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Introduction
e

e Composition of knowledge bases: Related variety linked to innovation &
eonomic development (CONTENT & FRENKEN 2016; KOGLER et al. 2013; RIGBY 2015; BOSCHMA et al. 2014)

=» But not for innovation/knowledge creation in creative industries

By the example of music:

Composition of music Innovativeness of music
scenes Quantitative test scene

- Specialization ﬂ - Creation

- Avg. Relatedness - Combination

- Unrelated Variety

- Related Variety q
of symbolic knowledge base of symbolic knowledge
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Symbolic Knowledge
e

Symbolic knowledge (AsHEIM ET AL. 2011; MARTIN & MOODYSSON 2011; ASHEIM & HANSEN 2009)

- Especially important in creative industries/arts, e.g. music

- Understanding, interpretation and creation of socially constructed symbols
— creation of aesthetic attributes of products, meaning, desire

— “trig reactions in the mind of the consumer” (marTIN & MOODYSSON 2011)

- Meaning varies across contexts: context-specific, localized interaction
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Building Knowledge Spaces from user-generated content

FKA twigs o=

Overview Tracks Albums Photos SimilarArtists Events Biography Shouts

' You have scrobbled this artist 18 times.

11.4M  353.1K

trip-hop - electronic - lush - experimental - dream pop - alternative rnb 4P Add tags Trl p hop
FKA twigs is 3 pseudonym of singer,songwriter, producer and dancer Tahliah Debrett Barnett. Born January 16,
1988, in Gloucestershire, United Kingdom, she was formerly known as twigs. Named after the way her bones pop and =
crack; the part-Jamaican, part-Spanish singer now based in London, released a 4 track EP in December 2012, Experl mental
23 0
9 G
A ¢ " ON TOUR
P a Grimes
Overview Tracks Albums Photos SimilarArtists Events Biography Shouts
= f Co-
41 SM 72;]: 8K ' You have scrobbled this artist 580 times. occurrences
' ' from 2 i
electronic - dream pop - experimental - psychedelic - poptron - synthpop P h d I' EIeCtronlc
tist sychedelic
Your tags: add music- electronic - indie - ambient - experimental - dream pop - witch house 4P Add tags artists
The electronic musician Claire Boucher was born in 17 March 1988 in Vancouver, Canada and is based in Montreal.
Her music is an eclectic mix of styles which she described herself as "ADD music", because it shifts frequently and
A
A
Users
taggin . - .
arfiﬂtsg Using tags of all artists from the same city

active at certain point in time we construct
33 local music scenes at 9 points in time
(1970-2015) as ,,Symbolic knowledge
spaces™ with certain characteristics

Users listening
to artists
(=scrobbling)

. (=artist profiles
Last.fm users (~50 Mio.) are created)

Innovativeness of scenes?

Data source: Social music platform www.last.fm £

4 8769 artists 919 Genres ’%%f '
Boston, April 05, 2017



1. Introduction| 2. Theory | 3. Data and Variables | 4. Variety and innovation | 5. Conclusions

Music Scenes as Knowledge Spaces

Example of the Boston Music Scene 2015

Symbolic knowledge spaces
Node: Genres

Node size: log(degree)
Ties: Co-occurrences
Colours: , Streams" =
Coordinates: Given by relatedness

arel ock
al.lk anth rock

garage @ revival

mell§@rock

melodit rock

bosta@@punk
newscho@hardcore

fol@es
Co-occurrences 2 Relatedness

(cf. HIDALGO et al. 2007; BOSCHMA et al. 2015) har

Minimum pairwise conditional probabilitye-

¢, =min{ P(Fg, | Fg, } P(Fg, | Fg, }

F; = Frequency of artists tagged*with genre i

(e.g. 1527 artists ,Rock", 341 artists ,Metal", 67 tagged with both =
67/1527= 0.0438)

hateore metalliq@ardcore

Related, when ¢ > mean(¢) = 0.04034192

Philipp

rap

wizam® rock

tras@ues
pun.ues

acoudfi rock
Streams
Rock
Hip-Hop
Indie
Electronic
Singer/Songwriter
progreslie house Pop
pre@@ore . Experimental

bo’dle

new@reed

acia@use o
tect@use

l€~| wit use
undefg.up-nop dee.x‘ alele. (.

ﬁ“ mm - |
tol.nk

@

irist@@unk

e @@ Q

Decadence The Freeze The F.Uls
gG reen The Gﬂﬂlo«u
J s Kids _The Prol

crugunk
th metal
chnical @hsh metal
it 4
de technical@ath me(a"
an.na @ gr're
co@try q rema.ure thrapore
declfPore
blue-eged soul
straight ed@ hardcor&haoti.mcore
noig@ore
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Classification of music genres

2 and 4-digit levels of music classification system

2 requ irements 01  Electronic Music 03  Hip-Hop/Soul/RnB |05  Pop/Disco/Funk 07  Singer/Songwriter
. 01.00 electronic 03.00 hip-hop 05.00 pop 07.00 singer-songwriter
- Hierarchy 01.01 ambient 03.01 dirty south 05.01 disco 07.01 acoustic rock
_ iFhhi 01.02 chillout 03.02 east coast rap 05.02 dreamgaze 07.02 americana
Relatedness within groups
01.03 dance 03.03 gangstarap 05.03 funk 07.03 country
01.04 deep house 03.04 rap 05.04 party punk 07.04 electrofolk
. . 01.05 downtempo 03.05 rnb 05.05 teen pop 07.05 mellow rock
POtentIaI Superordlnate genres 01.06 dubstep 03.06 soul 05.06 ye-ye 07.06 progg
(1) F. — I:I > 0 01.07 electro 03.07 southern rap
J . 01.08 electronica 03.08 underground hip-hop [06  Rock Music
(ngher frequency Of bandS) 01.09 house 03.09 underground rap 06.00 rock
01.10 idm 03.10 west coast rap 06.01 blues
(2) ¢’] > 0.04034192 01.11 industrial 06.02 blues rock
(related genre) 01.12 minimal 04 Indie/Alternative 06.03 classic rock
01.13 rocktronica 04.00 indie 06.04 emo
01.14 synthpop 04.01 alternative 06.05 garage rock
01.15 techno 04.02 alternative rock 06.06 hard rock
> AmongSt related’ most pOpUIar 01.16 trip-hop 04.03 britpop 06.07 loungecore
= If no FE|ated, maximum (¢I]) 04.04 electro-acoustic 06.08 metal
02 Experimental 04.05 folk 06.09 ostrock
02.00 experimental 04.06 hamburger schule 06.10 power rock
Agg regate gen res W|th same 02.01 avant-garde 04.07 indie pop 06.11 progressive rock
. 02.02 drone 04.08 indie rock 06.12 punk
superordinate 02.03 jazz 04.09 lo-fi 06.13 punk rock
9W|th|n g roup . 02.04 math rock 04.10 new weird caledonia [06.14 wizard rock
) 02.05 no wave 04.11 post-punk
related to same genre 02.06 noise 04.12 shoegaze

02.07 noise rock
02.08 psychedelic
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Independent variables: (Related) Variety

. Unrelated Variety (UV)

Entropy at different levels every 5 years # City Value|[# City Value

p = Z p; Probability of artist to be tagged with genre 1 New York City  1.67||29 Boston 1.15

9 . ! belonging to a group of genres on certain level 2 Paris 1.65!/130 Leeds 1.05

'€ of aggregation 3 Washington 1.65|| 31 Portland 1.03

4 Barcelona 1.57|| 32 Seattle 0.97

Unrelated Variety (across streams [2-digit 5 Miami 156133 Bristol 0.94

level])
7 Semi-related Variety (SRV)

UV, = Z P ln ( 1 ) # City Value| [# City Value

Pt 1 London 1.73| |29 Baltimore 1.02

k=1 2 San Francisco 1.66|| 30 Nashville 0.87

Semi-related variety (4-digits within streams) 3 Los Angeles 1.60| |31 Montreal 0.85

79 7 4 Portland 1.57||32 New Orleans 0.76

SRV, = Z Py ln( 1 ) — Z Pt ln( 1 ) 5 New York City  1.52(| 33 Barcelona 0.71
=1 let =1 Pkmt

Related Variety (RV)

Related variety (all genres within 4-digit # City Value| (# City Value

Ievels) 1 Chicago 1.09(| 29 Minneapolis 0.38

919 79 2 New York City  1.01| (30 Glasgow 0.38

1 1 3 Los Angeles 1.00( | 31 Liverpool 0.32

RVine = z Pime In (p_) - Pime In (P_) 4 San Francisco  0.88||32 Sheffield 0.30

i=1 me =1 mt 5 Boston 0.88| | 33 Manchester 0.28

CASTALDI et al. 2015
7 FRENKEN et al. 2007

)
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Independent variables: Specialization/Relatedness

Top/Bottom 5 (Avg. per time period)

Specialization coefficient

fim  Fi Specialization Coefficient (SC)
Z |__ _| # City Value| [# City Value
1 Barcelona 0.65] |29 Chicago 0.41
f,, - Frequency of local bands tagged 2 Bristol 0.63|[30 London 0.37
with genre i 3 Nashville 0.62]| 31 San Francisco 0.32
4 Seattle 0.61(|32 New York City  0.28
5 Gothenburg 0.61|[33 Los Angeles 0.24

Average relatedness of ties

Average Relatedness (AR)

>.CM,,R # City Value

ARy, = m 1 Barcelona 0.15
2 Minneapolis 0.15

CM,_, = Co-occurrence matrix of music 3 Memphis 0.14
scene 4 Houston 0.14

R = Relatedness matrix between all > Seattle 0.14

genres

BATHELT & GLUCKLER 2012
8 cf. RIGBY 2015

# City Value

29 Glasgow 0.10

30 Manchester 0.10

31 Baltimore 0.09

32 Gothenburg 0.09

33 Berlin 0.08
Own figures
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Dependent variables: Innovation in music
T

New Genres Pioneers Combinators Superstars
Genre appearing for Artists from city Artistt)f_s from city ﬁ;t\;ztiﬂiomiglty that
the first time in the tagged with new genre combining genres et s
data after 1969 at Y,, & founded at Y, that were previously Is_en3e8r55 on last.fm
users tagged > 30 between Y, and Y, ., unEomblned globally (n= )
artists (n=117) (n=661) (n=2384)

Descriptive Findings

New Genres Pioneers Combinators Superstars
Rank City Value City Value City Value City Value
1 New York City 57 New York City 140 New York City 377 London 66
2 London 40 London 110 London 317 New York City 65
3 Los Angeles 33 Los Angeles 73 Los Angeles 302 Los Angeles 64
4  San Francisco 29 San Francisco 37 Chicago 119 Chicago 14
5 Chicago 22 Chicago 36 San Francisco 113 Atlanta 14
29 Gothenburg 3 Liverpool 5 Sheffield 23 Minneapolis 1
30 Memphis 3 Montreal 4 Leeds 22 Liverpool 1
31 Barcelona 3 New Orleans 3 Houston 21 Memphis 1
32 New Orleans 2 Barcelona 2 Nashville 21 Hamburg 0
33 Nashville 1 Nashville 1 Memphis 20 Barcelona 0
: Own figure

)
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Relation between variety and innovation in music scenes

Correlation Matrix of dependent and independent variables

Combinators  Superstars Pioneers New Genres SC AR uv SRV RV
Superstars _ ook
Pioneers 0.49 *** 0.45 ***
New Genres 0.42 *** 0.40 *** _***
SC -0.43 -0.30 *** -0.15 ** -0.11
AR 0.15 ** 0.11 -0.04 -0.04 -0.26 ***
uv 0.26 *** 0.16 ** 0.12 * 0.09 ek 0.23 ***

SRV 0.41 ** 0.29 ** 0.14 * 0.08 i 0.29 *** 0.27 **
RV 0.43 ** 0.29 *** 0.21 *** 0.17 ** ik 0.23 *** 0.30 *** 0.32 *+
No.ofartists | 074 ** 0.56 ** 0.22 0.16 ** wer 0.18 ** 0.30 ** 0.46 0.49

Test of relation between variety and innovativeness of urban music scenes:
e Independent variables (variety) measured every five years (1970-2015)
e Dependent variables (innovation) aggregated over 5-year time intervals (70-74, ...)

e Balanced panel data, 297 observations (33 cities, 9 time periods)
e Calls for time-fixed effects model
e Controlled for size of music scene (No. of artists)

Philipps (& 5 Universitit Own figure
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Regression Results

Estimates of time-fixed-effects regressions

Independent Dependent variables

variables COMBINATORS

SUPERSTARS PIONEERS

NEW GENRES

Specialisation -7.0299586 -3.277298 -9.553893 -6.0849471
coefficient (4.4187) (1.2366) ** (2.7670) *** (1.3937) ***
Average -5.8071654 2.126799 -10.551481 -2.5342990
Relatedness (13.9413) (3.9015) (8.7301) (4.3971)
Unrelated 0.7125841 -0.143912 1.387193 0.5628447
Variety (1.5986) (0.4474) (1.0010) (0.5042)
Semi-related 4.1902137 0.888623 3.82264 2.0695406
Variety (1.5303) ** (0.4283) * (0.9583) *** (0.4827) ***
Related 3.0944678 -0.089919 1.560873 0.6820412
Variety (1.6704) . (0.4675) (1.0460) (0.5269)
No. of artists 0.0769125 0.013144 0.006981 0.0026377
(0.0042) *** (0.0012) *** (0.0026) ** (0.0013) *
Adj. R? 0.66 0.44 0.28 0.32
p-value <0.00000 <0.00000 <0.0000 <0.0000

Estimates for time-fixed effects regressions (oneway), standard errors in parentheses,lagged independent variables
(***) p <0.001, (**) p<0.01, (*) p<0.05, (.) p<0.1
Balanced Panel: n=33, T=9, N=297

Own Table
11

Boston, April 05, 2017



1. Introduction| 2. Theory | 3. Data and Variables | 4. Variety and innovation | 5. Conclusions

Conclusions
-

e Methods for analysis of technological knowledge base transferable

e Use of user-generated (geographic) information in other areas where
patents/industry classification do not work?

e Specialization: Negative for emergence of new genres

e Unrelated Variety: Too much of a good thing

e Semi-related variety: Positively linked to all aspects of innovation
e Related variety: Positively linked to new combinations

% Path-dependency limits creativity in creative industries

(Music scenes arise from innovation, but are unfavourable for innovation?)
% SRV & RV promote innovation by combination
% A ,broad focus™ promotes innovation in music/(creative industries?)

% Symbolic knowledge creation also linked to related variety

SN Er
Philipp Universitdt
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