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Abstract

We apply the independent cascade network inference model to a large database of music
videos to infer the structure of the global network of music diffusion. The derived network
reveals an intricate topology—fully interconnected, exhibiting a modular structure, and char-
acterized by asymmetric links. We explore the relationship between the identified bilateral
cultural diffusion pathways and the geographical and cultural distances among countries,
and key socioeconomic interactions such as international trade and migration. Additionally,
we use a gravity model to ascertain the factors contributing to both the formation and the
intensity of the estimated diffusion channels between countries. Our findings reveal that cul-
tural, geographical, and historical factors serve as primary drivers of musical diffusion,
downplaying the importance of economic factors. This study posits that these elements
exert considerable force in shaping musical preferences across nations, making the emer-
gence of a homogeneous global musical culture improbable. This exploration adds valuable
insights to the discourse on the globalization of music and its potential cultural implications.

Introduction

Culture has played a key role in the globalization process [1-3]. Its impact is well documented
on international trade [4], foreign direct investments [5], international business [6], and
migration [7]. The converse impact of globalization on culture is more ambiguous [8, 9].
Three major theses on the issue are present in the scientific literature and the political dis-
course: homogenization, polarization, and hybridization [8, 10]. In particular, concerns about
homogenization, or more specifically americanization [11], have had substantial political con-
sequences with the emergence of cultural protectionism in many countries [12-15]. More
broadly, capturing the extent and dynamics of cultural influence can offer valuable insights for
policy evaluation, and integrating precise cultural information into economic analysis has the
potential to enhance both cultural and economic analysis [16]. Nevertheless, little quantitative
empirical evidence exists on the impact of globalization on culture. Our aim in this paper is to
fill part of this gap by inferring the global network of music diffusion and analyzing its struc-
ture and the determinants of its formation.

Culture arises from the interactions of basic social units through imitative processes, where
individuals copy and adopt the practices and beliefs of others [17, 18]. Hence, social networks
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and social influence play a crucial role in cultural diffusion [19]. Conventional linear models
can hardly capture diffusion processes on such complex networks [20]. Furthermore, the
empirical analysis of cultural diffusion requires comprehensive data on the prevalence of vari-
ous interests and tastes across different regions and periods [16, 21]. Such data has only
become available thanks to the digitalization of large parts of human activity [17].

Digitalization has notably impacted the production, consumption, and diffusion of
music. It has led to substantial reductions in production, distribution, and promotion costs
of new products [22]. The availability of a massive music library on platforms such as You-
Tube and Spotify has made it easier for people to discover and listen to music from different
regions and cultures [23]. Furthermore, the increasing number of media diffusion channels,
including the internet and social media, have led to a massive increase in the range and the
speed of music diffusion [19, 24], as emphasized by the emergence of the notion of “virality”
to describe these diffusion processes. Diffusion has further been catalyzed by institutional
changes whereby markets have been less restricted by geopolitical boundaries and institu-
tional decision-making processes [25]. This is due to the shift to a more digital form of glob-
alization, which changes who participates, how business is done across borders, and where
the economic benefits lie [26].

Diffusion of culture is less institutionalized than diffusion in other areas such as politics or
economics. Gabriel Tarde’s Laws of Imitation [17] provides an interesting theoretical approach
to the diffusion of culture, thanks to his focus on individual interests [27, 28]. According to
Tarde, imitation is the primary mechanism by which culture is transmitted across generations,
claiming that society is composed of beings that are apt to imitate one another, and even with-
out actual imitation, they share traits that are ancient copies of the same model [17]. Therefore,
imitation makes social change as individuals adopt new behaviors, beliefs, and norms. How-
ever, social imitation is not a straightforward copy of others; it involves a complex interplay
between reason and extra-logical influences, such as social, psychological, and cultural factors.
Furthermore, imitation can be accompanied by emulation, e.g., the world polity theory high-
lights that institutions conforming to a dominant world culture, characterized by universalism,
rationalism, equality, and progress, are more likely to be emulated globally [29].

Tarde identifies various factors that can facilitate or obstruct the diffusion of cultural tastes
and preferences. Individuals are more likely to imitate those similar to them in terms of cul-
tural characteristics or individuals who possess prestige, status, or social influence. Conversely,
pride could obstruct imitation besides cultural proximity. Despite the humble presence of
Tarde’s laws of imitation in diffusion research [25], they provide a practical framework for
understanding how cultural tastes and preferences spread across different social groups and
make it possible to emphasize the importance of individual-level interactions and the role of
social networks in shaping cultural influence.

While existing models of opinion formation propose that strengthened diffusion processes
could lead to cultural homogenization [30, 31], considerable evidence suggests a preservation
of substantial cultural diversity. Despite being prevalent across human populations, musical
behaviors exhibit rich diversity in structure, role, and cultural interpretation [32]. Interna-
tional pop charts are increasingly diverse, incorporating more foreign music [33], even as
interest in national artists grows [34, 35]. Simultaneously, national charts are diversifying, and
countries previously close in taste are growing more similar, yet progressively distinct from
others [36].

An emerging facet in this landscape is the persistence of group boundaries amidst rapid dif-
fusion, delineating the local from the global [37, 38]. This notion aligns with previous research
on video-sharing platforms like YouTube, which found that despite the ubiquity of diverse cul-
tural products, consumption of popular videos is predominantly governed by cultural values
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[39]. These observations collectively point to the complex social interactions in play [19],
where global broadcasting converges with interpersonal spreading [40], contributing to a
nuanced interplay of cultural preservation and diffusion.

To study the characteristics and determinants of this complex interaction structure, we
model the diffusion of popular music videos on YouTube as information cascades. As the larg-
est existing video platform on the internet and holding the second position in popularity both
as a search engine and a social network-with 2.6 billion users in 2022-YouTube provides an
exceptional source of digital traces of human activity [41].

We use the information on all videos featured in the top 100 rankings of 57 countries, as
reported weekly by YouTube Charts, from May 2019 to May 2022. We track the popularity
and geographic diffusion of all new videos, looking at when they rank in different countries
over time. Hence, to build the information cascades, we determine when the video was
released and then track when it appears in countries’ charts. We then apply the independent
cascade network inference model to discern the structure of the global network of music diffu-
sion. The independent cascade model permits us to infer the most likely network of cultural
diffusion among countries based on observed patterns of music video popularity.

The subsequent analysis of the inferred network furnishes quantitative insights about inter-
action structure, cultural distance, and clustering among countries, as well as the centrality
and role of individual countries in the diffusion process. We further examine how the inferred
bilateral cultural diffusion channels correlate with geographical and cultural distances between
countries, along with other significant interaction channels such as international trade and
international migration.

Finally, we employ a gravity model to determine how countries-specific and bilateral-spe-
cific features are related to the inferred network structure. The gravity model is a powerful tool
used to estimate the presence and the degree of interaction between different actors, typically
based on their size and geographical distance [42]. In particular, we delve into both the exten-
sive and intensive margins of cultural diffusion. Here, the extensive margin refers to the factors
determining the network formation of countries involved in the interactions, while the inten-
sive margin concerns the intensity of these interactions.

Results
Identifying music video diffusion

In our study, the diffusion of a new music video starts when it is streamed on YouTube. As
individual preferences aggregate into collective outcomes, certain videos become popular in
one or multiple countries. To examine this phenomenon, we analyze aggregated data at the
country level, specifically focusing on music videos that have reached the top 100 charts in dif-
ferent countries. We consider new music videos from May 2019 to May 2022 in country You-
Tube Charts, we follow them until August 2022, identifying 57,439 videos.

We consider that the diffusion of music videos can be analyzed as information cascades at
the country level. This occurs when individuals in a particular country rely on the actions or
decisions of others in their country and in foreign countries when making their own decisions
about watching/listening a music video. In this context, as more and more individuals in the
country follow the behavior of others, it creates a cascade that can ultimately lead to wide-
spread adoption or rejection of the music video within that country. Therefore, it is important
to note that with the country aggregated rankings data we possess, we cannot directly observe
granular diffusion paths dictating which viewers directly influence others to watch/listen spe-
cific videos. Instead, we shall aim to infer potential pathways for such aggregated diffusion,
based on observable adoption patterns. This caveat acknowledges the inherent limitations of
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our data and reinforces our aim to discern potential, rather than definitive, patterns of influ-
ence and adoption.

We find that music video diffusion is strikingly heterogeneous concerning the number of
views, the cascade size-the number of countries where a video reaches popularity—and the cas-
cade duration-the time it takes to achieve its maximum geographic scope. While most coun-
tries exhibit high receptivity to international music videos, in certain countries like Turkey,
Japan, Romania, Egypt, Israel, India, and Korea, merely around 25% of viewed videos are
international (see Fig S1, in S1 Appendix).

Several factors may account for this observed pattern. Unique languages certainly play a
role in shaping viewing preferences, given that the language barrier can restrict the appeal of
foreign content. Moreover, countries like Japan, Korea, and India are recognized for their
strong domestic music industries, which create significant local content. The prominence of
such homegrown music can contribute to a cultural environment where international videos
might be less predominant.

Cultural protectionism can also shape this trend. Less receptive countries may have policies
that favor the promotion of local over foreign content, whether as part of a formal strategy to
preserve national culture or due to pressure from local industries to maintain their market
share [12, 13, 15]. These actions might limit the exposure and accessibility of international
music videos, thereby influencing viewing habits.

We recognize three different domains of diffusion of popular videos: i) within-country dif-
fusion and non-internationalization, these are the videos that reach only one country; i)
speedy international diffusion, these are the videos that reach the maximal popularity in just
one week, i.e., cascades with a single synchronized adoption time, quite similar to a pure
broadcasting event; and, iii) international diffusion with more than one subsequent adopter,
these are cascades of videos that diffuse gradually through different countries. Fig 1A portrays
the number of cascades in terms of size and duration for the last two domains, which account
for 6,977 videos—for obvious reasons, we excluded the first domain since it does not provide
any insight into international diffusion (data is available in S1 Data).

A 3] B
Total 0.6 1
cascades 0.5+
(log) 204
0 25 - 2 -
2 I 6 & 031
£ 4 O .24
>
8 201 2 gl | -
E‘ 0 0.0+ T —— T T
= 0 5 10 15 20
S 154 Cascade duration (weeks)
(0]
N
B C
P 0.4
g 10 2031
B
S S 0.2-
4 o
5 0-1 | II
L W ___ -
T T T T T T T 0'0 E T = T T =
0 5 10 15 20 25 30 5 10 15 20
Cascade duration (weeks) Cascade size (num. countries)

Fig 1. Diffusion cascades and cascade duration and size distributions. Panel A: Heat map of all cascades in the sample, in the x-axis
the cascade duration (the length of time that it takes to spread to its maximum geographic scope), and in the y-axis the cascade size
(geographic scope). Panel B: The density distribution of the cascade duration. Panel C: The density distribution of the cascade size.

https://doi.org/10.1371/journal.pone.0294149.g001
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Considering the worldwide broadcasting nature of YouTube, many of the international cas-
cades reach their maximum popularity within a few weeks (see Fig 1B). A vast majority of cas-
cades belong to the second domain, about 64%, implying that the root nodes and the
immediate adopters are indistinguishable. In the third domain, 16% of international cascades
diffuse within two and four weeks and 10% within five and ten weeks. Also, it is quite unlikely
that a single song will become worldwide popular (see Fig 1C). In contrast, international popu-
larization frequently happens in a small number of countries. About 40% of the songs are pop-
ularized in two countries, 30% between three and four countries, and 10% between five and
eight countries. Less than 3% of the songs become popular in more than 30 countries, and less
than 0.2% reach popularity in the total sample of countries.

The cultural diffusion network

We use international cascades in the third domain to infer the diffusion network across coun-
tries, with 2,487 videos. We use the information propagation model proposed by Gomez-
Rodriguez et al. (2014) [43]. This inference model assumes that adoptions occur independently
along the network’s edges and that the likelihood of adoption depends on the influencer
node’s identity, the adopting node’s identity, and the time of adoption. Based on the observed
adoption times, the model aims to infer the network’s connectivity and the likelihood of adop-
tions across its edges.

In this context, it is crucial to clarify our interpretation of “influence” between countries,
given the nature of our model and data. Music videos in our sample are not assigned a specific
nationality—a task that is not relevant for our study, and yet it can be complex considering the
increasing cross-national collaborations and the prevalence of international artists for whom
assigning a nationality is problematic. Consequently, our reference to “influence” should not
be misconstrued as a country imposing its cultural artifacts or specific artists onto others.
Instead, we argue that the diffusion of music videos on the internet reflects a form of cultural
diffusion, more specifically, the propagation of musical preferences or tastes between different
countries. These preferences, unlike artists, do not necessarily need a nationality. As an exam-
ple, while direct adoption of Latin American music might be less probable in most European
countries, Spain and Portugal often act as initial adopters due to cultural and linguistic ties.
These countries, which potentially have better diffusion channels towards other European
nations, can catalyze the introduction and acceptance of Latin American music throughout
Europe. Therefore, the inferred network is more about tracing the pathways of shared tastes
and preferences rather than tracking the expansion of specific national cultural products.

Fig 2 shows the inferred network, which provides the paths of the diffusion routes and,
hence, a complete view of the worldwide bilateral influence transfers. The estimated network
exhibits a complex topological structure with no global influencer or hierarchy (in S1 Appen-
dix, we present an alternative estimation of the network, underlying the robustness of our find-
ings: see Fig S4 in S1 Appendix). The overarching structure is characterized by its fully
connected nature, incorporating a modular structure and the presence of asymmetric links.
The estimated network is reported in S2 Data.

The link weights’ distribution is skewed to the right and takes very low values (see Fig S2 in
S1 Appendix); with a significant proportion of them approaching zero for many country pairs,
which implies a null influence. Consequently, the network is sparse: only 12% of the possible
connections exist. The estimated link weights are very asymmetric: the network reciprocity
index is barely 0.37 [44]. These values are relatively low compared to, for example, the interna-
tional trade network [45], which has a density of 98% and a reciprocity index of 0.92 (we built
the international trade network using the same sample of countries in 2019).
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Fig 2. International cultural diffusion network. Nodes represent countries and links the most likely cultural diffusion channels, taking as a proxy the
estimated transmission rates. Node’s size indicates betweenness. Detected communities are depicted in different colors.

https://doi.org/10.1371/journal.pone.0294149.g002

The estimated network is relatively highly modular. We use the Infomap Algorithm to
detect communities [46], the modularity is 0.59, and there are ten detected communities,
which are also depicted with different colors in Fig 2 (for the list of countries in communities,
see Table 1). The modular structure gathers communities of countries that, in most cases, are
geographically close and share a common language. The largest community is made up of
Latin American countries and Spain. At the top of the graph, there are English-speaking coun-
tries, composed of a community of African countries, another community with some former
British colonies and the United States, and the United Kingdom, Ireland, and Denmark form-
ing a small additional community. On the left part of the center of the graph, the countries of
continental Europe are in different communities. There is a community with countries from
Northern Europe, close to the English-speaking countries in the graph (that includes Romania
and Israel), and two other communities whose languages derive from the Romance and Ger-
man-speaking countries, plus Turkey and Serbia. On the bottom left side of the graph, there
are Eastern European countries whose languages derive from the family of Slavic languages.
And, finally, two small communities, Japan-Korea and Honduras and Nicaragua. To identify
some relevant countries in terms of centrality and their quality of influencer or influenced,
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Table 1 also provides information about the countries reaching the highest betweenness cen-
trality per community, as well as the countries that have the highest out- and in-strength, dif-
ferentiating between intra- and inter-community interaction.

The binary network diameter—the shortest distance between the most distant nodes-is
seven edges, and the weighted network diameter—the path with the lowest total weight-is 0.26.
This implies that while many paths can connect the most distant nodes, the path with the low-
est total weight is 0.26. In other words, international diffusion between the two most distant
nodes would be in the most favorable scenario if a new popular video goes through 7 edges.
However, as expected from the link weight distribution, this could happen with a very low
probability since each edge is associated with a low transmission rate.

The potential for one country to exert substantial influence over another is rather con-
strained. This suggests that, despite the fully connected nature of the network, numerous fac-
tors—such as sparse levels of interaction, asymmetrical links between countries, and nodes
segregated into distinct communities—substantially impede the homogenization of musical
tastes. In essence, these elements obstruct a uniform diffusion of music preferences across
diverse countries.

Besides, we examine the similarity of country music charts of videos in the second domain
(speedy international diffusion). Although this approach does not allow us to discern the
potential influence of one country over another, it does encompass all possible paths of influ-
ence. Interestingly, we find that the similarity network closely resembles the inferred cascade
network, particularly in terms of the neighborhood structures. This congruence strengthens
our confidence in the inferred network, suggesting that, despite the absence of granular influ-
ence data, the inferred network is a meaningful representation of potential influence pathways.
This analysis is presented in S1 Appendix.

Table 1. Detected communities and highlighted countries based on selected network metrics.

Community members

Argentina; Bolivia; Chile; Colombia; Costa Rica;
Dominican Rep.; Ecuador; Spain; Guatemala; Mexico;
Panama; Peru; Paraguay; El Salvador; Uruguay

Austria; Germany; Serbia; Turkey

Australia; Canada; India; New Zealand; United States

Belgium; Brazil; Switzerland; France; Italy; Luxembourg;
Netherlands; Portugal

Czech Rep.; Estonia; Hungary; Poland; Russian
Federation; Ukraine

Denmark; United Kingdom; Ireland

Finland; Israel; Iceland; Norway; Romania; Sweden
Honduras; Nicaragua

Japan; Rep. of Korea

Kenya; Nigeria; United Rep. of Tanzania; Uganda; South
Africa; Zimbabwe

Size | Betweenness™

Intra-community
out-strength*

Inter-community

out-strength*

Intra-community

in-strength*

Inter-community
in-strength*

15 | Spain (688) Spain (0.41) Spain (0.06) Uruguay (0.29) Paraguay (0.07)
4 Germany (177) | Turkey (0.28) Serbia (0.43) Austria (0.42) Austria (0.12)
5 United States India (0.45) United States New Zealand Australia (0.07)
(618) (0.12) (0.42)
8 Italy (279) France (0.36) Italy (0.07) Belgium (0.34) Switzerland (0.25)
6 Estonia (840) Ukraine (0.22) Poland (0.1) Estonia (0.18) Estonia (0.11)
3 Ireland (747) Ireland (0.14) Ireland (0.21) United Kingdom | Denmark (0.14)
(0.14)
6 Iceland (207) Finland (0.23) Romania (0.23) Norway (0.25) Iceland (0.2)
2 Honduras (0) Honduras (0.03) Honduras (0) Nicaragua (0.03) Honduras (0.15)
2 Japan (65) Japan (0.15) Japan (0.09) Rep. of Korea Rep. of Korea
(0.15) (0.01)
6 Zimbabwe United Rep. of Zimbabwe (0.05) Kenya (0.16) South Africa
(423) Tanzania (0.18) (0.02)

Notes: Communities detected using the Infomap Algorithm [46]. Columns marked with * indicate the countries within each community that achieve the maximum

values for the corresponding network statistic, values reported in parenthesis.

https://doi.org/10.1371/journal.pone.0294149.t001
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Correlation patterns

Fig 3A shows the correlations between network statistics and the nodes” Gross Domestic Prod-
uct per capita (GDPpc). The correlations between degree and strength within the same in- or
out-orientation are positive, as expected, meaning that the country’s influence or level of being
influenced is related to the strength of interactions with its outgoing and incoming neighbors,
respectively. However, the negative correlations between the in- and out-statistics indicate that
the diffusion network is highly directional. Likewise, the low reciprocity implies that in a bilat-
eral cultural exchange, one of the countries is typically more influential. In Tarde’s view, this
could mean that some nodes are perceived as more prestigious by their neighbors, and this
could activate imitation, whether by emulation or social learning.

There are positive correlations among betweenness centrality and both in- and out-degree
and strength, although not significant for node strength. This implies that the nodes through
which most of the information is expected to flow are the most connected but not necessarily
the most influential or influenced. For other centrality measures such as eigenvector, authority,
and hub centralities [47], we find that they correlate differently with the in and out node statis-
tics, pointing out that nodes’ centrality functions within the network are very heterogeneous.
Eigenvector centrality, which measures the influence of a node, taking into account the quality
of its connections, is significantly correlated with the strength sequences. We also consider
Authority and Hub centralities. Authority measures a node’s importance based on hubs point-
ing to it, while Hub assesses how well a node directs others to relevant authorities. We found
that authority centrality correlates positively with in-strength; this is that highly influenced
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Fig 3. Correlation plot. Panel A: Node network statistics correlations, including centrality measures and GDPpc. Panel B: Link level
correlations, considering bilateral international trade and migration stocks, cultural and geographical distance. Cross-out signs imply
not statistically significant correlations at a p-value of 0.01.

https://doi.org/10.1371/journal.pone.0294149.9003

PLOS ONE | https://doi.org/10.1371/journal.pone.0294149 November 13, 2023 8/17


https://doi.org/10.1371/journal.pone.0294149.g003
https://doi.org/10.1371/journal.pone.0294149

PLOS ONE

The structure of global cultural networks: Evidence from the diffusion of music videos

countries tend to have higher authority centrality, which means that these countries are refer-
ence sources of authoritative information. In addition, hub centrality correlates with out-
strength; therefore, the most influential countries tend to have higher hub centrality, which
means that these countries serve as reference points or sources of authoritative information.

Further, representative Western culture countries, such as the United States, United King-
dom, France, or Germany, are not the most connected in the network. Although there is a pos-
itive correlation between income level (GDPpc) and the in-degree and strength, suggesting
that the higher the income, the stronger the external influence, the correlations of income with
the out-degree and strength are not significant. This differs from international trade, where
rich economies have more trading partners and higher trade flows [45].

Notwithstanding, income positively correlates with other centrality measures, such as
betweenness, eigenvalue centrality, and authority. Therefore, even when high-income coun-
tries are not necessarily influencers, they play an important role in worldwide diffusion. For
example, countries like Uganda, Ukraine, and Argentina are far apart in the network (see Fig
2); however, several high-income countries within the intermediate neighbors could facilitate
the cultural diffusion between these countries.

Further, we examine the correlations of the link weights with bilateral exports and bilateral
stocks of migrants in two senses: the direct and the reverse relationship (see Fig 3B). In the
direct, we ask for the correlation between the transmission rate of country i on country j with
the total amount of exports from i to j and the stock of immigrants of i in j. While in reverse,
we correlate the transmission rate of j on i with total exports from i to j and the stock of immi-
grants of i in j. In addition, we use a bilateral cultural distance variable that measures the bilat-
eral differences in attitudes toward authority, trust, individuality, and importance of work and
family [48], and the geographical distance, which is the great circle distance between the geo-
graphic center of countries.

Concerning the immigration stocks of origin i in destination j, we find significant direct
and reverse correlations of 0.30 and 0.13, respectively. This means that the influence strength
of i in j, could be determined by the stock of immigrants from country i in country j, and at
the same time, this stock of immigrants might cause the influence of country j on country i. In
other words, the evidence suggests that there might be a feedback loop between immigration
and cultural diffusion, where the presence of immigrants from a specific country can increase
the influence of their home country on the destination country and the influence of the desti-
nation on the home country.

Similarly, for the total bilateral exports from i to j, we find significant direct and reverse cor-
relations of 0.16 and 0.15. These results indicate that bilateral trade might strengthen mutual
cultural diffusion. The study of the relationship between trade and culture has a long tradition
in the international economics literature [4]. Culture is seen as a trade barrier when exporters
and importers are distant in terms of language or colonial linkages. Although the purpose of
this paper is far from determining causality between cultural differences and trade, it is inter-
esting to find a significant and positive correlation with trade. Our estimations can represent
an alternative assessment of cultural differences to understand international non-tariff trade
barriers, which are typically difficult to observe.

A negative correlation suggests that the greater the cultural distance between two countries,
the less influence they exert on each other’s music preferences. While this measure of cultural
distance is only available for a select group of countries [48], the observed correlation implies
that similarities in attitudes toward authority, trust, independence, government, family, and
work positively relate to the rate of music preference transmission. Additionally, geographical
proximity appears to facilitate diffusion, as indicated by the negative correlation with geo-
graphical distance.
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Table 2. Gravity model estimations.

In GDPpc,

In GDPpc,

In Geo. Distance

Contiguitity,q

Common Language,;

Colony,y

Common Colonizer,g

Constant

Observations

O]
Logit
0.268***
(0.061)
0.257%**
(0.063)
-0.789%**
(0.075)
0.490*
(0.280)
2.486™**
(0.169)
1.005***
(0.273)
0.866**
(0.375)
-1.495
(1.268)
3,080

Determinants of bilateral diffusion

We estimate a gravity model to test how the intensity of cultural diffusion is related to eco-
nomic and demographic characteristics of the countries, such as language similarity, geo-
graphical proximity, and historical ties. We model the emergence of cultural diffusion linkages
with a Logit model and their intensity using a Zero-Inflated Negative Binomial (ZINB) model.
We aim to identify the relative importance of different factors in shaping the cultural relation-
ship between country pairs.

The results of our analysis suggest that both the Logit model and the ZINB model provide
good fits for the data (see Table 2). We find that nodes’ income plays a mild role in the net-
work’s formation and has a greater impact in determining the interaction’s intensity. Regard-
ing link formation, the marginal effect of income (at average levels) of both the source and the
destination on the probability of link formation is around 1.4% (see column 2 in table).
Instead, concerning the intensity of the interaction, we found that, for a given dyad, the inci-
dence rate ratio (IRR) of the source’s income is 0.821, and of the destination’s income is 1.270
(see column 5 in table). This implies that countries’ income significantly affects the intensity of
the interaction once a link is formed, with the destination’s income having a larger effect than
the income of the source.

Geographical distance harms both the formation and the intensity of links. Therefore, dis-
tant countries are less likely to influence each other. In contrast, the variables related to sharing
a common border, common official language, common colonizer, and colonial relationship
have a positive and significant effect. Having a common border contributes to the link forma-
tion in a 2.6%, and the IRR is 1.597, i.e., the interaction is 60% stronger than that of two coun-
tries that are not contiguous.

Extensive Margin Intensive Margin (ZINB)

(2 3) (€] 5)
Marginal Effect 2nd Stage 1st Stage IRR (2nd stage)
0.014*** -0.198** -0.277*** 0.821**
(0.003) (0.078) (0.062) (0.064)
0.014*** 0.239%** -0.253*** 1.270%**
(0.003) (0.060) (0.063) (0.076)
-0.043*** -0.101* 0.789*** 0.904*
(0.004) (0.058) (0.075) (0.052)
0.026* 0.468*** -0.492* 1.597***
(0.015) (0.133) (0.282) (0.212)
0.134*** 0.198 -2.497*** 1.219
(0.010) (0.124) (0.170) (0.152)
0.054*** 0.554*** -0.994*** 1.740™**
(0.015) (0.172) (0.274) (0.300)
0.047** 0.284 -0.868** 1.328
(0.020) (0.178) (0.379) (0.237)
3.324%% 1.515

(0.722) (1.279)

3,080 3,080 3,080

Notes: The dependent variable of the extensive margin is whether w,; > 0. The dependent variable of the intensive margin is w,,. Robust standard errors are in

parenthesis. Significance level: *** p<0.01, ** p<0.05, * p<0.10. The log of the estimated dispersion parameter by the ZINB model is In o = -0.553***(0.098).

https://doi.org/10.1371/journal.pone.0294149.t002
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Common language is the variable with the greatest impact on link formation. Two coun-
tries with the same language are 13.4% more likely to influence each other, and this interaction
has an IRR of 1.219. A historical colony relationship contributes to the link formation in 5.4%,
with an IRR of 1.740. Sharing a common colonizer contributes link formation in 4.7%, with an
IRR of 1.328. These results imply that there may be lingering cultural and economic ties
between countries with a shared history, which can affect their current interactions.

Discussion

With the internet and social networks, the spread of different cultural forms worldwide is a
topic of great interest. In this paper, we use cascades of information from popular music videos
and a network inference methodology to quantitatively assess the cultural diffusion between
countries. The inferred network is sparse, has low reciprocity levels, and is characterized by a
modular structure. In this network, there is no outstanding influencers, which indicates that
the influencing strength of musical tastes between countries is limited. However, the presence
of modules indicates that the musical influence occurs more likely within these groups than
outside them. Additionally, we investigate possible factors determining the link interactions.
We find that macroeconomic variables, such as income, are comparatively less relevant than
geographic, cultural, and historical factors to explain the link formation and intensity of inter-
national diffusion.

The ideas presented by Tarde [17] provide a sound theoretical explanation for our findings
in at least two important regards. First, the low reciprocity between dyads shows that, typically,
there is an influencer and an influenced country, meaning that countries have different profiles
at the bilateral level: one country has more “prestige”, so the other country is prone to learn
and imitate its actions. Second, the significant presence of low influence and the modular
structure reveals that cultural factors limit learning and imitation. This means that culture
itself generates barriers to coordinate the diffusion.

An interesting finding is the relatively minor importance of countries’ income against other
variables linked to cultural differences. In other channels of interaction between countries, for
example, international trade, developed countries play a central role [45]. Historically, interna-
tional trade has been considered the economic variable most closely linked to globalization. If
we would adopt Tarde’s ideas for the international trade network, then income and develop-
ment would be good indicators of prestige, and countries would imitate strategies to achieve
development. The international trade network has something similar to a core-periphery
structure, where the countries at the core have higher GDP, and those at the periphery are less
developed [45]. However, this pattern is not emulated in the diffusion network we estimated
here.

Nonetheless, one may wonder about the role of the richer countries in the cultural influence
worldwide. Although the fear of the globalization of the Western culture continues to be a mat-
ter of concern [11], our evidence points in the other direction: high-income countries are com-
paratively more influenced. Beyond the positive correlation between node’s in-strength and
income, high-income countries have a greater variety of videos in their charts—consequently,
are more culturally receptive-and have higher centrality statistics, such as betweenness, eigen-
vector, and authority. All this indicates that more than promoters of their own culture, the
greater exposure of these countries makes the network much more cohesive since they are also
intermediary neighbors that connect distant countries with much more diverse preferences for
music videos.

The empirical evidence we presented takes place in a context where digitalization has nota-
bly impacted music production, consumption, and diffusion. Although we covered the weekly
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top 100 songs in countries’ charts according to YouTube, other relevant streaming channels
such as Spotify or iTunes exist. The availability of all these massive music libraries with the
combinations of social media has increased the speed of music diffusion [19, 24]. It is worth
mentioning that music streaming platforms not only grappled with the deeply implanted
music industry of powerful multinationals but also with the sovereign institutional and geopo-
litical decisions of nations, to which the copyright legislation and the negotiation with produc-
ers and artists played a key role [49-51].

As a final remark, we acknowledge that cultural differences can vary from subtle nuances to
obvious characteristics. Nevertheless, estimating the magnitude of cultural influence is a com-
plex task, making it essential to implement new methodologies and use innovative information
sources. Certain cultural attributes can provide additional information to understand the dif-
fusion process and international influence. For instance, languages that are more geographi-
cally proximate, more historically related, and/or spoken by more-similar cultures have more
aligned word meanings [52], showing that language can be described more extensively. The
similarity in musical preferences, rather than relating to songs by specific artists, can be gener-
alized to sensory characteristics and music universals, which are related to features such as
pitch, rhythm, and performance style. Cross-cultural structural regularities of human music
may relate to roles in facilitating group coordination and cohesion [53], and variations in
acoustic features can highlight key differences in the habits of cultures [54]. Therefore, the het-
erogeneity in how music is perceived can also be a limiting factor to international influence,
which relates to the traditional music experiences in countries.

Our estimated international network of cultural diffusion provides a perspective on assess-
ing international cultural influence, yet it represents only one potential approach among many
to understand these dynamics. The nature of the information diffused can greatly influence
the characteristics of the diffusion process. For instance, distinct forms of content, such as
images, videos, news stories, and petitions, have remarkably different diffusion patterns on
platforms like Twitter [40]. Moreover, analyses of Google Trends data concerning the top 10
trending topics reveal that cultural interests and consumer tastes are predominantly country-
specific and not broadly shared across regions [25]. Therefore, it is important to underscore
that our results represent a snapshot of a complex and dynamic system. In the long-term per-
spective, the influence and diffusion of culture can be significantly affected by other forms of
international interaction [1]. Notably, global phenomena such as international trade and
migration have been shown to generate cultural exchanges and modify culture over time.
Hence, a comprehensive understanding of cultural dynamics should integrate these factors
into its analysis. The exploration of these multifaceted relationships will be a fruitful direction
for future research, helping to build a more nuanced understanding of cultural evolution and
influence in an increasingly interconnected world.

Methods
Data

Our study compiles data for all videos featured in the top 100 rankings, as reported weekly by
YouTube Music Charts & Insights (Top songs), from May 2019 to May 2022, which are pub-
licly available online. To our knowledge, the collection and analysis of this data comply with
YouTube’s terms and conditions for data usage. Our database comprises information from 57
countries across the globe (see S1 Appendix for the list of countries and the cascades used in
the analysis). We have weekly time-series data for each video that encompasses its ranking
position and the number of views in each country where the video made it to the top charts.
We use the YouTube API (application programming interface) to determine the video’s
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publication date and select the new music videos only. Using this information, we determine
the activation time, defined as the moment when a video reaches its peak number of views for
each country-video time series. This enables us to build the complete set of cascades. We addi-
tionally use GDPpc data from the World Bank [55], bilateral trade data from CEPII [56] and
international migrant stock data from UNDESA [57].

Network inference. We implement an independent cascade model to infer the network of
cultural diffusion [43]. Our model relies on the latent link variables as the independent vari-
ables, which are a set of link dummies, to capture the unobserved cultural interactions that
govern the bilateral diffusion between countries. Each music video ¢ has a cascade of adoptions
t = (£,...,t5), which is an N-dimensional vector of observed activation times, representing
the time at which each country adopted the music video. For each country i, £ is an element of
[t6, t¢ 4+ T] U oo. This means that ° equals the time at which country i adopted the music video
c if the adoption happened during a time interval of length T starting with the first adoption at
time t{. If country 7 did not adopt the video during this interval, then ¢/ is infinite. Then, all
video songs can be represented by a set C of cascades, one cascade for each music video, and
denoted as C = {t!, ..., t'Cl}.

Our goal is to use C to deduce an diffusion network represented by a pair (G, A), where
G = (V, E) is a graph consisting of nodes V and edges E that represent potential cultural diffu-
sion paths. The matrix A = [;;] contains transmission rates, with a;; > 0 representing the like-
lihood that a video will spread from node j to node i if (j, i) € E (and a; = 0if (j, i) ¢ E).

The independent cascade model assumes that each cascade is an independent diffusion pro-
cess and aims to infer the maximum likelihood network based on this assumption. The proba-
bility of diffusion from node j to node i is parameterized by the transmission rate a;; and
denoted as f(t;|t; ;). This probability is used to infer the likelihood of a set of cascades given a
network A = [a;;]. The functional form of f conveys the structural assumptions about the diffu-
sion process. Here, the function f{-) chosen is based on a Poisson process, meaning that the
probability rate at which one country influences another remains constant over time once a
video becomes popular in a country. This leads to an exponential model for the conditional
diffusion density over time, more precisely f(t;|t;; ;) = o;e™(t; - t;). This Poisson assumption
is a simple and natural benchmark when there is no specific information available about the
dynamic aspects of the diffusion strategies in the fine-grained structure [58]. In S1 Appendix,
we explore an alternative functional assumption related to the diffusion process. Instead of the
exponential form, we considered a power-law, defined as f(¢]t;; o) = o, (¢, — tj)l_“ﬁ. This
alternative assumption suggests that while transmission occurs very rapidly, there’s still a sig-
nificant possibility of observing extended transmission times. The resulting estimated network
based on this assumption is illustrated in Fig S4 in S1 Appendix.

Let f(t; A) be the likelihood of a cascade ¢, then we aim to resolve the following maximum
likelihood optimization problem:

min — 3" log(¢:4):
ceC (1)
subject to o;; > 0,for i,j=1,... Nyi#j.

For details see S1 Appendix.

Econometric model. We estimate a gravity model to analyze the cultural influence among
countries. The gravity model is a widespread tool for studying the flows of goods, people, and
information across different regions (see, e.g., [59]). A common issue with such models is the
presence of a large number of zeros in the dependent variable, which can be attributed to
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factors such as spatial barriers or socioeconomic constraints. In order to account for this excess
of zeros, we adopt a Zero Inflated Model (ZIM) framework, which allows us to model at the
same time the count of non-zero observations and the excess of zeros. The ZIM provides a
more accurate and robust estimation of the parameters, as it considers the probability of an
event to be zero or non-zero.

More precisely, we investigate the link formation and link weights using the following spec-
ification:

Yoa =F(By + By In X, + By In X; + B3 In D,y + 0 - Z,,); (2)
where, y,, is either the estimated link weight intensity w,4, of origin country o on destination
country d, or the probability this link exists Pr[w,,; > 0|], i.e., the intensive and the extensive
margins correspondingly. X is the GDPpc; D is the geographical distance; and Z is a set of
bilateral dummies: contiguity, common language, common colonizer, and colony relationship.
The function F(-) references the estimation method according to the left-hand variable: Zero-
Inflated Negative Binomial (ZINB) model for the intensive margin and Logit model for the

extensive margin. For more details see S1 Appendix—estimations suggest that the Zero Inflated
Negative Binomial model performs better than the Zero Inflated Poisson model.
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