, Examples.34iii and
Examples.34iv, some of tle possible antecedents only h&Isin period 2 Thereforethese
examplesshow that there arePTsnewin period 3that have possiblantecedents in period that

are themselves new tthat period.

Becausdhere are more nots in the sevenand eleventhanin the threenote PTsit would be
expected that the longelPTLsvould have more possible antecedents than tteiprterlength
counterparts This is because there is greater scope for more upward and downward movement
within the longerlengthPTs alowing for a greater variety of possible combinations that will share

the samepitch properties calculatd by thesimilarity algorithm.What is interestinghowever, is
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that there arefewer possibleantecedentPTs showing up in perio@ for the seventhanfor the

elevennote PTan Example5.34.

The threenote A-PT and ABPTpatternsin Examples.34 showed that the only possible antecedents
were either enharmonially equivalents or transposiins of the originePTs However the dataset
does not show any enharmonic equivalent possible antecedents to the sewelevennote A-PTs
and ADPTan Examples.34 (v, vi, ix and x) Nevertheless, there are a numberpaissible
antecedents thaaretranspositions of the severand elevemnote A-PTs and AIPTsn Example

6.34, examples an@TIsof which are shown iExample5.45.

i) A-PTExample6.34v

i) Posdble antecedentPTto Example6.34 v by transposition

iii) Haydn String Quartet op. 54 no. 1 4th movement bb. 1424

iv) AD-PTExample6.34 vi

V) Possible antecedenPTto Example6.34 vi by transposition

vi) Haydn String Quartet op. 77 no. 1 1st movement bb-6B
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vii) A-PTExample6.34ix

viii) Possible anteceder®PTto Example6.34ix by transposition

ix) Beethoven String Quartet op. 18 no. 2 4th movement bb-4%

X) AD-PTExample6.34 x

xi) Possible antecedenPTto Example6.34 x by transposition

xii) Haydn String Quartet op. 54 no. 2 4th movement bb. 11

Example6.45: Possible antecedents based on transposition of the sevand elevennote A-PTs and ABPTsin Example
6.34

Examples of possible antecedents of the sewtd elevennote A-PTs and AIPTSrom Example

6.34that are not direct key transpositiorage shown irExamples.46.
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i) A-PTExample6.34v

if) Possible anteceden®Tto Example6.34v

iii) Haydn String Quartet op. 1 no. 1 5th movement bb.-28

iv) AD-PTExample6.34 vi

v) Possible antecedenPTto Example6.34 vi

vi) Mozart String Quartet K499 1st movement bb. 335

vii) A-PTExample6.34ix

viii) Possible antecederPTto Example6.34ix

ix) Mozart String Quartet K387 2nd movement bb. 16809

217



Abbreviations

PT: Pattern Type PTL: Pattern Type Length PTD: Pattern Type Descriptor  PTI: Pattern Type Instance
A-PT: Absolute Pitch Values without Duration ADPT: Absolute Pitch Values with Relative Durations

R-PT: Relative Intervallic Values without Durations RDPT: Relative Intervallic Values with Relaiugations

X) AD-PTExample6.34 x

xi) Possible anteceden®Tto Example6.34 x

xii) Haydn String Quartet op. 76 no. 2 4th movement bb-73

Example6.46: Possible antecedents not based on transposition of the sewemd elevennote A-PTs and ABPTsin
Example6.34

As dscussed earlier in this sectigm 203), both Examples.34 v andExampleb.34 vi have the same
pitch-pattern properties. According to theimilarity algorithm this makeghem possible
antecedents to each othén terms ofpitch, and as such, they both have the same set of
antecedents when disregarding the duration of the notes. When taking into account durations,
there are fewer pasible antecedents tBxamples.34 vi than toExampleb.34 v because dlthe
possible antecedents to the formevill consist ofPTehat have the same duration f@&ill of the

pitches

The similarity of the pitch element for the psible antecedents texamples.34 v andExamples.34

vi is shown irExamples.45ii and Examples.45v respectivelywhere both the possible antecedents
share the same direction of the piteh (all the pitches correspondingige and fall at the same

time) and it isonly the intervallic distances that are reversed between the two (i.e., when there is a
semitone in onéPT, the @rresponding interval is a wholene in the other and vice verka

However, whertonsideringhe other possible antecedents texamples.34v andExamples.34 vi in
Examples.46ii andExamples.46 v respectivelythere is a greatedistance between the two
correspondingPTdn terms of their intervallic content. Whereas thgerall shapef the pitches in

the PTgemains the samén both Examples.46ii andExamples.46 v, the distance btween the

notes does not follow the same rule noted above regardimegrvallic distances It could be argued

that the difference in the direction of the pitches and the extension of some of the intetoa
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minor third inExamples.46ii make thisPTtoo distant fromthe PTin Examples.34v toregard the

two as possible relatives.

Another possible barrier to claiming that sometloé PTdn Examples.46 are possible antecedents
to the respedive PTdn Examples.34is how rests are dealt with by the system. For examplePT
in Examples.34 x does not include rests but its correspondirgggible antecedent ikExamples.46
xidoes. The difference between the tviRY'ds ultimately down to the rests and thesan give a
different character to the music, making the possibility of the #isbeing related more remote.
NeverthelesseachPThasall the notes on the same it, and both followoughlythe same rhythm.

Additionally, the rest irExamples.46 xi alwaysreplaces the longer notian Examples.34 x.

Whatthe PTan Examples.45and Examples.46 do show, in parallel to the threrote PTsis that
they appear in a range of different scenarwihin the compositions. These range from sancte
bassline figures such as th@Tlin Exampleb.46 xii, throughuse as a sequengcsuch as th@Tlin
Examples.45iii (thisPTexample lends itsetb sequential treatmeny, to being part of themelodic
material, such as thBTlin Examples.46 vi, and partof a chordal se@n before a brief reprise of

the opening of the movemensuch as irexamples.45 xii.

Examples.47to Examples.50 show possible antecedents to the sevamd elevemote RPTs and

RDPTdrom Example 40 together witRTé of the possible antecedents.

i) RPTExample6.34 vii

i) Possible antecedenPTto Example6.34 vii

iii) Mozart String Quartet K155 1¢ movement bb. 13
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iv) Possible antecedenPTto Example6.34 vii

v) Haydn String Quartet op. 33 no. 5 4th movement bb-48.

Example6.47: Possible anteceder?Tsto Example6.34 vii

Both the possile antecedenPTsn Examples.47 have similarities with theipotential descendnt
PTfrom Example5.34 vii. For example, botBxample5.47 ii andExample6.34 vii have a rest in the
same position within the pattern, both have an upward movement spanning three semitones from
start to finish, and both have a repeated nqtdthough inExamples.47ii the repeated note

straddles a rest) However, when looking at the twaomponentthree-note patterns either side of

the rest independently in each tlie PTdn Examples.34ii andExamples.47 vii, there is less

similarity between thé®Tdan terms of the intervals used and the shapes of the pattefthsouldbe
argued thatExamples.34 vii is closer tdExamples.47 ivthanto Exampleb.47 ii because the oly
difference between thenis thatExamples.47iv has a notdthe fourth note)where Examples.34 vii

has a rest.

i) RDPTExample6.34 viii

i) Possible antecedenPTto Example6.34 viii

iii) Haydn String Quartet op. 20 no. 1 4th movement bb-88
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iv) Possible antecedenPTto Example6.34 viii

v) Beethoven String Quiget op. 18 no. 5 1st movement bb.-Z

Example6.48: Possible anteceder®PTsto Example 46 viii

The possible antedent PTsto Examples.34 viii in Examples.48 show differert distances from their
hypothesisedlescendantn terms of shapgntervallicstructure, and the use of restsExamples.48

ii has the same overall shape and the same durationalegafor the notes aExamples.34 viii, with
evennumberednotesreplacedby a rest. All of the intervals betweerdd-numberednotesin both
PTgemain the same. However, althougExample5.48iv follows roughly the same directional
shape and has theame durational values for the notes as its possitleiscendantthe restscannot

be replaced with any notes that would create the same intervallic structure as its possible
descendantas could be done with th@Tin Example5.48ii. This creates the odd situation whereby
the PTwith just four pitthes and three rest&kamples.48ii) could be considered atronger
candidate for an anteedentto Examples.34 viii than thePTwith five gtches and two rests

(Examples.48iv).

i) RPTExample6.34 xi

i) Possible antecedenPTto Example6.34 xi

iii) Haydn String Quartet op. 76 no. 4 4th mement bb. 2622
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iv) Possible antecedenPTto Example6.34 xi

v) Mozart String Quartet K589 3rd movement bb. 8@8

Example6.49: Possible anteceder®®Tsto Exampe 46 xi

At first glanceExample.49ii looksquite different fromExamples.34xi. However, on closer
inspection the two could be considersimilar if the rests were replaced Examples.34 xi with a
passing note between the E andt@en bothPTswould have exactly the same intervallic structure.
Example6.49iv, however, looks comniptely different fromExample5.34 xi and thereappeardittle
discernibleconnectionbetween them. For examplezxamples.34 xi has a repeated threaote
pattern with arest on the third beat, whereaSxample6.49iv consists of the same fiveote pattern
(the first andlast five noteskeparated by a further note without any rest3herefore, it is

guestionable wheter Examples.49iv could be a pssible antecedent texamples.34 xi.

i) RDPTExample6.34 xii

i) Possible antecedenPTto Example6.34 xii

iii) Beethoven String Quartet op. 18 no. 3 1st movement bb. 1446
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iv) Possible antecedenPTto Example6.34 xii

V) Mozart String Quartet K499 1st movement bb. 445

Example6.50: Possible anteceder®Tsto Example 46 ik

The possible antedent PTsn Examples.50are mmparabie to those inExamples.49in that the

first potential antecedenPTin each examplenatches their respectivgpotential descendantsnore
closely than theescond. Examples.50ii follows the same shape &amples.34 xii (i.e., three
consecutive downward notes, then up a step, then four consecutive downward notes, then up a
step, then four more consecutive downward notes) as well as havinigeafidtesof the same
duration. The differencbetween the twoPTds that sometimes aemitone is replaced by a whele
tone and vice versaExamples.50iv has a less readildiscernible link tiexamples.34 xii, in that
although it still has three downwanthovements with upward movements in between, and all the
notes are of equal duration, the intervals ar®stly greater than a major"2(the largest interval in
Examples.34 xii).

The possible antecet PTsn Examples.47 to Examples.50 show a widevariation insimilarity to
their respective pogble descendant terms of directional shape, intervallic conteand the use
of rests. Some of the possible antecedBritsbear a close rel&nship to their possible
descendantssuch as betweeBxamples.50ii and Examples.34 xii, whereas otherseem to bear

little, such as betwenExample5.49iv andExamplées.34 xi.

6.3.3 Variation Summary

It was shown that there are PWsthin period 3for all four ADs that do not appear in either period
1 or period 2 The question that is then raised is whether theseri®lsin period 3are descendants
of existing PTs 6., those that have appeared in the first two periods. Using the similarity algorithm,

it was found that the PTisewin period 3 could be descendants of PTs from periott &:as also
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found that some of these PThewin period 3 showed signs of selectiand replication by moving

upwards through the ranking positions across pesiddands. However, the figures for the number

of PTeewin period 3 that progress upwards through the ranking positions are relatively tiny

compared to the total number of neWW d[e Jv SZ § % &E]} X 13]1}v cegit 3Z E A &
period 3 that continuously progressed downwards through the ranking positions, although this could

be a consequence dhe number of possible ranking positions being smaller in the later than

earlier periods

Forvariation to have been shown in the data, the similarity algorithm needs to be accepted as an
accurate way ofinderpinningvariation between PTsWhen looking at thé Tt of selected PTreew

in period 3 and their potential anteced&s it was discovered that some of the matches could be
consideredo bevariants of each othehut that otherswould be consideretty musiciangas

improbable.

Although the data has shown that there are a number of #ilgin period 3 that can beelated to

PTs from earlier periods using the similarity algorithm, it is difficult to say that the new PTs are
potential memes for two reasons. Firstthe similarity algorithm is not completely accurate as a
means of determining musicalariation between s and, secondlythe difference in thenumber

of ranking positiondetween period$ias meant it is difficult to determine whether the PTs in period
3 are progressing upwards or downwards through the ranking positions in subsequent periods and

therefore whether the PTs arindeedexhibiting selection and replication.

6.4 Summary

Theinitial stageof this chaptemvas to investigate the data for selection and replication, as stated in

the working definition of a meme in music. It was argued that looking atrtbeement of the PTs

through the ranking positions across the periods would indicate whether there was selection and

E % 0] 38]}v § IJVP %0 X dZ]e A « }v §Z °]e §Z § ]( Wd[* (E <p v (
time, then it was showing evidencé loeing selected and replicated, or of being rejected if its

frequency decreased. A number of PTs were found that progressed either continuously upwards or
continuously downwards through the ranking positions across consecutive periods, with some of
theseeither not appearing in period 1 or period 5 according to the direction of their progression.

The example of the three consecutive GRRmentioned above shows some movement, in that it

starts in ranking position 3 in period 1 and falls to positionn8ddriod 5. Therefore, this PT is used
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more frequently in the earlier than in the later periods, compared to the frequency of the other

three-note APTs in those periods.

Unfortunately, the figures for the number of PTs that continuously progress upwaidtsvnwards

through the ranking positions across the periods is very small compared to the total number of PTs

in each period. Additionally, the large majority of PTs (over 90% for each PTD) only occur in one of
the five periods. Moreover, only a tinsattion of PTs (fewer than 0.5% for each PTD) appear in all

five periods. However, these figures could be a result of the methodology, which generates all
possible patterns regardless of any secondary parameters such as metre, and consequently includes

many patterns that would not necessarily be identified as such by a composer, performer or listener.

When looking at the PTls of the PTs sampled, a couple of points were raised. Firstly, the PTls were,
on the whole, part of a longer phrase or motive. Marfiyhe PTIs appeared in the middle of a

phrase or motive and began on a weak metric position. Secondly, the PTIs appeared in many
different scenarios across all the periods for all of the PTD/PTL combinations. Both of these points
suggest that there isttle importance to the placement of the PTs within the music when looking at
selection and replication using the present methodology. Additionally, it should be remembered

that a very smalhumberof the PTIs were investigated.

The next stage was to sedwrfor evidenceof variation by looking at those PTs that first appeared in
period 3 and determining whether they had any antecedents. Each of the new PTs from period 3
investigated showed that it had some potential antecedents. However, when comphesg hew
PTs to their hypothesised antecedents, it was shown that some antecedents highlighted by the
methodology were improbable. Nevertheless, there were a number of antecedents identified that
could be described as strong candidates to be possiblecadtnts. Therefore, there is some

evidence for variatiothased on the similarity algorithm implemented

The new PTs from period 3 were also investigated for their movement within the ranking tables of
the subsequent periods for potential evidence of sétatand replication. This found that there

were some PTs new in period 3 that did continuously progress upwards through periods 4 and 5.
Both their movement through the ranking positions and the possibility of their having antecedents
suggests that somef these PTs new in period 3 are indeed exhibiting selection, replication and
variation. However, it should be remembered that there are fewer ranking positions available in the
later than the earlier periods, increasing the ease of PTs being able te npovards through the

ranking positions.
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Unlike the investigations into selection and replication, there was some limited evidence that
potential antecedent PTs of the PTs new in period 3 tended to be part of melodic interest. This
evidence was restricteth certain threenote APT and ABPTs, with all the other PTL/PTD PTIs used
as examples showing a wider variety of scenarios. However, as with the investigation into the
scenarios of PTs for selection and replication, the potential antecedent PTIs tendegart of

longer phrases or motives. Again this points to the placement of PTls within the music having little

bearing on memes in the present methodology.
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7 Chapter 7: Replicator Properties

7.1 Introduction

Following on from the previous chapter whitooks at the evolutionary processes of selection,
replication and variation his chapter looks at the replicator properties of longevity, fecundity and
copying fidelity. It is not possible to use the ranking positions as direct evidence for thesedecau
they relate more to the individual instances (i.e., one instance in a single printed edition) of a meme
rather than the meme itself (i.e., the overall structure of all the instances of the same meme).
However, evidence can be inferred from the rankrugitions by looking at the relative abundance

J( % 383 EveX dZ]e EPupu vs ]e < }v  AlJve[ ] §Z § 8Z posS]u §
a meme, is to become dominant within the gene, or meme, (0889, p. 1617). Therefore, those
patterns that show a greater abundance within the dataset will, in order to have gained this greater
abundance, have exhibited greater longevity, fecundity and copgfyifedity than those less

abundant patterns.

7.2 Evidence for Replicat or Properties

The replicator properties of longevity, fecundity acabyingfidelity are more difficult to find
evidence fothan the evolutiorary processedecause the properties relate more to the individual
manifestationg(i.e., instancesdf the memes rather than the meme its€lfe., the overall entity that
encompasses all the individual instancesigiarticulacTmeme) A memeénstancecan appeain a
number of different storage mechanisr(as discussed iBection2.5.1 abovgincludingthe score
that is used fothe present research Eaclof these storage mechanisms wilhve a different
bearingon the three properties For example, a melody in an autograph score froneighteenth
century stored in gubliclibrary exhibis greater longevity than the same melody stored in the brain
of a person who was born in th@neteenthcentury. However, if the same autograph score is
locked away withouthe possibility ofaccess, then thenemes contained within thecorewill have
little fecunditybecausehere islimited scopefor reproduction whereas the melody stored in the
brain of the nineteenthcentury persorhasthe chancdor high fecunditypbecausehe person can
recall thememeby methads such as singiray writingit downmultiple times. [rect evidence for

the replicator properties within the datasét difficult to determine because the dataset only holds
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information on onenstance(a specifiedition) of one storage mechanisriné score) of the

potential mames.

Dawkins makes the point thatithin the pool of DNA molecusesome molecules will survive longer
than others, some will reproduce at a faster rate, and sawilehave copying errots The result of
theseprocesgsis that some of the molecules wilebomemore numerous than others, i.ghey

will become more abundant within the pool of molecul@d®89, pp. 1617). Using the gene/meme
analogy it igossible taargue thatthe correspondingeplicator propertieshave had an impaain

the PTdy looking at thé relativefrequencywithin the dataset. For example, thosedthat show a
greater abundance within music will, in order to hatéainedthat greater abundance, have
exhibited greater longevity, fecundignd copyingfidelity than those éss abundant PT#s such,

the threereplicatorproperties are investigated in terms of thelativefrequencyof PTs.

7.3 Evidence for Longevity

As explained iBection2.3, longevityrelates to thelength of time that a meme instaneists The
greater the longevity of a meme instandawhateverform, the greater thechancefor selection and
replication to take placand, as a consequencéhe moreabundantwithin the memepool the
memeis likely tobecome. This abundandtieen affectsthe memef chancesor further replication
and selection./(  u u [¢ }voC ]v-ei® asccompadition that is popular for just a few months,
there are fewer chancethat it will benoticedby other composergerformers and listeners when
compared to a memavith instancesin a composition that has lasting popularity agdke

centuries When a composition becomes wekhownit is obviouslymore widely performed,
studied, reorded, etc. than dittle-known conposition, providing the meme instancegthin the
well-knowncompositionwith a larger potential audience. This audience then has, by extension,

more opportunity to select and replicate the memes

Thereis, however,a problem in determining what constites an instance of a meme. Music can
produce a number of different manifestations of memsgch as a score, a compact disc, an mp3
file, alive performance or evenamemoryin the brain All of these manifestatiorsan exhibit the
property oflongevity,and eachhasits own different possible time span. For exampleaatograph
scorecould have beemproducedin the eighteenthcentury when a composition was created and
placed in a public library. hisautographscore carthenremain in the public domaiuntil the

present day spawning a number of differeeditions However, anemoryof ameme in the brain
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could arguablyast only as long asremainsin the forefront of consciousness, and at most the
recollection can only survive as longjtae hosturvives. Thereforehts recollection in the brain
may haveewer opportunitiesto spawn reproductions than thexampleusedof an autograph

score

In this thesis, theletails of the score (i.e., when first publishdéite number of different publications
etc.) have not beestored in the dataset It is only the notes that have begakenas the
manifestation of memes to be investigate@herefore it is not possibldirectly to provide evidence
from the dataset for longevitypecausehe information regarding the availability of the scores

across a time periots notpart ofthe dataset.

It may, however, be possibte use the relative abundance of a ®linfer from the dataset

evidence for tle longevity of memes in musi®ecausean outcomeof longevty isthe greater
abundance of sommemes over othersandbecausehe ranking system used the present
researchdetermines whictPTshave been propagated most widely, then it may be possible to use
the ranking system to determine whi¢hlr'shave the gratest abundance andhich may
consequently have exhibitegreatestiongevity. Unfortunately, a major drawback to this method is
that it ranksPTsbased ortheir prevalenceby calculatingpoth the number of times & Tappears in
movements as well as the mber of different movementi which aPTappears This results in the
possibility that @ Twhich may appear a great many times in just one or two movemieassoughly
the same ranking position asPaappearing only once or twice in manyfdrent movements.
Anotherdrawback with using the ranking positions to infer longevity is that it is not providingtdire
evidence for longevitylookingat the ranking positions to infer longevity is ultimately about
determiningthe abundancef certainPTsand asaming that the abundancis a manifestation of
longevity. Even though there adgrawbacks to inferring longevity from abundance, jt is

neverthelessthe onlymethod that is availablérom the dataset used in this thesis.

The ranking positionareinvestigated on the assumption that ifRTappearsacross several periods
then the originalPTl may havepossessedtiighlongevity in order for it to havhadtime to be
replicated widely.Table7.1 showsthree-, seven and elevennote PTswith the greatest continuous
progression upwards through the ranking positions acedhe periodstogether with the number
of compositions thatachPTappears in within each period, witfable7.2 showing the total

number of conpositions within each period.
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N® and Percentage of Compositions per Period
PTL| PTD PT 1 2 3 4 5

3 APT A/DOA1/DOG 8| 32% | 23 | 52% | 15 | 71% | 13 | 100%| 7 | 88%

ADPT | A:1/D0OG+1:1 7| 28% | 25 | 57% | 13 | 62% | 11 | 85% | 7 | 88%
/S0G+1:1

RPT 0/D3/U4 7| 28% | 22 | 50% | 16 | 76% | 11 | 85% | 7 | 88%

RDPT | 0:1/D4:1/U3:1 6 | 24% | 23 | 52% | 16 | 76% | 12 | 92% | 6 | 75%

7 APT E/UOF/DOE/UOF | 3 | 12% | 16 | 36% | 9 | 43% | 5 | 38% | 4 | 50%

/DOE/UOF/DOE
ADPT | NONE - - - _ _ ) - } - ;
RPT | 0/U2/U2/UL/U2 | 6 | 24% | 20 | 45% | 12 | 57% | 7 | 54% | 4 | 50%

JU1/U2

RDPT | 0:1/D1:1/D2:1 5| 20% | 16 | 36% | 10 | 48% | 5 38% | 2 | 25%
/D1:1/Ut1/U2:1

/Ul:1
11 |[APT | NONE - |- - - - - - - - -
ADPT | NONE - - - - - - - - - -
RPT 0/S0/R0O/S0/S0O 2| 8 | 16 | 36% | 11 | 52% | 9 69% | 5 | 63%
/R0O/S0/S0/R0/SO
/S0

RDPT | 0:1/U1:1/D1:1 2 8% | 13 | 30% | 13 | 62% | 7 54% | 5 | 63%
/U1:1/D1:1/U1:1
/D1:1/U1:1/D1:1
/U1:1/D1:1

Table7.1: Numberand percentageof compositionsin each period foreachselectedPT

Period | Total Number of Composition
1 25
2 44
3 21
4 13
5 8
All Periods 111

Table7.2: Total number of compositions ithin each period

Thereare threePTL/PTRombinations that do not have aml§Tshat continuously progress upwards
through the ranking positions across all the periods (the sewar AD-PT, and the elevemote A-

PT and ABPT). These PTL/PTémbinations are thereforenable to show any increasing
abundance across the periodsing this particular method, and it, ikierefore,not possible to infer

longevityfrom themas a result.

ThePTL/PTRombinations that do havBTghat continuously progress upwards through the ranking
positions across the periods show a mixed picinreerms of abundanceTable7.1 shows that,
whencompaed with the total number of compsitions within each perio@Table7.2), for the

majority of the selectedPTshere is a smalleproportion of compositions containing the selected
PTsn period 1than inperiod & This change across the periods can be more clezgly when

calculatingthe percentageabundance of the PT, i,¢he number of compositions thBTappeasin
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compared to theotal number of compositions withithat period. For example, the highest
percentageabundancen period 1lis 32%whereas the higastpercentageabundanceor period 5is
88%.

Table7.1therefore shows that therare somePTghat do become more widely usatirough the
periods in terms of the percentage of compositionavhich theyappear. As a result, it ot be

argued that this spread across the compositions is akin toemeasingabundance of théTs

especially when compared to othTghat continuously fall through the ranking positioasross

the periods (se@ able6.3, on p. 148). If this method for calculating abundance is accepted, then it is

possible that longevity existsecausehere are sme PTsexhibitinggreaterabundance than others.

Unfortunately, not only are there sonfeTL/PTRombinatians that do not have aetectedPTin
Table7.1, there are als@Tsn the table that do noshow ahigh degree ohbundance in terms of
the number of compositionthey appear in withirperiod5. For example, the sevarote RDPTonly
appears in two composition®ut of a possibleight) in period 5 which in percentage terms is just

25%. This is notsagnificantincrease from period ,lwhere the percentagesjust 20%.

Afurther problem with looking abnly the note data is that itis impossible to say whether a

composer hagrior awarenes®f a particulaiPTbefore incorporating thaPTinto a composition
However,on the wholecomposers make a conscious effort to familiarise themselves with the works
of their contenporaries and pevious composersTherefore, it could be expected that as part of this
familiarisation procesPTawill be passed between composer#t could also be the case that some of
the generatedPTdn the systenwould not be considered as such by musiciaRg example, the
composer could intentionally create two phrases next to each other without regard for the patterns
createdacrossphrase boundariesHowever, the pattern generation created patterns across such
boundaries.This problem means it is difficub assess whether an abundance d?das due to

longevityor islargelycoincidental.

The case for longevity is therefore difficult to provide evidence for from within the dataset used for

thisthesis. However, Dawkissiggestshat the individual instv ¢« }( u u « E& ZE o §]A oC

LV ]u % } EDBBS. 194for the continuedsurvival of a meme. He explaitmat the important
factor inlongevity is that memeseedto survivelong enough tde passd from generatbn to
generation(1989, p. 194) WhatTable7.1 has shown is that there afeTshat are being pasd
from compositionto composition Whether thiscopyingof PTSs a consequence diieir longevity is

unfortunately unclear.
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7.4 Evidence for Fecundity

The fecundity of a meme relates to the frequency with wracheme instane is copied, and as a
consequence, how abundant the meme becomé&srthe purposes othe present research
fecundityrelatesto the propagation oPTs For examplea PTthat is being replicated on a yearly
basis will have a far greater chancebetomingdominant in the pool oPTsthan onethat is only
replicated once every fifty yearthe former will have a greater fecungithan the latter. Themore
fecund a PT is, the more dominamithin the poolof PTst will becomewith respect toless ecund
PTsand therefore the formewill havea greater possibility of selection, répation and variation

over the latter So fecadity, like longevitycan be relatedo how abundant &Tis.

As with longevity, it is not possible directtyinvestigate evidence fdecundity from the dataset.
However, like longevity, it is possible to infer fecundity from the relative abundared @t The
ranking positions show thatPTwhichappears towards the top of the ranking positions within a
particular perod hasa greater dominanceand therefore abundanceyithin that period than ePT
that appears towards the bottom of the r&img podions. Thigan be translated as meaning that
the dominantPTshave been selected and replicated more widely than those that appear at the
bottom of the ranking psitions, as argued in Sectiér.1 above As such, if RTismoving upwards
through the ranking positions across the periods, tliteis displaying selection and replicati@nd
conseajuently exhibitinghigherfecunditythan other PTspecausehe former has been more widely

copied thanthe latterin order to prodwce a higher ranking position.

Table7.1 aboveshowscertainPTghat continuously progress upwards through the rankimgifions
across all the periodsTheséPTddisplaygreater abundance than those lowerwa the ranking
positions,with the majority of thePTsn the tableappearing in 50% or more of the compositions in
the final geriod. However, there are sonkTL/PTRombinationgthe sevennote ADPT and the
elevennote A-PT and ABPT) whereno PTprogressescontinuouslyupwards through the ranking
positions across all the periods. Additionally, not all offfian this table appearin the majority of
compositionsin period 5(for example, the sevenote RDPTonly appears in two out of the eight

compositions in period h

Table7.1, therefore,presents rather inconclusive evidence for fecundity. Some oPthalo show a
greater abundance iperiod 5 than in period.1 Ths greater abundance means thhey are being
selected ad replicated more widelthan those PTs further down the ranking positiamsl, by
extension, are displayimgreaterfecundity. However, theakct that there ard®TL/PTD combinations

that have no associateldTs as well as the fact that not all of th€r'sn the table showa significantly
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greater abundance iperiod 5 than in period Acalkinto question vhether fecundity has been

demonstrated

The sae arguments used iBection7.3concerninga composefs A E v RFs do aply to
fecundity. The question of how much intentionality thei®on the part of the composer when
creatingPTs andof how much of an impact the methodology for generatiRgshas had on the
ranking positionscannot be addressed by lookisglely at treseranking positions As with
longevity, this means it is difficult to determimeénether or notthe abundance otertainPTssa

consequence diecundity.

7.5 Evidence for Copying -Fidelity

Perhaps the most difficult of theeplicatorpropertiesto addresss copyingfidelity. This attributeof
a meme relates tdhe accuracy ofhe replication processlf a meme iseplicatedaccurately every
time, then it exhibits a highegree ofcopyingfidelity. Conversely, if a meme is copied wittesree
of variation every time, then it exhibits low copyifiglelity. Consequentlyf & meme is replicated
regularly with a variatiomvery time then the abundance of theriginalmeme will not be as great
asthat of a meme that replicates with thsame frequency butith only occasionalor indeedno
copying errors. As such, it should be possible fieriwhether aPThas shown copyin§idelity byits
abundance across the periods, as longa@ase are shown to havdescendants However, the

difficulty lies in determing whethera PThasany descendants (see Sect®B abovg.

Usingthe ranking tables, it is possible to determine whethgparticularPThas greater abundance
than otherPTs It is not possiblehoweverto use the rankingables to determine if an abundafT
hashigh or low copingfidelity. This idecausehe ranking tableslo not show any form of
ancestral relationship betweeRTs across periods. Consequently, it is not possilpeotee thata

PT with greater abundan@than other PTs haa highlevel of copyingfidelity.

Nevertheless, by looking at some individ®dlsin terms of their possible descendarffsom the
similarity algorithm)anddeterminingwhether those descendants and the origifalsare successful
inthe later periods (by looking at the ranking positions) it may be possible tothdehighcopying
fidelity has been exhibited. If the origirRTis still successful in the later periods then it can be
argued that it is exhibiting high coimg fidelity, in that while it has been varied at some stage in its

life span(becauseahere is a potential descendaythe originalform alsoremains abundant
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Because copyinfidelity relates tothe production of variants, it@uld be expected that the most
abundan PTswill have produced fewer variants thahe less abundanbnesin order to remain the
most abundant PTsThehighestranking positions for each period show whieisare the most
abundant andconverselythe bottom ranking positions show which attee least abundant. The
highestrankingPTsbecause thg are abundant, should shofgwer possible variar®Tghan their
bottom position counterparts ihighcopyingfidelity is to beinferred. However, there is the
problem of taking into account the r&ive frequencies of th®Ts For example, thhighestranking
position PTswill havemany more occurrences than thewestranking positiorPTsand

subsequently thédormer will have a greater opportunity to create variants than thder.

Table7.3 (on p.235) shows the top (T) and bottom (B) ranking posit®hsacross all the periods
together withthe number ofpossible varianPTgaccording to the similarity algorithnthey

producewhich d not appearn period 1

A mixed picture is shown ifable7.3in regard to providing evidence for copyifigelity. For
example the majorityof the PTsat the top of the ranking positions have more possible variants than
those at the bottom othe ranking positions. When looking at the difference between the number
of possible variants between the top and bottom ranking posiidrs neitherthe PTD nor the PTL

seensto affect whether the topor the bottomPThas the greater number of possiblariants

Whilst Table7.3 showsthat there arePTgshat are more dundant than othersthe correlation
betweena W ddlrundance and how many psible variants it spawns seems at odds with the logic
that the more abundant PTs shouldvye fewer antecedents than the less abundant.PTisis makes

it difficult to provewhether high copyingidelity is evident

The dravbacks regarding trying to infémngevity and fecundity from the ranking tables also apply to
copyingfidelity. Itis posible that a composer will aligpon a particularPTcompletely
independently of other composers. This would mean that the rankibtes could not be used to
infer abundancebecause the assumption is that tiRT sare being copied between composers.
There is also the problem that the methodology a@@nerateunintentional PTsby combining
musicalphrases togethergeneratingP Tshat a composer would not consider aganingful

patterns.

Like longevity and fecundity, copyifigelity istherefore difficult to prove. Ithas to benferredfrom
the ranking tables through the idea that iPadisplays abundance then it must have been copied

repeatedly with few or no errorsithe copying processlable7.3 provides a mixeah this respect
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It is also difficult to proveonclusivelythat two PTsare variants of each other within the datases
shown in SectioB.3 above Consequentlyit is doubtful whetherhigh copyingfidelity hasbeen or

indeed can b, provedusing the current methodology

RankingPositionin Period N*of
Possible
PTL| PTD TorB | PT 1 2 3 4 5 Variants
3 APT T G/DOF/DOE 5 1 1 11 6 270
B E1/D1E1/UOE 747 | 1,318 | 1,222 | 1,003 | 511 81
ADPT | T G:1/DOF:1/DOE:1 14 4 1 10 8 220
B C:1/UOF:2/D0C:1 593 | 1,214 | 1,008 | 778 | 394 22
RPT T 0/D2/D1 1 1 1 1 4 8
B 0/D12/U21 392 501 538 488 | 367 14
RDPT | T 0:1/D2:1/D1:1 1 1 1 1 5 8
B 0:1/D4:1.3333/U4:1 615 | 1,086 | 954 769 | 439 4
7 APT T D/S0D/S0D/S0D/S0D/S0D 4 2 3 2 1 6,561
/SOD
B B/00R/UOC/00R/UOD/00R 193 493 295 141 | 111 147
/UOE
ADPT | T D:1/S0D:1/S0D:1/S0D:1 4 2 6 2 1 3,140
/S0D:1/S0D:1/S0D:1
B E:1/SOE:1/SOE:1/SOE:1 138 378 198 102 | 78 107
/SOE:1/SOE:2/S0E:1
RPT T 0/S0/S0/S0/S0/S0/S0 1 1 1 1 1 767
B 0/R0O/U1/R0O/D1/RO/U7 372 780 632 396 | 234 794
RDPT | T 0:1/S0:1/S0:1/S0:1/S0:1 1 1 1 1 1 449
/S0:1/S0:1
B 0:1/S0:1/S0:1/S0:1/S0:1 241 556 472 262 | 162 7
/S0:1/U12:2
11 | APT T D/S0D/S0D/S0D/S0D/S0D 3 3 3 1 2 6,561
/SOD/S0D/S0D/S0D/S0D
B G/00R/UOC/00R/S0OC/00R 75 163 91 70 44 186
/SOC/00R/SOC/00R2E
ADPT | T D:1/S0D:1/S0D:1/S0D:1 3 2 6 2 2 3,140
/S0D:1/S0D:1/S0D:1/S0D:1
/S0D:1/S0D:1/S0D:1
B E1:1/00R:1/S0H.:1 66 136 71 46 30 3,140
/O0R:1/SOEL:1/00R:1
/SOE1:1/00R:1/S0HA.:1
/O0R:1/SOEL:1
RPT T 0/S0/S0/S0/S0/S0/S0/S0 1 1 1 1 1 767
/SQ'S0/S0
B 0/S0/S0/U1/S0/S0/S0/S0 148 323 255 175 | 93 40
/S0/S0/U1
RDPT | T 0:1/S0:1/S0:1/S0:1/S0:1 1 1 1 1 1 449
/S0:1/S0:1/S0:1/S0:1/S0:1
/S0:1
B 0:1/R0:1/S0:1/R0:1/S0:1 123 261 210 118 | 62 92
/R0:1/D3:1/R0:1/S0:1/R0:1
/S0:1

Table7.3: Top and bottom ranking positioTswith the number of possible variants that do not appear in period 1
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7.6 Summary

Itis difficult to provide evidence for the replicator properties of longevity, fecundity angliogp
fidelity owingto theseproperties relating to the individual instances of the memes rather than the
memeas a global entityand the data coming from one manifestation ofostorage mechanism
Therefore, a differehapproach was taken in th@twas argued thatheseproperties could be
inferred from the abundance of the memes within teemplepool. This is becaadn order for

some memes to become more abundant than others, they needendanifestgreater longevityand

fecundity, and highercopyng-fidelity than those that are less abundant.

Thereis evidencewithin the boundaries of the present studgr somePTs becoming morabundant
across the periods in terms tife increasingiumber ofPTls and the number of mvements in which
they appear.However, not all of the PDPPTL combinations shosuchan increase in abundance
across the period#/hen taking into account the total number of compositions in each period.
Therefore the evidence for thgreaterabundance of some PTs over others is irtasiveand,
consequentlythe evidence fothe replicator properties of longevity and fecundity is also

inconclusive.

Inferring evidence from the abundance of PTsHigih copyingfidelity was ot asstraightforward as

for longevity and fecundity. Thigas due to copyindidelity requiringthe variation of P$to be
measured, i.e.if a PT shows a greater abundance than others, then it also needs to be shown that
the PT has spaved fewer variants. Therefore, thdifficulty in determining when PTs areriants of

each otheralsoaffectsthe searchfor evidence of higltopyingfidelity.

To provide evidence fdrighcopyingfidelity, the most and least abundant £dcross all periods
wereinvestigated for the number giotential variants using the similagitalgorithm. The argument
was that the most abundant PTs should show fep@tential variants than the least abundanhes,
because thdormer should have produceféwer potential variants in order gain their greater
abundance. Unfortunately the data prinled a mixed picturavith some PTs providing evidence for

the hypothesis and othis suggesting theontrary.
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Part IV - Conclusions

8 Chapter 8: Do Memes Exist in Music?

8.1 Introduction

The ultimate aim ofhe present researckvas to provide evidence taipport the hypothesis that
memes exist in music. In order for evidence tagbenered, investigations intwhat constitutes a
meme in musievere undertaken, whicked to a working definitiomf a meme in musicFromthis
definition,a methodology wasdevisedthat allowed a computer program to search for evidente
memesusing mass data analysighis final chapter providesreviav of the processes involved in
finding evidence for memes in music, the results of the data analysis, and suggestifumghiar

improvements tdboth the data and methodology to support the case for memes existing in music

8.2 Defining the Meme

Unfortunately there is no clear definition of what constitutes a merfidapter 1 Sectionl.3 above
showed hat a number of commentatorsupport differentdefinitions of a meme (for example
Aunger(2000) Borenstein2004) Brodie(1996) Gaborg1997) etc.) that concentrateon different
aspectof the meme such as the storage mechanism or the replicapioocess Additionally,no

meme has been identified to the general acceptance of the academic community, a point made by
Aunger(2002, p. 21) Therefore, a generic definitiddased on' } E definition of a meme

(1997was used in the present researehmeme isa unit of cultural information that evolvesy

meansof natural selection.

Section2.2 aboveshowed that there are three main processes involved in natural selection:
selection, replication and variation. Additionally, Dawkins argues that there are three replicator
properties that are essential for memes to exist: longevity, fecundity and cogfyitedity (1989, pp.
193-194). These evoluticary processes and replicator properties can therefore be used to help
verifythe existence of memss. If a unit of cultural information exhibits these processes and

properties, then that unit could arguably be considered a meme.
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When applying the meme concept tousicthe main problem is identifying unit of cultural
informationin music. A patterim music would seem to be the obvious chdiezausat holds
musicalinformation. However, trying to determine what constitutes a pattern in music is
problematic. For example, a pattern can be structural (suchfasmal schempg polyphonic,

harmonic,rhythmic, melodigetc. There are additional problems with defining patterns in terms of

identifying their boundaries and importance within compositions, as well as issues surrounding the

involvement of secondary parameters suchmastre and dynamics, andevices such as
ornamentation. All of these issues nealdsingpatterns asthe unit of cultural information

problematic.

Despite these problems definition of a pattern in music wasrived at,against whictihe
evolutionary processes and replicator ppertiescould be tested The definition was based on

D ] o o asBdrtionthat the brain chunks information int&even plus or minus twfunits of
information(1956)U $}P 3Z & A]JSZ : v[* ZC%}3Z <]+ §ZteBtharuthuee notes} 3
in order to providdt with enough information to belistinct andsalient(2007, pp. 6661). Therefore
the pattern in musicfor the purposes othe present researctwas defined aany threeto eleven

monophoniconsecutiveotes excludingsymbolicornamentation and secondary parameters.
Consequently, the working definition of a meme in music usdbdrpresent studywas:

Any three to elevemonophoniaonsecutivenotes,excludingsymbolic
ornamentation and secondary parametetisat evolvesy means ohatural
selection (i.e., selection, replication and variation), and which exhibits the

replicator properties of longevity, fecundity and copyifiatglity.

8.3 The Methodology

The next stage of thresearch was tdevisea methodology that could supply evidence for memes
in music based on the worlkgndefinition. Thismethodology needed to be able to shoaver a
period of time the evolutiorary processesaking placen music as well agvidencefor the

replicator properties. In order tprovidethis evidence amass data malysis of music scores was
undertakenusing Knowledge Discovery in Database (KDD) techniques on a relational database
model. The relational databasmodelwas selected to péorm the data analysibecausehe
technology iglesigned specifically for dastorage and manipulatiohas irbuilt indexing

algorithms,and uses the Structured Query Languége\.
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ou *@E&] v E A 8Z [« ] A(2087pp YAEETwere usedas a frameworkor the mass
data analysis The first stage was data selectj@rhich involved sourcing scores in MusicXML format
andimportingthesedocuments into the relational database. It was decided tosisag quartets
owingto the number of scores available in MusicXidimat, and the ease witlwhich it would be
possible to generate patterns according to the working definition. Unfortunately, the number and
range of scores available MusicXML (or Ka) was notsufficientto provide meaningful results (i.e.
it did not cover enough composers across a suitable 4&pan). Therefore additional scores were
converted to MusicXML usirighotoscoreand Sibeliugisingboth pdfs available online anscanned
printed scores. In total, 442 movements from 111 compositions by 19 composers were used,

rangingfrom earlyHaydn tolate Shostakovich.

The next stage of KDD was data cleansitiich involved correcting errors in the data. There were
a number of errors fond in the documentsourcedfor the research.There were poblemswith the
conversion from printed scoresditorial errors the conversion from Kern to MusicXMindusing
Photoscordo convert to MusicXML. Where any errors were found, they were corceicieither
Photoscorer Sibelius Howeverpwingto the intensive nature of the task, éould notbe

guaranteed that all erroravere foundand corrected

Following on from data cleansing was the process of data enrichwitth involved adding extra

data tofacilitatethe analysis. Two extra pieces of information were added to the datababésto

end. Firstly, a table was added that linked all enharmoniaailyivalent pitchesogether. This was
necessary t@xpeditethe calculations regarding inteallic distancebetween notes. Secondly,
information was added in order to group the compositions together within predefined periods. This
involvedenteringinformationonwhen a composition was begun, as well as information on which
compositions showd be grouped together. In the end, five periods were creatathblingthe

system to tracepatterns across different tim&ames

The next stage involved data transformatjevhere the data was manipulatagsing stored
procedurego enhance the process dfata mining. Thisinvolved calculating the periogd8agging

the start and end of pieces, movements and instrumental paesiding which notes to use from
chordal passagesonverting tied notes of the same pitch to a single nat@mbining consecutive
rests into one restworking out the absolute value, relative intervallic value and relative durational
value of each note compared to the previous najenerating all the possible threto elevennote

patterns and, finally, determiningthe pitch and diration properties of all the patterns generated.
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After the data transformation had taken place, the data mining stage was implemented. This
involved determining the frequency otcurrence okach pattern generated within each time
period, according to he number of instances of the pattern atite number ofmovements in which
it appeared, and then rankindpé patterns according to thisalculated frequency. Four sets of
ranking positions were produced: absolute pitch values without duratieRTA abskute pitch
values with relative durations (ABT), relative intervallic values without durationrPR), and relative

intervallic values with relative durations (FLY).

Finally, the data reporting stage was implemented. This involved wfitntiger stored procedures
to interrogate the rankingpositions and pattern properties, as well as udimg similarity algorithm
to help determinepotential variation between patterns The results were used provide evidence

of the evolutiorary processesas well aghe replicator properties.

8.4 The Evidence

The rankingpositionswere investigated becaugeacking the position of pattern types across the
periodswas hypothesised tprovide evidence for selection and replication. This besed on the
argumentthat pattern types at the top of the ranking positions are morgmerousthan those at

the bottom. Therefore those at the top must have been selected and replicated more frequently
than those at the bottom. Additionally,éertainpattern types showed a contirous progression
upwards, or downwards, across the periods, thiea@y were either being selected and replicated
more widely, or were gradually declining in the frequenctheir selection and replication,

according to their progression directioffhere were pattern typesn the datathat continuously
progressed upwards or downwards across the periods for all pattern type lengths and descriptors.
Additionally, there were pattern types that did not appear in the first, or last, period that
continuously prgressed upwards, or downwards, over the remaining periods. It was also shown
that the range of pattern typeappearing in a particular periadas different for each of the periods,
with over 90% of pattern types appearing in one perimdly, for all patern type descriptors.

However, it was shown that the longer pattern types malhtivelymore pattern types appearing in

only one period thanvas the case witlheir shorter counterparts.

Theinvestigationof variation was more problematioecausehe ranking positions by themselves
could not provide suitabldirectevidence. As a result, a similarity algorithm that compared the
pitch and/or duration properties of the pattern types was used to determine if two pattern types

couldpotentiallybe related. These relationships were investigated by looking at the pattern types
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that first appeared in period 3 ardketerminingif any pattern types in the previous two periods
could have been antecedents.thiere were possible antecedentisen this wasinterpreted as
supportingevidence fowvariation. Additionally, the new pattern types in period 3 were then
investigated toexplore whetherthey showed signs of selection and replication in the final two
periods. If it could be shown that some of the new pattgpes in period 3 had possible
antecedents in periods 1 and 2 (i.that they exhibited variation), as well asidergoingselection

and replication in periods 4 and 5, then those pattern types could possibly be memes.

It was found that the number and raegf pattern types in each period was different. Additionally,
there were more new pattern types in each of periods 2 to 5 than pattern types that had appeared

in any of the previous periods respectively. Both of these points were used to argue theaiieer
pattern types new in periods 2 to 5 that coyldtentially be variants of extant pattern types. When
investigating the pattern types in period 3 that had not appeared in either period 1 or 2, it was
shown that the similarity algorithm produced a nber of possible ancestral connections between

the chosen period 3 pattern types and pattern types in pesiddand®. It was then shown that

some of these new pattern types from period 3 progressed upwards through the ranking positions in
periods 4 and 5Therefore, the datarguablyshowed evidencevithin the boundaries of the

present studyfor selection, replication and variation: there were some new pattern types in period 3

with possible antecedents that then progressed upwards through the rankingqus

An alternative approactvas used to providevidence for the replicator properties. This was
because the dataset only relates to one manifestation of one storage mechanism for memes: the
dataset only points to a meme beifgund ina particularedition of acomposition without regard to
any other of its other manifestations. Consequently, it was not possible to measure the different

meme manifestations for differences in their replicator properties.

Instead, it was argued that the replicator pragies could be inferred from theelativeabundance
}(uu X dZ]e A e o }v Al]ve[ Gamprephcitds prapeligs help to

determine the abundance of genét989, pp. 16L7). For example, a gemeith high longevity will

not only have more chances for replication, but will also have more instances than a gene with low
longevity. A gene with a high fecundity will replicate more frequently than a gene with low
fecundity, again increasing the numbafrinstances. Finally, a gene with high copyfidglity will

create more exact copies of itself thane with low copyingfidelity, again increasing the number of
itsinstances. Therefore, in order fameme to become more abundant thats rivals it must have

exhibited greater longevitgnd fecundity, and highercopyingfidelity, thanthem. Consequentlyin
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this studythe rankingpositionswere used to show if any pattern types had a greatauradance

over othess within the dataset.

The ranking psitions produced evidence that there were pattern types with a greater abundance
than othersin the datasetbwingto the ranking positions being based on tmemberof appearances

of pattern typesin the dataset However, it was found thatertainpattern type descriptor and

length combinations did not have any pattern types that continuously progressed upwards through
the ranking positions. Additionally, some of the pattern types that had the highest upward
progression through the ranking positions appséin 50% or less of compositions in the last period.
Both of these points called into question the strength of the evidence for the replicator properties

becausein certain caseshe relative abundance of pattern types could raéarlybe determined

Unfortunately, looking at the abundance of pattern types by itself was not enough to provide
evidence fohighcopyingfidelity. This was because evidence needed téooed that variation had
actuallytaken place. Therefore, the numbermdtential variant pattern types was calculated using
the similarity algorithm for the pattern types that were either the mastleast abundant across all
the periods. However, the datmovideda mixed picture in that, on the whole, there were a larger
number ofpotential variants for the most abundant thaor the least abundant pattern types,

contrary towhat wouldperhapsbe expected with high copyirfidelity.

Acouple of issues were raised when lookingateexamples of the pattern types within the

scores. frstly, most of the examples showed the pattern types as part of a longer phrase or motive,
often starting on the weak beat or part of a beat. Secondly, there was no evidence for pattern types
being used in similar scenarios when they were more promiiretite ranking positions, or for them
being used in diverse scenarios when they were less promin@onsequently, there was no

evidence for the placement of the pattern types having a bearing on a patternstgpeminence in

the ranking positions.

The dtapresented for both the evolutionary processes and replicator propediesvs that there

are differences between each of the four PTDs as well as the different PTLs when investigating the
evidence for memes in music. For example, all four thvee PTDs have PTs that continuously
progress upwards through the ranking positions, whereas the seeém ADPT, and the eleven

note APT and ABPT have none. There are also differences between the number of periods in which
a given PT has a PTI. For examplethe threenote PTs, the T has the highest (34.5%), and the
ADPT has the lowest (3.3%) percentage of PTs appearing in all five periods compared to the total

number of PTs for each PTL/PTD combination. However, for the et®ter®Ts, none of thiour
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PTDs has enough PTs appearing in all five periods to register a percentage at one decimal place (i.e.,
0.0%). This difference in the percentages of PTs appearing in all five periods across the different
PTD/PTL combinations is also reflected inrtheber of new PTs arriving in each period. For

example, for threenote PTs in period 5, the APT has the highest (48%) and th® Rhas the

lowest (7%) percentage figure for the number of new PTs compared to the total number of PTs in
each period for edat PTL/PTD combination, whereas for the elewete PTs, all four PTDs have a

percentage figure of 95% or above.

There were also differences between the different PTL/PTD combinations in terms of the similarity
algorithm. For example, the-RTs and APPTsroduced a greater number of possible relationships
than the RPTs and the RBTs. This was to be expected, because tRdéand the APTs

encompass all possible transpositions, together with their enharmonic equivalents pitches of their
PTs as possibtelations. Additionally, when comparing the possible antecedents to the PTs new in
period 3, the severand elevennote PTs produced, on the whole, a greater number of improbable

matches compared with the thremote PTs, across all four PTDs.

8.5 Ten Potential Ideas for Further Investigations

Although the presenstudy has ppduced some interesting results, and shown that mass data
analysis of music is possible using relational databdisgker workin this areacould be undertaken

to provide further suppda for the concept of memes in music. Ten ideas are highlighted that would

potentially advance the study of memasmusicusing computetbased analysis techniques

8.5.1 Enhancing the Dataset

Although there were 442 movements from 111 compositions by 19rdifftecomposersised inthe
present researchthere were some notable absences from the (&stch as Boccherini and
Schoenberly Additionallypwingto the availability of scores in a suitable format, there was a heavy
reliance orstring quartetsby Haydn Mozart and Beethoverand thisskewed the relativejuantity

of data towards the earlier periodglthough it can be argued that thieriodwas theheight of

string quartet writing. Therefore, a more comprehensive set of data that includes more compose
from the later periodssuch as Villhobos and Schoenbergpuld be created. The ranking positions
could then be recreated and +&nalysed for more compelling evidence of the evolugion

processes and the replicator propertiedowever, adding additnal string quartets will still mean

that the dataset is using only a small subset from the whole music corpus.
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8.5.2 Redefining the Pattern

In the present studythe pattern generation algorithrereatedall three- to elevennote patterns
regardless of their plcement in the musicThis inevitablyroducedthe situation where patterns
would begenerated usinghe middle of phrases, or across natural phrase boundaries such as
cadence points, etc. Therefore, it can be argued that the majority of patterns geddogtthe
systemwere not meaningful from a musical perspective. Additionally, the pattern generation
algorithmresulted in relatively small figures for pattexdisplaying possible evidence for memes
compared to the total number of patterns generatedthye dataset An improvement would be to
create an algorithm that looks for patterns from a more specifically musical perspective (e.g.,
aligning pattern generation witmusical phrasesor using the Gestalt principles of proximity,
similarity and good cdimuation as the basis for pattern generatipmather than all possible
patterns. Again, the ranking positions could thenré@nalysed to determine whether more

compelling evidence for the evolutiany processes and replicator propertiesists.

8.5.3 Investigating Differences in Pattern Type Lengths

It may also be possible tweate an algorithnto relativize the different length pattern types. This
would then enablghemto be compared within a single ranking system. It has already been stated
that the problem of comparing different pattern lengths is similar to the concept of relative species
abundancgSections.5). Therefore, it may be possible ttilise some of theresearch intarelative
species abundance to create a suiblgorithm to compare patternaf different length This

would allow further investigation into the impact of the length of pattern types on the méree

would threenote patterns still dominate the top ranking positions)

Additionally, the analyticadomponent ofthe present researchoncentrated on threg sevenand
elevennote pattern types. This showed that there was a difference irethidence obtained
between the three categories. Clearly, the intervening pattern type lengths could also be
investigated This investigation would be able to show fraportionalrelationshipexistsbetween

the pattern typelengthand thenature of the evidenceprovidedfor memes.

8.5.4 Enhancing the Similarity Algorithm

As explained iBection3.3 aboveit is intrinsically difficult to determine the extent to which two

patterns are similar to each other. Methods exist to understand connections between patterns but
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their implementation was beyond the scopetbé present research Researchershave used
technigues such as weighting syste(®®lland, 1999and neural networkg¢Sotiropoulos, et al.,
2008)to helpdetermine similarity between patternsvhich could be beneficial ineating an
enhanced similarity algorithrfor the present research projecAdditionally, there are ther
approaches, such as using wedarch algorithmbased on vectorgHaveliwala, 2003yhich could
also be investigated toetermine whether they are suitable for music pattern matching.
Appropriate technigues could then be mapped orthe present researcto provide amore
sophisticatedmethod for determining whether patterns are ancestrally related, allowing for more

compeling evidence for variation to be gathered.

8.5.5 Investigating Replicator Property Impact

The present researdhas shown that some pattern types are more abundant than others, but was
unable todeterminewhich of the three replicator properties had the great@apact on this
abundance.Furtherinvestigation would involve generating details on other manifestations of
memes, such as other editig, performances and recordingEhiswill be a time-consuming task
owing to the diverse nature of these differentamifestations. However, the details of these forms
could be analysee.g., for a recording, using details as to the length of availability and the number
distributed for each recordingp provide supporting evidence for the replicator properties as well

as to determine which property is the most consequential.

8.5.6 Using Scale Degree-Pattern Generation

Rather than looking at patterns without regard to the torantextof the surrounding music, as was
the case withthe presentresearchthe system could belevelopedto use scale degree mapping
well. The advantagef using scale degrees would be that patterns with a sindlaal context could
be compared. However, an algorithm to determine scale degrees from the pitcimescontext
would be required.This would be relatively straightforward for earlierore traditional worksbut
more involvedfor later, more complexand diversecompositions. It wouldneverthelesshe possible
in principleto compare new and original results to determine if, anavtoat extent, tonal context is

important to the concept of memes in music.
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8.5.7 Redefining the Time Periods

Currently, the system divides the data into five different time periods. These couktibénedto
investigate how much of an impaittey haveon the results, or to investigate the evolution of
certainpatterns over different time periods. It would even be possible to create time periods for an
individual composetto determineif there was a change in their use of patterns over time. For
example, jeriods could be set up to match the traditional thrsglistic %0 &1} * }( SZ}A v

output.

8.5.8 Adding Geographical Detail

Another way tarefine the data would be to take into accoutite geographicalocationof

composers. In the same way that composisarelinkedin the present studyo a time period, it
would be possible tassociatehem with geographical regions. It could then be investigated
whether certain geographical regions showed greater evidencth&replicationof memesthan
others This would involve creating a larger dataset to ensure that there was enough data in each

region and time periogdombinationto make the results meaningful.

8.5.9 Investigating Composer ¢ Lineages

It would alsobe possible to comparineagesof composers whare intrinsically linked.These
lineagescould then be compared to the dataset as a whole. This compacmad show whether

there is more sharing of patterns withaertainlines of composers than in the dataset as a whole.

8.5.10 Separating Out Instrumental Parts

In the present research, all the instrumental parts were grouped together when analysing the
ranking positions. It would be possible to separate out the different instrumental parts, and then
reanalyse the ranking positions. This wolidp determine if there is more evidence for memesr
if certain patterns are found more often, in a particular instrumental part over othinsould also
help to determine whether there is a stylistic change in how instrumental parts are utilised within

the string quartet over time.
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8.6 Three Alternative Investigations
The previous section has highlightiexh possibleareas ofinvestigation that couldhelp extendthe
present study. This sectidmiefly examineshree areasthat have not been fully explored in the

present studybut whichmay be useful when investigating memes in music

8.6.1 The Role of Consciousness

Although the issue of how memes are potentially stoirethe brain was raised iBection2.5.1, the
issues surrounding the role ofemes in the conscious were deliberately avoided. This was because
the methodology used was designedlyto determine if the evolutionary processes were taking
place, and not how they werdriven. Additionally, the whole subject of how the conscious kgor
within music is extremely compleXadditionally, there is the problem that composers will
consciouslyry and find their own voice through their musyg creating their own styles and

patterns which is counteintuitive to the idea that memes are pass$ between composersindeed,

a whole thesis could be undertaken on tbffect of consciousness on the meme in music.

8.6.2 Memetic Signatures

Anotheraspect that has not beefully explored in the present study is what constitutes the
environment when invesfiating memes in music. Darwin argued that the environment plays a
significant factor in evolution, in that it helps shape the survival of some traits over dtt&59
repr. 1985, pp. 34896) Thereforeare therefactors both within and surroundingiusic, which

have a bearing on the selection and replication of metes

Suchfactors would include the composer, the performer, listener, instruments, and the genre. Each

of these could have their own set of restiims (e.g, the composer by their imagination, the

performer by their skill, the listener by their concentration, the instruments by their range, the genre

by its instruments, etc).. Unfortunately, it is not possible to investigate all of these factarsigh

the dataset. However, it is possibleuse the current dataset tinvestigate the differences

between the patterns used by different composgss common on particulainstruments. Itmight

also  %o}ee] 0o 38} Al v OoP}E]Zw &7 3PV Su€E [Z(}E Z }lu%}e EU
each instrument, and/or each string quartet, giving each one a unique identifier that can also be

usedasa measureof comparison. This signature could then be usedreas such as concert
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planning (i.e., whic compositions sit well together), and teaching (i.e., which pieces have a natural

progression of difficulty), etc.

8.6.3 Pattern Salience

Another issue that impacts on the consciousness debate is that of the salience of patterns. Again,
this is an issue thdtas not been investigated owing to the complexity of providing a general
definition of salience that can be used in the context of the present study. However, what has been
shown is that the examplassed in the present studyn the whole, tended to begst of longer

phrases, and tended to commence on weak metric positidrigs thereforecalls into question

whether the examplesisedexhibit sufficient salience tmeet : v[e &]35 E] (}E 549.u ~¢ %X

The range of exantpsused in the present studyas relatively small compared to the number of
patterns generated by the system. Therefore, it is questionable how representatiex#meples
were. Nevertheless, further investigations could be undertaken to determinesittis any
connection between the relative salience of the patterns and their ranking positions. If a link is
]J* YA E U 38Z v §Z]+ }po * L% %o} E S Bdse mgmeZ t@hpsethe]e $Z § Z€S5-.
greatest perceptuatognitive salience will tend the the most widely propagated in the meme pool,
§} 8Z ]+ A VS P }(38Z}+ o0 (2007,@]229). (Hadvevel, the drawbatksuch
investigationsare providing a suitable definition for salience, and sifting through, analysing and

categorisng large numbers of examples.

8.7 Summary

In order to investigate theoncept of memes in music, it waaturallyimportant to understand
what a meme is. Dawkitg/pothesisedhe meme/gene analogy as a way of explaining the
mechanisms behind cultural evolati. Unfortunatelythere is little agreement on what constitutes
cultureand consequentlyhe concept of the meme isimilarly loose However if it is accepted that
the meme evolveby means ofatural selection iran analogousvayto that of genes, tha finding
evidence for selection, replication and variationculturewill helpprovide evidencehat memes
exist. Additionally, Dawkins draws on gene replication to argue that memes must also exhibit
longevity, fecundity and copying fideljt§ these poperties areexhibitedthen this constitutes

further evidence fothe existence omemes.
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Usingthe ranking positions and the similarity algorithm, evidence was found for selection,
replication and variationvithin the corpus of music used for the preseasearch However, the
datafor the progressiorof pattern types across the ranking positiomas limitedcompared to the
total number of pattern typen the dataset Longevity fecundity and copyingidelity were inferred
from the abundance ofertainpattern types over otherausingthe ranking positions. However,
when investigating the abundance of pattern types in relation tottital number of compositions
in the datasetthe evidence became less convincihgn that for the evolutionary processeln
conclusion althoughevidencesupportingthe possibleexistence of memes ithe corpus of music
used for this studyas been providedithin the confines of thelefinitions and assumptions
stipulated inthis thesis, additional work is required tolpedvancethe case fothe existence of

memes in music.
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Appendic es

Appendix 1 - Working Definitions

Meme: a unit of cultural information that evolves by means of natural selection.

Meme in Music Any three to eleven monophonic consecutive notes]wling symbolic
ornamentation and secondary parameters, that evolves by means of natural selection (i.e., selection,
replication and variation), and which exhibits the replicator properties of longevity, fecundity and

copyingfidelity.

Pattern in Music:Any three to eleven monophonic consecutive notes, excluding symbolic

ornamentation and secondary parameters

Pattern Similarity When patternshave an exact match on their calculated property values.
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Appendix 2 - Repertoire List

Work Mvts Source Downloaded Encoder

Bartok (n.d.)String QuarteiNo.1. London: Boosey anc  All P 09/11/2010 AH
Hawkes.

Bartok (1939)String QuarteiNo.2. London: Boosey All P 09/11/2010 AH
and Hawkes.

Beethoven(1801)String QuarteOp.18No.1. Vienna  All K 08/11/2010 CS
Unknown

Beethoven (1801)String QuarteOp.18No.2. Vienna  All K 08/11/2010 CS
Unknown

Beethoven (1801)String QuarteOp.18No.3. Vienna  All K 08/11/2010 CS
Unknown

Beethoven (1801)String QuarteOp.18No.4. Vienna  All K 08/11/2010 CS
Unknown

Beethoven (1801)String QuarteDp.18 No.5. Vienna All K 08/11/2010 CS
Unknown

Beethoven (1801)String QuarteOp.18No.6. Vienna  All K 08/11/2010 CSs
Unknown

Beethoven (1808)String QuarteOp.59No. 1. Vienna  All K 08/11/2010 CSs
Unknown

Beethoven (1808)String QuarteOp.59No.2. Vienna  All K 08/11/2010 CSs
Unknown

Beethoven (1808)String QuarteOp.59No.3. Vienna All K 08/11/2010 Cs
Unknown

Beethoven (1810)String QuarteOp.74. Leipzig All K 08/11/2010 Cs
Unknown

Beethoven (1816)String QuarteDp.95. Vienna All K 08/11/2010 Cs
Unknown

Beethoven (1826)String QuarteDp.127. Mainz All K 08/11/2010 Cs
Unknown
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Work Mvts Source Downloaded Encoder

Beethoven (1827)String QuarteOp.130. Vienna All K 08/11/2010 CS
Unknown

Beethoven (1827)String QuarteOp.131 Mainz All K 08/11/2010 CS
Unknown

Beethoven(n.d.)String Quarte©Op.132 n.p.: All K 08/11/2010 CS
Unknown.

Beethoven (1970)String QuarteDp.133 New York: All P 09/11/2010 AH
Dover Publications.

Beethoven (1827)String QuarteOp. 135, Berlin All K 08/11/2010 CS
Unknown

Borodin (1994)String QuarteiNo. 1. New York: Dover  All P 29/11/2010 AH
Publications.

Borodin (1994)String QuarteiNo.2. New York: Dover  All P 29/11/2010 AH
Publications.

Brahms (1926)String QuartetNo.1. LeipzigBreitkopf 1 P 29/11/2010 AH
& Hartel

Brahms (n.d.)String QuartetNo. 1. n.p.: Unknown. 2,3 K 8/11/2010 CS

Brahms (n.d.)String QuartetNo. 1. n.p.: Unknown. 4 G 9/11/2010 GP

Brahms (1926)String QuartetNo. 2. LeipzigBreitkopf All P 29/11/2010 AH
& Hartel

Brahms (1926)String QuartetNo. 3. LeipzigBreitkopf All P 29/11/2010 AH
& Hartel

Debussy(1987)String QuarteOp.10. Mineola: Dover 1 P 29/11/2010 AH
Publications.

Debussy(n.d.)String QuarteOp.10. London: 2,34 S AH
Eulenberg

A}Z, (h.d.)String QuarteDp.96. London: All S AH
Eulenberg
A}Z, (h.d.)String QuarteDp.105. London: All S AH

Eulenberg

Grieg (1991)String QuarteDp.27. Mineola: Dover All P 10/05/2011 AH
Publications.
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Work Mvts Source Downloaded Encoder

Haydn (1772)String QuarteOp.1No.1. n.p.: Bremner All K 08/11/2010 FB
Edition.

Haydn (1772)String QuarteOp.1 No.2. n.p.: Bremner All K 08/11/2010 FB
Edition.

Haydn (1772)String QuarteOp.1 No.4. n.p.: Bremner All K 08/11/2010 FB
Edition.

Haydn (n.d.)String QuarteOp.9 No.3. n.p.:Trautwein  All K 08/11/2010 FB
Edition.

Haydn (n.d.)String QuarteOp.17No.1. n.p.: All K 08/11/2010 FB
TrautweinEdition.

Haydn (n.d.)String QuarteOp.17No.3. n.p.: All K 08/11/2010 FB
TrautweinEdition.

Haydn (n.d.)String QuarteOp.17No.5. n.p.: All K 08/11/2010 FB
TrautweinEdition.

Haydn (n.d.)String QuarteOp.20No.1. n.p.: 1,24 K 08/11/2010 FB
TrautweinEdition.

Haydn (1985)String QuarteOp.20No.1. New York: 3 P 07/12/2010 AH
Dover Publications.

Haydn (n.d.)String QuarteOp.20No.2. n.p.: 13,4 K 08/11/2010 FB
TrautweinEdition.

Haydn (1985)String QuarteDp.20No.2. New York: 2 P 07/12/2010 AH
Dover Publications.

Haydn (1985)String QuarteDp.20No.3. New York: 1 P 07/12/2010 AH
Dover Publicaons.

Haydn (n.d.)String QuarteDp.20No.3. n.p.: Pleyel 2,34 K 08/11/2010 FB
Edition.

Haydn (1985)String QuarteDp.20No.4. New York: 1,2 P 07/12/2010 AH

Dover Publications.

Haydn (n.d.)String QuarteDp.20No.4. np.: 3,4 K 08/11/2010 FB
TrautweinEdition.

Haydn (n.d.)String QuarteDp.20No.5. n.p.: All K 08/11/2010 FB
TrautweinEdition.

Haydn (n.d.)String QuarteDp.33No. 1. n.p.: All K 08/11/2010 FB
TrautweinEdition.
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Work

Haydn (n.d.)String QuarteOp. 33No.3. n.p.:Richault
Edition.

Haydn (n.d.)String QuarteOp.33No.5. n.p.:
TrautweinEdition.

Haydn (n.d.)String QuarteOp.33No.6. n.p.:Richault
Edition.

Haydn (n.d.)String QuartetOp.42. n.p.:Trautwein
Edition.

Haydn (n.d.)String QuarteOp.50No0.2. n.p.:
TrautweinEdition.

Haydn (n.d.)String QuarteOp.50No0.3. n.p.:
TrautweinEdition.

Haydn (1982) String QuarteOp.50No.3. New York:
Dover Publications.

Haydn (n.d.)String QuarteOp.50No0.4. n.p.:
TrautweinEdition.

Haydn (1982)String QuarteOp.50No. 4. New York:
Dover Publications.

Haydn (1982)String Quartet Op. 50 No. Blew York:
Dover Publications.

Haydn (n.d.)String QuarteOp.50No0.5. n.p.:
TrautweinEdition.

Haydn (n.d.)String QuarteDp.54No. 1. n.p.:
TrautweinEdition.

Haydn (n.d.)String QuarteDp.54No.2. n.p.: Dover
Publication.

Haydn (1982)String QuarteDp.54 No.2. New York:
Dover Publications.

Haydn (n.d.)String QuarteDp.54No.3. n.p.:
TrautweinEdition.

Haydn (1980)String QuarteDp.55No0.1. New York:
Dover Publications.

Haydn (n.d.)String QuarteDp.55No. 1. n.p.: Dover
Publication.

254

Mvts Source Downloaded Encoder

All

All

All

All

All

13,4

13,4

1,2

3,4

All

13,4

All

2,34

K

08/11/2010

08/11/2010

08/11/2010

08/11/2010

08/11/2010

08/11/2010

07/12/2010

08/11/2010

07/12/2010

07/12/2010

08/11/2010

08/11/2010

08/11/2010

07/12/2010

08/11/2010

07/12/2010

08/11/2010

FB

FB

FB

FB

FB

FB

AH

FB

AH

AH

FB

FB

FB

AH

FB

AH

WH



Work

Haydn (n.d.)StringQuartetOp.55No.2. n.p.: Dover
Publication.

Haydn (n.d.)String QuarteOp.55No.3. n.p.: Dover
Publication.

Haydn (1980)String QuarteOp.55No0.3. New York:
Dover Publications.

Haydn (1980)String QuarteOp.64 No.2. New York:
Dover Publications.

Haydn (n.d.)String Quarte©Op.64 No.2. n.p.: Dover
Publication.

Haydn (n.d.)String Quarte©Op.64 No.3. n.p.: Dover
Publication.

Haydn (1980)String Quartep.64 No.3. New York:
Dover Publications.

Haydn (1980)String QuarteOp.64 No.5. New York:
Dover Publications.

Haydn (n.d.)String QuarteOp.64 No.5. n.p.: ver
Publication.

Haydn (n.d.)String QuarteOp.71No.3. n.p.:
TrautweinEdition.

Haydn (n.d.)String QuarteOp.74No. 1. n.p.:
TrautweinEdition.

Haydn (1979)String Quartep.74 No.3. New York:
Dover Publications.

Haydn (n.d.)String Quartep.74No.3. n.p.:
TrautweinEdition.

Haydn (n.d.)String QuarteDp.76No. 1. n.p.:
TrautweinEdition.

Haydn (1979)String QuarteDp.76 No.1. New York:
Dover Publications.

Haydn (n.d.)String QuarteDp.76No.2. n.p.:
TrautweinEdition.

Haydn (1979)String QuarteDp.76 No.2. New York:
Dover Publications.
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All

13,4

1,2

3,4

1,34

2,3,4

All

All

2,3,4

1,2,3

12,3

4

K

08/11/2010

08/11/2010

07/12/2010

08/12/2010

09/11/2010

09/11/2010

08/12/2010

08/12/2010

09/11/2010

09/11/2010

09/11/2010

08/12/2010

09/11/2010

09/11/2010

08/12/2010

09/11/2010

08/12/2010

FB

WH

AH

AH

WH

FB

AH

AH

FB

FB

FB

AH

FB

FB

AH

FB

AH



Work

Haydn (1979)String QuarteOp.76 No.3. New York:

Dover Publications.

Haydn (n.d.)String QuarteOp.76No.3.n.p.:
TrautweinEdition.

Haydn (n.d.) String QuarteOp.76No.4. n.p.:
TrautweinEdtion.

Haydn (n.d.)String QuarteOp.76No.5. n.p.:
TrautweinEdition.

Haydn (n.d.)String QuarteOp.76 No.6.n.p.:
TrautweinEdition.

Haydn (1979)String QuarteOp.77No.1. New Yrk:
Dover Publications.

Haydn (n.d.)String QuarteOp.77No. 1. n.p.:
TrautweinEdition.

Haydn (1979)String QuarteOp.77No.2. New York:

Dover Publications.

Haydn (n.d.)String Quatet Op.77No.2. n.p.:
TrautweinEdition.

: v ,(1990)String QuartetNo. 1. n.p.: Universal
Edition

Mendelssohn(n.d.)String QuarteOp.12. Mineola
Dover Publications.

Mendelssohn(n.d.)String QuarteDp.44 No.2.
Mineola Dover Publications.

Mendelssohn(n.d.)String QuarteOp.80. Mineola
Dover Publications.

Mozart, (n.d.)String Quartet K. 80.p.: Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 1551.p.:Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 156..p.: Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 15%.p.:Breitkopf &
Hartel
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14

2,3

All

All

All

23,4

13

2,4

All

All

All

All

All

All

All

All

Source Downloaded Encoder

P

08/12/2010

09/11/2010

09/11/2010

09/11/2010

09/11/2010

08/12/2010

09/11/2010

08/12/2010

09/11/2010

06/12/2010

06/12/2010

06/12/2010

09/11/2010

09/11/2010

09/11/2010

09/11/2010

AH

FB

FB

FB

FB

AH

FB

AH

FB

AH

AH

AH

AH

EC

EC

EC

EC



Work

Mozart, (n.d.)String Quartet K. 157.p.:Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 1581.p.:Breitkopf &
Hartel

Mozart, (1881)String Quartet K. 158 eipzigBreitkopf
& Hartel

Mozart, (n.d.)String Quartet K. 15%.p.:Breitkopf &
Hartel

Mozart, (1881)String Quartet K. 159 eipzigBreitkopf
& Hartel

Mozart, (1881)String Quartet K. 16Q_eipzigBreitkopf
& Hartel

Mozart, (n.d.)String Quartet K. 160.p.: Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 16&.p.: Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 169.p.: Breitkopf &
Hartel

Mozart, (1881)String Quartet K. 169 eipzigBreitkopf
& Hartel

Mozart, (1882)String Quartet K. 17QeipzigBreitkopf
& Hartel

Mozart, (n.d.)String Quartet K. 170.p.: Breitkopf &
Hartel

Mozart, (n.d.)StringQuartet K. 171n.p.:Breitkopf &
Hartel

Mozart, (n.d.)StringQuartet K. 172n.p.:Breitkopf &
Hartel

Mozart, (1882)StringQuartet K. 172LeipzigBreitkopf
& Hartel

Mozart, (n.d.)StringQuartet K. 173n.p.:Breitkopf &
Hartel

Mozart, (1882)StringQuartet K. 173LeipzigBreitkopf
& Hartel
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All

13

1,2

2,3

All

13,4

2,3,4

All

12,4

13,4

K

09/11/2010

09/11/2010

07/12/2010

09/11/2010

07/12/2010

07/12/2010

09/11/2010

09/11/2010

09/11/2010

07/12/2010

07/12/2010

09/11/2010

09/11/2010

09/11/2010

07/12/2010

09/11/2010

07/12/2010

EC

EC

AH

EC

AH

AH

EC

FB

FB

AH

AH

FB

FB

FB

AH

FB

AH



Work

Mozart, (n.d.)StringQuartet K. 387n.p.:Breitkopf &
Hartel

Mozart, (n.d.)StringQuartet K. 421n.p.:Breitkopf &
Hartel

Mozart, (n.d.)StringQuartet K. 428n.p.:Breitkopf &
Hartel

Mozart, (1882)String Quartet K. 428 eipzigBreitkopf
& Hartel

Mozart, (n.d.)String Quartet K. 4581.p.:Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 458.p.: Unknown.

Mozart, (1882)String Quartet K. 464 eipzigBreitkopf
& Hartel

Mozart, (n.d.)String Quartet K. 464.p.:Breitkopf &
Hartel

Mozart, (n.d.) String Quartet K. 4651.p.:Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 499.p.:Breitkopf &
Hartel

Mozart, (1882)String Quartet K. 499 eipzigBreitkopf
& Hartel

Mozart, (1882) String Quartet K. 573 eipzigBreitkopf
& Hartel

Mozart, (n.d.)String Quartet K. 5751.p.:Breitkopf &
Hartel

Mozart, (n.d.)String Quartet K. 58.p.:Breitkopf &
Hartel

Mozart, (1882)String QuarteK. 589 LeipzigBreitkopf
& Hartel

Mozart, (n.d.)String Quartet K. 59(.p.:Breitkopf &
Hartel

Prokofiey (1948)String Quartet No. INew York:
International Music Company
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All

All

12,3

12,3

23,4

All

13,4

14

2,3

13,4

All

All

K

09/11/2010

09/11/2010

09/11/2010

07/12/2010

09/11/2010

09/11/2010

07/12/2010

09/11/2010

09/11/2010

09/11/2010

07/12/2010

07/12/2010

09/11/2010

09/11/2010

07/12/2010

09/11/2010

FB

FB

AH

FB

GP

AH

FB

FB

FB

AH

AH

FB

FB

AH

FB

AH



Work Mvts Source Downloaded Encoder

Rave] (1987)String Quartet in AMineolaDover All P 29/11/2010 AH
Publications

Schubert(1965)String Quartet No. INew York: Dover Al P 06/12/2010 AH
Publications

Schubert(1965)String Quartet No../New York: Dover Al P 07/12/2010 AH
Publications

Sdtwubert, (n.d.)String Quartet No. 10 All K 09/11/2010 CS

Schubert(1965)String Quartet No. 14New York: All P 07/12/2010 AH
Dover Publications

Schumann(n.d.)String Quartet No. 1. All G 09/11/2010 GP

Schumann(1881)String Quartet No. A.eipzig: All P 07/12/2010 AH
Breitkopf & Hartel

Schumann(1881)String Quartet No. d.eipzig: All P 07/12/2010 AH
Breitkopf & Hartel

Shostakovich(1968)String Quartet No. 3.ondon: All S AH
Eulenburg

Shostakovich(1961)String Quartet No. 8.ondon: All S AH
Booy and Hawkes

Shostakovich(1971)String Quartet No. 13.ondon: All S AH
Boosey and Hawkes

Sibelius(1909)String Quartet Op. 58.ondon: All P 07/12/2010 AH
Eulenberg

Smetana(1946)String Quartet No.JPrague: Hudebni 1,2 P 07/12/2010 AH
Matice

Smetana(n.d.)String Quartet No.lLondon: Eulenburg 3,4 S AH

Tchaikovsky(n.d.)String Quartet No. INew York: All P 07/12/2010 AH

Dover Publications

Tchaikovsky(1994)String Quartet No. Mineola: All P 07/12/2010 AH
Dover Publications
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Key.

Source
K t Downloaded from the Ker8coreWebsite(http://kern.ccarh.org)
P t Downloaded from the Petrucci Music Webgfketp://imslp.org/wiki/Main_Pagég
G tDownloaded from the Project Gutenburg Website

(http://www.gutenberg.org/wiki/Main_Rage

S t Scanned from a printed score

Encoder
AH t Andrew Hawkett
CSt Craig Sapp
ECtEdmund Correia
FB t Frances Bennion
GP t GeoffPawlicki
WH t Walter Hewlett
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Appendix 3 - Stored Procedures

Stored Procedure Name

Action

Pass00:1Periods

Createghe periods intblPiece

Pass01:1Parts

Flags the change fropieces, movements and parts

Pass02:1Chords

Flags the top notes in the violin 1 part chords

Pass02:2Chords

Flags the top notes in the violin 2 part chords

Pass02:3Chords

Flags the top notes in th&ola part chords

Pass02:4Chords

Flags the bottom notes in the cello part chords

Pass02:5Chords

Flag all the notes that are not part of a chord

Pass02:6Chords

Flag all the unrequired notes of a chord

Pass03:1Ties

Combines tiedhotesand consecutiveests

Pass04:1NoteValues

Creates tle relative movement between notes

Pass05:1Patterns

Generates all the patterns

Pass05:2Patterns

Removes unwanted patterns

Pass05:3Patterns

Recreates the indexes tblPatterns

Pass06:0Index

Removes indexes frothlPatternProperty

Pass06:1:1Time

Creates time property records thiPatternProperty

Pass06:1:2Time

Updates theTimelD column intblPatterns

Pass06:1:3Time

Updates theShape andPitchCentre columns irtblPatternProperty

Pass06:1:4Time

Updates theHighLow cdumn intblPatternProperty

Pass06:2:1Rel

Creates relative interval pattern property recordgtPatternProperty

Pass06:2:2Rel

Updates theRellD column intblPatterns

Pass06:2:3Rel

Updates theShape andPitchCentre columns irtblPatternProperty

Pass0&:4Rel

Updates theHighLow column intblPatternProperty

Pass06:3:1Abs

Creates absolute pitch pattern property recordshbiPatternProperty

Pass06:3:2Abs

Updates theAbsID column intblPatterns

Pass06:3:3Abs

Updates theShape andPitchCentre columns irtblPatternProperty

Pass06:3:4Abs

Updates theHighLow column intblPatternProperty

Pass06:4Index

Recreates the indexam tbiPatternProperty

Pass07:1Ranking

Creates ranking positions across all pattern type lengths

Pass07:2Ranking

Creates ranking positns within pattern type lengths

Pass07:3Ranking

Createghe pattern type and shape properties

Pass08:1DeDupA

Deduplicates A pattern descriptor pattern types

Pass08:1DeDupR

Deduplicates R pattern descriptor pattern types

Pass08:1DeDupAD

De-duplicatesAD pattern descriptor pattern types

Pass08:1DeDupRD

Deduplicates RD pattern descriptor pattern types

Pass09:1Ranking

Createmnewranking positions across all pattern type lengths

Pass09:2Ranking

Createmmewranking positions within pattern type length

Pass09:3Ranking

Creates relative frequency ranking positions
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Appendix 4 - Entity Relationship Diagram
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