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Abstract

This thesis investigates the structural and evolutionary relationship among English
folk music melodies using computational methods which were inspired by the field of
bioinformatics. Hereby genetic sequence alignment was applied to musical evolution
in the special case of 1198 songs from Volume 2 of Bronson Child Ballads. The
melodies were transcribed, verified and standardized by transposing them into C
major or a minor using the Krumhansl-Schmuckler key-finding algorithm. Melodic
similarity was assessed using the Levenshtein edit distance, while Shannon entropy
was employed to evaluate rhythmic and pitch complexity. The obtained results
indicate that songs within the same lyrical chapter exhibit greater melodic similarity
than those across chapters. However, entropy analyses revealed no significant
variation in rhythmic or pitch predictability between chapters. These findings suggest
that while lyrical grouping may imply melodic relations, it cannot be guaranteed. The
study highlights the potential of interdisciplinary approaches, particularly those
borrowed from genetics and information theory, to investigate patterns in musical

evolution and cultural transmission.
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Zusammenfassung

Diese Arbeit untersucht die strukturellen und evolutionaren Beziehungen zwischen
englischen Volksmusikmelodien unter Verwendung computergestutzter Methoden,
die aus dem Bereich der Bioinformatik inspiriert sind. Dabei wurde die genetische
Sequenzalignment auf die musikalische Evolution im speziellen Fall von 1198
Liedern aus Band 2 der Bronson Child Balladen angewendet. Die Melodien wurden
transkribiert, verifiziert und standardisiert, indem sie mit Hilfe des Krumhansi-
Schmuckler-Algorithmus zur Tonartbestimmung in C-Dur oder a-Moll transponiert
wurden. Die melodische Ahnlichkeit wurde anhand der Levenshtein edit distance
bewertet, wahrend die rhythmische und tonhéhenbezogene Komplexitat mit Hilfe der
Shannon-Entropie bewertet wurde. Die erzielten Ergebnisse zeigen, dass Lieder
innerhalb desselben lyrischen Kapitels eine gréRere melodische Ahnlichkeit
aufweisen als Lieder aus verschiedenen Kapiteln. Die Entropieanalysen ergaben
jedoch keine signifikanten Unterschiede in der Vorhersagbarkeit von Rhythmus und
Tonhdhe zwischen den Kapiteln. Diese Ergebnisse deuten darauf hin, dass eine
lyrische Gruppierung zwar melodische Beziehungen implizieren kann, diese jedoch
nicht garantiert sind. Die Studie unterstreicht das Potenzial interdisziplinarer Ansatze,
insbesondere solcher, die aus der Genetik und der Informationstheorie iibernommen
wurden, um Muster in der musikalischen Evolution und kulturellen Ubertragung zu

untersuchen.

Schlisselworter:
Bronson Child Balladen, Bioinformatik, melodische Analysen, Informationstheorie,

musikalische Evolution
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1. Introduction

In 2022, Savage et al investigated the evolution of folk song melodies from Japan
and England by identifying cross-cultural regularities in the evolution of music with
help of genetical mechanisms. That novel work leveraged the identification that music
is following predictable rules. One key observation was that notes are less common
to change if they show stronger rhythmic functions. Further could be shown that
substitutions are less likely than note insertions and deletions, also known as indels
(Savage et al., 2022). This mechanism describes one of many in the field of genetics.
Hereby insertions mean that nucleotide base pairs are added or in case of deletion

removed from the DNA molecule (Herrera and Garcia-Bertrand, 2023).

Another key finding was that substitutions, which describes the process of
replacement in genetics, occur most of the time between neighbouring notes,
indicating that smaller note changes are more persistent than larger derivations.
Based on the identified connection between genetics and musical evolution the
authors used sequence alignment algorithms from the field of molecular biology to
investigate the evolution of music. Equipped with that tool 10062 songs were
analysed, identifying pairs of 328 close related melodies which were subsequently
investigated in relation to their patterns of note changes.

Based on the conducted analysis the final and the stressed notes, which are more
pronounced than other ones, tend to be more stable since they are notes with
stronger rhythmic roles (Zimmerman, 1997). On the opposite notes which are less
influential for the rhythm, e.g. ornamental notes, which are embellishments, are less
stable (Bakirova, 2020). Furthermore, notes which are more narrow in pitch, which
means the distance between the smallest and the highest pitch is small, show a
higher occurrence of substitutions (“Melody | Music Appreciation 1,” n.d.).

To summarize the work from Patrick E. Savage et al, music shows, like genetics,
underlying evolutionary constraints. Which means that cross-cultural regularities can
be exhibited in cultural evolution which leads furthermore to a better understanding of

change and diversity in music (Savage et al., 2022).

Within this thesis we will use these observations from Savage et al and apply them to
a collection of folk tunes, which are collected in the Bronson Child Ballads. To be

precise, the Bronson Child Ballads are a collection of a collection. In the second half
of the 19" century Francis James Child wrote a collection of songs with the title “The
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English and Scottish Popular Ballads”. Up to this point in history there hasn’t been
such huge compilation of ballads before (Child et al., 1904). Later in the 1960ties
Bertrand Harris Bronson annotated and organized the collection of Francis James
Child into tune families with similar lyrics. In addition, Bronson completed the version
of Child, where only texts were written down, with different folk tunes from England,
Scotland, Ireland and North America. In the final iteration the collection is a
compilation of four different volumes consisting out of approximately 4120 tunes
(Simpson, 1960).

As a first step we should define what ballads actually are. Ballads are songs which
tell a story where the author doesn’t drag personal things into the story. In order to
sing along ballads are rather simple with a metrical structure organized into short
stanzas, which describes a reoccurring pattern of rhyme and meter (“OnMusic
Dictionary - Term,” n.d.). Furthermore, they are meant to be passed on orally and
therefor undergo the same processes of change like the ordinary language, thereby
rendering it the ideal dataset for this master’s thesis, in order to identify the cultural
relationship of Scottish, English, Irish and North American folk songs (Child et al.,
1904) (Moore, 1916).

To get a better feeling of the data, the following figure shows examples of songs from
the used data. Hereby three songs are from one song family or chapter and three

from different song families or chapters as one can see in figure 1 below.

But why is this master’s thesis about music written in a biological field? What is the
relationship between music and biology? Music shows a great diversity and is the
result of musicality which is strongly connected to our biology. Therefore, musicality
can be studied from many perspectives like neural, cognitive, developmental and

comparative ones (Fitch, 2015).

As previously mentioned, the Bronson Child Ballads are a suitable testing bed to
investigate the evolution of music. Since the idea of Savage et al was to reveal cross
cultural regularities, this thesis wants to investigate the relationship between and
within song families from the Bronson Child ballads, more precisely Volume 2.
Hereby the assumption was made that songs in the same chapter or song family are
closely related, while songs in different chapters show less correlation. Thereby we

are assuming that songs which share the same lyrics are closer related to those with
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different lyrics. This research question will be evaluated in the next few chapters

starting with Chapter 2 “Material and Methods”.
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Figure 1: This figure represents the piano rolls from different songs, providing a rough overview of the songs
within a song family and from different ones. The three songs in the left column are the first three songs from
chapter 54. On the right side are three songs from different chapters as followed: the first one is the first from
chapter 55, the second one is the first from chapter 56 and the third song is the first one from chapter 57.

Each graph shows on the x-axis the measure number over time, i.e. the length in quarter notes. On the y-axis the

pitch from each note.



2. Material & Methods

2.1. The data

The raw data was taken from Bronson Child Ballads, consisting out of four Volumes.
A former project treated the data which it has been partially transcribed into the ABC
format. EasyABC is an open source editor for music notation, which transcribes
music into the ABC format, which was originally developed by Nils Liberg in 2014
(Wybren de Jong and Shlien, 2021).

Due to completeness of the beforehand taken transcription of the songs and personal
preference the second Volume was used for the remainder of this thesis. Volume 2
consists of approximately 1198 songs which were checked, in sight of correctness of
the transcription, by hand. The process of verifying the rightness of the data included
partially listening to songs and checking each note by reading simultaneously the
musical notation and the annotated version. Since only the first paragraph of the
song text from every transcribed song was notated, the missing ones were added
from the original data. However, due to time constraints not all songs got checked
according to their lyrics which limits further analysis to the notes. After correcting
those files new subfolders were created, one for the complete Vol 2 where the
melodic part was checked and one for the lyrics where just a few chapters or song

families were checked.

2.2. Used programs

For the transcription part of this thesis, the already mentioned opensource software
EasyABC was used. Furthermore, the programming language Python in the
Jupyterlab environment was utilized. For the musical analysis of the different songs

the package Music21 was used.

Table 1 shows a list of the used programs and their versions, in order to enable

verification of the presented results.

10



Table 1: Versions of the used libraries.

python 3.10.12
jupyterlab 4.0.6
matplotlib 3.8.0
music21 9.1.0
musicdiff 4.0.0
numpy 1.26.0
pandas 2.1.1
scipy 1.11.3
seaborn 0.13.0
tqdm 4.66.2

2.3. Analysis of the raw data

To get a better understanding of the different songs, a small analysis was done
beforehand. Here in the duration of the different songs, the pitch range and the
median height of pitches were measured. Additionally, an overview of the used keys,
which describes the organizational base of a song, within one song family was

prepared (“Key | Music, Major, Minor, & Chromatic Scales | Britannica,” n.d.).

2.4. Preparation of the data for further analyses

All songs are grouped into different song families, which are in the folder described
as different chapters in the Volume. To get a better comparison within and between
those families all songs were translated to either C major or a minor. To achieve the
transposition a key-finding algorithm, which was developed by Carol Krumhansl and
Mark A. Schmuckler, was used. This is embedded into the transpose function in
Music21, it looks for the most likely key of a melody. Therefore, 24 pitch classes,
since we have major and minor, were represented as key profiles which are based on
listener ratings from prior psychological experiments. The algorithm calculates the
total duration of each pitch class in the original music and then computes the

Pearson correlation between this data and each rotated key profile corresponding to
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the above-mentioned 24 keys. In the end the key with the highest correlation is
selected (Hart, 2012).

After that, a pickle file was created as easily accessible file which contains the title,

original key, length (in beats), range and the melody itself.

The following two graphs show the reliability of the transposed songs. This was
tested with the visualization of Krumhansl-Schmuckler Key Analysis. As one can see,
the left graph of figure 2 shows the song with the original key (A major). On the right

side the transposed version of the same song in C major is shown.
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Figure 2: This figure shows the first song of the data prior and after the transposition. The left image shows the
non-transposed song and the right image the transposed version. On the bottom of each graph is the legend to
show which notes were used. Hereby the smaller the window size the more accurate is the representation of the
individual notes.

2.5. Levenshtein edit distance

Another key goal in this thesis was to measure the difference among and between
different song families. Therefore, the Levenshtein edit distance was used to reach
this goal. The Levenshtein edit distance is a string similarity metric which means that
it measures the minimum number of single-character edits. Singe character edits are
deletion, insertion and substitution. Each cell represents the edit distance between
the first character i in the source string and character j in the target string. The final
cell gives the total edit distance of the required numbers of single-character edits
from i to j (Haldar and Mukhopadhyay, n.d.). The paper “A diff procedure for music



score files” by Francesco Foscarin et al. was used as the basis for this study. In it he
proposed a method to compare two score files at the level of notation (Foscarin et al.,
2019).

2.6. Shannon entropy

Another aspect of this work is to compare the Shannon entropy within the chapters.
The Shannon entropy, which is used for binary systems, is described with the

following formula:

HOO == ) p() logy ()
XEX

where H(X) describes the Sannon entropy depending on the dataset X, while p(x)

represents the probability of occurrence of x.

With this formula you can reach a minimum of 0 and a maximum of 1 conditioned on
binary values, whereas 0 stands for the most certain situation and 1 for the most

uncertain which can occur (Shannon, 1948).

With this formula it was tried to calculate the Sannon entropy of different note values
and pitch values. Whereas note values describe the relative durations of a note and
pitch values the height of a tone in respect to a musical scale as in this case the C
scale. To accomplish this point in this thesis the paper from Mihail Miller about
“Vergleichende Analyse der Komplexitat musikalischer Dimensionen von
Klavierwerken europaischer Komponisten anhand von MIDI-Files” was used (Miller,
2020). In it she describes the complexity of piano works from European composers
like F. Chopin and J.S. Bach. The author investigated pitch class, inter-onset interval
and melodic interval with the methods from (Conklin, 2006) and (Madsen and
Widmer, n.d.).
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3. Results

3.1. General analysis

Different keys

g minor
e minor
d minor
b minor
a minor
G major
F major

E- major

Used Keys

E major
D maijor
C major
B- major
A- major

A major

0 100 200 300 400 500 600 700
Songs

Figure 3: This figure shows the distribution of different keys which were used in different songs. On the
left side one can see the keys used in major and minor and on the bottom the number of songs are
represented.

Figure 3 gives an overview of the different keys which were used in this master’s
thesis of Volume 2 in Bronson Child Ballads. One can identify a wide range of keys
where the most common key is G major. The second most common key is C major

followed by d minor. Keys A major and E major were the least used.

Furthermore, the variation of the length of the various songs, were analysed and
visualized in figure 4 provides more detailed information. As one can see in figure 4
the majority of songs, about 155, have a length of 29 beats. (The length of a beat is
determined by the tempo of the songs. Since all songs have a tempo of 120 it means
that each second 2 beats occur.) The second most common length of beats lies

approximately by 46 beats.
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Further statistical tests were conducted to get the mean, minimum, maximum,
variance, skewness and kurtosis of the median heights. The results are listed in table
2.

Table 2: Statistic of the lengths of different songs

minimum 15.0
maximum 128.0
mean 39.05
variance 256.50

skewness 1.67

kurtosis 4.23

Herewith, the skewness y — or 3™ central motion — is defined as

10 [(X; — X)?
y=ﬁ;l o3 l

Where N defines the ideal number of samples, X; describes the individual samples,
and X and o describe the mean and standard deviation, respectively. Is y > 0, the
distribution is right skewed and if y <0, it is skewed to the left. So, if we look at the
results from table 2 one can see the skewness is above 0, indicating that in the
dataset there is a long tail to the right consisting of songs with much longer length

than the mean value.

The kurtosis is defined as

i=1

hereby X; defines the observation values, x the arithmetic mean and ¢ the standard

deviation. Herewith, if w >3 the distribution is peaked and if w < 3 the distribution is
15



flat-top. Based on the results of table 2 the kurtosis is 4.23, which means the

distribution is peaked.

Length of the different songs
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Figure 4: This figure shows the different lengths of songs across all songs in Volume 2. On the left side
of the figure are the total numbers of songs according to the length measured in beats on the bottom.

Figure 5 visualizes the different median heights. One can see that the highest
number of songs show a medium height of 69.0. It is important to keep in mind, that
these numerical values correspond to the MIDI values. Herewith a middle C (C4)
corresponds to a value of 60. Table 3 summarizes the statistical key points of the
mean heights of all songs within the examined chapter. In order to ease conversion
between MIDI values and written notes figure 6 (Wolfe, n.d.) can be consulted. The
most common value, namely 69 with around 400 songs, corresponds to an A4. The
second most common value is 67which corresponds to G4. On the third place with
around 200 songs is the median height of 71.0 or according to table 2 a B4. The least
common median heights are 63.0 (D#4 od Eb4) and 62.0 (D4).
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As a side information for better understanding the MIDI, also known as Musical
Instrument Digital Interface, value describes a standardization to enable a
transmission between electronic instruments and computers of digitally encoded
music information which are sound synthesizing capable. With it, it is possible to
process key, pitch and velocity of a note and perform statistical tests with it (Salmon
and Newmark, 1989).

Table 3 visualizes the statistic of the different median heights. This statistic uses the
same formulas which were already described beforehand in table 2. The highest
height was 74.0 and the lowest was 62.0. Here we have as well a right skewed
distribution with 0.20 but a flat-top kurtosis with -0.11.

Median heights

74.0
73.0
72.5
72.0
71.5
71.0
70.5
70.0
69.5
69.0
68.0
67.0
66.5
66.0
65.5
65.0
64.5
64.0
63.0
62.0

Median height

0 50 100 150 200 250 300 350 400
Number of songs

Figure 5: The figure represents the median height of all songs in Volume 2. On the y-axis one can see
the median height, where the middle C is equal to 60. On the x-axis are the total number of songs
which are shown as bars corresponding to the median height.
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Table 3: Statistic of the median heights

minimum 62.0
maximum 74.0
mean 69.0
variance 4.83
skewness 0.20
kurtosis -0.11
MIDI Note Fr Petiod
number  name Eeyboard _Bqum “ms
AD 27.500 36.56
3 2 ED 0BEs 29135 | maan 3432
24 Zl1 32703 30.55
26 oo D1 35708 4643 | 2724 2886
ag 27 El 11203 38891 | 2427 2371
29 Fl 43654 2291
31 9 a1 48930 46249 | apq) 2162
3 o Al ssoop 51915 | g1 1926
35 4 Bl 51735 5270 | 1gan 1716
38 2 65 406 15.29
3 ot D2 73416 69296 | 13gn 1429
w E2 g2407 IR | 1213 1286
41 F2 7307 11.45
s a2 97999 92499 | 1gap 1081
s ¥ A2 l0oo 10383 | gpg) 9631
o ¥ Ez 2347 11654 | gogg 8361
43 C3 13081 7645
s ¥ D3 lages 13839 | g1 7216
5 1 B3 leag1 15356 | gpeg 6428
55 F3 17461 5727
55 24 a3 9500 18500 [ 502 5403
5 28 A5 22000 20765 | 3545 4816
5 B ES 54894 23308 | 4psp 4280
1] C4 26L.63 3.822
g 51 D4 29367 277.16 | 3405 3608
ga 2 B4 Zpags 31113 | 5g3p 3214
] F4 34925 2 585
a7 50 4 Sga00 36999 | 355 2703
go 52 Ad #4000 41530 | 2273 2408
71 ™ B4 49383 466.16 | 2p5  2.145
T2 C5 52325 1910
T4 2 i Se7as 59437 | 1708 1804
7w ES F9o26 62225 | 1s17 1607
77 F5 698 48 1452
19 10 a5 Tos9 73999 | 1276 1391
g1 0 A5 ss000 53061 | 113g 1204
gz oo E3 98777 93235 | 1p12 1073
g4 6 1045 5 09556
g6 oo D& 11747 1087 | g3513 05020
ga o B85 15155 12445 | p7mgn 08034
e F& 1395 .9 07159
91 20 a8 15650 14800 | ggsa 06757
93 2% A6 17600 16612 | p'sssy 0.6020
o5 E6 19755 18647 | gEpg 05363
) Y 20950 04778
% o o7 23493 %iégg 04257 g.ig%g
wm BT 26370 0| gapa O
101 Fr 29950 05580
w3 192 o7 31380 29600 | g3le 03378
s 0+ a7 3500 33224 | g2gq1 03010
w Y% BT 39511 37293 | pags) 02681
108 cg  [eEumEw] 41880 02389

() Joe Wolfe, UEW Swdvery

Figure 6: This table visualizes the MIDI numbers to their corresponding note names, frequencies and

periods (Wolfe, n.d.).
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3.2. Levenshtein edit distance

Figure 7 represents the mean of the Levenshtein edit distance. Typically, this is used

to compare the DNA sequences of proteins but here it is used to calculate the
differences between notes within a song family and between song families, bringing
the connection between genetics and musical evolution. On the diagonal songs of
the same song families are shown. Hereby, one can identify five black squares.
Those are the families which have just one song in it, therefore they have an edit
distance of 0 or in other words they are identical. However, in general no clear
similarity can be drawn visually between the different song families nor within the
song families. One thing which can be seen is that the 30", 329, 34!, 38" and the
39t chapter show a low level of agreement with the remainder of the dataset

because they show an edit distance between 70 and 80 (figure 6).

Mean of Levenshtein's edit distance between and within chapters

0 = B
- 80
10 - 70
0
g
o
220
[@)
I
=
©
>
©
£ 30
40

0 10 20 30 40
Individual chapters

Figure 7: The figure represents the average Levenshtein edit distance between different chapters and

within the chapters. On the x- and y- axis are the individual chapters shown. On the right side of this

figure one can see a scale which shows the differences in colour. The darker the colour is, the smaller

is the difference between two data points. On the diagonal are the differences within the chapters

whereas the rest shows the similarity matrix for the differences between the different chapters which

are symmetric around the diagonal. All songs were converted into C major or a minor to ensure
correctness of Levenshtein edit distance before analysis.
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Table 4: gives an overview of the minimal and maximal Levenshtein edit distance of the individual
song pairings. Hereby the song numbers and the corresponding chapters are given. On the top of the
table are the closest related songs and on the bottom the most distant.

Song Chapter | Song Chapter | Edit distance
730 81 731 81 1
868 84 869 84 12
827 84 849 84 13
509 75 510 75 14
311 73 318 73 14
270 73 1103 95 271
256 68 270 73 271
270 73 1119 95 273
270 73 995 85 276
270 73 443 74 283

An overview about the mean of all calculated edit distances which is 51.83, the
smallest calculated value 1.0 and the highest value 283.0 was done. Furthermore,
table 4 shows the most similar and the most different song pairings. For example, the
most similar songs are song 730 and 731 both from chapter 81 with an edit distance
of 1.0. The most different songs are song 270 from chapter 73 and song 443 from
chapter 74 with an edit distance of 283. What else can be seen in this table is that

similar songs tend more to be in the same chapter or song family.
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In order to quantify this assumption an edit distance dependent measure was utilized.

To achieve this following formula was used:

#song pairings | edit distance < mean

#song pairings

Hereby #song pairings can be used for values within the same or between different
chapters. Further p gives the relative probability of a song pairing (either within the
same or in between different chapters) to have a lower edit distance than the mean
edit distance of all possible song pairings (both within and in between chapters).The
outcome was that song pairings, within the same chapter, have a probability of
~61.03% that they obey a smaller edit distance than the average edit distance of all
song pairings.

In contrast song pairings in between different chapters only have a smaller than
average edit distance with a probability of ~55.06%.

Thereby we can say that it is more likely for songs in the same chapter to have a

small edit distance.

When it comes to the statistical part, a one way ANOVA was performed. The outcome
was significant since the p-value is 0.0 and the F-statistic 88.09. Since the
significance level is <0.05, the Null-hypothesis can be rejected and we can say at

least one song pairing is significantly different from the others.

Further if one has a look on the standard deviation of Levenshtein edit distance,
which is shown in figure 8, it is noticeable that the standard deviation is overall quite
small. Which shows that the data points are close together and don’t deviate far from
the mean value. Two noticeable outliers are the song pairings between chapter 11
and 14, which obey a standard deviation higher than the mean edit distance of the
entire data set.
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Standard deviation of Levenshtein's edit distance within and between chapters
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Figure 8: This figure represents the standard deviation between different chapters (off diagonal) and
within the chapters (diagonal). On the x- and y- axis are the individual chapters shown. On the right
side of this figure one can see a scale which shows the standard deviation. The darker the colour is the

smaller standard deviation between two chapters.

3.3. Shannon entropy
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Figure 9: This figure visualizes the calculated Shannon entropy of note values within the same chapters. On the x-axis
are the different chapters shown and on the y-axis the note value entropy. The songs were beforehand put into C major

and a minor.
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Figure 10: This figure represents the Shannon entropy of pitch values. On the x-axis are the different chapters shown
and on the y-axis are the matching results of the pitch entropy plotted. The songs were beforehand put into C major
and a minor.

Figure 9 and 10 show the calculated Shannon entropy. Figure 9 describes the note
value entropy. Hereby the higher the note value entropy the more uncertain it is to
predict the following note values. In general, small fluctuations can be observed in
figure 9. Except the chapters 96 and 97 are higher than the rest of the note value
entropies. The majority of values are between 0.5 and 2.5. These values differ from
the before mentioned boundaries of the Shannon entropy, since we are not working
with a binary system. The performed F-statistic with an one-way ANOVA shows a
value of around 3.36 with an p-value of 2.14. Therefor we have no significant

difference between the different chapters regarding the note value entropy.

Considering figure 10, which represents the pitch entropy, one can see that the
entropy values are higher than in figure 9. The values range between 1.6 and 3.0,
which means that pitch entropy is more uncertain to predict than the note values
entropy. However, figure 10 generally seems to be subject to less fluctuation than
figure 9. Performing the F-Statistic with an one-way ANOVA a value of 4.11 and a p-
value of 4.10 was achieved. As well as in the previously performed note value

entropy a significance level couldn’t be achieved.
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4. Discussion

The scope of this master’s thesis was the investigation of structural and evolutionary
patterns in folk music melodies. A curated dataset from Bronson Child Ballads,
specifically Volume 2, containing 1198 songs, which has been transcribed and
manually verified. The scientific approach was inspired by an earlier work by Savage
et al, in which he and his team utilized tools from genetic methodologies to

investigate melodic relationships (Savage et al., 2022).

Comparing to that earlier work of Savage et al a genetical tool like Levenshtein edit
distance, which is typically found in bioinformatics and natural language processing.
Furthermore, a part from general analytics like distribution of musical parameters,
also a tool from information theory i.e. the Shannon entropy was utilized to gather
new insights into the Bronson Child Ballads (Haldar and Mukhopadhyay, n.d.;
Shannon, 1948).

In the analysis process it is important to transpose into either C major or a minor, to
ensure consistent results. To verify the correctness of the transposition the

Krumhansl-Schmuckler algorithm for key analysis was performed (Hart, 2012).

The Volume is subdivided into smaller chapters each of which representing distinct
song families. This forms the backbone of our analysis and is the underlying structure
tackled in the research question in this master’s thesis. Hereby, we have predicted
that songs in the same chapter or song family are closely related, on the measure of

the performed analyses, while songs in different chapters obey less correlation.

The first step to approach this research question was to extract the title of each song
together with it’s original keys and identifying characteristics, i.e. length in beats, pitch

range and melody.

The statistics gathered from this first extraction of properties of each piece revealed
that G major, C major and d minor were the most abundant whereas A major and E
major were the least common. Regarding the song length we can identify that songs
with 29 beats or 46 beats were the most frequent. Hereby statistical measures
revealed a right-skewed and peaked distribution indicating that shorter songs are

represented more often.
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Regarding the pitch analysis the most frequent median height was MIDI value 69
(A4), followed by 67 (G4) and 71 (B4), with the least common being 62 (D4) and 63
(D#4/Eb4). These pitch distributions were slightly skewed and exhibited a flat-top

kurtosis, suggesting a moderate spread around the central values.

In order to properly evaluate melodic similarities between different pieces the
Levenshtein edit distance was applied across and within chapters or song families.
On average the edit distance was 51.83, with the span ranging from 1 to 283. Hereby
the melodic similarity tends to be slightly larger within the same chapter. This
observation was confirmed by an one-way ANOVA which identified a significant and
persistent difference among song pairings with a p-value of 0.0 and an F-statistic od

88.09, allowing the rejection of the null hypothesis.

In a further analysis step the Shannon entropy of both note values and pitch values
was calculated. The entropy for note values ranged from 0.5 to 2.5, in contrast to the
pitch entropy which spanned a range from 1.6 to 3.0. This indicates that rhythmic
patterns are more predictable than pitch sequences. However, in contrast to our
results from the Levenshtein edit distance an ANOVA test for both entropies did not

yield significant differences between song pairings within chapters or song families.

Overall, this thesis demonstrates that even if the different folk music song families are
grouped by their lyrics this doesn’t automatically yield that melodies themself show
significant relationships between them. However, we have identified that songs within
one chapter obey larger melodic similarities than song pairings between different

chapters.

Originally, for this master’s thesis a phylogenetical ansatz was planned. However,
due to a lack of time, this first approach was dropped. Nevertheless, investigating the
similarity between folk tunes with phylogenetical tools would provide an interesting
insight, especially setting the focus on rhythmic parameters. These so called rhythmic
parameters, for example the length in beats of a song, can one find at the beginning
of the analysis part in this thesis (see chapter 3) or in the paper of Savage et al in

which they investigate stronger and weaker beats (Savage et al., 2022).

Another promising idea would be to include the lyrics into the analysis of relationships
between songs. Hereby it would be interesting to match the lyrics to the melody.

Within this thesis, consideration was also given to adapting this approach. But since
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there is no clear link between melody and song text in in this version of Bronson
Child ballads other methods for analyzation the correlation was used. Nevertheless,
one way how to deal with this problem is to search for videos or performed songs
where both the melody and the lyrics occur simultaneously. Then performing a
natural language processing on this to examine the similarities and sentiment (Du,
2024; Mahedero et al., 2005). The reason why a sentiment analysis would be
interesting is the fact that every biological process has underlying evolutionary
constraints. This further holds for language and music, which could be shown in the
paper of E. Glenn Schellenberg and Christian von Scheve. In which they studied
emotional cues in music, like a faster tempo and if the majority is in major signal
happiness. Their conclusion was that in the last decades popular songs tend to be
more sad which means they show a decrease in tempo and more minor modes

(Schellenberg and von Scheve, 2012).

The used data and the code developed for this thesis can be accessed via the
following GitHub page:

https://github.com/VanessaVeitsch/Bronson/tree/Master-thesis
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