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ABSTRACT

The relationship between mood and creativity hasnbe
widely studied in psychology, however, no conclasie
reached in terms of which mood triggers high cregti
positive or negative. This paper provides new insigto
this on-going argument by examining the relatiopsihe-
tween lyrics creativity and music mood. We usedhrem-
putational measures to gauge lyrics creativity: &-yp-
Token Ratio, word norms fraction, and WordNet saiil.
We then test three hypotheses regarding differeimcs-
ics creativity between music with different moods 2715
U.S. rock songs. The three measures led to consifibe-
ings that lyrics of negative and sad songs dematestrigh-
er linguistic creativity than those of positive ahdppy
songs. Our findings support previous studies irchsin-
guistics that people write more creatively when tagt
conveys sad or negative sentiment, and contradestiqus
research that positive mood triggers more unusoat\as-
sociations. The result also indicates that differapasures
capture different aspects of lyrics creativity.

1. INTRODUCTION

Music is a product of human’s creativity, and yetvfstu-
dies have been done to analyze musical creatigiygu
computational methods [2]. In the meantime, progiess
been made in the area of literature and languaggticity
(i.e., linguistic creativity). In this study, we fow the
measures of linguistic creativity to examine lyritise tex-
tual part inherently integrated in many music pg@ming
to provide an alternative approach to music crégtire-
search that is complementary to modeling music amiRp
tion and music audio. This study is expected twipi®new
insights to the relationship between mood and wigain
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general in that the argument on whether positiveema-
tive mood trigger higher creativity remains incarsile in
psychology research [4].

In Western English dictionaries, creativity is defil as
“...the ability to transcend traditional ideas, rylpatterns,
relationships, or the like, and to create meaningiew
ideas, forms, methods, interpretations” [18]. Baeacthis
definition, when measuring creativity, a centradkias to
identify new or unusual patterns. In this study, ayply
three linguistic measures to gauging lyrics créitisigni-
fied by vocabulary richness and unusual word associs.

This research is expected to contribute to research
creativity in music, psychology and linguistics. sRes,
mood has been identified as a new metadata tyfecet of
music in recent years. Findings in this study Wwelp ana-
lyzing music mood from a new angle, lyrics creayivi

2. RELATED WORK

To date creativity in lyrics has rarely been stddidowev-
er, research in the following related areas hagiried and
informed this research.

2.1 Lyricsand Music Mood Classification

Lyrics have been used in predicting music moodjeeit
standalone (e.g., [6] [8]) or being combined withsic au-
dio (e.g., [9], [10], [20]). These studies idersdilyric fea-
tures that were effective in mood classificatiorclsias
higher-order bag-of-words features (e.g., trigraand bi-
grams) [6], psycholinguistic and stylistic featu&$ [9].
In terms of the relationship between lyrics and imuasood,
Hu and Downie [10] found lyrics were less effectiiee
classifying negative and passive categories, whdeuller
et al. [20] revealed lyrics were more helpful oa thassifi-
cation of valence (positive and negative feelingd)ese
studies are insightful but none of them examineda$pect
of creativity. Although mood classification is rtbe focus
of this study, findings on the relationship betwewood
and lyrics creativity suggest adding lyrics creigyiviea-
tures may help improve mood prediction accuracy.
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2.2 Linguistic Creativity

In the text domain, creativity is a new topic comguhto
other aspects of text analytics such as sentimealysis
and topic detection. There have been several wogdsshn
linguistic creativity which focused on “unusual’niguage
phenomena, such as metaphor and plot. As one déthe
studies on metrics and tools for measuring lindplistea-
tivity, [21] proposed a set of creativity measuwdsch in-
spired this study. The measures will be describetktails
in Section 4.

2.3 Mood and Creativity

Mood and creativity, as two inherent traits of hunmature,
have long been studied in psychology, sociology eulel
tural studies (e.g., [1]), however, research onrtiation-
ship between mood and creativity has been incoivelus
Some studies support that positive mood increasgsi<
tive flexibility and thus enhances creativity [LHor ex-
ample, Isen et al. [13] found that human subjectseg
more unusual word associations under positive-taffen-
ditions, which suggested positive relationship lestwpos-
itive mood and creativity. At the same time, otkardies
support that negative moods may promote artistatori-
ty and that positive moods restrain it [4][15]. Gequently,
a context-dependent view is increasingly acceptedntly

[5].

3. HYPOTHESES

In this research we focus on the relationship betwaood
and linguistic creativity in lyrics. We test thregpotheses
to investigate the relationship between mood aedtority.
The mood categories studied in this paper arallistéSec-
tion 5.1, Table 1.

Hypothesis 1 (H1): Lyrics in sad mood category are
mor e creative than those in happy mood categories.

Hypothesis 2 (H2): Lyricsin negative mood category are
mor e creative than those in sad mood categories.

Hypothesis 3 (H3): Lyrics in active mood category are
mor e creative than those in passive mood categories.

H3 is based on the connection between creativityaand
tive brain activities. High creativity is more lieto be ob-
served in lyrics with intense emotion than in calnes.

4. LYRICSCREATIVITY MEASURES

Measuring creativity is difficult because the ewion
could be subjective to some extent. To obtain robesult
we adopt multiple measures to gauge lyrics cragtive
can draw strong conclusion if all measures ledotusistent
results. The first measure that we adopt is Typ€eken

Ratio, which has long been used to measure voaabula
richness in creative writing [14]. However, we haalso
been cautioned that Type-to-Token Ratio may natelia-
ble for texts shorter than 350 words [7]. This @stjgularly
relevant to this study because the average lerfdtmios is
about 200 words.

The other measures used in this study are inspiyetie
work of Zhu and colleagues [21]. As one of the feapers
applying computational measures to predicting listiz
creativity, [21] proposed 13 linguistic measures anilt a
linear regression model to detect measures withe moe-
diction power. Two of the most salient measurelirj are
adopted in this study to measure lyrics creativigpth of
them are psycho-linguistic measures.

4.1 Typeto-Token Ratio

Type-to-Token Ratio is defined as the number ofquei
terms in a piece of text divided by the nhumbertéitterms.
It is often used to measure the vocabulary richoégext.
Specifically, this measure (denoted rathereafter) is de-
fined as:

r=C,..(x)/n (1)

uniq
Wherec:Llniq denotes number of unique words in a piece of

lyrics andn is the total number of words in it. In calculating
this measure, we removed function words (also dalle
stopwords) in the lyrics because they do not cenalgpen-
dent meanings and thus do not add to vocabulahneis.
As vocabulary richness is related to creativityyréic with
higher value of is regarded as more creative.

4.2 Word Norms Fraction

This measure is to capture how “usual” a textrscaogni-
tive psychology experimentsjord norms, which represent
associations between words, were collected by gshin
man subjects to freely recall associative wordspoases)
when they see the cue words (stimuli). Therefoyecd
with high occurrences of word norms should indidaitgh
“usualness” and thus low creativity since creaivitten
corresponds to unusual patterns.

Several existing word norms thesauri have beer byil
different researchers in different countries. Beeawe are
going to analyze U.S. rock lyrics, we choose aahass
developed in U.S. to prevent cultural impact ondvasso-
ciations. Specifically, we use the Free Associatdnrms
built by researchers in University of South Florida6].
This word norms dataset contains 72,176 pairs eb-as
ciated words.

Using the Free Association Norms, word norms foacti
(denoted a$thereafter) is calculated as:

f :Cnorm(xa y)/n (2)
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WhereC

om(% Y) iS the count of word pairs that appear
in the Free Association Norms, andepresents number of
words in the text.

As lyrics are written in lines and, like a sentgradyric
line can be regarded as a relatively independeitt we
calculate théd measure for each lyric line and use the aver-

age across all lines as a song'’s creativity sedong with

5. EXPERIMENT AND RESULTS

To test our hypotheses, we conducted an experitoerdl-
culate and compare the aforementioned measuresiataa
set of lyrics with mood labels.

5.1 The Dataset
This study adopts the Mood Tag DatagdtTD) used in

lower value off measure is regarded as more creative than athe Audio Tag Classification task in the Music Inf@tion

song with higher value dfmeasure.
4.3 WordNet Similarity

WordNet [3] is an English lexicon with marked lingtic
relationships among word senses including hyponyms,
hypernyms, holonym, entailment, etc. With hyponyensl
hypernyms, WordNet can be seen as a hierarchy ofl wo
concepts and from which similarities between coteepn
be calculated. There are quite a few similarity soeas de-
fined to leverage WordNet. Following [21], we alssed
path similarity in this study but we adopted a different
software implementation, namely the Word::Similarit
module in CPAN [17]. Path similarity between twoneo
cepts is calculated by counting the nodes betwkem tin
the WordNet concept hierarchy. The similarity scbe
longs to the interval of (0, 1]. If two word sensee in the
samesynset, meaning the two are synonyms in WordNet,
the similarity score would be 1. The more nodeshenpath
connecting two word senses, the smaller the siityilar
would be. If two word senses do not have a patteiween,
then the similarity score is -1.

Just as word norms fraction, we take one lyric hsehe
unit to calculate the WordNet similarity (denotesisahe-
reafter). Stopwords are removed and all pairs ofaiaing
words in a lyric line are considered:

s= Z Spa[h (X1 y)
n

®3)

where Span (X, y) denote one word pair in a lyric line and

represents number of words in the line. The scbeepiece
of lyrics is the average of scores across all lines

One noteworthy issue is that WordNet is organizgd b
word senses instead of words. Because of the dcuwints
rounding the effectiveness of Word Sense Disambigua
(WSD), we did not conduct WSD and instead adopted a
simplified approach that uses the highest simijldrétween
all senses of two words.

Since s measures the similarity among words, a lyric
with lower s value would be regarded as more creative than
one with highes value.
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Retrieval Evaluation eXchange (MIREX) 2010. Thigada
set include 3,469 songs in 18 mood categories dbeer
positive, negative, active and passive moods. é¢nMITD,
each song is labeled one or more mood categormsdic
ing to the social tags applied to it [11]. It istesworthy that
more than 90% of the songs in the MTD are in thergef
rock and more than 95% of them are U. S. songsefte,
findings of this study are limited to U. S. rockits that are
written in English.

For the experiment, we constructed our datasetoly-c
bining mood categories in the MTD into the categ®nie-
quired by the hypotheses. Combinations of categaaie
shown in Table 1.

Lyrics in this study were downloaded from an onliyre
ic database, LyricWiki.com. One unique nature oicly is
that repetitions are very common (e.g., chorussisally
repeated multiple times). However, the creative suess
(e.g., Type-to-Token Ratia) punish repetitions, which is
likely to be unfair in the case of lyrics. Unlikepetitions in
other genres of text, lyrics usually repeat a wHole or
paragraph. If a line is creative, then repeatingg istill, if
not more, creative. Therefore, to alleviate suds piepeti-
tions of entire lines and paragraphs as well aatiwots in
the lyrics were removed.

In order to avoid any bias caused by lyric length,ex-
cluded songs with lyrics that are too long (> 500rds)
and too short (< 100 words). As the experimentltesug-
gested (see Section 6), the measures are indeedantass
sensitive to lyric length. We also balanced theaskits by
setting the same number of songs in each compacatde
gories (e.g., positive vs. negative). In the casbsre one
category had more songs than the other as provigdte
MTD, a random selection was conducted in the lacgée-
gory. Table 1 shows the combination of categories lgr-
ics statistics. There are in total 2715 unique soingthis
experiment.

5.2 The Results
5.2.1 Happy vs. Sad

The creativity measures on happy and sad songsrere
sented in Table 2. Actest was conducted to examine the

http://Iwww.music-ir.org/mirex/wiki/2010:Audio_Tag |&sification
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significance of the differences. The results intichigher

creativity level (higher, lowerf ands) in sad lyrics based
on all the three creativity measures, and the wdiffee is

consistently significant across all measures. Qyothesis

H1 is then not rejected.

otion and Mood

was no significant difference in terms of unusuakdvas-
sociations (as indicated by theneasure). Hence our hypo-
thesis H3 is not consistently supported by all oess

Category r f S
Active 0.5881 0.0525 -0.6322
Passive 0.5775 0.0526 -0.6419
p-value 0.0648 0.4804 0.0149

Categoriesin |#. of | avg. lyriclength
Category MTD songs|(st.dev.) in words
Happy [912d: cheerful, | g45 | 515 g0 (77.19)
H1 gleefu
sad ~[padimournful, | g5 | 50161 (73.36)
gloomy, brooding
Positive | glad, cheerful,
gleeful, confident| 1470 220.45 (78.64)
hopeful, exiting
H2 -
Negative [sad, mournful,
gloomy, brooding 1470 203.29 (75.62)
angry aggressiv
Active  [2Y9rESSIVE, angry.ggq | 222 44 (83.05)
H3 exciting, gleefu
Passive | calm, dreamy 861 206.07 (76.90)
Table 1. Lyrics categories and statistics.
Category r f S
Happy 0.5543 0.0563 -0.6344
Sad 0.6042 0.0502 -0.6430
p-value <0.0001 0.0030 0.0398

Table 2. Results of Hypothesis 1

5.2.2 Positive vs. Negative

Measures on positive and negative songs are pezbémt
Table 3. At-test was conducted to examine the significance
of the differences. We observed higher creativityel
(higherr, lower f ands) in negative lyrics based on all the
three measures. The difference is significant atingrto
each of the measures. Our hypothé2ss not rejected.

Category r F S
Positive 0.5953 0.0557 -0.6366
Negative 0.6523 0.0490 -0.6431
p-value <0.0001 <0.0001 0.0399

Table 3. Results of Hypothesis 2

5.2.3 Active vs. Passive

Measures on active and passive songs are presiented
ble 4. A t-test was conducted to examine the dicaritce of
the differences. We have observed lower WordNetiaiim
ty (higher creativity) in passive songs, but highgpe-to-
Token Ratio (higher creativity) in active songsti{aligh
the difference was not significant foy. In addition, there
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Table 4. Results of Hypothesis 3

6. DISCUSSION

To further understand the relationship betweerclgriea-
tivity and mood categories, we manually examinesl 16
most creative and 10 least creative songs for easdsure
(except forf where 306 songs had the smallest value, 0).
The category distributions of these songs are didte
Tables 5 to 7. A general trend across these tabliat the
most creative songs include more sad and negatingss
while the least creative songs consist of mostiyplyaand
positive songs. This observation is consistent \lih re-
sults of statistical tests on Hypotheses 1 andh& ffend
regarding active and passive songs differs acressures,
and thus once again we cannot draw consistent usioal
on hypothesis 3.

Besides statistics, it is helpful to look at thedg them-
selves. The most creative song as measured by fOype-
Token Ratio () is Elton John’s “Tiny Dancer”. Part of its
lyrics is presented below. It is indeed more cxeathan
most songs, and it happens to be the only happg son
among the 10 most creative ones. This discrepaiitytiae
general trend is worth further study in the future.

Ballerina you must've seen her
Dancing in the sand

And now she's in me always with me
Tiny dancer in my hand

Jesus freaks out in the street
Handing tickets out for God

Turning back she just laughs
The boulevard is not that bad

As the second most creative song selected by WdardNe
Similarity (s), “Something in the Way” by Nirvana (Sad,
Negative and Passive) contains the following lyrics

And the animals | trapped have all become my pets
And I'm living off of grass and the drippings from
my ceiling

It's okay to eat fish 'cause they don't have any
feelings

Something in the way mmm
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As it can be seen, this piece of lyrics indeed $@me
unusual combination of words or concepts.

10 Most Creative | Happy 1| Sad S
Songs (0.931<r < | Positive 2 | Negative 4
0.971) Active 3 | Passive 2
10 Least Creative | Happy 9| Sad 1
Songs ( 0.105 <r <| Positive 9 | Negative 1
0.203) Active 1| Passive 4

C'mon we gotta get that
get that get that get that get that get that get
that get that get that get that

It's what we're doin' when a
What we're doin' when a
What we're doin' when a fatboy's slippin'

Such discrepancy on a single song discloses thealim
tions of the creativity measures. Type-to-TokenidRaist
captures one kind of creativity, but it biases aghcrea-
tivity of repetitive patterns while repetition is @mmon

Table5. Categories of most and least creative songs meas-feature of lyrics and does not necessarily inditess crea-

ured by Type-to-Token Ratia)(

306 M c . Happy 76| Sad 98
ost Creative — -
Songs (f =0) Positive 106 | Negative 142
Active 84 | Passive 113
10 Least Creative | Happy 4| Sad 3
Songs (0.276 <f < | Positive 6 | Negative 2
0.369) Active 6 | Passive 3

Table 6. Most and least creative songs as measured by
Word Norm Fractionf}

10 Most Creative | Happy 2| Sad 6
Songs (-0.895 < s< | Positive 2 | Negative 6
-0.844) Active 0 | Passive 3
10 Least Creative | Happy 5| Sad 0
Songs (-0.244 < s< | Positive 7 | Negative 3
0.088) Active 4 | Passive 2

Table 7. Most and least creative songs as measured by
WordNet Similarity §)

The fact that the word norm fraction measdyev@as 0
for 306 songs is interesting. A close inspectiomhef lyrics
reveals these 306 songs have short lyric liness hkips

attribute the lowf value to the way the measure was calcu-

lated. The word pairs were formed with each lindyats,
and when the lines were short, there were few vpaids
which resulted in fewer pairs matching the norms.
Another observation is that there are controvessiags.
“Gangster Tripping” by Fatboy Slim was listed ae tho.1
least creative song by Type-to-Token Ratiphut was the
No.1 most creative song selected by WordNet siityl#s)
and was among the most creative songs measureaituy w
norm fraction f). A close examination of the lyrics uncov-
ers the reason: there are many word repetitiongtamnlits
r value is very low. However, words in each line agéher
similar nor with usual associations. A typical gep of the
lyrics is shown below:

We gotta kick that gangster shit
C'mon we gotta kick that gangster shit
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tivity. Word norm fraction heavily relies on thevgn asso-
ciation norms. Furthermore, it favors lyrics withoster

lines since there are fewer word pairs in shorteesl

which possibly leads to lower scores (higher cuitgli On

the contrary, WordNet similarity favors longer tylines as
those lines potentially contain more word pairshwstmi-

larity value of -1 (no WordNet path between the d&r
which contributed to a lowes value (higher creativity). In
addition, WordNet similarity is limited by the hymym

and hyponym hierarchy which is only available fauns

and verbs. This analysis suggests that combinatsen of
multiple measures gives the most comprehensiveastn

of creativity as a multi-faceted linguistic phenaroa.

7. CONCLUSIONS AND FUTURE WORK

In this study we examined the relationship betweerod
and creativity in U.S. rock lyrics. We used threenputa-
tional measures, Type-to-Token Ratio, Word Normckra
tion, and WordNet Similarity, to gauge lyrics ciiegy,
and then compared the difference in creativity leetvlyr-
ics in various mood categories. Because the thessuares
capture different aspects of linguistic creativibyr result
suggests combination use of multiple measures tmeya
lyric creativity.

We have also found that sad and negative lyriceeser
pond to higher linguistic creativity based on aliee meas-
ures. This result supports previous studies on hasye
guistics that people write more creatively when thgt
conveys sad or negative sentiment, but contrad&tipus
research that positive mood triggers more unusoaad \as-
sociations. One interpretation is that the impdanood on
the task of writing a piece of text with certairethe (like
lyrics) is different from that on recalling freesasiation
between words. The former one involves more spedid-
scription. Furthermore, the correlation betweenatve
writing and negative emotion is actually refleciadvoca-
bulary of human languages. Sentiment lexicons fiierdint
languages share a common feature that negativesveurtd
number positive words. Schrauf and Sanchez [19% als
found that people recall more negative words thasitive
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words. These phenomena suggest that humans aadhactu
better equipped with richer word choices when ines to
describe negative emotions.

This study focuses on lexical creativity. As futwverk
it is worth investigating other dimensions of lingfic crea-
tivity: syntactic, morphological, and semantic ¢iéty.
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