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I. Abstract 

Examining Bilateral Music Flows in the Digital Age: The Role of Distance in 

International Music Demand 

This study explores the relationship between international music demand and consumer 

preferences in the music streaming era. An updated distance measure between countries to 

account for their music flow is proposed, considering the impact of digitization. The analysis 

shows that while traditional distance measures such as geographical proximity and shared 

language remain essential, cultural, and social distance are also significant. A composite 

measure is suggested to be more appropriate for accounting for consumer preferences in music 

streaming. The study provides insights into how the rise of digital music streaming has changed 

the pattern of international music demand. 

 

Keywords: Music Streaming, International Music Demand, Consumer Preferences, Spotify, 

Bilateral Music Flow, Gravity Model 
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1. Introduction 

Digitization is arguably the most significant change the music market has seen in recent 

decades. Streaming is the dominant revenue format in the global music market and accounted 

for 65.0% of music revenues in 2021, with 47.3% coming from paid subscriptions. In total, 

there are around 523 million users of paid subscription accounts on music streaming services 

such as Spotify, Apple Music, and others (IFPI 2022). Figure 1 shows global music industry 

revenues from 1999 to 2021, illustrating how dramatically fast the lucrative transition from 

analog to digital music distribution has occurred. As a result, online streaming platforms have 

become the most important method of music consumption (Soares Araujo, Pinheiro De Cristo, 

and Giusti 2019). 

Figure 1: The global recorded music industry's revenues from 1999-2021 (in US$ Billions). (IFPI 2022) 

 
 
The widespread adoption of digital technologies in the music industry has significantly 

impacted how music is produced, distributed, and consumed. This shift has reduced the costs 

associated with these processes, making it more accessible and cost-effective for creators and 

consumers (Waldfogel 2017; Graham et al. 2004). With the rise of services like Spotify and 

Apple Music, artists can easily upload their music and make it available to a global audience 

without incurring the significant costs associated with physical distribution. This digital format 
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allows for easy duplication and distribution at almost zero marginal cost, facilitating the global 

dissemination of music. This has expanded the range of music available to consumers and 

significantly increased their choice. In addition, streaming platforms have further reduced the 

cost of accessing music, allowing users to listen to millions of songs worldwide for a flat 

monthly fee. The discovery of new music from different countries is thus facilitated, and it is 

easier for individuals to enjoy music in a flexible, personalized, and cost-effective way. The 

digitization of music has significantly lowered consumer obstacles to accessing and consuming 

music worldwide. Barriers to the internationalization of music have been removed, making it 

easier for musicians and consumers to connect (Ferreira and Waldfogel 2013; Way, Garcia-

Gathright, and Cramer 2020; Datta, Knox, and Bronnenberg 2018). 

Despite the vast amount of music available on streaming services at no cost, consumers 

continue to exhibit preferences for specific songs and artists (Prior 2013). In this study, we 

explore the relationship between international music demand and consumer preferences at the 

country level, treating international music demand as a form of international trade. Previous 

research has used the gravity model of international trade to quantify bilateral music flows, 

considering geographical proximity and shared language. However, the rise of music streaming 

has made it possible to access music from anywhere in the world at zero cost, leading us to 

question whether traditional distance measures are still relevant (Ferreira and Waldfogel 2013). 

In particular, the increasing use of online platforms for music consumption may have introduced 

new factors, such as social connectedness, influencing the music flow between countries (Kim, 

Suh, and Lee 2014; Araujo, Cristo, and Giusti 2017; Dewan, Ho, and Ramaprasad 2017). Our 

analysis builds on previous research by proposing an updated distance measure that considers 

the impact of digitization on the music market. This paper aims to use a composite distance 

measure to account for consumer preferences in music streaming. We aim to determine whether 

traditional measures, such as geographical proximity and shared language, are still relevant in 
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the age of digital music streaming or whether other factors, such as social, cultural, or economic 

factors, have become more important in describing the pattern of international music demand. 

We investigate the moderating effects of the different distance measures on bilateral music 

flows and hypothesize that the rise of digital music streaming has changed the importance of 

individual measures. Furthermore, we examine how distance measures are affected by the 

COVID-19 pandemic. 

To investigate these questions further, we analyze Spotify's daily top 200 songs from 96 

countries from 2017 to 2021. Our analysis uses a panel data gravity model with dyadic country-

pair data. The results show that while geographic distance and shared language remain essential 

factors in quantifying bilateral music flows, cultural and social distance are also significant 

independent variables. Therefore, a composite distance measure is more appropriate for 

accounting for consumer preferences in music streaming. This added significance may be due 

to the increasing cultural divergence of popular music and the influence of social networks on 

music demand (Bello and Garcia 2020; Araujo, Cristo, and Giusti 2017; Kim, Suh, and Lee 

2014). In addition, the results show that the COVID-19 pandemic has strengthened the effect 

of all distance measures on bilateral music flows. As a result, people are less inclined to listen 

to music from other parts of the world with which they do not feel connected (Yeung 2020).  

Our research provides a deeper understanding of the trends and patterns in the international 

music trade within the global streaming market. Spotify can use these results to develop 

strategies that promote the music flow between countries that are not as connected and 

encourage listeners to discover music from more diverse and distant parts of the world. 

The structure of this thesis consists of seven sections. The introduction is followed by a review 

of the relevant literature and the development of the hypotheses. Subsequently, a description of 

the data sources used for the empirical analysis is given. The fourth section provides an 

overview of the research methodology and explains the model specification. Then, the analysis 
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results are presented, and the hypotheses are tested. Next, two robustness tests are performed 

to assess the validity of the results. Finally, the findings are discussed regarding their 

implications, limitations, and prospects. 

2. Literature Review 

In this section, we establish the theoretical foundation for our analysis that guides our research 

and provides a basis for interpreting our findings. We review previous relevant research and 

derive hypotheses tested in our analysis.  

2.1. Relevant Research Areas 

Two areas of research will be explored in more detail. First, we will investigate the factors that 

determine song popularity in general. Second, we will explore how music streaming has 

affected the music flow between countries and changed how music is consumed. By examining 

these two research areas, we aim to provide a more nuanced understanding of music 

consumption and the spatial dimensions of bilateral music flow in the era of music streaming. 

The scientific literature on predicting song popularity in music streaming is extensive, with 

many studies using machine learning methods (Soares Araujo, Pinheiro De Cristo, and Giusti 

2019). Table 1 illustrates the conceptual breadth of this research by providing an overview of 

the critical determinants affecting song popularity. However, it represents only a fraction of the 

literature on this topic. In this paper, we account for a song's popularity by looking at its number 

of streams and rankings on Spotify. 
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Table 1. Determinants discussed in the literature that influence Song Popularity. 

Determinant Influence on Song Popularity Author(s) 

Social Networks The results indicate that the number of positive tweets about 
a song and artist can effectively predict the song's popularity. 

Kim, Suh, and Lee 2014;  
Araujo, Cristo, and Giusti 2017 

Acoustic features of 
the song  

The song's popularity dynamics correlate with its acoustic 
characteristics, such as danceability or happiness. 

Georgieva, Suta, and Burton 2018;  
Interiano et al. 2018 

Algorithmic 
Recommendations  

The coherence of the songs a user listens to can be affected 
by algorithmic recommendations.  

Anderson et al. 2020 

Length of a song  To create an attention-grabbing song that will be played on 
the radio, it should have a certain length. 

McKinney Kelsey 2015 

Spotify's playlists 
inclusion decisions 

Including songs in the top 100 charts increase song 
discovery by 11-13%. 

Sim, Park, et al. 2022 

 

While previous research has identified several factors that may influence a song's popularity, 

our study focuses on the spatial dimensions of music flows between countries and their impact 

on bilateral music consumption. Before the widespread adoption of music streaming, music 

flow was primarily limited to physical formats, such as CDs and vinyl records. These physical 

formats were only available in the countries where they were produced and had to be 

transported to other countries to be distributed there. That made it difficult for music to flow 

freely between countries, and it often took a long time for music to reach audiences in other 

parts of the world (Alexander 1994; Graham et al. 2004).  

In contrast, digital music streaming has made it much easier for music to flow between 

countries. Anyone with an internet connection can easily access and listen to music, regardless 

of location. Music streaming has removed many barriers that previously limited the music flow, 

allowing music to be more easily shared and discovered by audiences in other parts of the world 

(Ferreira and Waldfogel 2013; Way, Garcia-Gathright, and Cramer 2020; Datta, Knox, and 

Bronnenberg 2018). Research has shown that the widespread adoption of music streaming has 

led to increased music flow between countries. In their analysis, Datta, Knox, and Bronnenberg 

(2018) found that streaming has increased overall music consumption and greater musical 

diversity. It has facilitated the globalization of the music industry, as music from different 

countries and cultures can be more easily shared and discovered by listeners worldwide. 
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Leading to a more diverse range of music available to listeners, it allowed musicians from 

different parts of the world to gain exposure to audiences in other countries. In addition, to 

facilitate the music flow between countries, digital music streaming has also changed how 

music is consumed. With streaming services, people can listen to a broader range of music from 

different countries and cultures and discover new music more easily. This has likely increased 

the flow between countries, as people are more willing to listen to and share music from other 

parts of the world (Gomez-Herrera, Martens, and Waldfogel 2014; Datta, Knox, and 

Bronnenberg 2018; Waldfogel 2017).  

The effects of globalization on the music industry have been a topic of debate in the literature, 

with some arguing that it has overall positive effects and others arguing it has adverse effects. 

On the positive side, globalization can expand consumers' choices, introduce artists to new 

audiences, and inspire new styles of music (Cowen 2009; Magu 2015). However, it can also 

lead to wealthier countries dominating global trade and displacing local culture with global 

products. Ferreira and Waldfogel (2013) studied the potential negative impact of cultural 

products from large economies, such as the United States, on the local cultural products of 

smaller economies. Gravity estimates showed that there had been a clear trend towards domestic 

music in recent years, contradicting the notion that large countries dominate the market. 

Furthermore, their analysis revealed that this trend has increased over the past decade. In 

addition, Way, Garcia-Gathright, and Cramer (2020) also discovered that the preference for 

local content among Spotify users increased from 2014 to 2019. 

The mentioned findings in the literature show that music streaming significantly impacts the 

flow of music between countries.  

2.2. Hypotheses Development 

The following hypotheses were developed based on the findings from the literature review that 

the widespread adoption of music streaming has fundamentally changed the international music 
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trade. The literature adapted the gravity model of international trade to quantify music flow, 

which is discussed in more detail later. It states that the music trade is more significant between 

geographically close countries with a common language (Way, Garcia-Gathright, and Cramer 

2020). Given the effects of the adoption of music streaming just described, previous studies 

considering only these two variables may have overlooked significant factors affecting the 

music flow. This gap in previous research may lead to an incomplete understanding of music 

trade patterns. This work differs from other studies investigating music flows in that we base 

the gravity model on a new composite distance measure from which our hypotheses are derived.  

The first hypothesis is to test whether the previously considered distance measure is still 

significant after adding more independent variables to the model. 

H1. Music flow is negatively associated with geographical distance. 

The second hypothesis posits that music flow is related to cultural factors. Music is a cultural 

phenomenon, and different cultures may have distinct musical preferences. Previous research 

has studied the relationship between cultural proximity and trade and found that cultural 

proximity positively affects trade by lowering trade costs (Disdier et al. 2010). To further 

explore the relationship between music flow and cultural factors, two sub-hypotheses are 

proposed: 

H2. Music flow is associated with cultural factors. 

H2a. Music flow is positively associated with a common official language. 

H2b. Music flow is negatively associated with cultural distance. 

The third hypothesis is based on the idea that social connections between people in different 

countries can influence their music exchange. For example, through social media, individuals 

can discover new music from different parts of the world and share it with their friends and 

followers (Dewan, Ho, and Ramaprasad 2017). This can lead to an increase in the popularity of 

certain songs or artists and, subsequently, in music flows between countries. 
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H3. Music flow is negatively associated with social distance. 

The final hypothesis is that the economic relationship between countries can influence their 

trade. Therefore, we assume that countries with solid economic relationships will be more likely 

to trade music and other cultural products with each other.  

H4. Music flow is negatively associated with economic distance. 

3. Data 

The primary data source for our analysis is the music streaming service Spotify. In the third 

quarter of 2022, Spotify reported a peak of 456 million monthly active users. Furthermore, in 

terms of paying subscribers, Spotify was the market leader among music streaming providers 

worldwide in Q1 2021, with a market share of 32% (Statista 2022a; Statista 2022b). Given this 

dominant position, it is plausible to analyze Spotify's data to obtain generic results for the music 

streaming industry. 

In this study, we used Spotify's top 200 daily charts, which show the most played songs per 

country and their total worldwide streams. We have the song title, artist name, number of 

streams, unique ID, and more for each song. We scraped this data from January 1, 2017, to June 

26, 2021, and concatenated the daily charts into a single dataset. An observation in the dataset 

represents a song on a particular country's chart on a given day. To obtain the desired dyadic 

data of country pairs, we utilized the International Standard Recording Code (ISRC) assigned 

to each song to extract the country code of the songs’ origin country for each song. As part of 

the clean-up process, some relatively small duplicates in the ISRC codes were corrected to 

avoid artificially inflating the number of countries in the dataset. For example, the breakdown 

of some countries was combined into a single designation, such as QM and QZ, to US. We then 

aggregated the music flow of each country pair on an annual basis, resulting in a dataset where 

each observation represents the unidirectional music flow from a country of origin j to the 

destination country i for one year. If we include observations where the origin country equals 
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the destination country, the final dataset contains 5616 observations with 69 unique consuming 

countries and 60 unique exporting ones. The dataset includes a total of 671,516,285,867 

streams, with 61.11% originating from the United States. Analysis of the dataset and 

examination of the network graph in Appendix 1 reveals the dominant position of the United 

States in the global music market, which occupies a central position in the network graph. 

Furthermore, the music of the top 10 artists in the dataset is primarily produced in the United 

States, as shown in Appendix 2. This indicates the significant influence of the country on global 

music flows.  

4. Research Method 

This chapter presents the methodology for addressing the research question and testing the 

hypotheses. First, it explains the underlying empirical model and derives the formula for the 

analysis. Then, the dataset was extended with additional distance measures between the 

countries to test the hypotheses in the next section. This chapter is the foundation for the 

subsequent interpretation and analysis of the results. 

4.1. Empirical Model Specification 

A gravity model is a popular approach to evaluating and predicting economic variables, 

especially bilateral trade flows (Kabir, Salim, and Al-Mawali 2017). It is the most prevalent 

illustration of spatial interaction modeling. The law of universal gravity, a part of Newtonian 

physics, is the foundation for the gravity model. According to it, the force of attraction between 

two bodies is affected by their size and proximity. Economists have adopted this concept to 

describe bilateral trade flows between countries, the gravity model of international trade. By 

analogy with flows of goods between countries, the model shows that trade increases with the 

size and proximity of trading partners (Porojan 2001). Because of its strong theoretical 

foundations and empirical efficacy in forecasting bilateral trade flows between nations of 
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diverse commodities under varied circumstances, it has acquired significant application in 

economics. Gravity models emphasize the spatial relationship between origins and destinations 

and have already been employed in literature to explore bilateral music flows in the streaming 

era. Since international music demand is also a form of international trade, it is reasonable to 

investigate the determinants of music flows with the help of a gravity model. In this paper, we 

use the existing extensive trade literature and advocacy of the gravity model to quantify the 

extent of various distance measures in global music flows. In their simplest form, gravity 

models of international trade follow this equation:  

(1) 𝑡𝑟𝑎𝑑𝑒i j= 𝐺 ∗ !"!#
$"%&_()*"#

 
 

Tradeij is the estimate of bilateral trade flows between the place of origin i and destination j. 

The volume of spatial interaction between the two countries can be expressed in terms of some 

constant gravitational force G times the product of their economic masses Mi and Mj (typically 

approximated using their GDP) divided by the geographic distance dist_geoij from one another 

(Way, Garcia-Gathright, and Cramer 2020). This formula implies that the larger the economies 

are, the more they trade; the larger one economy is, the more goods it can sell or buy from the 

other, and vice versa. Depending on whether they are closer together or farther apart, trade is 

easier or more challenging to conduct. Thus, spatial interaction is directly related to economic 

mass and, inversely, to the distance between them.  

This model provides a foundation for the magnitude of trade flows that can reasonably be 

anticipated between countries based on their relative economic size and proximity. However, it 

represents only a simple form, as many factors beyond those two variables shape trade 

partnerships. When examining the music flow of country pairs in the streaming era, we assume 

that adding multiple variables gives a better result. We augment equation (1) with two dummy 

variables to account for the effects of shared language and home bias. Common_lngij takes the 

value of 1, if country i and j have the same official language and 0 otherwise. Home_biasij takes 
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the value of 1 if country i equals country j, and 0 if they are not. This inclusion allows us to test 

the impact of the two variables on bilateral music flows. 

Moreover, we believe that a range of distance measures reflects a better result regarding the 

volume of music flows between country pairs than just simple geographic distance. Thus, the 

distance variable is decomposed into the geographic, cultural, social, and economic distance. 

For econometric analysis, the multiplicative model (1) can be estimated in linear regression by 

taking the natural logarithm of both sides. To bring our results in line with the literature, we 

fitted gravity models of logarithmized consumption using ordinary least squares regression 

(Gomez-Herrera, Martens, and Waldfogel 2014; Ferreira and Waldfogel 2013; Way, Garcia-

Gathright, and Cramer 2020). This results in the following: 

(2) log(tradeij) = β0 + β1 log(Mi) + β2 log(Mj) + β3 log(dist_geoij) + β4 log(dist_ecoij) +  

β5 log(dist_culturalij) + β6 log(dist_socialij) + β7 common_lngij +  

β8 home_biasij + μi + μj + γij 

 

In this equation, log(tradeij) represents the logarithm of the trade flow between two countries 

during a given year. This trade flow is influenced by the size of the source and destination 

economies (Mi and Mj), as well as the logarithm of various measures of distance between the 

two countries, including geographical (in km), economic, cultural, and social. Moreover, 

whether they share an official language common_lngij, if there is domestic consumption 

home_biasij, origin and destination-year fixed effects μi and μj, and εij as an error term.  

To apply the Spotify dataset to the Gravity Model, we used Python's Gravity Modeling 

Environment (GME) package, a collection of tools that can be used for gravity trade analysis. 

The estimation strategy used in the GME module is based on the Poisson Pseudo Maximum 

Likelihood (PPML) method. This regression analysis is used to analyze count data, such as the 

number of objects in a gravitational system. The advantage of using the GME module with the 

PPML estimator is that it is more efficient than linear regression for count data, producing more 
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precise estimates with a smaller sample size. Moreover, it can handle data with zeros, a common 

problem in count data. Linear regression tends to produce biased estimates when there are zeros 

in the data, but PPML regression can account for this issue (GME Package Documentation 

n.d.). 

4.2. Variable Operationalization 

The dependent variable in our gravity model, lnStreams, is measured as the logarithm of the 

cumulative sum of streams in the top 200 charts of country i from origin country j on an annual 

basis. A higher value of this variable indicates that consumers in country i have a greater 

preference for songs from country j, which drives their music trade.  

The control variables used are as follows: 

- common_lngij: this dummy variable indicates whether two countries have the same official 

language. It takes a value of 1 if they do and 0 if they do not. To obtain the language data 

of the countries, we used a Python module called countryinfo. A positive and significant 

estimate of common_lngij supports H2a. 

- lndist_geoij: represents the log of the geographic distance (in km) between the two countries 

capitals. This data was extracted from CEPII's Gravity database (Conte 2022). A negative 

and significant estimate of lndist_geoij supports H1. 

To test our hypotheses, we employ several moderating variables in our empirical analysis: 

- lndist_socialij: We draw on Meta's Social Connectedness Index (SCI) to determine the 

social distance between countries. The SCI uses Meta friendships to measure the 

connectedness between two regions, and a higher SCI score indicates a higher level of social 

connectedness (Bailey et al. n.d.). To bring the effect of the variable in line with the other 

variables, we took the inverse of the index (in log). A negative and significant estimate of 

lndist_socialij supports H3.  
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- lndist_culturalij: Hofstede's cultural dimensions theory is used to measure cultural distance 

between countries. Hofstede identifies six comparison criteria - uncertainty avoidance, 

power distance, individualism, masculinity, indulgence, and long-term orientation - 

representing similarities and differences between cultures. We supplement our Spotify 

dataset with Hofstede's culture dimensions dataset (Geert Hofstede. n.d.). We extract the 

dimension for both countries in each country pair and combine the cultural dimensions into 

an index using Yang et al.’s (2022) formula: 𝐶𝐷!" =	%∑ {(𝐼#! − 𝐼#")$	/	𝑉#}%
#&'  

Again, we used the log of this variable in our final dataset. A negative and significant 

estimate of lndist_culturalij supports H2b. 

- lndist_ecoij: We followed previous literature to reflect the economic distance of country 

pairs. We took the inverse of the average percentage of their music flow relative to their 

total international music trade (Yang et al. 2022). This variable is dynamic, so we use its 

lagged value to capture the time effect on the economic relationship. For example, for the 

2021 music flow, we use the 2020 trade flow. We obtain the trade flow data from the CEPII 

Gravity database (Conte 2022). However, since this dataset only contains data up to 2019, 

we manually create the trade flow dataset for 2020 from the Comtrade website. A negative 

and significant estimate of lndist_ecoij supports H4. 

- home_biasij: this dummy variable is 1 when country i is equal to country j, meaning it listens 

to its own music. Otherwise, the variable is 0. It captures the tendency of people to listen to 

music from their own country rather than from other countries. 

The descriptive statistics for the variables discussed above can be found in Appendix 3 better 

to understand the distribution and characteristics of the data. 
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5. Empirical Results 

In the following, we analyze the gravity model results to test the established hypotheses. Next, 

we perform two robustness checks on the results to assess their credibility and draw conclusions 

about the relationships between the variables. 

5.1. Presentation of Results 

Table 2 reports the gravity estimation results based on equation (2). Each model (1)-(7) includes 

fixed effects for each origin and destination country by year to capture the country size and 

consequently avoid size bias. Different models comprise varying observations, ranging from 

5,355 to 4,375, due to the absence of data for specific distance measures.  

Table 2. Gravity estimation results based on music flows, 2017-2021. 
 (1) (2) (3) (4) (5) (6) (7) 
lndist_geo  -0.051*** -0.012*** -0.046*** -0.035*** -0.047*** -0.015*** -0.013*** 
 (0.003) (0.003) (0.003) (0.004) (0.002) (0.005) (0.005) 
common_lng 0.116*** 0.071*** 0.102*** 0.105*** 0.129*** 0.066*** 0.055*** 
 (0.008) (0.007) (0.008) (0.008) (0.007) (0.008) (0.008) 
lndist_social  -0.043***    -0.041*** -0.041*** 
  (0.003)    (0.003) (0.003) 
lndist_cultural   -0.027***    -0.032*** 
   (0.005)    (0.005) 
lndist_eco    -0.012***  0.001 0.003 
    (0.003)  (0.003) (0.003) 
home_bias     0.119*** 0.146**  
     (0.012) (0.060)  
        

Observations 5,355 5,035 5,050 4,869 5,616 4,570 4,375 
Country FE yes yes yes yes yes yes yes 
Year FE yes yes yes yes yes yes yes 
Pseudo-R ² 0.117 0.119 0.118 0.117 0.117 0.119 0.119 

Notes: Dependent variable Model (1)-(7) log Sum of Streams top 200 charts. Models where home_bias is included, use all 
country pairs, the remaining ones only those where country i≠j. *** 0.001 significance level; ** 0.01 significance level; * 0.05 
significance level. Country-pair-based clustered standard errors are presented in parentheses. 

Model (1) describes the baseline model for our analysis with the two control variables, 

geographical distance, and common language, which are included in every subsequent model. 

Models (2)-(5) each add a distance measure to examine its discrete effect on our dependent 

variable. Model (6)-(7) combine all independent variables in one model to see how they interact 

with each other, (6) excluding cultural distance, and (7) excluding home bias. Due to the 

collinearity of those two variables, they cannot be represented together in a model because when 
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home_bias is 1, dist_cultural is 0. This relationship is not apparent for any of the other 

independent variables.  

The first variable, geographic distance, remains negatively significant at the 0.001 level across 

all models. The model (7) coefficient is -0.013***, so a 1% increase in this variable decreases 

the music flow by 1.3%. H1 is thus supported. The pattern of the common official language 

behaves similarly but in the inverse direction. A country pair speaking the same language 

increases their music flows by about 5.5%. The coefficient remains positively significant at the 

0.001 level across all models, confirming H2a. Continuing the trends found in previous studies 

(Ferreira and Waldfogel 2013; Way, Garcia-Gathright, and Cramer 2020), geographic distance 

and common language remain significant in explaining bilateral music flows, even when other 

distance measures are added. One question that might arise is why geographic distance plays a 

significant role in determining bilateral music flow in music streaming. As noted in previous 

chapters, music streaming has reduced the marginal cost of music distribution and consumption 

to almost zero and removed barriers to the internationalization of music (Ferreira and Waldfogel 

2013). Indeed, Way et al. (2020) found a decreasing effect of geographic distance on music 

streams over time. However, it should be considered that the costs of trading digital music are 

not limited exclusively to production or distribution costs but may include other costs. There 

are other barriers to trade, such as costs associated with cultural differences (Gomez-Herrera, 

Martens, and Waldfogel 2014). Therefore, the geographic distance can also represent other 

frictions, such as information friction due to language barriers (Bailey et al. 2021). This could 

explain why people are less likely to listen to songs produced far away from them, indicating 

the continued importance of geographic distance in music streaming. 

Looking at the other results in Table 2, it quickly becomes apparent that the effect of economic 

distance is highly dependent on the other variables with which it is integrated into a model. For 

example, in the model (4), the variable is significantly negatively associated with music flow. 
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However, once it is combined with the other distance measures in models (6) and (7), it is no 

longer significant for the result. Therefore, H4 could only be partially confirmed. 

Moreover, H2b is supported as the results indicate that music flow is negatively associated with 

cultural distance. Model (7) shows that a 1% increase in this variable leads to a 3.2% decrease 

in bilateral music flow. The explanation for this could lie in observing the increasing cultural 

divergence of popular music. Bello and Garcia‘s (2020) analysis discovered an upward trend 

in the diversity of music consumption, leading to increasing differentiation in countries' music 

charts. The authors attribute this to a segmentation of the music market, as groups of countries 

with similar tastes increasingly converge while differentiating themselves from others. These 

clusters seem to be strongly determined by geographical and cultural distance. Therefore, it can 

be inferred that music charts have diversified due to cultural differences between countries, 

making it essential to consider this factor when quantifying bilateral music flows. 

Similarly, it is observable that music flow is negatively significantly associated with social 

distance. The dependent variable decreases by about 4.1% for every 1% increase in the variable, 

concluding that H3 also states the truth. It is worth noting that when comparing models (2)-(5), 

after adding social distance to our baseline model, the absolute values of dist_geo and 

common_lng decrease the most. Likewise, Bailey et al. (2021) discovered that once social 

connectedness is controlled for, the estimated effects of geographic distance on trade 

significantly decrease. The authors propose that social connectedness, as measured by Meta's 

Social Connectedness Index, helps to alleviate information bottlenecks between countries. 

Although only slightly, R2 increases the most when adding social distance to the model 

compared to the other independent variables. These findings suggest that social connectedness 

plays a crucial role in shaping musical flows.  

The reason for this significant impact could be demographics. Most Spotify users belong to the 

Millennial and Gen Z age groups, and therefore it can be inferred that the Spotify top 200 charts 
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primarily reflect their musical preferences. These young adults are highly connected through 

social media, which enables them to interact and share information, including cultural assets 

such as music. Previous research has already investigated the impact of peer influences on an 

individual's music consumption (Dewan and Ramaprasad 2014; Kaimann, Tanneberg, and Cox 

2021; Kim, Suh, and Lee 2014). Dewan, Ho, and Ramaprasad (2017) studied the impact of 

social influence on the favoriting behavior of users in an online music community. This 

community allowed users to favorite songs and track the behavior of their friends and the entire 

community. Their analysis identified strong evidence of the so-called proximity influence in 

music consumption, which arises from the favoritism behavior of immediate friends within the 

social network. The authors speculate that this may be due to the bandwagon effect, a 

psychological phenomenon in which people respond primarily to what others are doing. In 

digital streaming services, users copy other users' consumption behavior and listen to a 

particular song only because they see other users doing the same. In addition, Kim, Suh, and 

Lee (2014) found that the music-listening behavior of Twitter users, as measured by daily 

tweets about specific songs, strongly correlates with general music trends and plays a significant 

role in understanding consumer behavior. This demonstrates the influence of peers on music 

consumption in the era of music streaming and could be a plausible explanation for the 

significance of social distance in our model. However, it is essential to mention that consumers' 

listening habits cannot be directly controlled; thus, this is only one possible approach to 

interpreting the results.  

To explore this further with our example of Spotify data, we draw on Spotify's viral charts, 

which track and rank the songs that attract the most attention on social media. As viral charts 

capture social buzz, they are more diverse than the top charts and include more country pairs. 

Using Spotify's viral charts in our gravity model, we expect to observe a significant and 

potentially even more vital effect of distance measures on the dependent variable due to social 
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connectedness. Since the dataset does not provide information on the number of streams but 

only on ranks, we will use the logarithm of the survival time in days that individual tracks from 

country j spent in the viral charts of country i on an annual basis as the new dependent variable. 

Table 3. Gravity estimation results based on viral music flows, 2017-2021. 
 (1) (2) (3) (4) (5) (6) (7) 
lndist_geo  -0.132*** -0.041*** -0.125*** -0.091*** -0.126*** -0.040*** -0.033*** 
 (0.004) (0.006) (0.004) (0.007) (0.004) (0.007) (0.007) 
common_lng 0.305*** 0.197*** 0.270*** 0.279*** 0.310*** 0.187*** 0.163*** 
 (0.012) (0.012) (0.013) (0.013) (0.012) (0.013) (0.013) 
lndist_social  -0.094***    -0.093*** -0.093*** 
  (0.004)    (0.005) (0.005) 
lndist_cultural   -0.056***    -0.056*** 
   (0.008)    (0.008) 
lndist_eco    -0.037***  -0.006 -0.006 
    (0.005)  (0.005) (0.005) 
home_bias     0.176*** 0.057  
     (0.023) (0.065)  
        

Observations 8,570 8,034 8,058 7,845 8,846 7,340 7,000 
Country FE yes yes yes yes yes yes yes 
Year FE yes yes yes yes yes yes yes 
Pseudo-R ² 0.165 0.169 0.165 0.166 0.165 0.169 0.170 

Notes: Dependent variable top Viral Charts Survival Days. Models, where home_bias is included use all country pairs, the 
remaining ones only those where country i≠j. *** 0.001 significance level; ** 0.01 significance level; * 0.05 significance level. 
Country-pair-based clustered standard errors are presented in parentheses. 
 
Table 3 shows similar results, with the same distance measures remaining significant. Only 

home_bias is no longer significant in model (6). One explanation could be that dist_social 

already absorbs the effect of home_bias. That geographic proximity is representative of social 

connectedness between individuals has already been confirmed in the literature, indicating that 

distant countries tend to have a higher social distance (Bailey et al. 2021). However, it is 

impossible to determine whether the distance measures are more pronounced in this case 

compared to the top charts. Two different data samples are used, so the absolute values of the 

coefficients of the estimations cannot be directly compared. It is important to note that the 

mechanism underlying the viral charts differs from that of the top charts. The viral charts reflect 

the songs people are talking about on social media, while the top charts show the most popular 

songs in terms of streams. The results show that the distance measures still constrain individuals 

willing to share songs on social media.  
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After testing all hypotheses, the second part of the study examines whether the results are still 

valid when the effects of the COVID-19 pandemic are considered. The pandemic has 

undoubtedly changed consumer behavior and influenced cultural goods consumption. Previous 

research has shown that the COVID-19 pandemic has also changed how people consume music, 

leading to a significant decrease in the consumption of streaming music in many countries 

(Denk et al. 2022; Yeung 2020; Sim, Cho et al. 2022). In the following, we investigate whether 

this change in music consumption has affected the importance of the different distance 

measures. In order to account for the effect of the pandemic on our results, we re-estimated the 

models from Table 2 by adding an interaction term for the pandemic to each model. This 

interaction term is represented by a dummy variable multiplied by each distance measure to 

determine the direct effect of the pandemic on each measure. This allows us to see how the 

pandemic has affected the significance of the different distance measures. 

Table 4. Gravity estimation results based on music flows COVID-19 interaction terms, 2017-2021. 
 (1) (2) (3) (4) (5) (6) (7) 
lndist_geo -0.053*** -0.012** -0.051*** -0.031*** -0.036*** -0.014* -0.013* 
*covid (0.004) (0.005) (0.004) (0.007) (0.004) (0.007) (0.007) 
common_lng 0.134*** 0.116*** 0.131*** 0.128*** 0.147*** 0.115*** 0.113*** 
 (0.008) (0.008) (0.008) (0.008) (0.007) (0.008) (0.008) 
lndist_social  -0.044***    -0.038*** -0.038*** 
*covid  (0.004)    (0.004) (0.004) 
lndist_cultural   -0.017**    -0.017* 
*covid   (0.007)    (0.009) 
lndist_eco    -0.015***  -0.001 0.000 
*covid    (0.005)  (0.005) (0.005) 
home_bias     0.185*** 0.406***  
     (0.012) (0.063)  
        

Observations 5,355 5,035 5,355 4,869 5,616 4,570 4,569 
Country FE yes yes yes yes yes yes yes 
Year FE yes yes yes yes yes yes yes 
Pseudo-R ² 0.115 0.116 0.115 0.115 0.115 0.116 0.116 

Notes: Dependent variable log Sum of Streams with covid interaction terms, meaning that each distance measure is multiplied 
by a covid dummy variable. Models, where home_bias is included use all country pairs, the remaining ones only those where 
country i≠j. *** 0.001 significance level; ** 0.01 significance level; * 0.05 significance level. Country-pair-based clustered 
standard errors are presented in parentheses. 
 
The results clearly show that COVID-19 can be seen as a catalyst, so to speak, that further 

strengthens all distance measures. In particular, the coefficients of common_lng, dist_social, 

and home_bias impact the result at the 0.001 significance level. For instance, in the case of 
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social distance, this means that songs from low-connected countries are heard even less 

frequently after the pandemic's onset. This variable was already negatively associated before, 

but after the onset of the pandemic, this effect was amplified again. These three significant 

variables can be interpreted as a preference for locally produced content. The increasing 

preference for locally produced music has already been demonstrated in the literature (Ferreira 

and Waldfogel 2013; Way, Garcia-Gathright, and Cramer 2020). The substantial increase may 

be due to the pandemic strengthening the preference for locally produced music even further. 

This strengthening may have been exacerbated by the fact that people could not travel as much 

during the pandemic as they could before (Yang et al. 2022), resulting in fewer cultural goods 

being exchanged. Additionally, previous research has discovered that individuals tend to listen 

to more nostalgic music following the outbreak of the pandemic, which many individuals 

associate with music from their home country (Yeung 2020). This finding is consistent with 

research indicating that people use nostalgia to cope with challenging situations (Sedikides, 

Wildschut, and Baden 2004). The gravity model results show that COVID-19 strengthened 

distance measures and increased the importance of nostalgic and native songs. The pandemic 

caused people to prefer songs close to them and culturally similar, which led to a further 

decrease in the music trade from countries that are already distant. 

5.2. Robustness Check 

Two robustness tests are performed to check whether the obtained results are robust by re-

running the models listed in Table 2 with minor modifications. The first robustness check 

(Appendix 4) uses the same dataset as in Table 2, with the new dependent variable being the 

logarithm of the chart survival days. This variable measures the cumulative amount of time in 

days that individual songs from country j remained in the top 200 charts of country i on an 

annual basis. The results show that the overall trends are consistent across the different models. 

The music flow is negatively associated with geographical, cultural, and social distance 
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(supporting H1, H2b, H3) and positively associated with a common official language 

(supporting H2a). Combining all independent variables, economic distance remains 

insignificant in both robustness checks (contradicting H4). In model (6), home_bias is no longer 

significant, which could be caused by the fact that dist_social already absorbs its effect, as 

explained in the previous section (Bailey et al. 2021).  

The second robustness check (Appendix 5) used the same dataset as the first but filtered by 

position to obtain a dataset with only the top 50 charts. In this case, the dependent variable was 

again the chart survival days. Although the literature discusses that the top charts are becoming 

more diversified, Bello and Garcia (2020) point out that the differences between songs within 

the top 10 are the smallest. They suggest that the artists whose songs reach the top of the charts 

have a more similar style. From this, it can be inferred that while there is a higher proportion of 

unique artists at the top of the charts, the music they create is relatively similar. Thus, we assume 

that the top 50 charts are more similar than the top 200 charts, and therefore specific distance 

measures may lose their importance for quantifying bilateral music flow. A look at the gravity 

estimation results in Appendix 5 confirms this assumption. Common_lng is no longer 

significant for the result, rejecting H2a. We can conclude that the songs in the top 50 charts 

have predominantly the same lyric language. The Economist’s (2022) study examines the top 

100 Spotify tracks in 70 countries over five years and finds that while the dominance of English 

is declining, it is still the dominant lyrical language. Geographic distance remains negatively 

significantly associated with the music flow, supporting H1. Compared to Table 2, the 

significance level changed from 0.001 to 0.01. H2a and H3 also stay true, as cultural and social 

distance remain negatively significant even when considering only the top 50 charts, reflecting 

these variables' dominant influence.  

As can be seen, the main empirical results were confirmed using two robustness checks. 
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6. Discussion 

We will first examine the implications of our results. Then, we will briefly consider the 

limitations of our findings to provide a more balanced and nuanced view. 

The results of this study have implications for both Spotify and the broader music industry. 

From a business perspective, Spotify is the primary platform for generating revenue in the 

music streaming industry. Artists increasingly rely on platforms like Spotify to sell their music, 

so their revenue is tied to the number of streams they receive (Graham et al. 2004). However, 

as our results show, music flow between countries is influenced by several factors, including 

geographic, cultural, and social distance. This means that artists from smaller countries may get 

fewer streams, even if their music is just as good as that of artists from larger countries. To 

address this problem, Spotify could consider strategies to promote the music flow between 

countries that are not firmly connected and encourage listeners to discover music from more 

distant and dissimilar parts of the world. One option is recommending more diverse songs to 

listeners or promoting artists from distant countries on the platform.  

In the post-pandemic world, it will be even more important to understand music market 

behavior and take action to support the internationalization of music. As our results show, the 

pandemic has further exacerbated the influences of social and cultural differences between 

countries on their music flows. As a result, people are less inclined to listen to music from other 

parts of the world with which they do not feel connected (Yeung 2020). The music flow from 

countries that are already socially disconnected is thus further reduced by the pandemic. This 

suggests that after the pandemic, people will have less opportunity to be exposed to music from 

countries that are very different from theirs. It may take years for people to recover from this 

effect. By promoting diverse music on the platform, Spotify could help counteract this trend 

and support music flow between countries. 
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There are a few potential limitations of the results that should be considered. Firstly, the data 

used in the study are drawn from Spotify's daily top 200 songs from 96 countries, which may 

only represent some of the international music markets. Additionally, Spotify is only available 

in some countries, which could limit the generalizability of the findings to the broader 

population of music consumers. Furthermore, using platform-specific data may introduce bias 

into the analysis due to potential differences between the users of the platform and the general 

population. For instance, research has shown that Spotify users are disproportionately young 

and male compared to the general population of their countries (Datta, Knox, and Bronnenberg 

2018). Secondly, the study focuses on the moderating effects of distance measures on bilateral 

music flows. However, it does not consider other factors that may influence music consumption, 

such as the popularity of specific genres. The popularity of artists or genres may play a 

significant role in shaping music flows between countries. According to research conducted by 

Park et al. (2019) regional clusters exhibit variations in the acoustic characteristics of the music 

preferred by their respective populations. 

Furthermore, scientists have already studied the algorithmic effects on the diversity of 

consumption on Spotify and found that algorithmically controlled recommendations are 

associated with lower diversity in consumption (Anderson et al. 2020). These factors could 

limit the study's ability to comprehensively understand the relationship between international 

music demand and consumer preferences. These limitations should be considered when 

interpreting the results of the study. 

7. Conclusion  

In conclusion, this study has found that a composite distance measure that considers cultural 

and social factors is more effective in understanding consumer preferences than the previous 

measure that mainly considers only geographic and linguistic proximity. This suggests that 

digitization has changed the importance of individual distance measures in the music streaming 



 25 

market. Furthermore, our results indicate that while geographic distance and common language 

remain significant, cultural and social distance between countries also significantly impact the 

music flow. Specifically, we found that geographic, cultural, and social distance are all 

negatively associated with music flow, while common official language and home bias are 

positively associated with music flow. These findings add to our understanding and further 

studies of the factors that shape consumer consumption patterns in the digital age and highlight 

the need for a broader range of distance measures when studying the gravity model for bilateral 

music flow. Likewise, they have implications for music streaming platforms and can help 

develop strategies to promote the internationalization of music in the digital age. 

Further research is needed to examine the impact of other factors on the flow of music between 

countries, such as the availability of music streaming platforms or the popularity of specific 

genres in different countries. Additionally, this study only considered a limited number of 

cultural and social factors. Other factors, such as shared historical or political experiences, could 

also impact the music trade between countries. Therefore, future studies could consider a 

broader range of cultural and social factors to provide a more comprehensive understanding of 

their impact on the music flow.  

However, measuring consumers' listening habits is always challenging due to the numerous 

factors that can influence them. As such, the findings of this study should be interpreted in the 

context of the limitations of the data used.  
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Appendix 

Appendix 1. Network Graph based on Spotify's top 200 music flows, 2017-2021. 

 
The network graph was generated using Gephi and only included the top 75% quantile of country pairs based on their survival 
days in the top 200 charts. 

 
Appendix 2. Country of Song Production of Top 10 Artists of Total Music Streams, 2017-2021. 
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Appendix 3. Descriptive Statistics for variables used in the Gravity Model. 
Variable Observation Mean SD Min Max 
lnchart_survival 5616 4.870725 2.847150 0.000000 11.108994 

lnStreams 5616 13.863668 3.400648 6.909753 24.787480 

lndist_geo  5616 8.125494 1.263286 2.257588 9.884789 

common_lng 5616 0.184829 0.388193 0.000000 1.000000 

lndist_social 5290 -8.733850 2.049287 -19.038242 -4.812184 

lndist_cultural 5050 1.206954 0.469718 -2.108513 2.067747 

lndist_eco 4870 4.856724 1.720720 0.508237 10.958730 

home_bias 5616 0.046474 0.210529 0.000000 1.000000 

 
Appendix 4. Robustness Check 1; Gravity estimation results based on music flows, 2017-2021. 

 (1) (2) (3) (4) (5) (6) (7) 
lndist_geo  -0.132*** -0.029*** -0.120*** -0.090*** -0.123*** -0.040*** -0.032** 
 (0.007) (0.010) (0.007) (0.013) (0.007) (0.013) (0.013) 
common_lng 0.314*** 0.202*** 0.277*** 0.281*** 0.357*** 0.184*** 0.149*** 
 (0.021) (0.021) (0.023) (0.022) (0.020) (0.022) (0.023) 
lndist_social  -0.111***    -0.108*** -0.110*** 
  (0.008)    (0.009) (0.009) 
lndist_cultural   -0.078***    -0.092*** 
   (0.014)    (0.015) 
lndist_eco    -0.035***  0.006 0.009 
    (0.009)  (0.009) (0.009) 
home_bias     0.292*** 0.309  
     (0.030) (0.190)  
        

Observations 5,344 5,024 5,039 4,858 5,611 4,559 4,364 
Country FE yes yes yes yes yes yes yes 
Year FE yes yes yes yes yes yes yes 
Pseudo-R ² 0.234 0.238 0.234 0.234 0.233 0.238 0.239 

Notes: Dependent variable log Top 200 Chart Survival Days. Models, where home_bias is included use all country pairs, the 
remaining ones only those where country i≠j. *** 0.001 significance level; ** 0.01 significance level; * 0.05 significance level. 
Country-pair-based clustered standard errors are presented in parentheses. 
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Appendix 5. Robustness Check 2; Gravity estimation results based on music flows, 2017-2021. 
 (1) (2) (3) (4) (5) (6) (7) 
lndist_geo  -0.133*** -0.055*** -0.120*** -0.093*** -0.117*** -0.060*** -0.049*** 
 (0.008) (0.012) (0.008) (0.015) (0.008) (0.016) (0.017) 
common_lng 0.126*** 0.045* 0.093*** 0.109*** 0.193*** 0.037 -0.004 
 (0.025) (0.025) (0.025) (0.025) (0.022) (0.026) (0.027) 
lndist_social  -0.082***    -0.083*** -0.089*** 
  (0.009)    (0.010) (0.011) 
lndist_cultural   -0.081***    -0.093*** 
   (0.018)    (0.020) 
lndist_eco    -0.030***  0.008 0.010 
    (0.011)  (0.011) (0.012) 
home_bias     0.298*** 0.660**  
     (0.032) (0.323)  
        

Observations 3,038 2,858 2,869 2,750 3,286 2,584 2,474 
Country FE yes yes yes yes yes yes yes 
Year FE yes yes yes yes yes yes yes 
Pseudo-R ² 0.209 0.212 0.210 0.209 0.209 0.212 0.212 

Notes: Dependent variable log Top 50 Chart Survival Days. Models, where home_bias is included use all country pairs, the 
remaining ones only those where country i≠j. *** 0.001 significance level; ** 0.01 significance level; * 0.05 significance level. 
Country-pair-based clustered standard errors are presented in parentheses. 
 

 

 




