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20 Collective engagement with culture including music and the arts can trace societal changes
21 associated with acute disruptions, such as pandemics, political movements, and wars'™.
22 Can the daily shared experiences of culture reveal deep and long lasting societal impacts of
23 disturbances? We collected longitudinal data of 12.8 million music discoveries via Shazam
24 across 1,423 cities and 53 countries, relating them to the onset of Russia’s invasion of
25 Ukraine in 2022. Among post-Soviet countries, results revealed cascades of societal
26 disintegration that rapidly escalated during the invasion. Initially similar music discoveries
27 across countries broke down into distinct clusters that persisted over months. Cultural shifts
28 were asymmetric: Ukraine saw a stark rise in the discovery of local, patriotic music, while
29 Russia experienced a moderate decrease in their local music. At the city-level, socio-cultural
30 values predicted subnational changes in music discovery inflicted by the war, bringing to
31 surface latent variations within Ukraine and Russia. Interestingly, in Belarus, despite their
32 political alliance with Russia, discoveries of Russian music decreased while Ukrainian music
33 increased, suggesting undercurrents and resistance. Our work provides insights into the
34 interactions between culture and society, revealing the pathways through which societal

35 disruptions imprint the evolution of culture.
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36 Main

37 War generates one of the most severe forms of disruption and instability in the social fabric.
38 The Russian invasion of Ukraine on February 24, 2022, caused a large-scale humanitarian
39 crisis®, with more than 7 million Ukrainian refugees® and many civilian casualties'. As this
40 conflict unfolded, the impact of war extended into other domains of daily life, from the
41 expression of public opinions and emotions on social media''"'® to psychological well-being
42 and trauma'®?'. How did this shockwave spread along temporal and spatial cultural threads

43 across cities and countries? Can we use culture to probe societal changes in real-time?

44 Tracking engagement with music can be particularly useful for probing such changes.
45 Transcending its roles as art and entertainment, music can serve as a marker of cultural
46 evolution, echoing changes in group identities, values, and collective experiences®#2¢. The
47 advancement of mobile technology now allows for the global tracking of music engagement

#2730 This unprecedented opportunity enables us to

48 across both private and public domains
49 capture global patterns of collective engagement of music in high spatio-temporal
50 resolutions, even amidst highly disruptive events like war, where collective human behavior
51 can provide insights into the resilience and shared experiences of people facing

52 life-threatening situations®®3"*2,

53 To understand the interaction between culture and social disturbances, we harnessed a
54 dataset of 17.8 million top-searched songs from the mobile application Shazam across
55 1,423 cities in 53 countries (Fig. 1a). Shazam uses audio fingerprinting techniques for users
56 to quickly identify unfamiliar songs playing in their immediate surroundings®. Importantly,
57 Shazam discoveries reflect music actually played in the open air and require individuals to
58 actively seek information about the song. This is in contrast with passive metrics such as
59 likes on social media, making it a uniquely powerful lens to probe collective cultural
60 engagement. We make this data and analysis scripts publicly available (Data and code

61 availability) along with an interactive version at https://musicdiscover.net.

62 Rapid cultural shifts in post-Soviet countries following the invasion
63 We began by examining changes in music discovery patterns around the world (Fig. 1a),
64 comparing the three months preceding and following the Russian invasion of Ukraine on

65 February 24, 2022. We first computed the daily similarity of song discoveries among the
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66 countries (i.e., their shared repertoire) for each world region (World regions and Discovery
67 similarity in Methods). Fig. 1b shows a rapid decline in similarity between countries within
68 the post-Soviet region. This decrease in similarity began at least three months prior to the
69 invasion (Generalized Additive Models (GAM) coefficient three months prior to invasion =
70 -0.008, 95% CI = [-0.011, -0.006], p < 0.001 via bootstrapping) and rapidly accelerated
71 during the first month of the conflict (GAM coefficient = -0.04 [-0.05, -0.02], p < 0.001).
72 Among all world regions, the post-Soviet region showed the strongest decline in similarity,
73 reflecting a process of cultural disintegration and divide between its countries (Fig. 1c;
74 Cohen’s d = -2.26 [-2.51, -2.03], p < 0.001). Europe, on the other hand, exhibited a
75 moderate but significant rise in discovery similarity (d = 0.27 [0.14, 0.41], p < 0.001),

76 suggesting closer cultural ties among the European countries.

77 We next tested whether the cultural impact of war affected the global structure of music

78 influence and diffusion. Using a network inference model*

, we constructed a city-level
79 diffusion network based on the global song propagation patterns over time (Network
8o inference in Methods). By taking into account the temporal trajectories of songs as they
81 become popular across cities (i.e., extensive discovery by a vast audience), this model infers
82 directional pathways of music diffusion (edges) between cities (nodes). Fig. 1d,e show the
83 global network of music diffusion before and after the invasion using N = 79,310 song

84 cascades (Network visualization in Methods).

85 While the global structure of the network remained generally stable after the invasion (r =
g6 0.803 [0.802, 0.804], p < 0.001, Supplementary Fig. 1), there was a stark shift within the
87 post-Soviet region (Figs. 1d,e), where the number of network edges among the post-Soviet
88 cities significantly decreased after the invasion by -26.76% [-27.52, -26.00]. The magnitude
89 of this change was more than doubled that observed in any other region (Supplementary
90 Fig. 2). Prior to the conflict, post-Soviet cities were densely interconnected across national
91 boundaries, forming a highly homogeneous cultural cluster (Fig. 1d inset), but following the
92 invasion, these cities became culturally distant from those in other countries, fragmenting
93 into distinct national clusters (Fig. 1e inset). This is consistent with our previous observation
94 of the decrease in discovery similarity among post-Soviet countries (Figs. 1b,c). We also
95 found the same fragmentation of clusters using a simpler method based on co-occurrence
96 of music discoveries across city pairs (Network validation in Methods; Supplementary Fig.

97 3).
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99 Fig. 1: Global music discoveries reveal rapid and drastic cultural shifts in post-Soviet
100 countries following the 2022 Russian invasion of Ukraine.

(a) Global music discovery data across 1,423 cities and 53 countries (dots represent cities, color-coded by

world region). For each city, the top 50 most discovered songs are collected every day via the popular mobile

application Shazam (Dataset in Methods; see Comparison with other data sources in Methods for

comparisons with another music platform and global survey data on cultural values). (b) Music discovery

similarity among countries within each world region over time (Discovery similarity in Methods). The dashed

line indicates the onset of the Russian invasion of Ukraine on February 24, 2022. Values are normalized

(z-score) for each region and GAMs fitted for each region over the days. The horizontal dashed line at
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intercept O indicates non-significant changes. The more negative the values, the lower the discovery similarity
across countries in a given region (see Supplementary Table 1 for all countries and regions in our data). (c)
Effect size comparison of average music discovery similarity change comparing pre- and post-invasion
periods. (d,e) Inferred global network of cultural influence respectively three months before and three months
after the invasion based on 79,310 song cascades (Network inference in Methods). Nodes represent cities
colored by the world regions, while edges represent directional pathways of diffusion. The post-Soviet region
is highlighted in a circle and zoomed in. Interactive visualization of the song’s diffusion trajectories is available
at https://musicdiscover.net. All values and network inference were derived from 1,000 bootstraps. Shaded

areas and error bars correspond to 95% CI (Statistical analysis in Methods).
101

102 Asymmetric cultural responses to the war
103 To gain a deeper understanding of the observed cultural shifts in the post-Soviet region, we
104 studied the content of the music by the language used in the songs, the themes and

105 messages conveyed through the lyrics, and the acoustic characteristics of the music.

106 The rise of patriotic, local music in Ukraine and the decline of Russian music

107 We analyzed the proportion of songs discovered in different languages over time (Fig. 2z;
108 Sung language in Methods). In Ukraine, local songs (sung in Ukrainian) were very
109 uncommon prior to the invasion, but rapidly increased after the invasion from 1.84% [1.74,
110 1.95] to 27.26% [26.92, 27.60] (d = 4.06 [3.93, 4.19], p < 0.001; see Supplementary Table 2
111 for top 10 Ukrainian songs post-invasion). In contrast, songs with Russian lyrics discovered
112 in Ukraine decreased from 48.02% [47.67, 48.39] to 26.00% [25.66, 26.33] after the invasion
113 (d = -8.10 [-3.23, -2.96], p < 0.001). These results reflect a marked rise in expressions of
114 nationalism and patriotism as manifested through increased interest in native language

115 songs.

116 While we expected to see a similar trend towards local songs in Russia, the observed
117 pattern was the opposite: the proportion of local music (sung in Russian) moderately
118 moderately decreased from 51.42% [51.17, 51.64] to 44.27% [44.01, 44.49] after the
119 invasion (d = -1.29 [-1.37, -1.22], p < 0.001), with even a small uptick in Ukrainian songs
120 immediately after the invasion. This decline was progressive, reaching a low of 37.20%
121 [34.00, 41.03] in May, three months after the invasion. This may reflect either disengagement

122 or negative sentiment towards the war among the Russian public'®'8%°,
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123 In Belarus, despite its political alliances with Russia, there was a significant decrease in
124 Russian music, from 50.48% [49.80, 51.12] to 39.04% [38.34, 39.67] (d = -1.74 [-1.94,
125 -1.56], p < 0.001). Interestingly, we see a small but significant (p < 0.001) surge in Ukrainian
126 songs in Belarus that were directly associated with themes of war, including anti-Russian
127 sentiments (see Supplementary Table 3 for all 15 Ukrainian songs adopted in Belarus

128 post-invasion).

129 In Kazakhstan, we observed the least amount of change. Russian music declined slightly
130 from 33.58% [33.26, 33.93] to 28.04% [27.71, 28.38] after the invasion (d = -1.44 [-1.61,
131 -1.30], p < 0.001), and there was no significant change in local music (sung in Kazakh),

132 suggesting a smaller impact of the Russian invasion on this population.

133 We tested the stability of these findings over a longer period of two years, from November
134 2022 to December 2023 (Supplementary Fig. 4; Trend validation in Methods). We found that
135 the elevated discovery of Ukrainian music persisted, and consistently remained above
136 11.24% [9.55, 12.54], while Russian music remained below 38.82% [36.69, 41.63] and never
137 reverted back to their pre-invasion levels. In contrast, Russian music in all other countries
138 returned to their pre-invasion baselines within a year, implying a shorter-term cultural impact
139 (Supplementary Fig. 4). We also found statistical evidence that seasonal patterns cannot
140 account for these shifts (Supplementary Fig. 5a), and that the observed effects remain large
141 when compared against a general fluctuation of trends that happens over time
142 (Supplementary Fig. 5b; Trend validation in Methods). Moreover, our results cannot be solely
143 attributed to population displacement. This is particularly true in the case of Russia, but also
144 for Ukraine, where forced migration alone cannot explain the emergence of an entirely new

145 trend of patriotic, local music (Fig. 2a).

146 Ukrainian lyrics reflect topics of war

147 Focusing on the two countries directly involved in the war, we analyzed the semantic
148 content of songs discovered in Ukraine (N = 2,057) and Russia (N = 769). Using a Large
149 Language Model (LLM) embedding, we extracted feature vectors for each song’s lyrics and
150 applied dimensionality reduction using UMAP to visualize semantic relationships between
151 songs (Fig. 2b; Word embedding in Methods). The closer the two songs are in this space,

152 the greater their semantic similarity. We further examined areas of high concentration in the
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153 distribution of local (native language) songs in Ukraine and Russia (Comparing distributions

154 in Methods).

155 In Ukraine, the semantic content of local music changed drastically after the invasion (mean
156 JSD = 0.29 [0.14, 0.45], p < 0.001), while in Russia, the changes were significantly smaller
157 (mean JSD = 0.06 [0.03, 0.08], p < 0.001; comparison between the two: p < 0.001; Fig. 2¢;
158 Comparing distributions in Methods). Specifically, post-invasion Ukrainian songs were
159 concentrated around a newly emerged area in the semantic space (Fig. 2b dashed square).
160 Keywords that statistically appeared more frequently were related to topics of war (Fig. 2c;
161 Keywords in Methods), such as expressions of national identity (e.g., “Ukrainian”, “brother”)

162 and direct references to the conflict itself (e.g., “war”, “freedom”, “Muscovite”; see
163 Supplementary Figs. 6a,b for similar results using non-translated versions). In contrast, the
164 semantic content of local music in Russia showed little qualitative difference. The frequency
165 of war-related songs, identified by lyrics containing top five words closely related to “war” in
166 the embedding (War-related songs in Methods), increased in Ukraine over time (r = 0.71
167 [0.63, 0.78], p < 0.001), but decreased in Russia (Fig. 2d; r =-0.64 [-0.72, -0.55], p < 0.001,

168 see Supplementary Fig. 6¢ for validations with different number of war-related words).

169 Acoustic changes in music in Ukraine

170 Analogous to using word embeddings of lyrics, we created an acoustic embedding space
171 through low- and mid-level acoustic features that capture stylistic aspects of the music
172 (Acoustic content in Methods; see Supplementary Fig. 7 for acoustic UMAPSs). Mirroring the
173 changes we found in the semantic space above, songs in Ukrainian showed a significantly
174 larger shift in their acoustics (mean JSD = 0.22 [0.06, 0.36], p < 0.001) compared to those in
175 Russian (mean JSD = 0.07 [0.04, 0.10], p < 0.001; comparison between the two: p < 0.001).
176 We next analyzed individual acoustic features by measuring the changes from pre- to
177 post-invasion among Ukrainian and Russian songs. While generally there was not a
178 substantial change in most individual features, we found larger changes for Ukrainian songs
179 after the invasion, characterized by a faster tempo (normalized pre vs. post change = 0.43

180 [0.20, 0.65], p < 0.001) and a decrease in loudness (change = -0.32 [-0.48, -0.14], p < 0.001).
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Fig. 2: Asymmetric cultural responses to the war.

(a) Proportion of songs in different languages over time. We automatically detected the language of lyrics of
all songs discovered in the post-Soviet countries using machine learning techniques (Sung language in
Methods; see Supplementary Figs. 4,5 for longitudinal trends and validations). The dashed line indicates the
onset of the invasion. (b) UMAP visualization of the lyrics semantic space across all songs discovered in
Ukraine (N = 2,057) and Russia (N = 769; Word embedding in Methods). The proximity of songs in this space
represents thematic similarity. Kernel density estimation (KDE) is overlaid on the general UMAP to identify
areas of high local music concentration. The dashed square box in post-invasion Ukrainian songs shows the
emergence of a new theme. (¢) Word clouds of the top keywords with the top 10 words highlighted in color
(Keywords in Methods; see Supplementary Figs. 6a,b for keywords in non-translated versions). (d) Frequency
of war-related songs over time, defined by song lyrics containing words related to the word “war” (War-related

song in Methods; see Supplementary Figs. 6¢ for validations). (e) Acoustic feature analysis comparing the
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difference between pre- and post-invasion songs in Ukrainian and Russian using normalized values.
indicate significance at p = 0.001. All values were derived from 1,000 bootstraps. Shaded areas and error bars
correspond to 95% Cl (Statistical analysis in Methods). Interactive visualizations can be found at

https://musicdiscover.net.
183

184 Factors contributing to cultural change

185 Our spatially and temporally rich city-level data allows us to investigate nuances of
186 within-country variations (Within-country analysis in Methods). We analyzed these
187 micro-variations, combined with demographic and socio-cultural data, to investigate

188 potential factors contributing to the observed cultural shifts.

189 Variations in socio-cultural values predict changes in local music discovery

190 In both Ukraine and Russia, the spatial distribution shifts in local music discovery
191 post-invasion were related to pre-existing socio-cultural values, measured using recent
192 2017-2020 survey data from the World Value Survey (WVS) (Fig. 3a,b; World Values Survey
193 in Methods). We found that the first three PCA components explained 20.69% of the
194 variance in the survey responses of Ukraine and Russia. One of these three components,
195 related to people who believe in religion and trust in international institutions (e.g., the EU,
196 NATO; see Supplementary Table 5 for description of components), was associated with
197 regional variation in both countries. City populations who were more religious and trusted
198 institutions were more likely to show an increase in local music in Ukraine (Spearman rho =
199 0.32 [0.16, 0.46], p < 0.001). However, in Russia, these same socio-cultural characteristics
200 were associated with a larger decrease in local music (rho = 0.35 [0.22, 0.47], p < 0.001; see

201 Supplementary Fig. 8 for correlations with other components).

202 The variations within each country could also be explained by the underlying demographics.
203 In Russia, the decline in local Russian music discovery was significantly larger in ethnic
204 minority areas (p = 0.02; Census analysis in Methods). In the southwest Tartarstan region,
205 cities with a substantial Turkic population such as Kazan (31.53% Bashkr) and Ufa (53.26%
206 Tatars) respectively underwent a decline of -11.70% [-14.05, -9.24] and -10.82% [-13.05,
207 -8.47] after the invasion. Comparable amounts of decline were also observed in cities from
208 the North Caucasus region, where diverse ethnic minority group mixes, such as Stavropol

209 (-11.71% [-14.07, -9.34]) and Makhachkala (-11.10% [-13.59, -8.59]). The ethnicities of the
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210 North Caucasus (now included in several Russian republics and Krais) have a long history of
211 independence movements and resistance against Russian authority®®. A similar result was
212 observed in Ukraine, where regional variation was significantly related to differences in
213 demographics, such as language (Spearman rho = 0.72 [0.41, 0.88], p < 0.001;
214 Supplementary Fig. 9). Namely, Ukrainian cities with larger Russian-speaking populations
215 exhibited smaller changes. These associations suggest that latent variations within these
216 countries have been brought to the surface by the war, and that collective engagement with

217 culture is able to capture such nuances.

218 The contribution of Russian occupation and population migration

219 We could further examine the impact of migration by contrasting music discovery patterns
220 among the Ukrainian cities: those expected to experience minimal war-related population
221 movement against those that were battle zones during the study period (i.e., three months
222 preceding and following the invasion). As anticipated, cities primarily speaking Ukrainian
223 (e.g., Kiev, Lviv) exhibited the most pronounced increase in local music (Fig. 3c; pre vs. post
224 change = 30.94% [30.49, 31.36], d = 2.83 [2.77, 2.89], p < 0.001). In contrast, a much
225 smaller change was observed in Russian majority speaking cities, which are also cities that
226 have been annexed by Russia in 2014 — namely Donetsk, Luhansk, Kerch, and Sevastopol

227 (change = 4.30 [3.94, 4.66], d = 1.00 [0.93, 1.07], p < 0.001).

228 An interesting exception is Mariupol (Fig. 3c dotted blue line), which is a Russian majority
229 speaking city that has been a battle zone during the study period®. The rise and fall of local
230 (Ukrainian) music aligns with the course of historical events. During the initial state of the
231 invasion, Mariupol experienced an increase from 15.29% [2.78, 34.37] in March to 24.24%
232 [8.11, 44.12] in April. This trend gradually decreased as the fighting intensified near the city
233 towards the end of April, further diminishing upon the city’s full occupation in May (9.32%
234 [2.63, 25.81]), converging to the levels of previously annexed cities. Such a trend is
235 potentially caused by forced migration or cultural oppression, and likely a combination of
236 both, which might have occurred earlier than our data period in the cities that experienced

237 battle since 2014 (Donetsk and Luhansk)*"*2,

10
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Fig. 3: Subnational trends reveal factors contributing to cultural change.

(a) City-level spatial variations in the proportion of local music within Ukraine and Russia visualized using
kernel smoothing over the city locations (City trends in Methods). In Ukraine, higher values (yellow) indicate a
larger increase in local music, while in Russia, higher values (red) indicate a larger decline. Occupation status
in Ukraine is drawn on the map, while example regions with ethnic minority populations are labelled with
census proportion in Russia (Census analysis in Methods). (b) Comparison of local music proportion with
socio-cultural values using the World Values Survey data (World Values Survey in Methods). PCA of survey
responses indicated a three-component solution, explaining 20.69% of the variability (see Supplementary
Table 5 for top 10 loadings per component; see Supplementary Fig. 8 for correlations with all components).
Results were also replicated using census data (Census analysis in Methods; Supplementary Fig. 9). (c)
City-level temporal trends of local music proportion in Ukraine and Russia. The dashed vertical line indicates
the onset of the invasion. The Ukrainian cities that have previously been annexed (i.e., former Crimea region)

or occupied during the war (Mariupol, dotted line) by Russia are coloured in blue. The Russian cities with

11



Preprint Lee & Anglada-Tort et al.

minority ethnic populations (less than 50% ethnic Russians) are coloured in red. All values were derived from

1,000 bootstraps. Shaded areas and error bars correspond to 95% ClI (Statistical analysis in Methods).

240

241 We also saw clear traces of the migration process that is in line with Europe's absorption of
242 a substantial immigrant population®. The results of the music diffusion analysis (Network
243 analysis in Methods) revealed a significant increase in the formation of new network edges
244 between Ukraine and Europe after the invasion (Mean number of new edges per city = 4.40
245 [3.80, 5.00]), with only a small change in Russia (M = 1.40 [1.19, 1.67]). Importantly, these
246 new connections were unidirectional, mostly from Ukraine to Europe (Supplementary Fig.
247 10a). Moreover, the largest number of European cities influenced by Ukrainian music after
248 the invasion were in Poland (Supplementary Fig. 10b), the country that hosted the largest
249 number of Ukrainian refugees®. These songs were directly related to themes of war (see
250 Supplementary Table 4 for top 10 Ukrainian songs adopted in Poland post-invasion),

251 suggesting that a large portion of migrants kept discovering their ethnic music while in exile.

252 Discussion

253 We investigated worldwide cultural shifts in real-time during major social disruption,
254 including 17.8 million music discoveries, to identify global patterns of societal changes that
255 started months prior to the 2022 Russian invasion of Ukraine. Results revealed cascades of
256 societal disintegration that escalated during the invasion. Our findings identify candidate
257 mechanisms that can potentially explain the observed cultural dynamics. Below we

258 summarize the evidence for and against those mechanisms.

259 First, several major transitions in music discoveries might have been driven by changes in
260 public sentiment. In Ukraine, the rise of local and patriotic music likely reflects a stronger
261 expression of socio-cultural sentiments such as nationalism and patriotism (Figs. 2a-d). This

262 finding is consistent with previous research on human social behavior during external

39-45

263 threats such as war>™", and extends other studies showing that war increases adherence to

264 local cultural practices®*® and collective action*”*%, In Russia, local consumption shifted in

265 the opposite direction, with a decrease in the discovery of local, war-related songs. This

20,49

266 might reflect the influence of governmental sanctions and control on media®™*, a negative

13,18

267 sentiment towards the war among the Russian public'®*'®, or simply a lack of interest®.

12
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268 Importantly, music discoveries also captured undercurrents and resistance. For example, in
269 Belarus, engagement with pro-Ukrainian songs increased soon after the invasion,

270 manifesting values against the nation's political alliance with Russia®**".

271 Second, we showed that geographical variation in music discovery patterns is related to
272 predispositions in the populations, such as language and cultural values. After the invasion,
273 cities within Ukraine and Russia displayed distinctive discovery patterns that resonated with
274 pre-existing socio-cultural values (Figs. 3a,b). In Russia, this alignment could also be
275 attributed to the distribution of ethnic minority groups, while in Ukraine, it could be
276 explained by language use (Supplementary Fig. 9). These results extend previous
277 understanding of the mechanisms behind subnational cultural variation®®® by
278 demonstrating a direct link with abrupt changes in the environment. Furthermore, these
279 findings complement the extensive humanities research documenting the manifestations of
280 war in human culture — film, music, and art®**°— by providing empirical evidence based on

281 large-scale analysis of collective human behavior during wartime.

282 Finally, the 2022 Russian invasion caused a large-scale refugee crisis, forcing a
283 displacement of millions of people that reshaped the demographics of cities and put others
284 under an occupation regime®®. We found evidence for music discovery patterns that were
285 affected by migration and occupation. Most notably in Mariupol, where discovery patterns
286 closely mirrored the trajectory of invasion (Fig. 3c). We also found a significant increase in
287 discoveries of Ukrainian music in Europe soon after the invasion that was specific to cities
288 with large migrant populations, possibly reflecting the effects of mass migration

289 (Supplementary Fig. 10).

290 Music discovery vs. social media

291 Previous social media studies have shown how digital traces can inform real-world events

61-68 69-71 72-74

292 such as natural disasters®'™°, pathogen outbreaks™™"', and political movements
293 Recently, researchers have used Twitter activity (now X) to study the impact of the Russian
294 invasion on public sentiment and opinion''"'®. For example, Racek et al.'® found shifts from
295 Russian to the Ukrainian language among Ukrainian users even before the onset of the 2022
296 invasion. This is consistent with our findings of early decrease in country-level similarity
297 among the post-Soviet countries (Fig. 1b). These studies have revealed the potential of

298 social media activities for assessing disaster damage and capturing large-scale behavioral
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299 changes. Our study adds to these by going beyond differences at the national aggregate
300 level and expands the capacity to situate the war's impact at a more granular scale within a

301 global context by probing culture directly.

302 Importantly, Shazam discoveries, necessitating active engagement with music played in
303 open spaces, act as unique cultural signifier. Unlike social media posts, which are public
304 and may cause individuals to refrain from expressing their true opinions™ (particularly in
305 regimes that disregard free speech), engagement with music can encapsulate authentic and
306 shared cultural experiences. Music is closely tied with group identity’® and social bonding®,
307 emotion’’, memory’®, and broader public sentiments associated with external events*?’,
308 making it a powerful marker for societal change. This allows us to directly and continuously

309 monitor shifts in public sentiments and collective preferences.

310 Limitations and future directions

311 Our data are limited to Shazam users, which may not fully represent the overall population.
312 As of 2022, Shazam had achieved a global monthly user base of 225 million and 20 million
313 daily discoveries’. However, people who do not use this mobile application are missing
314 from the data. This imposes a selection bias in favor of WEIRD (Western, Educated,
315 Industrial, Rich, Democracies) populations®. Specifically, our data does not cover some
316 geographical locations in the global south and only includes post-Soviet countries available
317 from Shazam. Shazam and other application users also may not be representative of the
318 general demographics in age and gender®. Future research can address this gap by
319 complementing our data with other rich sources of music and cultural products available

320 more globally, such as YouTube® and Google Trends®.

321 Behavior recorded by commercial data systems including Shazam, might be affected by
322 endogenous factors other than the behavior of its users, such as algorithms and company
323 goals, which may be enough to influence macro-level trends in music consumption®®. To
324 evaluate the quality of data published in Shazam, we compared the data to popular music
325 consumed on Spotify and found a moderate amount of overlap (Music preferences in
326 Methods). We also found a strong relationship (r = 0.65 [0.65, 0.66], p < 0.001) between
327 pairwise city-level music similarity and socio-cultural values measured using self-report
328 survey data (Socio-cultural values in Methods), suggesting that collective music

329 engagement captured by Shazam reflect real-world similarities in cultural values and
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330 interests. For a more direct assessment, collaborations with industry would provide an

331 exciting avenue to address these potential biases®'°.

332 Finally, we infer statistically reliable changes in relation to the onset of the invasion, but we

333 cannot experimentally test for causal links®”. However, we tested the robustness of our
334 results to seasonal patterns (Supplementary Fig. 5a) and against general variations in trends
335 (Supplementary Fig. 5b). We also assessed the stability of the trend over a longer period of
336 two years (Supplementary Fig. 4), with cultural shifts in Ukraine consistently showing the

337 greatest strength and stability over time. Causal manipulation can be explored more directly
338 with recent breakthroughs in computational and experimental techniques, which allow the

339 simulation of complex cultural dynamics with human participants in highly controlled settings,

340 such as artificial social networks®® and cultural transmission experiments®*%9',

341 More broadly, our work has implications in two complementary directions that contribute to
342 the understanding of human societies and cultures. First, our work demonstrates how music
343 can be used to characterize, monitor, and even predict societal changes, thereby
344 contributing to the tools available to policy makers to formulate strategies that promote
345 unity and resilience in the face of adversities. Second, our work provides insights into
346 interactions between culture and society that would be otherwise hidden or very hard to
347 disentangle. The shock-wave of the invasion reveals the pathways through which extremely
348 disruptive events imprint the daily shared experiences of culture, contributing to our

349 understanding of the evolution of human culture.

350 Methods

351 Dataset

352 Global Music Discovery dataset

353 People are constantly exposed to music in everyday environments, from cars and homes to
354 restaurants, bars, and shopping malls?®?. This exposure often sparks curiosity, for example,
355 in  discovering the song's title and the artist who created it. Shazam
356 (hitps://www.shazam.com) is a popular mobile application that allows users to search and
357 identify music by recording a short audio sample (~ 5 seconds) using the device's
358 microphone. It uses an audio fingerprint to find a match in a database of millions of songs®.

359 If it finds a match, the track's title and artist are sent to the user, who can save the track to
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360 their personal library, share it with friends, or stream it on other audio platforms like Apple
361 Music. As of 2022, Shazam had achieved over 70 billion song identifications, with a global

362 monthly user base of 225 million and 20 million daily Shazams™.

363 Shazam’s search feature captures behavioral data that reflects how people discover music
364 in real-world environments (e.g., cars, restaurants, bars) and social contexts (e.g.,
365 commuting, working, socializing). Although the reasons behind music discovery in the app
366 can be diverse®, at a minimum, they represent a mixture of personal music interest,
367 reflecting their preference (i.e., songs they like) and curiosity (i.e., songs they are unfamiliar
368 with but want to know more about or share with others; see Music preferences in Methods

369 for comparison with Spotify chart).

370 We implemented a daily web crawler to collect the top 50 most-searched-for songs in 1,423
371 cities across 53 countries, which were all the ones that were available from the Shazam
372 website (Fig. 1a). This crawler gathered data for more than three years. According to
373 Shazam, these charts represent weekly most discovered songs. The chart is updated
374 frequently as our monitoring was able to capture changes happening at the day-to-day
375 granularity. From our longitudinal collection of this data, we sampled a period of six months
376 as the study window — from 26th November 2021 to 25th May 2022. In this time window,
377 there were over 12.8 million music discovery events corresponding to 79,310 unique songs.
378 We also collected two-years longitudinal data (from 26th November 2021 to 15th December
379 2023). Longitudinal analysis reported in Supplementary Fig. 4 includes a summary of 66.5
380 million events and 273,988 unique songs. We call this the Global Music Discovery dataset.
381 The dataset only uses aggregate data of the most popular songs identified in Shazam both
382 at the city and country level (Data and code availability). None of the queries used in the
383 data can be linked to any particular individual or reveal private information. We created a
384 web page with interactive plots for analysis and data exploration and visualization

385 (https://musicdiscover.net).

386 World regions

387 We categorized the world into seven regions based on the World Bank analytical grouping®.
388 This classification includes economies at all income levels and may differ from common
389 geographic usage or regions defined by other organizations. Given that our study focuses

390 on understanding cultural shifts in the post-Soviet countries, we made a separate category
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391 for the post-Soviet region, which includes all countries from the former Soviet Union

392

393

available in our dataset, namely, Ukraine, Russia, Belarus, and Kazakhstan. We refer to the

“Europe & Central Asia” region only as “Europe”, as our dataset did not include any Central

394 Asian countries. The categories of world regions defined in the study are visible as a world

395

396

map in Fig. 1a. Supplementary Table 1 outlines the classification of all 53 countries.

Discovery similarity

397 To examine temporal trends in the similarity of song discoveries within each world region

398

399

(i.e., their shared repertoire), we calculated the daily proportion of song overlap consumed

among countries per region. This was measured using the Jaccard similarity coefficient

400 J(A,B), defined as the size of the intersection of two song sets in countries A and B, divided

401

402

403

404

405

406

407

408

by the size of their union, bootstrapped across the songs for each day (Statistical analysis in
Methods). Regions that consisted of a single country — South Asia and Sub-Saharan Africa
— were excluded from the analyses as between-country comparisons could not be made.
Similar measures of shared cultural consumption have been found to reflect cultural
similarities that change along the economic, social, and geopolitical dimensions across
countries®®®, For cross-regional comparisons, the values were normalized using z-scores.
Cases where the values were above or below two standard deviations were treated as

outliers and excluded. To visualize the trends, a Generalized Additive Model (GAM)* was

409 fitted to each bootstrap and then averaged (Fig. 1b), with extent of positive or negative

410 trends computed using the coefficients over the time axis. The general magnitude of change

411

412

413

414

415

416

417

418

419

420

between pre- and post-invasion was measured using bootstrapped Cohen’s d effect size

estimates (Fig. 1c; Statistical analysis in Methods).
Network analysis

Network inference

Using the Global Music Discovery dataset, we compiled the diffusion cascades of all unique
songs (N = 79,310). A song cascade describes the trajectory of a song as it becomes
popular across cities over time (see https://musicdiscover.net for interactive visualization of
cascades for selection of songs). To infer likely directional pathways of diffusion based on
multiple song cascades, we used the NETINF?* algorithm, a generative probabilistic network

model that has been extensively used to reconstruct the underlying diffusion networks of
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421 online media, such as social media, blogs, and news articles. Given only the times when
422 cities adopt new songs, the algorithm is able to reconstruct the connectivity of the
423 underlying network by maximizing the likelihood of the observed cascades under the
424 probabilistic model. Specifically, the model infers a directed edge (A, B) in the network if city

425 B tends to adopt new song trends soon after city A across multiple cascades.

426 To construct the final network, we ran the model 1,000 times, bootstrapping a balanced
427 number of 100 unique songs across all cities each time (Statistical analysis in Methods).
428 Split-half correlation suggested that 100 bootstrap datasets are sufficient to obtain a reliable
429 estimate of the network (see Supplementary Fig. 11 for network reliability analysis). Next, we
430 aggregated all bootstrapped networks into a single weighted network by summing all
431 unique edges. We used the frequency of edges between two nodes as a measure of edge
432 strength (or weights), which reflects the degree of shared musical interests (i.e., similar
433 music discovery trends). Edge strength ranges from 0 (edge was not inferred in any of the
434 bootstrap datasets) to 1,000 (edge was inferred for every bootstrap datasets). When
435 visualizing the resulting network (Network visualization in Methods), we reduced the density
436 of the inferred networks by removing weak edges that occurred less than 5% of the time.
437 We found this threshold to provide a good tradeoff between removing noisy edges with little
438 structural importance, at the same time, maintaining meaningful structures of the networks

439 both globally and locally.

440 Network validation

441 To test the robustness of the NETINF algorithm, we repeated the network analysis in the
442 post-Soviet region (Figs. 1d,e insets) using a simpler method based on the co-occurrences
443 of songs between cities. This is analogous to the approach of measuring discovery similarity
444 (Discovery similarity in Methods), where we computed the overlap of songs between all
445 pairs of 100 post-Soviet cities in the Global Music Discovery dataset. We then compared the
446 weights of the edges in the networks obtained using this method and the NETINF algorithm,
447 which indicated a significant degree of overlap between the adjacency matrices for both
448 pre- (r = 0.49 [0.48, 0.51], p < 0.001) and post-invasion (r = 0.56 [0.55, 0.58], p < 0.001)
449 networks, validating the robustness of the NETINF algorithm. We chose to use the network
450 inference approach in the main study as it is able to account for temporal trends of songs
451 and infer directional pathways of influence. Additionally, we visualized the co-occurrence

452 network for comparison (Supplementary Fig. 3). We reduced the density of the network by
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453 applying a backbone algorithm® to the city-by-city matrix, obtaining only the edges that
454 were statistically significant using the disparity filter in the backbone® package in R. We
455 balanced the resulting number of edges in the pre- (N edges = 1,014) and post-invasion (N

456 edges = 966) networks by adjusting the alpha level to 0.285 and 0.230 respectively.

457 Network similarity and change

458 We compared the similarity between pre- and post-invasion networks at a global scale by
459 computing bootstrapped split-half Pearson correlation between the city-by-city pairwise
460 matrices obtained through the NETINF algorithm (Network inference in Methods; see
461 Supplementary Fig. 1 for heatmaps). We computed the amount of change in the networks
462 by measuring the percentage change in the number of edges in the pre- (N,.) and

463 post-invasion (N,,s) networks, written as:

464
N, ost T Nre
Percentage of change = (Npos pre) x 100
465 Nore (1)
466

467 This procedure was performed separately for each NETINF inference bootstrap datasets
468 and aggregated to provide the mean and confidence estimates (Statistical analysis in
469 Methods). Using the formula, we examined the changes within each world region

470 (Supplementary Fig. 2).

471 Ukraine, Russia, and Europe

472 For each city in Ukraine and Russia, we computed the number of new edges formed with
473 cities in Europe, including both incoming edges (from Europe) and outgoing edges (to
474 Europe; Supplementary Fig. 10a). To explore which cities in Europe developed new edges
475 with the post-Soviet region, we created a geographical map visualization (Supplementary
476 Fig. 10b) indicating any city in Europe with at least one new edge formed in the

477 post-invasion network (i.e., edge that did not exist in the pre-invasion network).

478 Network visualization

479 We performed several steps to ensure an alignment of layouts of the pre- and post-invasion

480 networks for visual comparisons. First, we created two city-by-city matrices to represent the

19


https://www.codecogs.com/eqnedit.php?latex=%5Ctext%7BPercentage%20of%20change%7D%20%3D%20%5Cfrac%7B(N_%7B%5Ctext%7Bpost%7D%7D%20-%20N_%7B%5Ctext%7Bpre%7D%7D)%7D%7BN_%7B%5Ctext%7Bpre%7D%7D%7D%20%5Ctimes%20100#0

Preprint Lee & Anglada-Tort et al.

481 inferred networks of pre- and post-invasion. The matrices (A;) contained all possible
482 pairwise comparisons across the 1,423 cities, using the inferred edge strength (Network
483 inference in Methods) ranging from 0 (edge is absent) to 1,000 (maximum possible edge
484 strength). Second, we joined the original matrices with their transposed versions to form a

485 new joint matrix, written as:

A A
°=[5 3]

486

@

487 where A and B are the original matrices, and A' and B' are their matrix transpositions (A’;;=
488 A;)). The transposition step ensures that both incoming and outgoing edges are taken into
489 equal account. Finally, to get a normalized similarity matrix, we computed the correlations,

490 where C is n x p matrix, then the correlation DJi,j] is calculated as:

cov(C[:, 1], C[:, 4])
491 std(C[:,1]) x std(C[:, 5]) 3)

492 The last two steps (equations 2 and 3) ensure that the pre- and post-invasion matrices are

493 distributed within the same shared visualization space.

494 Our method offers a considerable advantage over previous visualization methods that
495 perform dimensionality reduction independently, and then attempt to align networks a
496 posteriori®®*°. We used Gephi (https://gephi.org) for the final visualization of the networks, an
497 open-source visualization software for graphs and networks. The layout was determined
498 using the Yifan Hu Proportional method'® (optimal distance = 120, relative strength = 0.20,
499 convergence ratio = 0.0001). We first obtained the joint visualization using both pre- and
500 post-networks and then separated them to display them as independent subplots (Fig.

501 1d,e).

s02 Music content analysis

503 Sung language

504 We determined the language of songs’ lyrics using FastText, a pre-trained word embedding
505 machine learning model capable of identifying 176 languages'. We excluded 37.50% of
506 songs which contained no lyrics. While this is a relatively large proportion, the number of

507 missing lyrics across the post-Soviet countries were similar, ranging between 26.06% to
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508 38.24%. We further excluded 8.98% of songs that resulted in a low confidence score in
509 language identification (below 0.70 with full range from 0 to 1). A song was considered “local
510 music” if the language of its lyrics matched the country of discovery (e.g., a song in the
511 Ukrainian language discovered in Ukraine). We calculated the proportion of songs in the
512 most frequent languages across the post-Soviet countries (Ukrainian, Russian, Kazakh, and
513 English) by bootstrapping songs across the days, with effect sizes of change computed
514 comparing pre- and post-invasion periods (Fig. 2a; Statistical analysis in Methods).

515 Non-English lyrics were translated into English using DeepL (https://www.deepl.com).

516 Trend validation

517 We tested the robustness of our results in several control analyses (Fig. 2a; Sung language
518 in Methods). First, we tested the stability of our results over a longer time window of two
519 years, from November 2021 to December 2023 (Supplementary Fig. 4). Specifically, we
520 tested the extent to which the trends of songs’ language observed for six months in our
521 sudy window persisted (Fig. 2a). For each country, we computed the first day in which the
522 proportion of Ukrainian or Russian songs returned to their pre-invasion baselines (defined as
523 the mean proportion of the entire pre-invasion period). The results revealed that the cultural
524 shifts observed in Ukraine (increase in local music and decrease in Russian music) persisted
525 over the next year: Ukrainian music consistently remained above 11.24% [9.55, 12.54], while
526 Russian music did not exceed 38.82% [36.69, 41.63]. In contrast, the cultural shifts
527 observed in Russia, Kazakhstan, and Belarus (decrease in Russian music) returned to their
528 baseline levels within a year (see Supplementary Fig. 4 for long-term trends). Specifically, it
529 took 208 [207, 211] days after the invasion for Russia, 117 [41, 217] days for Belarus, and 89
530 [85, 116] days for Kazakhstan.

531 Second, we tested for potential seasonal effects, as particular months in the year (e.g.,
532 holiday seasons, christmas) can link to different consumption patterns®”'%?, We compared
533 the trends in our study with the same months in the following year by computing Pearson
534 correlations between the two trends (Supplementary Fig. 5a). Across the four post-Soviet
535 countries, we found no evidence showing the same trends in the same months of the
536 following year (correlations were either small and non-significant, p > 0.05, or negatively
537 correlated), ruling out the possibility that our results are explained by seasonal patterns.
538 Finally, we examined the relative magnitude of the effects we observed in the study period

539 against the fluctuation in trends that happens over time (Supplementary Fig. 5b). Excluding

21


https://www.deepl.com/

Preprint Lee & Anglada-Tort et al.

540 the study period months, we randomly sampled the same six months period window across
541 the entire longitudinal data using 1,000 bootstraps (Statistical analysis in Methods). We split
542 each of these samples in half and compared the changes by the effect size, resulting in a
543 distribution of potential trends. We then examined how our observed effect falls in this
544 distribution. Our results showed that the trends in Ukraine and Belarus were significantly
545 above chance (ps < 0.001), falling outside the expected values accounted for by random
546 fluctuations. The results observed in Russia (p = 0.44) and Kazakhstan (p = 0.10) were in the

547 expected direction to the norm, but not statistically significant.

548 Word embedding

549 We used pre-trained word embeddings available from Open Al (www.openai.com, model
550 text-embedding-ada-002, data collected in December 2023) to extract semantic vectors of
551 the songs based on lyrics. This embedding forms the bases for the Large Language Models
552 (LLMs) developed by the company and used in their application GPT. For each song that
553 was discovered in Ukraine and Russia where lyrics are available (N = 2,826), we used the
554 API query to extract the word embedding feature vectors of the lyrics, consisting of 1,536

555 dimensions.

556 Keywords

557 To identify the keywords that stem from Ukrainian and Russian songs pre- and
558 post-invasion, we computed the log-odd ratio approach described by Monroe et al'®. This
559 approach is similar to term frequency-inverse document frequency (TF-IDF), a widely used
560 approach in Natural Language Processing to identify important words across documents'.
561 Each word was assigned a zeta-score that indicates the importance of the word in the group
562 (i.e., pre- versus post-invasion songs). We then cleaned and processed (e.g., lemmatization)
563 the words in the lyrics with custom stopwords to remove interjections such as “ooh” and
564 “yeah” (based on two author agreements). Next, we extracted the 30 top zeta ranked
565 keywords from the Ukrainian and Russian lyric songs, separately for pre- and post-invasion

566 as word cloud visualizations using the ggwordcloud' package in R (see Supplementary

567 Figs. 6a,b for word clouds in the original languages and back-translated versions).

568 War-related songs

569 We used a data-driven approach to identify war-related words based on the same word

570 embedding extraction method described above (Word embedding in Methods). We applied

22


http://www.openai.com/

Preprint Lee & Anglada-Tort et al.

571 a tokenized dictionary of all words (instead of entire lyrics) across songs discovered in both
572 Ukraine and Russia to identify war-related songs. Using the seed word “war”, we computed
573 the cosine similarity across the embedding vectors of all tokenized words to find the closest
574 neighboring words. This approach is analogous to previous studies relying on language
575 models to assess semantic similarity’®'%. Songs were then classified as war-related if their
576 lyrics contained any of the top five war-related words — “war”, “weapon”, “bullfight”,
577 “combat”, and “armed”. We then calculated the daily proportion of songs that contained any
578 one of these words in Ukraine and Russia, bootstrapping over songs per day (Statistical
579 analysis in Methods). We found similar results when varying the number of war-related
580 words, including only the inclusion of the word “war”, the top three and the top ten

581 neighboring words (Supplementary Fig. 6¢).

582 Acoustic features

583 We used the Essentia library’

(version 2.71-betab-dev) to extract low- and mid-level
584 acoustic features of the songs discovered in Ukraine and Russia by using all available
585 preview audio links for download and audio extraction (N = 2,222). Following standard
586 practices in the music information retrieval literature®, we included acoustic features that
587 captured different aspects of music, ranging from timbre and rhythm to musical chords.
588 Specifically, we computed the RMS loudness, dynamic complexity, spectral complexity,
589 spectral centroid, spectral energy, zero-crossing-rate, beats per minute (bpm), chord change
590 rate, mode (major or minor), and 12 bins of MFCC values. We used the low- and mid-level
591 features as acoustic vectors for distribution comparison and visualization (see
592 Supplementary Fig. 7 for UMAP). We further compared each feature independently for pre-
593 and post-invasion local songs in Ukrainian and Russian by computing the change (post

594 mean - pre mean; Fig. 2e). All values were derived from 1,000 bootstraps across the songs

595 (Statistical analysis in Methods).

596 Comparing distributions

597 We used UMAP for reducing the high dimensional vectors of semantic and acoustic
598 features, using the uwot'® package in R. Cosine similarity was used as a measure of
599 distance, taking ten neighbors, which gave a good balance between the local and global
600 structure. The proximity between two songs in the semantic space corresponds to the

601 extent of shared semantic content (e.g., songs that talk about love or friendship), while
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602 proximity in acoustic space corresponds to similar musical styles as measured by their

603 acoustic characteristics (e.g., songs that have similar timbre, rhythm, or music genre).

604 To identify high density areas of local music, we overlaid Kernel Density Estimations (KDE)
605 on the UMAPs of Ukraine and Russia for pre- and post-invasion songs separately. We used
606 the MASS'® package in R to compute each density map with a grid size of 512 by 512. We
607 then computed kernel smoothing with a Gaussian kernel with width selected by their

608 best-practice heuristic with default parameters implemented in the package.

609 To measure differences between distributions of songs (P and Q) in the semantic and
610 acoustic spaces between pre- and post-invasion songs, we computed the Jensen—-Shannon

110

611 Divergence (JSD) using the philentropy'” package in R, written as:

1 1
‘12 JSD(P,Q) = §D(P, M)+ §D(Q,M)

)

613 where M is defined as:

1
614 M= §(P +Q) (5)

615 and D(PQ) is defined as:

D(P.Q) = [ pla)tos; (%) dr

616

©6)

617 Note that the JSD is symmetric and results in a value between 0 and 1. When the two
618 distributions are identical, the JSD is 0, while 1 when they are completely non-overlapping.
619 Since JSD does not have a value below 0, we created a random baseline for reference by
620 shuffling the pre- and post-labels. We then computed bootstrap estimates over the songs
621 by taking the difference between true JSD and the random baseline as the estimate, where

622 values near 0 indicate support for the null hypothesis (Statistical analysis in Methods).

623 Within-country analysis

624 City trends

625 We used our city-level data to study subnational variations within Ukraine and Russia, using

626 language of the lyrics as a proxy for local music (Sung language in Methods).
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627 To examine changes at the geographical level (Fig. 3a), we created a geographical raster
628 map by using a kernel smoothing technique to interpolate geospatial data across a
629 predefined grid of city locations. This method estimates values across the entire grid based
630 on the spatial distribution of the observed data points. The geographical map was
631 represented as a grid of cells, each defined by longitude and latitude coordinates. For
632 visualization, we divided the cities into four quantiles based on their proportion of local
633 music change from pre- to post-invasion. The quantile splits accounted for the skewness in
634 the distribution of data points and ensured consistent mapping across all our geographical

635 visualizations. Kernel smoothing was applied as follows:

636 Gp(z) = exp (_%) @)

637 where x represents the distance between a grid cell and a data point, D is a distance
638 parameter determining the smoothing extent. This function ensured that closer points had a
639 higher influence on the interpolated value at a given grid cell, with the influence decreasing
640 exponentially with distance. The interpolation across the grid was achieved through the
641 following process: (1) for each cell in the grid, distances to all data points were calculated,
642 and corresponding weights were derived using the smoothing function; (2) these weights
643 were then normalized so that the overall weights sum to one; (3) the interpolated value for
644 each cell was obtained by computing the weighted sum of the values of all points, with
645 weights reflecting the spatial relationship between the cell and the points based on the
646 defined smoothing function. The distance parameter D was set based on the mean distance

647 between all pairs of data points divided by 10 to obtain sufficient spatial resolution.

648 To examine temporal trends (Fig. 3c), we calculated the proportion of local music per city
649 within Ukraine and Russia for each day, bootstrapping over the songs and by fitting a GAM

650 over the bootstrapped means (Statistical analysis in Methods).

651 World Values Survey

652 To examine the associations between city-level variations in change in local music and
653 pre-existing socio-cultural values within Ukraine and Russia, we used the World Values
654 Survey (WVS) data collected from 2017 to 2022, which covers 64 countries (Wave 7)'"'. WVS
655 is a longitudinal global research project that includes more than 300 questions to measure

656 people’s social, political, economic, religious, and cultural values.
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657 A total of 1,289 survey responses across 351 unique geolocations were available from
658 Ukraine, and 1,796 responses across 189 geolocations from Russia. After excluding 58
659 questions that had no responses both in Ukraine and Russia, there were 318 questions
660 remaining. To reduce noise, the geolocations were re-grouped by a single decimal
661 granularity of latitude and longitude geocoordinates. Survey response values corresponding
662 to 0 were treated as missing and were replaced by the mean value of their higher-level
663 geographical boundary (i.e., iso 3166-2 corresponding to municipalities, see
664 https://www.iso.org/standard/72483.html). To account for different units and response

665 types, all questions were standardized with z-scores.

666 To reduce the dimensionality of the questions into fewer meaningful factors, we performed a
667 Principal Component Analysis (PCA) including all data available in the two countries, using
668 the base function prcomp in R. We found that the three first latent dimensions explained
669 20.69% of the variance (see Supplementary Table 5 for the top 10 loadings and related
670 questions for each dimension). The first dimension (accounting for 7.70%) captured
671 variability in socio-cultural values related to ethical and moral judgements, measuring the
672 extent to which individuals are against unethical actions and behaviors (e.g., stealing
673 property, terrorism, violence, domestic abuse). The second dimension (accounting for
674 6.90%) captured low institutional trust, including institutions such as the government, the
675 police, and the justice system. The third dimension (accounting for 6.09%) captured
676 religiosity and trust in international institutions, including importance of religion, belief in
677 heaven, and trust in major international institutions (e.g., the European Union, NATO, and
678 the United Nations). Both in Ukraine and Russia, the loadings of PCA 3 (Fig. 3b) were
679 significantly associated with changes in local music discovery post-invasion (ps < 0.001).
680 The results using PCA 1 and PCA 2 only revealed a significant correlation with PCA 1 in
681 Ukraine (p < 0.01), while the other associates were non-significant (see Supplementary Fig.
682 8). We used the same smoothing technique described above (City trends in Methods) to

683 visualize the PCA loadings of each city as a raster map.

684 Census analysis

685 We replicated our findings of Fig. 3b using census data on ethnic and linguistic proportions
686 in Ukraine, and only ethnic data in Russia due to the lack of available linguistic data
687 (Supplementary Fig. 9). For Ukraine, we used the 2001 Census. This is the first (and the last,

688 making it most recent) national census conducted in Ukraine since it gained independence
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689 from the Soviet Union in 1991, carried out by the State Statistics Committee of Ukraine
690 (hitps://stat.gov.ua). There are many debates surrounding the validity of the 2001

691 census''>'13

, and considering it is two decades old, any interpretation needs to be taken
692 with caution. For Russia, we used the most recent 2021 Census, carried out by the Russian
693 Federal Government (https://eng.rosstat.gov.ru). The results of census analysis were similar
694 for Ukraine but did not reach significance for Russia (see Supplementary Fig. 9 for further

695 statistics).

696 Comparison with other data sources

697 Music preferences

698 To examine the extent to which music discovery data from Shazam aligns with popular
699 music consumption, we compared the top 200 weekly charts of Shazam with the top 200
700 weekly charts of Spotify (https://spotify.com), one of the largest music streaming services.
701 Given that Spotify does not openly publish city-level charts, we compared data at the
702 country level across the 47 countries that overlap between the two platforms. Among these
703 countries, we gathered data of the same half a year period (June to December 2021) and
704 computed the number of top 200 chart songs of Spotify that were also present in the top
705 discoveries of Shazam. To account for potential minor discrepancies in song title and artist

706 name spellings across platforms, we used fuzzy string matching via the stringdist'*

package
707 in R. This process involved creating a single composite string for each song (combining
708 song title and artist name) and comparing these across the two platforms. The matching
709 algorithm generates a score between 0 and 1, with 0 indicating completely different strings
710 and 1 indicating identical strings. We established a threshold of 0.70 to determine whether a
711 match was considered successful, a threshold that has shown to be reliable in matching

712 songs across different sources'™.

713 Of the 18,090 songs in the entire set of Spotify chart, 7,258 songs were also present on
714 Shazam chart (40.1%). After segregating the songs by country and month, we found that on
715 average 29.2% [26.5, 31.9] of the songs on Spotify were present in Shazam of the same
716 month. This moderate degree of overlap across platforms likely reflects the feedback loop
717 between music listening and discoveries. For example, widely popular songs are more likely
718 to be played in public spaces, leading to more exposure and discovery opportunities by

719 listeners. At the same time, the discrepancies between the two platforms highlight the
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differences between passive musical preferences (users listening to their favorite songs or
curated playlists on Spotify) and active seeking behavior (users wanting to discover new

songs using Shazam).

Socio-cultural values

To examine the extent to which music discovery data from Shazam reflects shared cultural
interests and values globally, we compared the pairwise music similarity across all countries
using the Global Music Discovery dataset, with the pairwise similarity in socio-cultural
values derived from the WVS data (World Values Survey in Methods). Music pairwise
similarity was calculated using the Jaccard similarity coefficient (Discovery similarity in
Methods). Socio-cultural similarity was calculated using the cosine similarity across all the
questions on WVS. The locations where the survey was collected were first matched with
the Shazam data by finding the minimum haversine distance between the two datasets. We
then excluded all surveys that were conducted more than 100 km away from the nearest city

included in the Shazam data. This resulted in a match of 508 cities, while the two similarity

matrices revealed a strong correlation (r = 0.63 [0.63, 0.63], p < 0.001). This suggests that
cross-cultural similarity in people’s musical interests align with similarities in socio-cultural
values.

Statistical analysis

Unless stated otherwise, all bootstrap analyses were performed with 1,000 datasets with
replications to derive the mean. Confidence estimates were derived from the 2.5% and
97.5% quantiles of the bootstrap means. For statistical test comparing two conditions, we
determined statistical significance at alpha level of 0.05 using non-parametric tests. Pearson
and Spearman correlations were adjusted for multiple comparisons using Bonferroni
method. Pearson correlation is reported throughout, with an exception of analysis on
within-country variation (Within-country analysis in Methods) where Spearman correlation
was used due to the skewness of the data. Cohen’s d was used for effect size estimates
with signs to indicate the direction of effect'’®. Data analysis was conducted using R
(version 4.4.0). All analysis scripts are available for transparency and reproducibility (Data

and code availability).
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740 Data and code availability

750 All analysis scripts describing the working and plottings used for the study are available at
751 https://github.com/harin-git/mus-war. All data is available as part of the OSF repository at
752 https://osf.io/ra38k. We also include a web page with an interactive version of the main

753 figures at hitps://musicdiscover.net.
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