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Organizations learn from market, political and societal re-
sponses to their actions. While in some cases both the actions
and responses take place in an open manner, in many others,
some aspects may be hidden from external observers. The Eu-
rovision Song Contest offers a mostly open-data case in which
to study organizational level learning at the levels of organizers
and participants. We present here evidence for changes in the
rules of the Contest in response to undesired outcomes such as
runaway winners. We also find strong evidence of participant
learning in the characteristics of competing songs over the 70
years of the Contest. English has been adopted as the lingua
franca of the competing songs and pop has become the stan-
dard genre. The number of words of lyrics has also grown in
response to this collective learning. Remarkably, we find ev-
idence that France, Italy, Portugal and Spain have chosen to
ignore the ‘lesson’ that English lyrics increase winning proba-
bility, consistent with utility functions that award greater value
to featuring national culture than to winning the Contest. These
countries—but not Germany —appear to be less susceptible to
Anglo-Saxon cultural influence than their peers, a resistance
that may extend beyond cultural matters.

1. Introduction

Contests occur in a multitude of contexts [1]. Animal contests
determine access to food and mating opportunities [2]. Sport con-
tests determine popularity, income and recognition of teams and
individuals [3]. Product contests determine the access of business
firms to markets [4]. Political contests determine access to power
by individuals and parties [5-7]. Contest theory explores how
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experiences—i.e. learning opportunities—inform decision making and the role of evolutionary dynam-
ics [8,9]. In many of these settings, the rules of the contest can be seen as constant, hiding the possible
interplay between contestants” actions and rule setting. The Eurovision Song Contest—which from now
on we will refer to simply as ESC or Contest—provides a novel and exciting context in which to study
such interactions. Scholarly work has demonstrated that the ESC is a stage for more than just musi-
cal choices (see [10-13] and, especially, [14]). The ESC involves interactions at multiple organizational
levels—organizers, national selection organizers, competing musicians and voters. We will focus here
on two of those levels: organizers of the Contest and the participating countries.

The organizers’ goal is to maximize television audiences. To achieve this goal, they must ensure that
the rules of the Contest are clear and that the outcomes are not too predictable. If the rules are not clear,
the audience may feel that the winner was selected in advance. If the outcome is predictable either before
the Contest or even during the voting stage, then the audience will be bored and uninterested. Partici-
pating countries are de facto represented by a public broadcaster, but have wide latitude in determining
how they select their competing songs. For example, the song representing Italy has typically been the
winner of the Sanremo Music Festival. However, both the artist and song could be selected internally
by a committee appointed by the broadcaster. Typically, there is a clear tension between a country’s
specific music traditions and the aggregate music taste of voting groups (electronic supplementary ma-
terial, figures S1 and S2). This is evident in markets where domestic music competitions, such as Italy’s
Sanremo Festival, have a significantly higher audience than the ESC. In contrast, other countries show a
much higher relative audience share for the ESC.

Because the sizes of global and national audiences, competing songs and voting records are public
information, there is ample opportunity for individual and collective learning by all parties. Here, we
investigate these learning processes. In this, our study differs from others that have usually focused on
the characteristics of successful songs, not on interaction and learning effects.

The triumphant winning song of the 2024 ESC is well remembered to start with the words ‘Wel-
come to the show. Let everybody know... I broke the code’. While the theme of this song is actually the
breaking of gender stereotypes, one might wonder whether they were also suggesting that the band had
figured out the formula for success of the Contest itself. Below, we show that some song characteristics
can indeed increase the chances of success. However, those rules were not uncovered by a small group
of ingenious songwriters, but figured out by all the participants collectively.

1.1. Background

Songs were the object of study in prior research concerning the dynamics of success. Salganik et al. [15]
demonstrated that the ranking of songs leads to more unpredictable and unequal distributions of suc-
cess, and that both the timing and order in which the songs are presented also matters. Rosati et al. [16]
reported that the dynamics of song popularity are consistent with a contagious process. More recently,
the wide availability of databases with information about songs, including metrics of their success, has
allowed the development of models that predict song popularity with some reasonable success [17-20].

Importantly, however, most of these studies focus on the success of individual songs, ignoring the
context in which those songs were created and presented. Here, we will investigate this overlooked as-
pect. Success of songs—and other creative products [21,22] —is better understood in the context of a
specific competitive environment. This is motivated by theories of (co-)evolution [23], where ‘fitness’ is
not an absolute property, but largely influenced by the other species. Similar approaches have also been
applied to the study of innovation dynamics, interactive behavioural change [24] and cultural change
[25]. An interesting example for this approach is the ‘Art Exhibition Game’, a behavioural experiment
that studied the (co-)evolution of innovation and success in a decision science laboratory [26].

2. Data and methods

We retrieved data for all the Contests from its start in 1956 until 2024 from Wikipedia [27]. The dataset
comprises 1763 songs from 51 countries, including historical nations that no longer exist, such as Yu-
goslavia. For each contest, these pages list the set of competing countries, the performer names, the song
titles, the song languages and the points earned. The ‘points earned” information is quite detailed, in-
cluding not only total points in the finals and the semi-finals (from 2004 onwards) but also a breakdown
of points by awarding country and by origin (jury or televoting).
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We enriched these data by obtaining song lyrics from the site Letras.com [28]. We then used Al tools n
to obtain (i) the music genre for each song, (ii) the characteristic words representing the subject matter
of a song, and (iii) the audio features for each track. We obtained the translations of the lyrics from the
website EurovisionWorld.com. To quantify the evolution of the themes in song lyrics, we leveraged the
12 song themes taxonomy identified by Henard & Rossetti [29], which can be associated with distinct
sets of keywords. We focus on the 11 most frequent themes: Aspiration, Breakup, Confusion, Desire,
Desperation, Escapism, Inspiration, Loss, Nostalgia, Pain and Rebellion. We excluded ‘Jaded’ because
it appears in fewer than 5% of the songs. Some of these 11 themes can be seen as relating to painful
feelings (Breakup, Confusion), while others may relate to positive states (Aspiration, Desire, Escapism,
Inspiration). Desperation, Pain and Rebellion may speak of dissatisfaction with the present, while both
Loss and Nostalgia may reflect a longing for the past. Recent studies have demonstrated the effective-
ness of large language models in topic modelling [30,31], lyric emotion classification [32,33] and lyric
generation [34,35]; accordingly, we employed GPT-40 to annotate each song’s lyrics with up to 3 of the
11 selected themes. More information on this task can be found in the electronic supplementary material,

‘sos1/Jeuinof B0 Buysiigndiaposyefos

text section. f:
To characterize the musical characteristics of songs, we employed the API provided by the streaming : R
service Spotify [36]. Spotify’s API offers 13 audio features for each track. However, our study focused ~§
on six key features that we found to be the most relevant and informative: Acousticness, Danceability, 3
Energy, Loudness, Tempo and Valence. It is worth noting that these features are only based on the audio =
track and do not take the song’s lyrics into account. Acousticness is a confidence measure of whether the |
track is acoustic or not, with values between 0 and 1. Typically, high values correspond to recordings N
featuring non-amplified instruments, while low values indicate a high presence of electronic synthesis, S
PN

amplification or digital production effects. Energy is a perceptual measure of intensity and activity that re-
lies on dynamic range, perceived loudness, timbre, onset rate and general entropy. Loudness is the overall
volume of a track in decibels (dB). Danceability is based on a combination of musical elements—including
tempo, rhythm stability, beat strength and overall regularity —relating to whether one can dance easily
to the song or not. Termpo measures the pace at which a section of music is played. Valence describes the
musical positivity conveyed by a piece of music. Songs with high valence sound happy and cheerful,
while pieces with low valence sound sad or angry.

While Spotify does not disclose how exactly its internal system assigns audio features to songs, its API
is widely used in research and considered sufficiently reliable. For example, the API has been used for
the identification of emotions [37], to explain song popularity [38,39], to understand why people listen
to music [40] and to explore how music streaming behaviour relates to the personality traits of Spotify
users [41].

Finally, we categorized the audio tracks according to musical genre. We employed a genre classifica-
tion model available on Huggingface [42], fine-tuned from the wav2vec2-base-960h model [43], using the
labelled GTZAN Dataset [44]. This dataset consists of 1000 audio samples, each 30 s long, evenly dis-
tributed across 10 music genres: ‘Blues’, ‘Classical’, ‘Country’, ‘Disco’, ‘Hiphop’, ‘Jazz’, ‘Metal’, ‘Pop’,
‘Reggae’ and ‘Rock’. After 24 epochs, the model obtained in the training phase had a cross-entropy
validation loss of 0.7037, an area under the ROC curve of 0.964 and a weighted accuracy of 0.815.

The model assigns each track a percentage of relevance for one or more of the 10 genres listed above.
To make our analysis more robust and to better fit these genres to the songs competing, we aggregated
the 10 genres into three macro categories: Pop, which also includes disco; Rock, which also includes metal;
and Other, which aggregates the remaining six genres.

3. Results

We start by extracting aggregated metrics for each Contest (figure 1). We find that the number of coun-
tries participating in the Contest shows three periods, which we denote as Formation, Consolidation and
Expansion (figure 1). The ‘Formation” period includes the Contests taking place prior to 1974. During this
period, the number of participating countries increased from fewer than 10 to over 15, with an average
of 15.6 participants. The voting was not yet standardized and changed very much from year to year and
from participant to participant (see electronic supplementary material, figure S3, for the impact of these
changes). The second period, ‘Consolidation’, includes the Contests from 1974 to 2003. While there is a
steady growth in the number of participating countries from 15.6 to 22.2, the voting rules remain stable.
This also results in a stable partitioning across Contests in terms of the fraction of all votes earned by

each of the top three songs (figure 1b). The third period, ‘Expansion’, includes the Contest from 2004
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Figure 1. Over its history, the ESC has experienced dramatic changes in the range of countries participating and voting, in the rules un-
derlying the contest and in its outcomes. These changes can be interpreted as a response of the organizers to an increased homogeneity
of songs competing. (a) The number of countries participating in the Contest has increased steadily over time. A major change, however,
occurred in 2004 when there was an increase in the number of participants and countries allowed to vote by nearly 50%. This increase
required the use of semi-final contests. We split this 68 year history into three periods that we denote ‘Formation;, ‘Consolidation’ and
‘Expansion’. (b) Changes in the voting process resulted in changes in the distribution of the votes received by participating countries
(electronic supplementary material, figure S3). Importantly, it also affected the fraction of total votes received by the top three perform-
ing songs. It is visually apparent, nonetheless, that the system reached a stationary state after 1974. (c) While the voting share of the
winners remained stationary after 1974, the voting patterns did not. The top panel shows the number of top three finalists for countries
that reached the podium in the 1957 to 1975 Contests. It is visually apparent that some countries systematically do well while many
others do not. Indeed, the top performing four countries took the majority of top three finishes. This concentration of winning decreases
over time to almost parity in the Expansion period. This evolution suggests that the advantage held by some countries initially was lost
over time.

onwards. Its start coincides with a very large increase in the number of participating countries (average
40.2) and in the number of voting countries. Furthermore, a semi-final stage was introduced for most
of the participating countries. Finally, since 2004, there has been an increase in the impact of televoting.
These latest changes resulted in a greater degree of variability in the vote fraction earned by the top
three songs (figure 1b). The third period, “Expansion’, includes the Contest from 2004 onwards. Its start
coincides with a very large increase in the number of participating countries (average 40.2) and in the
number of voting countries. Furthermore, a semi-final stage was introduced for most of the participating
countries. Finally, since 2004, there has been an increase in the impact of televoting. These latest changes
resulted in a greater degree of variability in the vote fraction earned by the top three songs (figure 1b) and
in a significant increase in the entropy of the distribution of votes (electronic supplementary material,
figure S3).

The initial group of participating countries—Belgium, France, Germany, Italy, Luxembourg, The
Netherlands and Switzerland —are located in close proximity, but differ in a number of cultural aspects,
including language. By 1975, the set of participating countries also included the Scandinavian countries,
the Iberian countries, Ireland, Turkey, the UK and the former Yugoslavia, thereby dramatically increas-
ing the number of languages and cultures represented. One might surmise that such diversity could
lead to the formation of voting blocs based on language, religion or geographic proximity. To test this
hypothesis, we first investigate the structural outcomes of the voting process.
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Figure 2. Despite the diversity of European languages, English becomes the de facto language of the ESC. Fraction of songs using the
four most common languages of most initial participating countries. During the ‘Formation’ period, there is a great diversity in the lan-
guage of the competing songs. This diversity increases through most of the ‘Consolidation” period. In 1998, when there was a permanent
lift of the restriction on using non-native languages of the contesting country, there is a transition to a new state, where English becomes
the dominant language. In this new state of affairs, over 70% of songs are entirely in English or a mix of English and a native contestant
language. When considering the languages of the top performing songs, the situation is quite different. Initially, French is the dominant
language, but already by the 1970s, nearly 40—60% of the winning songs are in English (see full black line, which shows 5 year running
average). By the early 1990s, nearly 80% of winning songs are in English. While the rate of increase is less pronounced for the top three
(not shown) and top five, the data are consistent with the learning by participants that songs with English lyrics have an advantage. The
increased dominance of English as the language of the top songs is accompanied by a decrease of French, which nearly disappears as
the language of choice among the top songs after 1990

Figure 1c shows that the rate at which different countries place in the top three positions changes over
time. In the Formation period, top placement is concentrated within four countries: France, The Nether-
lands, Luxembourg and the UK. This concentration may be due to a number of factors, including voting
rules. However, during the Consolidation and Expansion stages, the voting rules become set, making the
interpretation of the results easier. Thus, it is still surprising that the top three positions are rather more
concentrated during the Consolidation period than during the Expansion period. This suggests that the
recent parity is not just a statistical artefact resulting from having more participants. Rather, it indicates
that the systematic dominance previously held by specific countries has effectively vanished.

3.1. Language

If the number of individuals speaking a given language would explain these voting consensuses, then
it would be expected that bigger countries such as France, Germany and the UK should perform par-
ticularly well (electronic supplementary material, table S1). In order to test this hypothesis, we calculate
the fraction of songs with lyrics using a given language for each year (figure 2a). These data reveal two
striking observations. First, there is a steady decline over time in the fraction of songs that have French
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or German lyrics. Second, in 1999, there is a sudden, step-like increase in the use of English lyrics. Unlike
the rise in the use of English around the mid-1970s, this rise shows no sign of reversing. So, we may ask,
why did this step change happen?

These shifts can be understood in the context of the evolving Contest rules concerning language
use. Language choice was free in the early years (1956-1965), but was then restricted to national lan-
guages, with the exception of a 3 year suspension between 1973 and 1976. Electronic supplementary
material, table S2, provides a more detailed overview of how language restrictions have changed over
time. However, these restrictions allowed for the use of multiple languages in the lyrics, with some coun-
tries bending the rules and including a majority of English verses. The language restrictions were lifted
during 1973-1976 and again after 1998 [45]. These regulatory changes had a significant impact on the
linguistic landscape of the contest (figure 2a). During the period from 1973 to 1976, when the national
language rule was temporarily lifted, there was a noticeable increase in the number of songs performed
in English. However, this increase was modest compared to the dramatic rise observed after 1999, when
around 80% of songs were either entirely in English or mixed English with a national language.

To answer this question, we calculate how this percentage changes over time. Figure 2b,c displays
the fraction of top ranked songs that have English lyrics. They make clear that—whether we consider
the winning song, the top 3 songs or the top 5 songs—by 1970 the top-rated songs are primarily using
English. Moreover, while the best-performing songs, prior to 1970, had frequently used French lyrics,
French lyrics became a strong predictor of ‘not top 5 after 1990. These results make it clear that, dur-
ing the Consolidation period, participating countries learnt that submitting songs with lyrics in English
dramatically increased the competitiveness of the song.

Next, we investigate whether there are other winning song features that are being learnt over time.
Two features likely to be important in determining the popularity of a song are the characteristics of the
lyrics, including complexity and theme, and the music attributes, including audio features and music
genre.

3.2. Lyrics

First, we focus on the characteristics of song lyrics. A straightforward measure of lyrics complexity is
the size of the lyrics as measured by number of words. Figure 3a shows the time evolution of the mean
lyrics size. By 1975, once rules of the competition stabilize and some learning has had an opportunity to
occur, lyrics stabilize around a size of about 230 words. This range is valid across countries (electronic
supplementary material, figure S4). However, by 1999, there is a step-like 20% increase in lyrics size. As
for song language, we find that songs placing in the top 3 already have larger lyrics size by the late 1980s.
However, the lyrics size of the winning song shows much greater fluctuations.

The themes present in song lyrics also display interesting patterns. While each of these 11 themes
appears in at least 5% of the songs, their co-occurrence is not random. Aspiration and Inspiration ap-
pear more frequently together than one would expect from chance alone, as do Pain, Breakup and Loss
(electronic supplementary material, figure S5).

Four song themes—Nostalgia, Pain, Rebellion and Desperation—display significant temporal trends.
Surprisingly, an initially strong focus on Nostalgia has been in steep decline. This may be related to the
increasing distance from the horrors of World War II and improving economic conditions. In contrast
to Nostalgia’s steep decline, Pain, Rebellion and Desperation have been increasing significantly in rep-
resentation. Intriguingly, Confusion and Escapism show nearly a step change, stretching from 1970 to
1980, to higher levels of representation, whereas Loss shows an opposite change over the same period
to lower levels of representation (electronic supplementary material, figures S6 and S7). This could be a
response to all the crises of the 1970s.

These findings suggest that the songs competing in the ESC are picking up on emotional trends perme-
ating culture. However, a question is whether top performing songs merely ride these trends or whether
they contribute to their emergence. The data are particularly interesting for Pain and Desperation (elec-
tronic supplementary material, figure S8). Between 1990 and 2000, top performing songs refer less to
Pain than the average competing song. Since 2000, however, the representation of Pain among top per-
forming songs has been increasing steadily and exceeds the average annual level since 2010. It may not
be a coincidence that this is occurring after the Great Recession. In contrast to Pain, Desperation has had
lower representation among top performing songs than average songs. This may be due to the emotional
weight of a feeling such as desperation, which could turn voters off.
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Figure 3. Song lyrics also show signs of change over time consistent with participant learning. (a) Time evolution of mean lyrics size
(as measured by number of words) for all songs, winning song and top three songs. For all songs, the shaded region shows the 95%
confidence interval for the estimate of the mean. As for song language, we find a step-like increase in lyrics size in 1999. Demonstrating
the presence of a signal to be learnt, we find that the lyrics size of top three songs was already increasing during the period 1975-
1998. Interestingly, the winning songs are characterized by extreme lyrics sizes, either very small or very large. As shown in electronic
supplementary material, figure S4, there is no significant dependence of lyrics size on country. (b) Time evolution of the percentage
representation of the four most informative song themes for all songs and top three songs. The black circles show the average over all
competing songs for a given year, the line and shaded regions show 99% confidence intervals for the linear fit, and the coloured lines
show 10 year running average of theme representation among top three songs. All four themes display strong and statistically signifi-
cant temporal trends. While top performing songs follow the common trend for Nostalgia, they focused less on Pain between 1990 and
2000, but since 2010 are focusing more on Pain than the average of all competing songs.

3.3. Music

Now, we address the songs’ audio features and genres. We calculate the distribution and cross-
correlations for six audio features identified by the Spotify API [36] for all songs (electronic supplemen-
tary material, figure S9) and for the top performing songs (electronic supplementary material, figure

S10). It is visually apparent that several are strongly correlated. Thus, we focus on just three of them
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that we believe provide the greatest insight: Acousticness, Danceability and Valence (electronic sup-
plementary material, figure S10). While displaying no significant temporal auto-correlations (electronic
supplementary material, figure S11), the time evolution of these features displays clear patterns (figure
4a). Acousticness, which was dominating earlier on, has been decaying for the entire existence of the
Contest. At first, the decline was smooth and exponential in nature, but then, it happened in a step-like
way. The early primacy of Acousticness has since been taken over by Danceability. Valence and Dance-
ability follow a similar oscillating pattern. They both increase until they reach a peak in the late 1970s.
Then, they both decrease until the mid-1990s and increase towards an early 2000s peak. That peak is
again followed by a decrease until the mid-2010s and an increase since.

We also examined the specific audio characteristics of the winning songs. While their long-term evo-
lution mirrors the aggregate trends shown in figure 4a, their short-term dynamics are distinct. The lack
of significant temporal auto-correlations after 1984 (electronic supplementary material, figure S11) sug-
gests that a winning song’s audio profile is not simply a replica of the previous year’s winner. However,
the songs are far from random. They constitute the target signal for collective learning. As we show in
the following section (figure 5b,c), the danceability of top performing songs is a statistically significant
attractor. Participants actively adjust their entries to match the standards set by recent winners.

The time evolution of audio features in competing songs is mirrored in the change in music genre, as
the two types of classification are correlated (electronic supplementary material, figure S12). Figure 4b
shows the mean genre score for Pop and Rock for all songs and for the winning song. It is visually appar-
ent that Pop songs have come to dominate the Contest, although not as much as the English language,
and not in such an abrupt manner. As for language and lyric characteristics, there is a clear signal regard-
ing the characteristics of the top placed songs that allow all participants to learn. This is visible by the
fact that the fraction of pop songs among the top performing echelon occurs earlier (electronic supple-
mentary material, figure S13), even though there are no significant temporal auto-correlations (electronic
supplementary material, figure 514). Interestingly, the situation is not as unequal as when considering
language with regard to the genre of the winning song. Nowadays, pop songs tend to make up only
about half of the top performing songs, and there are no signs of complete homogenization, as occurred
with language. This suggests that the contest retains a degree of musical diversity.

3.4. Country-specific learning

Up to now, we have focused on system-wide learning. We found that competing countries have learnt
from each other about lyrics language, size and topic, and about audio characteristics and music genre.
What we have not investigated is whether this learning has occurred equally across countries or whether
some countries have eschewed some of those lessons. Figure 5a compares the usages of Acousticness and
Danceability by country for the pre- and post-1980 periods. As expected, we find adoption of Danceabil-
ity across the board. We find a similar adoption for lyric sizes (electronic supplementary material, figure
S4) and for music genre (electronic supplementary material, figure S15).

To determine whether these changes regarding music characteristics are due to learning, we fit a lin-
ear model to the danceability score of a country’s song in year y to the average danceability scores of
different subsets of competing songs—Top 1, Top 3, Top 5 or all —with a time delay of 1, 3 or 5 years and
averaged over time windows with width of 1, 3 or 5 years (figure 5b). We find that the best model occurs
when averaging the danceability scores over Top 5 songs in the previous 5 years. Figure 5¢c shows that we
find similar models for eight countries for which the fit is statistically significant. We find similar results
for acousticness (electronic supplementary material, figure 516). Note that the fit does not converge for
all countries.

Figure 6a shows language utilization by country for the period pre- and post-system-wide transition
to English. Prior to the 1999 relaxation of the rules concerning the choice of language, countries submit-
ted songs in one of their national languages, some mixing in other languages, with a particular focus on
English. Post-1999, the lyrics of the songs submitted by most countries switched to English. To deter-
mine whether these changes regarding song language are due to learning, we fit a logistic model to the
probability that a country’s song’s lyrics include English in year y to the average fraction of songs with
English lyrics for different subsets of competing songs—Top 1, Top 3, Top 5 or all —with a time delay of
1, 3 or 5 years and averaged over time windows with width of 1, 3 or 5 years (figure 6b). We find that the
best model occurs when averaging the English usage of Top 3 songs in the previous 5 years. Figure 6¢
shows that we find similar models for 10 countries for which the fit is statistically significant. Note that
the fit does not converge for all countries.
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Figure 4. Despite the diversity of music styles and traditions in Europe, pop has become the dominant music genre for participating
songs, but not for winning songs. (a) Annual mean audio feature scores over time of competing songs. The solid lines show the mean
value of the attribute for the songs competing in a given year, while the red shaded areas display the 95% confidence interval for the
mean. The grey lines in the rightmost plot show fits to the functional forms discussed in the text. (b) Mean annual genre score of all
competing songs and winning songs. The mean pop score of competing songs has been increasing steadily over the existence of the
competition. Intriguingly, the genre of the winning songs shows much different trends (see black line, which shows the running av-
erage for 5 year time windows). Since about 1970, half of the winning songs have been pop songs. This pattern is also present when
considering the top three or top five songs (electronic supplementary material, figure S13) but occurs at a slower rate. These results
suggest that, unlike language, where English is the standard, there is more opportunity for ‘bucking the trend” in song genre.

The exceptions to English hegemony are France, Italy, Portugal and Spain. It is unlikely that these
four countries did not learn about the advantage provided by the use of English, prompting the question
of why they eschewed that advantage. The likely explanation for why France, Portugal or Spain stick
with their own languages is that they are spoken by large numbers of people around the world. Thus,

Downl oaded from http://royal soci et ypubl i shing.org/rsos/article-pdf/doi/10.1098/rsos. 251727/ 6135432/ r sos. 251727. pdf
by Northwestern University Libraries user
on 29 April 2026

€1 s Uadp 205y sosy/jeuol biobusygndkiaposiedor g

LTLLST



acousticness danceability
0.8
@06 =
[=ae ©
S 5}
& 04 - :
v ©
5 I
2024 o
©
Lo
.Qos_yyyyyyy........ L e e L B e e e e e — T T T T
°
3
4 [
006 S
2 =S
© 04 q
N
“>" )
<< o2 A ﬁ
0.0 - LSS B N N B B B B B B B N B LN L AN N B B B B B S B B R B BN B RN B B N B B S B S B B B R B B R R
@ @R PRSP SR 0@\{7 Qb& *96660\*@@(‘5&’04’0(9@8’@@ é&»@@.&-@@-@-@@ (\z @
%§k§k¢$p$$&$®égfdp@%\& & @49<~¢ 0 é“@ngg@\@é?& o cié\ydpé%@ 8§§§ ?&§§iégfiﬁéﬁéfgﬁi§a@$* Qp
PR ¥ e £ g Oy S O PN T TN TG00 T NS
LN G 4\0&2\\“ F A
o & R &\\&
N < @
& O
< o
c R? Constant Mean Danceability of Top 5
1.0 2.0
08 15
=
Qo6 w10
© 3
g ]
2oa m 05
©
Qo2 0.0
0.0 T T T T T 1 =0.5 T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 . .
+ £ &\'Z’ ,b(‘{' N ,z}* N bé\ \@‘\ R
Bo+Bifs & & g & Q &
v e ef@ Oﬁ ~ &
Q © "y

Figure 5. Participant learning of winning strategies—music features. (a) Average Acousticness and Danceability scores of songs sub-
mitted to the ESC by different countries across two time periods. It is visually apparent that, prior to 1980, competing songs had high
Acousticness, but after 1980, competing songs—across all countries—had high Danceability. We find similar results for lyric sizes (elec-
tronic supplementary material, figure S4) and music genre (electronic supplementary material, figure S15). (b) Linear regression of
danceability of a country’s song in a given year against the average danceability of top five songs in the previous 5 years. () Regression
coefficients for the eight countries for which the linear model is statistically significant and R? of the linear fit.

paying a cost for promoting their own languages is a rational choice in a geopolitical context that extends
beyond winning at the ESC [14].

Finally, it is interesting to consider the extent to which learning, and the consequent cultural homog-
enization, is embraced by different countries. If one considers population size, language utilization in
Europe or economic might, then Germany would appear to be a prime case for setting trends instead of
following them. Instead, we find that France, Spain and Italy —but especially Portugal —are the countries
shunning ‘peer pressure’. It is perhaps not surprising that some of these countries have shown a more
independent streak from Anglo-Saxon influence on some of the most controversial political matters now
facing Europe.

4. Discussion

Our study provides insights into how learning and adaptation occur at multiple levels in a cultural mar-
ket. From the organizers, who aim to maximize television audiences by making the Contest’s outcome
unpredictable and exciting, to the participating countries, who want to maximize the chances that their
representatives’ songs win the Contest while attending to other geopolitical necessities, to the voters, who
may want to be fair in the ratings but are influenced by cultural and linguistic baggage. All these partic-
ipants have left traces in the Contests’ records that enable us to determine what they have collectively
learnt and how they have decided to use those lessons.

Organizers tweaked the voting rules during the Formation period of the ESC, fostering a more pre-
dictable process, but less predictable outcomes. These changes led to a stable Consolidation period, which
has eventually pushed organizers to expand voting options and voting participants. The recency of those
changes does not yet allow us to provide final insights. In particular, the impact of televoting and the
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Figure 6. Participant learning of winning strategies—language. (a) Fraction of songs with lyrics in a given language submitted to
Eurovision countries across two time periods. Prior to 1999, most countries submitted songs in one of their national languages (see
Switzerland pre-1999). Post-1999, most countries submitted songs with English lyrics. The exceptions were France, Italy, Portugal and
Spain, which were mostly submitting songs in their national languages. (b) Logistic regression of a country’s song having English lyrics
in a given year to the average fraction of songs placing in the Top 3 with English in their lyrics in the previous 5 years. (c) Ratio of the
regression coefficients for the 10 countries for which the logistic model is statistically significant and pseudo-R? of the fit. We find similar
results for acousticness (electronic supplementary material, figure S16).

possibility of its manipulation with ‘bot farms’ is not without precedent. Such manipulation has been
attempted in the context of political elections [46]. While European Union’s General Data Protection Reg-
ulation provides some level of protection against such manipulation, the desire for changing hearts and

minds is likely to foster such manipulation, particularly in times of information wars and propaganda.
On the participant side, we have revealed the generalized adoption of strategies that increase song
competitiveness: use of English language, increased danceability, increased use of Pop styles, more di-
verse lyrics and the focus on themes that better capture the cultural zeitgeist. However, the widespread
adoption of these optimal strategies raises an interesting question. Why do some countries adopt these
features but still fail to succeed? This phenomenon can be understood as a ‘Red Queen” effect in cul-
tural evolution [47,48]. As the adoption of English, Pop and high danceability become prevalent (in the
sense of increased homogenization), these features shift from being a competitive advantage to a base-

line requirement. In the current “Expansion’ phase, compliance with the learnt code is necessary to avoid
failure, but not sufficient to guarantee success. Furthermore, the statistical distribution of voting out-
comes could be interpreted through the lens of geopolitical ‘friendships’. The transition to equilibrium
observed in figure 1c and the increasing entropy of vote distributions (electronic supplementary ma-
terial, figure S3) suggest that historical voting blocs have lost their decisive power. In a field of over 40
participants driven by televoting, the ‘signal” of optimized song features appears to have largely overrid-
den the pattern of traditional alignments, creating a more meritocratic, albeit homogenized, competitive
landscape. Specifically, the ‘Red Queen’ race manifests in two distinct modes of cultural adaptation. The
first is hegemonic convergence, in which a strategy —specifically, the shift to English—becomes a rigid
constraint that establishes the baseline necessary to avoid failure. The second is attractor-based learning,
which is observed in musical features such as danceability. In this case, top performing songs not only

meet the baseline but also deviate from the average to set new standards that others subsequently chase.
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Top performing songs drive the trend, but they do not simply replicate the average competing song;
rather, they deviate from the norm to set new standards that others subsequently imitate. Furthermore,
our study quantifies the limits of this pattern. While countries like Germany or Sweden have fully opti-
mized their entries for the international market, France, Italy, Portugal and Spain have demonstrated a
measurable resistance to this cultural pressure. By consistently ignoring the ‘English advantage’, these
nations reveal a preference for cultural distinctiveness over competitive optimization. This shows that
cultural identity can effectively constrain the drive for market optimization.

These results prompt the question of whether one could combine data analytics with generative Al
to create songs that would ideally resonate with the diverse audience of the Contest. Whether that will
be possible or not, one has to ask whether it would be desirable.
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