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People manage emotions to cope with life’s demands1,2. 
Previous research has identified affective patterns using 
self-reports3 and text analysis4,5, but these measures track 
the expression of affect, not affective preference for external 
stimuli such as music, which affects mood states and levels 
of emotional arousal1,6,7. We analysed a dataset of 765!mil-
lion online music plays streamed by 1!million individuals in 51 
countries to measure diurnal and seasonal patterns of affec-
tive preference. Findings reveal similar diurnal patterns across 
cultures and demographic groups. Individuals listen to more 
relaxing music late at night and more energetic music during 
normal business hours, including mid-afternoon when affec-
tive expression is lowest. However, there were differences 
in baselines: younger people listen to more intense music; 
compared with other regions, music played in Latin America 
is more arousing, while music in Asia is more relaxing; and 
compared with other chronotypes, ‘night owls’ (people who 
are habitually active or wakeful at night) listen to less-intense 
music. Seasonal patterns vary with distance from the equa-
tor and between Northern and Southern hemispheres and are 
more strongly correlated with absolute day length than with 
changes in day length. Taken together with previous findings 
on affective expression in text4, these results suggest that 
musical choice both shapes and reflects mood.

Individuals manage mood to function productively and cope 
with the demands of daily routines1,2. The way in which a person 
chooses to regulate their mood has consequences for mental health, 
interpersonal functioning and personal well-being8; social network-
ing, exercise and meditation generally have positive consequences, 
while cigarettes, drugs and alcohol can be detrimental9. People may 
also choose to regulate their mood through media consumption, 
including movies, TV, books and music. Among these media, music 
is unique in predating recorded history as a universal component 
of human life10,11, one that both reflects and alters levels of emo-
tional arousal1,6,7, energy, wakefulness12 and tension1,7. Music is also 
uniquely omnipresent, serving as a background soundtrack to both 
leisure and work activities13, with reported listening time averaging 
up to 44% of waking hours14. While consumption of other media 
may also be useful for understanding emotion management, the 
omnipresence of music affords a singular opportunity to identify 
diurnal and seasonal patterns in listener’s musical choices, at a very 
high level of temporal granularity and across diverse cultures and 
demographic groups.

Previous research on music consumption has relied largely on 
self-reports, surveys and laboratory experiments, with severely 
restricted numbers of participants, observation periods and geo-
graphic ranges, and without representative or naturalistic musi-
cal stimuli14. These limitations can now be overcome due to the  

rapidly growing use of mobile devices and music-streaming services 
worldwide. Almost half (45%) of Internet users aged 16–64 actively 
access licensed music throughout the day using streaming services15 
on a variety of devices, such as mobile phones, computers and smart 
speakers15–17. Of equal importance, detailed sonic and affective attri-
butes are now available for millions of individual songs14.

The growth of text-based social media has enabled a growing 
number of large-scale studies of global affect using text analysis. 
Recent studies used Twitter and Facebook data to take ‘the pulse of 
the nation’18, for cross-cultural comparisons of diurnal and seasonal 
patterns of positive and negative affective expressions4, to measure 
affective responses to events19 and track the consequences of shared 
emotionally salient news feed content20.

Music listening differs from what people write in that it offers 
insight not only into what people may be feeling but also what they 
may want to feel. Put another way, people can choose which music 
to consume to achieve a desired mood (along, of course, with pur-
poses unrelated to mood management, such as learning to sing or 
play the song). While previous studies of social media postings make 
it possible to track daily and seasonal patterns of affective expres-
sion, music consumption offers an unprecedented opportunity to 
identify global patterns of affective preference. Affective expression 
exposes others (the readers) to the writer’s emotional content; con-
versely, the choice of music is a ‘revealed preference’21 for exposure 
to emotional content created by others. In short, tracking the tem-
poral patterns of affective preference can offer a more complete pic-
ture of the emotional rhythms in human behaviour, beyond what 
has been learned from previous studies of affective expression.

To that end, we report hourly, daily and seasonal patterns of 
affective preference based on musical choices on a global scale. This 
descriptive account does not attempt to answer important questions 
about the motivations that shape listening behaviour, the emotional 
effects of music exposure or the latent cognitive strategies in mood 
management. Instead, we contribute an empirical foundation for 
future investigations by tracking the affective content of the music 
people choose to listen to, broken down by hour, day and month, 
and by user demographics and global locations.

Accordingly, we analysed hourly, daily and seasonal changes 
in affective preferences as revealed by the choice of online music 
streamed via Spotify around the clock across 51 countries. For 
each listener with at least 25 completed plays, we collected up to 
1,000 completely played tracks (mean (M) =   771.9; s.d. =   336.8). 
The set of listeners comprised a stratified random sample of one 
million worldwide Spotify users, matching each country’s age 
and gender distribution on Spotify with current data from the 
Central Intelligence Agency’s The World Factbook22. This sample 
included a total of 765 million tracks played between 1 January and  
31 December 2016. Completed plays measure active self-exposure 
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to music, excluding any songs the user may have sampled and dis-
carded (see ‘Completed plays’ in the Methods for more details).

Spotify offers a way to analyse each track using 11 highly corre-
lated audio attributes: acousticness, danceability, duration, energy, 
instrumentalness, liveness, loudness, mode, speechiness, tempo 
and valence. Principal component analysis (PCA) identified a latent 
construct that accounts for 29.4% of the variance in the correlation 
matrix (see ‘Musical intensity measured by audio features of a track’ 
in the Methods for more details). This principal component corre-
sponds to musical intensity, ranging from highly relaxing (acoustic, 
instrumental, ambient, and flat or low tempo) to highly energetic 
(strong beat, danceable, loud and bouncy).

Aggregate temporal patterns in music consumption confound 
within-individual diurnal rhythms with between-individual differ-
ences in the hours when individuals with different baseline pref-
erences for musical intensity tend to listen to music. Accordingly, 
we removed between-individual differences by mean-centring each 
individual’s intensity scores such that every individual has the same 
baseline affective preference. We then restored between-group dif-
ferences (for example, when comparing men and women or days 
of the week) by adding the group mean as a constant to the scores 
of each individual group member (see ‘Measures of within- and 
between-individual affective preferences’ in the Methods for more 
details). Thus, the reported temporal dynamics reflect changes over 
time for a prototypical group member, while differences in the inter-
cept reflect between-group differences in baseline intensity scores.

Figure 1 reveals qualitatively identical patterns of affective pref-
erence for musical intensity on a global scale across days of the week. 
Musical intensity levels were highest between 08:00 and 20:00, and 
lowest around 03:00, with a 5-h rise (between 03:00 and 08:00) and 
a 7-h decline (between 20:00 and 03:00). Maximum intensity was 
sustained for 12 h (from 08:00 to 20:00), while minimum intensity 
reversed quickly and lasted only about 1 h (from 03:00 to 04:00 on 
weekdays and 04:00 to 05:00 on weekends). Although the timings 
of minimum and peak intensity were nearly identical for all 7 d, the 
baseline intensity level was higher on Friday and Saturday than on 
other days, especially in the evening when weekend social activities 
are likely (M =   0.879 and 0.883 for Friday and Saturday, compared 
with 0.820 <   M <   0.852 for other days; P <   0.001 for all pairwise 
comparisons; all tests for equal means throughout the paper use 

Welch’s t-test to correct for unequal size and variance between 
paired samples; see Supplementary Table 1 for additional statistical 
details). The morning dip on Saturday and Sunday was delayed by 
1 h (from 03:28 to 04:28), suggesting that listeners may have been 
sleeping in.

Overall, the diurnal pattern is remarkably similar to the tempo-
ral changes in positive affect reported in previous research using 
sentiment analysis of time-stamped Twitter messages4 to measure 
user’s affective expression. Nevertheless, we discovered one striking 
exception: people the world over continue to choose highly intense 
music throughout the day, despite the mid-afternoon slump that 
is registered by what they write on Twitter. The dynamic congru-
ence with positive affect and non-congruence with negative affect 
suggest an intriguing hypothesis for future research: listeners select 
arousing music that matches their positive mood and offsets their 
negative mood.

Figure 2 shows that the diurnal pattern is highly consistent across 
five geographic regions—Latin America, North America, Europe, 
Oceania and Asia (Fig. 2a)—and across demographic groups based 
on gender (Fig. 2b), age (Fig. 2c) and chronotypes (Fig. 2d). Although 
the overall temporal pattern is highly robust, there are interesting 
between-group baseline differences. Music played in Latin America 
(M =   1.053) is relatively more intense, and music in Asia is more 
relaxed (M =   0.698) compared with Oceania (M =   0.807), Europe 
(M =   0.804) and North America (M =   0.830; P <   0.001 for eight 
pairwise comparisons of Latin America with the four other regions 
and Asia with the four other regions; see Supplementary Table 1 for 
additional statistical details). This result corroborates and extends 
survey- and experiment-based findings that show cultural differ-
ences in affective preferences23. These studies suggest that there 
may be cultural differences in preferences for high-arousal positive 
affective states, such as excitement or enthusiasm, and low-arousal 
positive affective states, such as calm and peacefulness, between, for 
example, Western and East Asian cultures.

Across the globe, intensity scores also differ by age and gender. 
As people get older, they listen to less-intense music (M =   1.162, 
0.970, 0.841, 0.769 and 0.484, respectively, for the five age groups 
from 10–19 to over 50; P <   0.001 for all pairwise comparisons; see 
Supplementary Table 1 for additional statistical details). Intensity 
scores were lower for music streamed by women (D =   !  0.037; 
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Fig. 1 | Millions of global music plays reveal diurnal affective patterns. Within-individual hourly changes in mean musical intensity scores for the global 
user population, broken down by day of the week, with 95% confidence intervals (translucent regions). The colours represent the days of the week, and 
hours were normalized to the local time (see ‘Dataset description’ in Methods). The x!axis is the hour, beginning at midnight, and the y!axis is the mean 
within-individual musical intensity score for each of 24!h over 7!d. The score represents the level of musical intensity among complete plays by the subset 
of active users during a given hour. Musical intensity levels were lowest around 03:00, with the exception of a weekend delay of 1!h (from 03:28 to 04:28), 
increased for about 5!h (between 03:00 and 08:00) and then were sustained for 12!h (from 08:00 to 20:00). Although the diurnal pattern was similar 
across all 7!d, the baseline intensity level was higher on Friday (M!=  !0.879) and Saturday (M!=  !0.883), and lower on Sunday (M!=  !0.820), compared with 
the other 4!d (M!=  !0.828, 0.835, 0.843 and 0.852, respectively, for Monday–Thursday; P!<  !0.001 for all pairwise comparisons). See Supplementary Table 1 
for additional statistical details.
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Fig. 2 | Diurnal affective patterns are robust across diverse geographic regions, demographic groups and chronotypes. a–d, Hourly within-individual 
changes in mean musical intensity scores across diverse geographic regions (a) and demographic groups based on gender (b), age (c) and chronotypes 
(d). Chronotypes are defined as 6-h intervals beginning at midnight when users are most active. The translucent regions represent 95% confidence 
intervals. The colours represent different groups by region, gender, age and chronotype. The x!axis is the hour, beginning at midnight and normalized to the 
local time (see ‘Dataset description’ in Methods). The y!axis is the mean within-individual intensity score for each of 24!h over 7!d. The score represents the 
level of musical intensity among complete plays by the subset of active users during a given hour. Musical intensity exhibits a dip in the morning (around 
03:00), with a quick reversal and relatively constant plateau during working hours. However, there are between-group baseline differences. Across 
different geographical regions (a), music played in Latin America (M!=  !1.053) is relatively more intense and music in Asia is more relaxed (M!=  !0.698) 
compared with other regions (M!=  !0.807, 0.804 and 0.830 for Oceania, Europe and North America, respectively; P!<  !0.001 for all pairwise comparisons 
except Europe–Oceania with P =   0.633). In b, intensity scores are lower for music streamed by women (D!=  !!  0.037; P!<  !0.001). As people age (c), they 
listen to less-intense music (M!=  !1.162, 0.970, 0.841, 0.769 and 0.484, respectively, for the five age groups from 10–19 to over 50; P!<  !0.001 for all pairwise 
comparisons). Finally, night owls (d) listen to more-relaxing music (M!=  !0.684) than other chronotypes (M!=  !0.834, 0.861 and 0.903, respectively, for 
morning, afternoon and evening; P!<  !0.001 for all pairwise comparisons). Night owls also display a longer rise and larger increase in musical intensity from 
the morning dip to the afternoon peak (D!=  !0.412), and this temporal increase is larger among night owls compared with the increase among the other 
chronotypes (D!=  !0.280; P!<  !0.001). See Supplementary Table 1 for additional statistical details.
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t =   !  26.04; d.f. =   1,033,792; P <   0.001), especially in the evening. 
Curiously, however, this global gender difference masks large gen-
der differences on opposite sides of the equator, as reported in 
Supplementary Fig. 1a. Women stream music with higher inten-
sity than men in the Southern Hemisphere (D =   0.017; t =   6.50;  
d.f. =   262,409; P <   0.001), while the pattern is the opposite in the 
Northern Hemisphere (D =   !  0.054; t =   !  32.31; d.f. =   771,029; 
P <   0.001).

The temporal dynamics are also similar across three of four chro-
notypes. Chronotypes were defined by when users are most actively 
listening, in six-hour increments beginning at midnight. The out-
lier group is the night owls whose baseline music intensity scores 
(M =   0.684) are lower than the scores for the other three chrono-
types, with group averages increasing with the time of day during 
which users are most likely to listen (M =   0.834 for morning people, 
M =   0.861 for afternoon people and M =   0.903 for evening people; 
P <   0.001 for all pairwise comparisons; see Supplementary Table 1  
for additional statistical details). These diurnal patterns among 
chronotypes closely resemble the previous findings4 based on affect 
words in Twitter messages, suggesting that music consumption is 
closely aligned with the emotions people express. However, there 
is an interesting difference with affective expression in the behav-
iour of night owls who tend to prefer more relaxing music overall, 
yet display a larger increase in musical intensity during the daytime 
(D =   0.412; t =   239.66; d.f. =   2,648,000; P <   0.001 for the compari-
son between 04:00 and 18:00) compared with the daytime increase 
for the other 3 chronotypes (D =   0.280; t =   344.11; d.f. =   4,300,469; 
P <   0.001). A possible explanation is that night owls may need stron-
ger musical stimuli to stay alert during the day.

Figure 3 reports weekly and monthly changes in music consump-
tion that suggest that people have seasonal music preferences24,25. 
Previous research using self-reports found that listeners prefer highly 
arousing music during warmer months and serene music in colder sea-
sons25,26, but these studies were based on self-reports from small sam-
ples in specific countries. Figure 3 confirms these results on a global 
scale, except during winter weeks when music listening is dominated 
by ceremonial holiday music for Christmas and Carnival. Intensity 
scores peak around the summer solstice (D =   0.078; t =   507.83; 

d.f. =   107,747,995; P <   0.001 for the mean difference in intensity 
between summer weeks 24–28 and all other weeks). Intensity scores 
then decline with day length, but the seasonal variation decreases 
with proximity to the equator. Remarkably, music associated with 
late-December holidays is associated with a steep winter decline 
in intensity in the Northern Hemisphere and a sharp uptick in the 
Southern Hemisphere, suggesting that seasonal variation associated 
with holiday music can depend decisively on day length at the time 
of the holiday (D =   !  0.049; t =   !  304.82; d.f. =   116,364,849; P <   0.001 
for winter weeks 48–0 compared with other seasons in the Northern 
Hemisphere; D =   0.087; t =   109.51; d.f. =   2,347,689; P <   0.001 for 
week 28 compared with other seasons in the Southern Hemisphere).  
The other summer uptick in the south at latitudes under 30° S is 
Carnival on 7 February.

The results in Fig. 3 resemble the seasonal patterns reported 
in previous studies based on affective expression in global Twitter 
messages4,27. However, while Golder and Macy4 found that positive 
mood covaries with change in day length, not absolute day length, 
we found that absolute day length (the interval between sunrise and 
sunset) is a better predictor of musical intensity (r =   0.029; P <   0.001) 
than change in day length (r =   !  0.007; P <  0.001; difference in 
the Pearson’s correlations =   0.036; Steiger’s z =   743.585; P <   0.001; 
n =   764,992,760). The same result holds when excluding holiday 
songs (r =   0.014; P <   0.001 for absolute day length; r =   !  0.008; 
P <   0.001 for change in day length; difference in the Pearson’s cor-
relations =   0.023; Steiger’s z =   464.790; P <   0.001; n =   752,692,716). 
This indicates that seasonal variations in affective music choices 
are more strongly influenced by seasonal activities that depend on 
temperature, weather, and indoor and outdoor daylight than by sea-
sonal changes in the timing of sleep relative to the dawn signal that 
synchronizes the circadian pacemaker (see ‘Seasonal activities and 
choice of music’ in the Supplementary Information for additional 
details). Longer days are also associated with warmer temperatures, 
with peak temperature often lagging behind the solstice (depend-
ing on the location relative to land, water and prevailing winds). 
Peak music intensity also lags behind the solstice, suggesting that 
the mechanism that drives musical preference may be the activities 
associated with temperature as well as daylight.
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Fig. 3 | Affective preference is associated with seasonal variation in day length. Weekly changes in the mean musical intensity scores for five regions 
based on distance from the equator (colour) and hemisphere (line type), with 95% confidence intervals (translucent regions). Data were not available 
for the Southern Hemisphere at the longest distance from the equator. The x!axis is the week of the year, ordered by day length, beginning with the winter 
solstice (week 0), with the summer solstice at the midpoint. Thus, the weeks on the x!axis are different for the Southern and Northern Hemispheres (see 
‘Seasonal variation’ in Methods). The y!axis is the mean within-individual intensity score among complete plays by the subset of active users during each 
of the 53!weeks (including the 2016 leap year). Scores are broken down by distance and direction from the equator, which affect seasonal variation in day 
length and the timing of the winter and summer seasons. Intensity scores are highest around the summer solstice (weeks 24–28; M!=  !0.919; P!<  !0.001) 
and decline with day length (r!= !0.029; P!<  !0.001), but the seasonal variation decreases with proximity to the equator. Music played around the late-
December holidays is associated with a steep winter decline in intensity in the Northern Hemisphere (D!=  !!  0.049 for weeks 48–0 compared with other 
seasons; P!<  !0.001) and a sharp uptick in the Southern Hemisphere (D!=  !0.087 for week 28 compared with other seasons; P!<  !0.001). The other summer 
uptick in the south at latitudes under 30°!S coincides with Carnival on 7 February. See Supplementary Table 1 for additional statistical details.
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In conclusion, data from on-demand music streaming now 
make it possible to study music consumption across highly diverse 
cultures, including countries whose music consumption is rarely 
studied. The findings reveal diurnal and seasonal patterns of affec-
tive preference that are highly robust across different user groups 
as well as countries that differ both geographically and culturally. 
Additional robustness tests are reported in the Supplementary 
Information, including seasonal patterns by different user groups 
(Supplementary Fig. 1), diurnal patterns broken down by day of 
the year (Supplementary Fig. 2), and similar results using posi-
tive and negative emotional valence instead of musical intensity 
(Supplementary Figs 3 and 4).

Although the robustness of the results is encouraging, there 
are important limitations. First, despite the reliance on a stratified 
random sample that reflects local census distributions of age and 
gender, the sample is potentially biased towards individuals who 
have access to streaming services and devices, particularly in lower-
income countries. Second, the data are observational, and without 
randomized trial experiments, temporal patterns of musical inten-
sity cannot directly test whether and when listeners use music to 
reflect rather than influence their mood. The relative importance of 
mood management and mood expression is likely to depend heavily 
on the cultural activities to which music provides an accompani-
ment, such as parties and holiday rituals.

In addition, we have data only on the intensity level of the music 
people choose to consume, not the affective states of the listeners. 
We were therefore limited to comparisons with affective expression 
among a different set of users on a different platform and during an 
earlier time period. Nevertheless, our diurnal and seasonal results 
show a remarkable similarity to results based on sentiment analysis 
of Twitter messages4. There are differences as well. Positive emotion 
in Twitter messages dips around 15:00 while the consumption of 
arousing music does not, suggesting that music can also be used as a 
mid-afternoon stimulant. While diurnal mood patterns on Twitter 
point to the sleep cycle as the synchronizing mechanism, listen-
ing behaviour suggests that temporal variations in preferences for 
affective stimuli through music may be more closely aligned with 
the temporal organization of daytime and night-time activities. 
For example, we found that listeners across the globe prefer quiet, 
low-intensity, relaxing music late at night and high-intensity, ener-
getic music with a strong beat throughout the day, including late 
afternoon when affect expressed in writing is depressed. The com-
parisons suggest the possibility that music choices may reflect the 
emotional rhythms of daily and seasonal activities to which music 
contributes by shaping as well as expressing mood.

Methods
Dataset description. This study uses redacted retrospective data collected between 
1 January and 31 December 2016 from music-streaming instances at Spotify—a 
popular streaming service for music, podcasts and video. Spotify provides 11 sonic 
and mood attributes (for example, acousticness, loudness, valence and energy), 
available through their API (https://beta.developer.spotify.com/documentation/
web-api/reference/tracks/get-audio-features/). We obtained data for 764,992,760 
streams from a stratified random sample of 991,035 users across 51 countries. The 
sample excludes users with fewer than 25 plays and was stratified to match each 
country’s age and gender distributions and population size, based on current data 
from Central Intelligence Agency’s !e World Factbook 22. The sample excludes 
countries where Spotify is unavailable, or with too few users after sampling to 
measure cross-cultural patterns. This stratified sampling adjusts the sampling 
frame to reflect the population distribution, since the distribution of Spotify 
users does not necessarily reflect the underlying population distribution. As a 
result, the stratified sample represents world population distribution, not Spotify 
user distributions over the globe. The mean age of this sample (not the service) 
was 37.1 years (median =   29 years; s.d. =   23.9 years) and 49.2% were female. 
Demographic distributions for each country can be found in Supplementary 
Table 2. A user’s geo-location (for example, city, country, region and continent) 
was assigned based on the most commonly occurring geo-grid—one-tenth 
decimal degree by one-tenth decimal degree of pairwise latitude and longitude 
(approximately 100 km2)—based on Internet Protocol address. Using the Python 
pytzwhere library, the geo-grids were matched with time zones to normalize all 

time stamps to local time and adjust for daylight saving time (DST). Age and 
gender were obtained from current Spotify user profiles.

Chronotypes. Following Golder and Macy4, users were allocated to four six-hour 
chronotypes based on the time when the user was most active on Spotify, beginning 
at midnight. Some 15.1% were morning people (06:00 to 12:00); 44.8% were 
afternoon people (12:00 to 18:00); 35.1% were evening people (18:00 to 00:00);  
and 5.0% were night owls (00:00 to 06:00). These chronotypes are similarly 
distributed across gender and age. The baseline intensity of music played by night 
owls differs from the other three chronotypes, as reported in Fig. 2d (see also 
Supplementary Fig. 5 for the distribution of plays across different times of day).

Completed plays. In contrast with radio-like streaming services, Spotify is a user-
driven on-demand service with a vast catalogue from which users search for and 
choose songs they want to listen to. Spotify reports that more than 80% of listening 
on Spotify in 2016 (when we collected the data) was initiated by user selection 
and not through algorithmic personalization28. Users can also exercise selection 
by choosing which songs to play to completion and which to skip. We limited the 
analysis to completed (or non-skipped) plays to focus on the music people actively 
choose to listen to, excluding what they choose to skip.

Musical intensity measured by audio features of a track. Music provides listeners 
with an affective experience through various musical features, ranging from song 
lyrics to the emotional attributes of audio features. Musicologists argue that audio 
features (particularly biopsychological cues, such as arousal) have better cross-
cultural applicability without the language constraints of lyrics29. Spotify’s track-
specific audio attribute data are considered the gold standard in music information 
retrieval30. Spotify provides 11 common audio features: acousticness, danceability, 
duration, energy, instrumentalness, liveness, loudness, mode, speechiness, tempo 
and valence (see descriptions in Supplementary Table 3). The attributes are 
highly correlated, and PCA identified a latent structure, with the first principal 
component unambiguously interpretable as a measure of intensity that explains 
29.4% of the variance. We excluded the second principal component, which 
explained an additional 12.1% of the covariance but did not have a meaningful 
interpretation including shared characteristics related to known musical attribute 
dimensions that people usually perceive, such as arousal (similar to our intensity 
measure), valence and depth31, among others. Supplementary Fig. 6 displays the 
locations of the 11 Spotify attributes on the PCA coordinate space for the first two 
principal components. Song-specific intensity scores range from ! 7.70 to 3.96 and 
are strongly associated with musical acousticness (r =   !  0.765), energy (r =   0.867) 
and valence (negative to positive emotion; r =   0.643; all of the Pearson’s correlations 
are significant at P <   0.001; n =   13,578,157). Factor loadings show that tracks with 
high intensity tend to be fast, loud, vocal (that is, not instrumental), happy, cheerful 
and euphoric (see Supplementary Table 3 for the complete set of factor loadings).

Measures of within- and between-individual affective preferences. Temporal 
changes in affective preference were measured as the average intensity level of the 
music that a user listened to in each of the 24 "   7 =   168 h of the week. Failure to 
disaggregate within- and between-individual affective preferences makes changes 
over time uninterpretable due to the confounding of individual diurnal rhythms 
and temporal changes in the composition of active users on Spotify. Between-
individual variation in intensity scores (that is, the average level of intensity in the 
music that a user listened to) captures how individuals differ from one another 
in their baseline affective preferences, regardless of the time of day or day of the 
week. Between-individual baseline intensity (BIntensity) scores were averaged over 
the scores for tracks played during 168 time points for each user, across all hours 
(which therefore does not vary from hour to hour):

!= =
" " #H

hBIntensity Intensity
1

Intensity ( )
u u h H u

The within-individual intensity score (WIntensity) for a person-hour measures 
the signed difference between an individual’s mean intensity score for that hour 
and their baseline score (as defined above). Within-individual differences in 
intensity scores measure how a given individual’s affective preference varies over 
time, after removing differences in baseline scores between individuals who are 
active at different times, leaving only the change over time that is within each 
individual:
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where u and h pairs indicate user-hours, and UH(g) is the set of all user-
hour combinations in the group g (where g can be a day of the week, region, 
demographic group or chronotype) for which the within-individual pattern is 
measured.

The final term in WIntensityu,g(h) is the grand mean across all user-hours in g. 
Note that the final term is !

" " # BIntensity
U g u U g u

1
( ) ( )  for groups g (such as region, 
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demographics or chronotype) as the grand mean across all user baseline intensities 
in group g. Adding back the group-specific grand mean restores between-group 
differences while preserving within-individual temporal changes, since adding this 
constant to the mean-centred data for each individual member of that group does 
not affect the within-individual temporal dynamics. However, care should be taken 
in trying to interpret between-group differences by visual inspection of the figures, 
since the number of observations varies greatly over the course of the day (see 
Supplementary Fig. 5). Thus, a group with much higher musical intensity scores 
late at night (when listening is less frequent), and only slightly lower scores during 
the day, might have a significantly lower baseline score than might be inferred 
simply by imagining a horizontal line fitted to the figure.

Plots in the main text show the mean within-individual intensity scores  
across different groups for each of 24 h over 7 d (that is, 168 hourly observations 
per user):

!=
" " #

h
UG h

hWIntensity ( )
1
( )
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g u g UG h u g( , ) ( ) ,

where u and g pairs are the subset of users in group g who were active during hour 
h, and UG(h) is the set of all users in group g who were active during hour h. These 
scores reveal diurnal patterns in affective preferences over the course of a day.

Seasonal variation. The seasonal analysis parallels the diurnal analysis, except 
that intensity scores are averaged over person-weeks (or person-days for 
Supplementary Fig. 2) instead of person-hours. The analysis tests the hypothesized 
emotional effects of changing day length. The length of the day at a given location 
varies sinusoidally over the year, with higher amplitude waves the farther one 
moves from the equator, resulting in long summer days and short winter days in 
extreme latitudes, and consistent day length near the equator. The day length at a 
given location on a given day is governed by the day of the year and the latitude at 
that location.

Two models are widely used to estimate day length. Although the Center 
for Biosystems Modeling (CBM)32 reports more accurate day length estimation 
than the Brock model33 when compared with the Astronomical Almanac, this 
only applies to low and mid-latitudes, with CBM accuracy declining rapidly 
poleward of 60°. Therefore, we use both models, the CBM for <  60° and the 
Brock model for #  60°.

The Northern and Southern hemispheres have winter and summer six months 
apart, which makes interpretation of day length patterns awkward when the 
person-week (or person-day) affective preference is plotted against calendar dates. 
Instead, the x-axis in Fig. 3 is ordered by day length, starting and ending with the 
winter solstice, with the longest day at the mid-point. The x axis begins with 21 
December 2016 for countries in the Northern Hemisphere and 20 June 2016 for 
those in the Southern Hemisphere, with the summer solstice (20 June in the north 
and 21 December in the south) at the mid-point, and the day preceding the winter 
solstice on the far right (see also Supplementary Figs 1, 2 and 4).

Group baseline comparisons. In the main text, we report baseline differences 
in mean musical intensity scores across groups in different group categories (for 
example, day of the week, age, gender, chronotype and geographical region). We 
performed all statistical tests of group differences in baselines using the unadjusted 
data, not the mean-centred data points with adjusted baselines. However, in 
the figures that report mean-centred within-individual results (Figs. 1–3 and 
Supplementary Figs 1–4), we facilitated visual inspection (both of variations 
around the baseline and of baseline comparisons) by adding back the mean for 
each group. The group means were also computed from the unadjusted data  
and did not reflect the mean-centring used to identify within-individual  
temporal variation.

Other psychological features in music attributes. Based on a hierarchical PCA 
on 25 computer-generated attributes for 102 music excerpts across diverse genres 
and styles, previous research34 has shown that computer-generated sonic and 
affective features can similarly capture latent dimensions of human-perceived 
attributes31 on the same music excerpts: arousal (the first principle component, 
indicating music that is danceable and loud), valence (the second; positive and 
happy) and depth (the third; instrumental and low tempo). While the arousal 
dimension has very similar characteristics to our intensity measure (for example, 
positive correlations with danceability and loudness, and negative correlations 
with acousticness), none of our lower-ranked PCA dimensions was directly 
matched with the other two dimensions. This is not surprising, given that we 
applied PCA to 11 audio features generated from a large body of popular music 
(that is, hundreds of millions of complete songs by millions of artists) while 
previous work relied on 25 features in hundreds of excerpts from commercially 
unreleased songs that were previously curated for balance across genres and styles. 
A curated pool of music excerpts may be suitable for the fine assessment of music 
preferences and validation of automated feature extraction, but the latent feature 
structures should not be expected to match those of actual listening behaviours.

Nevertheless, valence is included as 1 of our 11 features, and readers familiar 
with previous research may therefore find it interesting to see how this measure 

of positive and negative affect varies across time, space and demographic groups. 
We include results on diurnal and seasonal patterns of musical valence in the 
Supplementary Information (see Supplementary Results and Supplementary 
Figs. 3 and 4).

Effects of DST. The transition to DST provides an opportunity to tease apart  
the effects of day length from the potential confound of biorhythms associated  
with the light–dark and wake–sleep cycles. DST radically shifts the light–dark 
cycle, but there is only a very small change in day length, which affords the 
opportunity to use regression discontinuity for causal inference35. In our dataset,  
31 countries had DST in 2016. We labelled each day of the year relative to the start 
and end dates for DST for a given country. For instance, Sunday 13 March 2016 
was the start date of DST in the United States. Accordingly, 12 March, 13 March 
and 14 March were labelled !  1, 0 and 1, respectively. We took mean intensity 
scores across 31 countries for each labelled day. For each DST start-date and 
end-date-based daily intensity score, we conducted two tests: (1) non-parametric 
discontinuity estimation using the smoothing parameter (bandwidth) proposed  
by Imbens and Kalyanaraman36,37 (IK bandwidth) for discontinuity at the  
DST start or end dates; and (2) McCrary’s test38 for possible discontinuity around 
the DST start or end dates. Supplementary Fig. 7a shows the result of the  
non-parametric discontinuity estimation based on the start date of DST. This 
indicates discontinuity around New Year’s Day and Christmas, but no discontinuity 
at the start date of DST. This was statistically confirmed by McCrary’s test 
(z =   0.200; P =   0.842) and by a regression using the local approach with default IK 
bandwidth (z =   !  1.101; P =   0.271; R2 =   0.144). Supplementary Fig. 7b also shows  
no discontinuity at the end date of DST, which was statistically confirmed using 
local linear regression (z =   !  0.855; P =   0.392; R2 =   0.399) and McCrary’s test 
(z =   0.195; P =   0.846).

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Code availability
Aggregate data and code are available at https://github.com/minsu-park/affective_
preference_rhythm.

Data availability
The datasets used in this study are available from Spotify, but restrictions apply to 
the availability of these data, which were used under an agreement for the current 
study, and so are not publicly available. Data are, however, available from the 
authors upon reasonable request and with permission from Spotify.
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Supplementary Results 

Diurnal and seasonal patterns of musical valence. Supplementary Figure 3 reports diurnal 

patterns for changes in musical valence (positive and negative affect scores). The valence 

results are very similar to the patterns of intensity reported in the main text, which is not 

surprising given that valence is incorporated in the composite measure of musical intensity, 

making the inclusion of the valence results in the main text largely redundant. Nevertheless, 

we report those results here for interested readers. As with the pattern for musical intensity, 

the diurnal pattern is highly robust across days of the week (a), five geographic regions (Latin 

America, North America, Europe, Oceania, and Asia) (b), and across demographic groups 

based on gender (c), age (d), and chronotypes (e). Chronotypes were defined by when users 

were most actively listening in six-hour increments beginning at midnight.  

Although the temporal patterns are highly robust, there are interesting between-group 

baseline differences in musical valence that are very similar to the baseline differences 

observed with musical intensity. Like the baseline intensity, the baseline valence is higher on 

Friday and Saturday than on other days, especially in the evening when weekend social 

activities are likely (M = 0.499 for Friday and M = 0.506 for Saturday, compared to 0.491 < 

M < 0.495 for weekdays, P < 0.001). However, the baseline valence on Sunday is higher than 

other weekdays (M = 0.498, P < 0.001; see Supplementary Table 4 for additional statistical 

details).  

Music played in Latin America (M = 0.544) shows relatively higher valence and music in 

Asia shows lower (M = 0.456) compared to Oceania (M = 0.483), Europe (M = 0.490), and 

North America (M = 0.482), with P < 0.001 for eight pairwise comparisons of Latin America 

with the four other regions and Asia with the four other regions (see Supplementary Table 4 for 

additional statistical details).  

Across the globe, musical valence scores also differ by age and gender. As people get older, 

they generally listen to more positive music, but with one interesting exception: people older 

than 50 listen to less positive music than do those between 30 and 39. In contrast with 

musical intensity, gender differences in valence are statistically significant only in the 

evening and late at night (see Supplementary Figure 3c). In addition, women stream music 

with more positive valence than men in the Southern hemisphere, while the pattern is the 

opposite in the Northern hemisphere (see Supplementary Figure 4b). 



 
 

The temporal dynamics for valence are also similar to intensity across three of four 

chronotypes. The outlier group is again the Ònight owls,Ó whose baseline music valence 

scores (M = 0.473) are lower than the scores for the other three chronotypes (P < 0.001), with 

group averages decreasing with the time of day in which users are most likely to listen (M = 

0.501 for morning people, M = 0.499 for afternoon people, and M = 0.498 for evening 

people; see Supplementary Table 4 for additional statistical details). 

The seasonal patterns of musical valence are also similar to the patterns of intensity (see 

Supplementary Figure 4). Although changes of musical valence over the year are less 

dramatic, without the steep change in the winter holiday season observed for musical 

intensity, positive affect peaks around the summer solstice (M = 0.505, P < 0.001; see 

Supplementary Table 4 for additional statistical details) and the seasonal variation decreases 

with proximity to the equator. 

As with intensity, we found that absolute day length (the interval between sunrise and sunset) 

is a better predictor of musical valence (r = 0.017, P < 0.001) than change in day length (r = 

0.012, P < 0.001; difference in the PearsonÕs correlations is 0.006, SteigerÕs z = 114.346, P < 

0.001, N = 764,992,760). This result corroborates results for musical intensity that suggest 

that affective music preferences are more strongly influenced by seasonal activities than by 

whether the summer solstice or winter solstice is approaching. 

 

Supplementary Note 

Seasonal activities and choice of music. We speculate that diurnal and seasonal patterns of 

music intensity reflect the rhythms of social activities. This departs from the emphasis on 

sleep as a mood synchronizer in much psychological research on affective rhythms. Here we 

summarize relevant research that supports our interpretation. Our everyday performance is 

dependent on the physical and social context and our physical and mental status can be 

affected by alterations in the environment1,2. Changing seasons is an environmental factor 

that may contribute to variation in social preferences1. Seasons mark changes in the calendar 

year based on ecology, weather patterns, and daylight hours that facilitate and inhibit 

different physical and psychological activities, stressors, and emotions, and these seasonal 

variations can influence social activity and psycho-physiological arousal3. For example, 

previous research reports that winter (with cold temperatures, adverse weather, and short 

days) can isolate individuals with low indoor illumination as well as outdoor light exposure, 



 
 

while warmer weather provides opportunities to be outside and engage in more social 

interaction and energetic activities1. Most people also schedule vacation time for summer. 

These seasonal variations may in turn influence the choice of music4. 
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Supplementary Figure 1. Seasonal variations in affective preferences revealed by music 
streaming exhibit robust patterns across different geographic regions and user groups. 
Results show weekly changes in mean musical intensity scores in Northern and Southern 
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hemispheres (line type), broken down (colour) by gender (a), age (b), and chronotype (six-
hour intervals beginning at midnight when users are most active) (c), with 95% confidence 
intervals (translucent regions). The x-axis orders the week of the year based on day length, 
starting from the winter solstice (the week of June 20 in the Southern hemisphere and the 
week of December 21 for the Northern hemisphere). The y-axis is the mean within-individual 
intensity scores. The score represents the level of musical intensity for each of 53 weeks over the 
year (note that 2016 is a leap year) based on music completely played by the subset of users who 
were active during a specific week in each group. Results show similar seasonal patterns across 
hemispheres, with consistent between-hemisphere differences (M = 0.824 for the Northern 
hemisphere; M = 0.976 for the Southern hemisphere, P < 0.001). Baseline differences are 
seasonally consistent as reported in Fig. 2, with an important exception in gender. a, Females 
played music with higher intensity than males in the Southern hemisphere (D = 0.017, P < 
0.001), while the gender differences are the opposite in the Northern hemisphere (D = Ð0.054, 
P < 0.001). b, Within each hemisphere, as people get older, they listen to less intense music (M 
= [1.147, 0.938, 0.794, 0.737, and 0.462] respectively for the five age groups from 10Ð19 to 
Over 50 in the Northern hemisphere and M = [1.208, 1.042, 0.964, 0.884, and 0.580] for the 
same age groups in the Southern hemisphere, P < 0.001 for all pairwise comparisons in each 
hemisphere). c, Night owls listened to much more relaxing music than other chronotypes in each 
hemisphere (M = 0.636 and 0.805 respectively for night owls in the Northern and Southern 
hemispheres; 0.794 < M < 0.860 and 0.930 < M < 1.025 respectively for other chronotypes in 
the Northern and Southern hemispheres, P < 0.001 for all pairwise comparisons in each 
hemisphere). See Supplementary Table 1 for more statistical details. 

  



 
 

 

Supplementary Figure 2. Affective preferences revealed through music selection varies 
from month to month, but daily differences are seasonally robust. The x-axis is the day 
of the year, ordered by day length, beginning with the winter solstice (June 20 in the 
Southern hemisphere and December 21 for the Northern hemisphere), with the summer 
solstice at the mid-point. Thus, the days on the x-axis are different for the Southern and 
Northern hemispheres (see ÒSeasonal variationÓ in Methods for more details). The y-axis is the 
mean within-individual intensity scores. The score represents the level of musical intensity 
based on music completely played by the subset of users who were active during a specific 
day in each group, broken down by direction from the equator (colour), which affects the 
timing of the winter and summer seasons. Thick lines report the seven-day moving averages 
of intensity scores in the Northern and Southern hemispheres and point shapes indicate days 
of the week. The oscillating pattern shows that the daily differences reported in Fig. 1 are 
robust over the year, with higher intensity music played on Friday (M = 0.879) and Saturday 
(M = 0.883) than on other days (M = [0.820, 0.828, 0.835, 0.843, and 0.852] respectively from 
Sunday to Thursday, P < 0.001 for all pairwise comparisons). See Supplementary Table 1 for 
more statistical details. 
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Supplementary Figure 3. Diurnal patterns for valence are consistent with patterns for 
musical intensity. The figure reports hourly within-individual changes in mean musical 
valence (positive-negative) scores across days of the week (a), diverse geographic regions 
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(b), and demographic groups based on gender (c), age (d), and chronotypes (six-hour intervals 
beginning at midnight when users are most active) (e), with 95% confidence intervals 
(translucent regions). The x-axis is the hour of the day, ordered from midnight, and the y-axis 
is the mean within-individual musical valence scores for each of 24 hours over 7 days. The 
colours represent the different groups in each category (i.e., regions, gender, age, and 
chronotypes) and the score represents the level of musical intensity based on music completely 
played by the subset of users in each group who were active during a specific hour in a specific 
day. The diurnal patterns of musical valence are similar to the patterns of musical intensity, 
including the dip in the morning with the quick reversal and the relatively constant plateau 
during the working hours. There are also some interesting between-group baseline differences: 
a, The baseline valence is higher on Friday (M = 0.499), Saturday (M = 0.506), and even 
Sunday (M = 0.498) than on other days (0.491 < M < 0.495 respectively for MondayÐ
Thursday, P < 0.001 for all pairwise comparisons). b, Across different geographical regions, 
music played in Latin America (M = 0.544) is relatively more positive and music in Asia is less 
positive (M = 0.456) compared to Oceania (M = 0.483), North America (M = 0.482), and Europe 
(M = 0. 490), with P < 0.001 for eight pairwise comparisons of Latin America with the four 
other regions and Asia with the four other regions. c, Across gender, differences in valence 
scores are statistically significant only in the evening and late at night (D = 0.048, P < 0.001). 
d, As people get older, they generally listen to more positive music. However, people older than 
50 listen to less positive music than do people between 30 and 39 (M = [0.494, 0.496, 0.502, 
0.506, and 0.496] respectively for the five age groups from 10Ð19 to Over 50, P < 0.001 for all 
pairwise comparisons except the difference between 20Ð29 and Over 50 with P = 0.283). e, 
Night owls listened to less positive music (M = 0.473) than other chronotypes (M = 0.501 for 
morning people, M = 0.499 for afternoon people, and M = 0.498 for evening people, P < 0.001 
for all pairwise comparisons). Unlike musical intensity, interestingly, night owls did not display 
a longer rise and larger increase in musical valence from the morning dip to the relatively 
constant plateau in the working hours. See Supplementary Table 4 for more statistical details. 

  



 
 

 

Supplementary Figure 4. Seasonal patterns for valence are consistent with patterns for 
musical intensity. The figure reports weekly changes in mean musical valence (positive-
negative) scores in Northern and Southern hemispheres (line type), broken down (colour) by 
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distance from the equator (a), gender (b), age (c), and chronotype (six-hour intervals 
beginning at midnight when users are most active) (d), with 95% confidence intervals 
(translucent regions). The x-axis orders the week of the year based on day length, starting 
from the winter solstice (the week of June 20 in the Southern hemisphere and the week of 
December 21 for the Northern hemisphere). The y-axis is the mean within-individual valence 
scores. The score represents the level of musical valence for each of 53 weeks over the year 
(note that 2016 is a leap year) based on music completely played by the subset of users who 
were active during a specific week in each group. Results show similar seasonal patterns to the 
patterns of musical intensity, with consistent between-hemisphere differences (M = 0.491 for 
the Northern hemisphere and M = 0.516 for the Southern hemisphere, P < 0.001). There are also 
some interesting differences. a, As with intensity, positive affect peaks around the summer 
solstice (M = 0.505, P < 0.001) and the seasonal variation decreases with proximity to the 
equator (data were not available for the Southern hemisphere at the longest distance from the 
equator). b, Females played more positive music than males in the Southern hemisphere (D = 
0.008, P < 0.001), while the gender differences are the opposite in the Northern hemisphere (D 
= Ð0.003, P < 0.001). c, As people get older, they listen to more positive music in the age groups 
from10 to 49. Interestingly, people older than 50 listen to less positive music than do people 
between 30 and 39 (D = Ð0.003, P < 0.001) in the Northern hemisphere and 20 and 29 in the 
Southern hemisphere (D = Ð0.002, P = 0.001). d, In both hemispheres, night owls listened to 
more negative music than other chronotypes (M = 0.465 and 0.492 respectively for night owls in 
the Northern and Southern hemispheres; 0.490 < M < 0.496 and 0.513 < M < 0.520 respectively 
for other chronotypes in the Northern and Southern hemispheres, P < 0.001 for all pairwise 
comparisons in each hemisphere). Group averages increase with the time of day in which users 
are most likely to listen in the Southern hemisphere while the pattern is opposite in the Northern 
hemisphere. See Supplementary Table 4 for more statistical details. 

  



 
 

 

Supplementary Figure 5. The hourly distribution of plays from global music streaming 
data. The figure shows the distribution of plays at different times of day and day of the week 
across all individuals in the global sample as a scaled frequency.  
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Supplementary Figure 6. Principal component analysis (PCA) of 11 musical attributes 
identified a first principal component corresponding to musical intensity. The figure 
reports relationships between variables on the PCA coordinate space, with the percentage of 
explained variance for the first two principal components. The x-axis is the first principal 
component and the y-axis is the second principal component. The values of the axes are 
bounded from Ð1 to 1, which represent the factor loadings (i.e., correlation coefficients 
between principal components and observed factors). The first component explains 29.4% of 
the variance, with strong positive correlations with indicators of high-intensity (danceability, 
energy, and loudness) and negative correlations with low-intensity features (acousticness and 
instrumentalness). The second component only explains an additional 12.1% of the variance 
and has no substantively meaningful interpretation. See ÒMusical intensity measured by 
audio features of a trackÓ in Methods for more details. 
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Supplementary Figure 7. Regression discontinuity analysis reveals no impact of 
daylight saving time (DST) transitions on musical intensity. Both plots show the mean 
intensity scores in 31 countries (that observe DST among 51 countries in the dataset) with 
mean intensity on the y-axis and the number of days following the DST start (a) and end (b) 
date on the x-axis. Means were binned based on the length of the intervals specified with the 
default bandwidth parameter in the R rddtools package. a, The figure indicates discontinuity at 
the start date of DST. This was statistically confirmed by McCraryÕs test (z = 0.200, P = 0.842) 
and by a regression using the local approach with default IK bandwidth (z = Ð1.101, P = 
0.271, R2 = 0.144). b, There is no observed discontinuity at the end date of DST, with 
statistically confirmation using local linear regression (z = Ð0.855, P = 0.392, R2 = 0.399) and 
McCraryÕs test (z = 0.195, P = 0.846). 
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Supplementary Table 1. Detailed statistics related to baseline comparisons in musical 
intensity. We report additional information including exact probability values, degrees of 
freedom, confidence intervals, and effect sizes for baseline comparisons between groups to 
support our results related to the diurnal and seasonal patterns of affective preference in 
musical intensity based on temporal music consumption of one million Spotify users over a 
year. We performed all the tests using WelchÕs two-sample t-test (two-sided) to correct for 
unequal size and variance between paired samples. 

 

  

Category Group x Group y Mean x Mean y Statistic P-value N x N y DF Conf. Low Conf. High Method Alternative Cohen's D

Day of Week

Tue Mon 0.835435109 0.827878454 39.44044937 0 105868141 103532851 209247088.4 0.007181132 0.007932177 Welch Two Sample t-test two.sided 0.005451711

Wed Mon 0.842948079 0.827878454 79.12743446 0 107681991 103532851 210731017 0.014696355 0.015442895 Welch Two Sample t-test two.sided 0.010893119

Thu Mon 0.852416879 0.827878454 129.6478357 0 109588622 103532851 212095776.5 0.024167463 0.024909387 Welch Two Sample t-test two.sided 0.01777517

Mon Fri 0.827878454 0.879186303 -276.8819033 0 103532851 115918607 215066876 -0.051671041 -0.050944655 Welch Two Sample t-test two.sided 0.037504131

Mon Sat 0.827878454 0.88253005 -296.8924007 0 103532851 118640317 216001423.8 -0.055012383 -0.054290807 Welch Two Sample t-test two.sided 0.040018461

Mon Sun 0.827878454 0.82015569 39.99497199 0 103532851 103762231 207294683.7 0.007344309 0.008101221 Welch Two Sample t-test two.sided 0.005555725

Tue Wed 0.835435109 0.842948079 -39.77168249 0 105868141 107681991 213457812.4 -0.007883213 -0.007142728 Welch Two Sample t-test two.sided 0.005443569

Tue Thu 0.835435109 0.852416879 -90.46565261 0 105868141 109588622 215069695.8 -0.017349685 -0.016613855 Welch Two Sample t-test two.sided 0.012329843

Tue Sat 0.835435109 0.88253005 -258.0829664 0 105868141 118640317 220074976.1 -0.047452594 -0.046737287 Welch Two Sample t-test two.sided 0.034559718

Tue Sun 0.835435109 0.82015569 79.75905997 0 105868141 103762231 209491600.4 0.014903949 0.015654889 Welch Two Sample t-test two.sided 0.011018677

Tue Fri 0.835435109 0.879186303 -238.1436906 0 105868141 115918607 218857960.8 -0.044111274 -0.043391114 Welch Two Sample t-test two.sided 0.032050873

Wed Thu 0.842948079 0.852416879 -50.75956349 0 107681991 109588622 217169032.1 -0.009834416 -0.009103184 Welch Two Sample t-test two.sided 0.006887786

Wed Sat 0.842948079 0.88253005 -218.3555197 0 107681991 118640317 223048550.1 -0.039937259 -0.039226681 Welch Two Sample t-test two.sided 0.029097133

Wed Sun 0.842948079 0.82015569 119.6950333 0 107681991 103762231 210987372.2 0.022419172 0.023165607 Welch Two Sample t-test two.sided 0.016468686

Wed Fri 0.842948079 0.879186303 -198.5449269 0 107681991 115918607 221605010.2 -0.036595954 -0.035880492 Welch Two Sample t-test two.sided 0.026594166

Thu Sat 0.852416879 0.88253005 -167.2625504 0 109588622 118640317 225990122.7 -0.030466033 -0.029760308 Welch Two Sample t-test two.sided 0.022178532

Thu Sun 0.852416879 0.82015569 170.4752612 0 109588622 103762231 212364326.8 0.031890281 0.032632098 Welch Two Sample t-test two.sided 0.023359666

Thu Fri 0.852416879 0.879186303 -147.6609376 0 109588622 115918607 224302855.6 -0.027124745 -0.026414102 Welch Two Sample t-test two.sided 0.019683184

Sat Fri 0.88253005 0.879186303 19.01332177 1.32E-80 118640317 115918607 234397272 0.002999061 0.003688433 Welch Two Sample t-test two.sided 0.002483171

Sun Fri 0.82015569 0.879186303 -318.6054193 0 103762231 115918607 215374929.8 -0.059393751 -0.058667474 Welch Two Sample t-test two.sided 0.043131011

Sat Sun 0.88253005 0.82015569 338.8974547 0 118640317 103762231 216322887.8 0.062013627 0.062735093 Welch Two Sample t-test two.sided 0.04565428

Region

Europe North America 0.804062884 0.829946942 -12.58603664 2.55164E-36 282710 223258 511069.129 -0.029914869 -0.021853246 Welch Two Sample t-test two.sided 0.034671667

Europe Asia 0.804062884 0.697934455 50.6626565 0 282710 181845 442405.1465 0.102022674 0.110234184 Welch Two Sample t-test two.sided 0.144901421

Europe Latin America 0.804062884 1.053349994 -134.9161023 0 282710 286146 574690.2806 -0.252908581 -0.245665638 Welch Two Sample t-test two.sided 0.350555599

Europe Oceania 0.804062884 0.806838996 -0.477686961 0.63287825 282710 17076 19986.46569 -0.014167271 0.008615048 Welch Two Sample t-test two.sided 0.003617257

North America Asia 0.829946942 0.697934455 61.5257519 0 223258 181845 414322.599 0.127807085 0.136217888 Welch Two Sample t-test two.sided 0.189194313

North America Latin America 0.829946942 1.053349994 -117.2618022 0 223258 286146 472013.5272 -0.227137115 -0.219668988 Welch Two Sample t-test two.sided 0.328400013

North America Oceania 0.829946942 0.806838996 3.963566368 7.40918E-05 223258 17076 20239.72624 0.011680498 0.034535395 Welch Two Sample t-test two.sided 0.032095317

Asia Latin America 0.697934455 1.053349994 -182.6035716 0 181845 286146 393897.3981 -0.359230381 -0.351600696 Welch Two Sample t-test two.sided 0.539446448

Asia Oceania 0.697934455 0.806838996 -18.63627255 7.08663E-77 181845 17076 20426.15723 -0.120358635 -0.097450446 Welch Two Sample t-test two.sided 0.160254452

Latin America Oceania 1.053349994 0.806838996 42.79902738 0 286146 17076 19285.2554 0.235221419 0.257800577 Welch Two Sample t-test two.sided 0.375845241

Gender F M 0.84409257 0.880858431 -26.04153712 1.8755E-149 487251 503784 1033791.987 -0.039532973 -0.033998749 Welch Two Sample t-test two.sided 0.051209544

Age Group

20-29 10-19 0.969895324 1.162041457 -129.3459251 0 314448 216634 517818.7169 -0.195057708 -0.189234558 Welch Two Sample t-test two.sided 0.347446522

30-39 10-19 0.840987933 1.162041457 -172.3417831 0 192220 216634 342105.8799 -0.324704731 -0.317402316 Welch Two Sample t-test two.sided 0.550737547

10-19 40-49 1.162041457 0.768624678 145.4267506 0 216634 82349 111843.6606 0.388114515 0.398719044 Welch Two Sample t-test two.sided 0.706396603

10-19 Over 50 1.162041457 0.483620946 316.6248121 0 216634 228303 354180.8696 0.674220953 0.682620069 Welch Two Sample t-test two.sided 0.936054685

20-29 30-39 0.969895324 0.840987933 68.61353999 0 314448 192220 366814.2859 0.125225105 0.132589677 Welch Two Sample t-test two.sided 0.204875392

20-29 40-49 0.969895324 0.768624678 74.10005128 0 314448 82349 113959.3449 0.195946934 0.20659436 Welch Two Sample t-test two.sided 0.322676883

20-29 Over 50 0.969895324 0.483620946 225.4961055 0 314448 228303 371121.5471 0.482047771 0.490500985 Welch Two Sample t-test two.sided 0.659180175

30-39 40-49 0.840987933 0.768624678 24.61658685 1.559E-133 192220 82349 148325.8722 0.066601672 0.07812484 Welch Two Sample t-test two.sided 0.104803258

30-39 Over 50 0.840987933 0.483620946 146.9524136 0 192220 228303 416015.0847 0.352600625 0.36213335 Welch Two Sample t-test two.sided 0.444446878

40-49 Over 50 0.768624678 0.483620946 91.21820439 0 82349 228303 180573.541 0.278879945 0.291127518 Welch Two Sample t-test two.sided 0.334383127

Chronotype

Evening Afternoon 0.902819466 0.861249247 26.69846012 5.77E-157 347369 444035 784687.5074 0.038518498 0.04462194 Welch Two Sample t-test two.sided 0.059063892

Evening Morning 0.902819466 0.833943147 31.99292133 3.39E-224 347369 150011 288846.9766 0.064656771 0.073095867 Welch Two Sample t-test two.sided 0.098042958

Evening Night Owl 0.902819466 0.683628582 53.60016987 0 347369 49620 60904.8013 0.211175709 0.22720606 Welch Two Sample t-test two.sided 0.30329535

Afternoon Morning 0.861249247 0.833943147 13.03924483 7.52E-39 444035 150011 267198.8545 0.023201628 0.031410572 Welch Two Sample t-test two.sided 0.038324742

Afternoon Night Owl 0.861249247 0.683628582 43.76223225 0 444035 49620 59132.83571 0.169665468 0.185575864 Welch Two Sample t-test two.sided 0.243160234

Morning Night Owl 0.833943147 0.683628582 34.77486272 7.33E-263 150011 49620 74974.20983 0.141842472 0.158786659 Welch Two Sample t-test two.sided 0.196457238

Hemisphere Northern Southern 0.824294572 0.975670307 -99.22659764 0 739251 251784 505996.9196 -0.154365778 -0.148385694 Welch Two Sample t-test two.sided 0.211668974



 
 

Supplementary Table 2. Proportion of sample in each demographic group from each of 
the 51 countries based on the World Factbook. Countries are ordered by the proportion of 
sampled users, which reflects the countryÕs relative demographic distributions compared to 
the world population distribution, not SpotifyÕs user distribution over the globe. Although the 
population distribution in the World Factbook breaks populations under age of 25 in age 0Ð
14 and age 15Ð24, we merged the two age groups (0Ð14 and 15Ð24) into one (13Ð24) as users 
need to be 13 or older to sign up for Spotify.  

  

Country Name
Musical Intensity 

Baseline 
Female Male

Total
Age 13-24 Age 25-54 Age 55-64 Age Over 65 Age 13-24 Age 25-54 Age 55-64 Age Over 65

United States 0.82831512 3.17 4.00 1.36 1.76 3.32 4.01 1.27 1.41 20.31
Brazil 1.013215721 1.72 2.85 0.53 0.37 1.49 2.80 0.56 0.46 10.78

Mexico 0.999635427 1.18 1.63 0.32 0.30 1.06 1.53 0.27 0.25 6.54
Indonesia 0.744305192 1.50 1.01 0.01 0.05 1.49 2.07 0.02 0.06 6.20
Germany 0.857832623 0.56 1.00 0.37 0.56 0.59 1.02 0.36 0.49 4.95

Philippines 0.680104135 0.89 1.18 0.12 0.13 0.83 1.22 0.14 0.12 4.63
United Kingdom 0.771448609 0.58 0.80 0.24 0.37 0.61 0.83 0.24 0.33 4.00

France 0.767174886 0.62 0.78 0.27 0.14 0.65 0.79 0.25 0.31 3.81
Italy 0.789425956 0.44 0.82 0.19 0.14 0.46 0.80 0.24 0.28 3.39

Spain 0.875204246 0.37 0.67 0.19 0.31 0.39 0.70 0.18 0.23 3.04
Turkey 0.59092227 0.46 0.67 0.01 0.01 0.48 1.10 0.03 0.03 2.80

Argentina 1.107293222 0.52 0.54 0.13 0.19 0.38 0.54 0.12 0.13 2.55
Colombia 1.026238443 0.35 0.63 0.08 0.07 0.33 0.62 0.13 0.09 2.30
Canada 0.778978523 0.29 0.44 0.16 0.23 0.31 0.45 0.15 0.18 2.21
Poland 0.750765111 0.30 0.51 0.03 0.04 0.31 0.53 0.09 0.09 1.90
Japan 0.868370632 0.29 0.37 0.01 0.00 0.38 0.76 0.05 0.02 1.88
Peru 1.126687843 0.28 0.40 0.06 0.04 0.24 0.37 0.07 0.07 1.54

Australia 0.784043711 0.22 0.29 0.09 0.13 0.23 0.30 0.08 0.11 1.44
Malaysia 0.643309891 0.23 0.40 0.02 0.03 0.22 0.40 0.04 0.04 1.36

Chile 1.088352036 0.19 0.24 0.06 0.07 0.18 0.24 0.06 0.05 1.09
Netherlands 0.678077343 0.15 0.21 0.07 0.11 0.15 0.21 0.07 0.09 1.06

Taiwan 0.354642144 0.10 0.34 0.01 0.01 0.11 0.34 0.02 0.01 0.94
Ecuador 1.083445667 0.13 0.21 0.02 0.02 0.12 0.20 0.04 0.03 0.75
Belgium 0.636552148 0.10 0.14 0.05 0.07 0.10 0.14 0.05 0.06 0.71

Guatemala 1.069761795 0.13 0.17 0.01 0.01 0.12 0.16 0.02 0.01 0.63
Sweden 0.831712202 0.09 0.12 0.04 0.07 0.09 0.12 0.04 0.06 0.62

Czech Republic 0.787927426 0.08 0.14 0.01 0.02 0.08 0.15 0.03 0.04 0.56
Portugal 0.741288681 0.09 0.14 0.01 0.02 0.08 0.14 0.03 0.03 0.54
Austria 0.793222967 0.07 0.12 0.02 0.04 0.07 0.12 0.04 0.05 0.51

Switzerland 0.710010378 0.06 0.11 0.03 0.05 0.07 0.11 0.03 0.04 0.51
Dominican Republic 1.058202697 0.09 0.13 0.01 0.01 0.08 0.14 0.02 0.02 0.49

Hungary 0.838234468 0.07 0.13 0.01 0.01 0.06 0.13 0.03 0.02 0.46
Bolivia 1.086961984 0.08 0.13 0.01 0.01 0.08 0.13 0.01 0.01 0.45
Greece 0.5697184 0.05 0.14 0.01 0.01 0.05 0.14 0.02 0.02 0.44

Honduras 1.101194196 0.08 0.10 0.01 0.01 0.07 0.10 0.01 0.01 0.38
Singapore 0.633801547 0.05 0.09 0.02 0.02 0.05 0.09 0.02 0.02 0.37
Denmark 0.840295757 0.05 0.07 0.02 0.04 0.05 0.07 0.02 0.03 0.35
Norway 0.860553202 0.05 0.07 0.02 0.03 0.05 0.07 0.02 0.03 0.33

Paraguay 1.181182803 0.06 0.09 0.01 0.00 0.06 0.09 0.01 0.01 0.32
Ireland 0.726392631 0.05 0.07 0.02 0.02 0.05 0.07 0.02 0.02 0.31

Costa Rica 1.026703782 0.06 0.07 0.01 0.01 0.06 0.07 0.01 0.01 0.31
Finland 0.898012516 0.05 0.06 0.02 0.01 0.05 0.07 0.02 0.02 0.30

El Salvador 1.039896858 0.06 0.08 0.01 0.01 0.05 0.07 0.01 0.01 0.29
New Zealand 0.858512316 0.04 0.06 0.02 0.02 0.05 0.06 0.02 0.02 0.28

Bulgaria 0.835160736 0.03 0.09 0.00 0.01 0.03 0.10 0.00 0.01 0.27
Nicaragua 1.039331207 0.05 0.08 0.00 0.00 0.04 0.07 0.01 0.00 0.26
Slovakia 0.757090092 0.04 0.08 0.00 0.00 0.03 0.08 0.01 0.01 0.24
Panama 1.106890677 0.04 0.05 0.01 0.01 0.03 0.05 0.01 0.01 0.20

Hong Kong 0.508569091 0.02 0.05 0.00 0.00 0.03 0.07 0.00 0.00 0.18
Lithuania 0.691073248 0.02 0.04 0.00 0.01 0.02 0.03 0.01 0.01 0.13

Latvia 0.727272948 0.01 0.03 0.00 0.00 0.02 0.03 0.01 0.01 0.10



 
 

Supplementary Table 3. Descriptions of audio attributes and factor loadings on the first 
principal component. The list of features includes all but two of the attributes provided by 
SpotifyÕs suite of algorithms. Key and time signature were excluded from analysis due to the 
difficulty in interpreting these nominal measures. We also excluded the second principal 
component which explained an additional 12.1% of the covariance and did not have a 
meaningful interpretation. 

 

  

Attribute
Factor 
Loadings DeÞnition

Acousticness -0.765
A conÞdence measure from 0.0 to 1.0 of whether the track is acoustic. 1.0 represents high conÞdence the track is 
acoustic.

Danceability 0.604
A measure from 0.0 to 1.0 that describes how suitable a track is for dancing using a number of musical elements 
(the closer the value is to 1.0, the more suitable for dancing). The combination of musical elements that best 
characterize danceability include tempo, rhythm stability, beat strength, and overall regularity.

Duration -0.084 The duration of the track in milliseconds.

Energy 0.867

A measure from 0.0 to 1.0 representing a perceptual measure of intensity and powerful activity released 
throughout the track. Typical energetic tracks feel fast, loud, and noisy. For example, death metal has high energy, 
while a Bach prelude scores low on the scale. Perceptual features contributing to this attribute include dynamic 
range, perceived loudness, timbre, onset rate, and general entropy.

Instrumentalness -0.492

A measure from 0.0 to 1.0 that predicts whether a track contains no vocals. "Ooh" and "aah" sounds are treated as 
instrumental in this context. Rap or spoken word tracks are clearly "vocal". The closer the instrumentalness value 
is to 1.0, the greater likelihood the track contains no vocal content. Values above 0.5 are intended to represent 
instrumental tracks, but conÞdence is higher as the value approaches 1.0.

Liveness 0.147
A measure from 0.0 to 1.0 representing the presence of an audience in the recording. Higher liveness values 
represent an increased probability that the track was performed live. A value above 0.8 provides strong likelihood 
that the track is live.

Loudness 0.852
The overall loudness of a track in decibels (dB). Loudness values are averaged across the entire track and are 
useful for comparing relative loudness of tracks. Loudness is the quality of a sound that is the primary 
psychological correlate of physical strength (amplitude). Values typical range between -60 and 0 db.

Mode -0.042
Mode indicates the modality (major or minor) of a track, the type of scale from which its melodic content is derived. 
Major is represented by 1 and minor is 0.

Speechiness 0.085

A measure from 0.0 to 1.0 representing the presence of spoken words in a track. The more exclusively speech-like 
the recording (e.g. talk show, audio book, poetry), the closer to 1.0 the attribute value. Values above 0.66 describe 
tracks that are probably made entirely of spoken words. Values between 0.33 and 0.66 describe tracks that may 
contain both music and speech, either in sections or layered, including such cases as rap music. Values below 
0.33 most likely represent music and other non-speech-like tracks.

Tempo 0.340
The overall estimated tempo of a track in beats per minute (BPM). In musical terminology, tempo is the speed or 
pace of a given piece and derives directly from the average beat duration.

Valence 0.643

A measure from 0.0 to 1.0 describing the musical positiveness conveyed by a track. Tracks with high valence 
sound more positive (e.g. happy, cheerful, euphoric), while tracks with low valence sound more negative (e.g. sad, 
depressed, angry). This attribute in combination with energy is a strong indicator of acoustic mood, the general 
emotional qualities that may characterize the track's acoustics. Note that in the case of vocal music, lyrics may 
differ semantically from the perceived acoustic mood.



 
 

Supplementary Table 4. Detailed statistics related to baseline comparisons in musical 
valence. We report additional information including exact probability values, degrees of 
freedom, confidence intervals, and effect sizes for baseline comparisons between groups to 
support our results related to the diurnal and seasonal patterns of affective preference in 
musical valence based on temporal music consumption of one million Spotify users over a 
year. We performed all the tests using WelchÕs two-sample t-test (two-sided) to correct for 
unequal size and variance between paired samples. 

 

 

Category Group x Group y Mean x Mean y Statistic P-value N x N y DF Conf. Low Conf. High Method Alternative Cohen's D

Day of Week

Tue Mon 0.49162747 0.491170368 13.45026698 3.06775E-41 105868141 103532851 209291312 0.000390494 0.000523711 Welch Two Sample t-test two.sided 0.001859094

Wed Mon 0.49249655 0.491170368 39.18879644 0 107681991 103532851 210877350.7 0.001259855 0.001392509 Welch Two Sample t-test two.sided 0.005394107

Thu Mon 0.494822406 0.491170368 108.3263275 0 109588622 103532851 212442673 0.003585961 0.003718115 Welch Two Sample t-test two.sided 0.014846421

Mon Fri 0.491170368 0.498956973 -234.1436436 0 103532851 115918607 216675020.4 -0.007851785 -0.007721425 Welch Two Sample t-test two.sided 0.031662073

Mon Sat 0.491170368 0.505570366 -434.7809519 0 103532851 118640317 218279886.3 -0.014464913 -0.014335084 Welch Two Sample t-test two.sided 0.058462769

Mon Sun 0.491170368 0.497795598 -193.5497081 0 103532851 103762231 207294538.9 -0.00669232 -0.006558141 Welch Two Sample t-test two.sided 0.026886015

Tue Wed 0.49162747 0.49249655 -25.83476238 3.6112E-147 105868141 107681991 213487621.6 -0.000935013 -0.000803147 Welch Two Sample t-test two.sided 0.003535906

Tue Thu 0.49162747 0.494822406 -95.33811873 0 105868141 109588622 215213379.8 -0.003260617 -0.003129254 Welch Two Sample t-test two.sided 0.012991953

Tue Sat 0.49162747 0.505570366 -423.605445 0 105868141 118640317 221794611.7 -0.014007408 -0.013878384 Welch Two Sample t-test two.sided 0.056623442

Tue Sun 0.49162747 0.497795598 -181.2475282 0 105868141 103762231 209504542.1 -0.006234829 -0.006101428 Welch Two Sample t-test two.sided 0.025038953

Tue Fri 0.49162747 0.498956973 -221.7619898 0 105868141 115918607 219993763.3 -0.007394282 -0.007264724 Welch Two Sample t-test two.sided 0.02981171

Wed Thu 0.49249655 0.494822406 -69.70773032 0 107681991 109588622 217211361 -0.002391252 -0.00226046 Welch Two Sample t-test two.sided 0.009458521

Wed Sat 0.49249655 0.505570366 -399.0012411 0 107681991 118640317 224361730.9 -0.013138037 -0.013009595 Welch Two Sample t-test two.sided 0.053097876

Wed Sun 0.49249655 0.497795598 -156.3697097 0 107681991 103762231 211078598.2 -0.005365467 -0.005232629 Welch Two Sample t-test two.sided 0.021512748

Wed Fri 0.49249655 0.498956973 -196.3453501 0 107681991 115918607 222410409.8 -0.006524912 -0.006395933 Welch Two Sample t-test two.sided 0.026278457

Thu Sat 0.494822406 0.505570366 -329.342457 0 109588622 118640317 226885649 -0.010811923 -0.010683998 Welch Two Sample t-test two.sided 0.043630698

Thu Sun 0.494822406 0.497795598 -88.06700659 0 109588622 103762231 212632121.4 -0.003039362 -0.002907023 Welch Two Sample t-test two.sided 0.012064229

Thu Fri 0.494822406 0.498956973 -126.1609349 0 109588622 115918607 224786421 -0.004198799 -0.004070335 Welch Two Sample t-test two.sided 0.016809372

Sat Fri 0.505570366 0.498956973 205.6299134 0 118640317 115918607 234462270.7 0.006550358 0.006676429 Welch Two Sample t-test two.sided 0.026853748

Sun Fri 0.497795598 0.498956973 -34.87233957 1.9562E-266 103762231 115918607 216823138.5 -0.001226648 -0.0010961 Welch Two Sample t-test two.sided 0.004713856

Sat Sun 0.505570366 0.497795598 234.4039991 0 118640317 103762231 218412862.9 0.007709759 0.007839776 Welch Two Sample t-test two.sided 0.031508662

Region

Europe North America 0.489760072 0.482457986 29.29695249 1.67E-188 282710 223258 476162.496 0.006813576 0.007790597 Welch Two Sample t-test two.sided 0.082197187

Europe Asia 0.489760072 0.456017518 146.9732679 0 282710 181845 448678.2636 0.033292579 0.03419253 Welch Two Sample t-test two.sided 0.418107699

Europe Latin America 0.489760072 0.543573351 -229.4141719 0 282710 286146 589768.2437 -0.054273025 -0.053353532 Welch Two Sample t-test two.sided 0.594461765

Europe Oceania 0.489760072 0.483480415 9.741287892 2.25E-22 282710 17076 19994.65664 0.005016103 0.007543212 Welch Two Sample t-test two.sided 0.073652426

North America Asia 0.482457986 0.456017518 103.4834376 0 223258 181845 420893.4279 0.025939688 0.026941249 Welch Two Sample t-test two.sided 0.31275313

North America Latin America 0.482457986 0.543573351 -235.0653439 0 223258 286146 503945.5376 -0.061624943 -0.060605787 Welch Two Sample t-test two.sided 0.647994001

North America Oceania 0.482457986 0.483480415 -1.562574334 0.118167666 223258 17076 21213.2955 -0.002304953 0.000260095 Welch Two Sample t-test two.sided 0.011069311

Asia Latin America 0.456017518 0.543573351 -362.9860657 0 181845 286146 473180.2723 -0.088028598 -0.08708307 Welch Two Sample t-test two.sided 1.003122248

Asia Oceania 0.456017518 0.483480415 -42.44063379 0 181845 17076 20295.14308 -0.028731246 -0.02619455 Welch Two Sample t-test two.sided 0.372181543

Latin America Oceania 0.543573351 0.483480415 92.61092918 0 286146 17076 20522.58523 0.058821089 0.061364783 Welch Two Sample t-test two.sided 0.634847674

Gender F M 0.497419422 0.497458168 -0.21076439 0.833071169 487251 503784 1033539.146 -0.000399057 0.000321565 Welch Two Sample t-test two.sided 0.000414232

Age Group

20-29 10-19 0.495546281 0.494336454 5.008763058 5.48E-07 314448 216634 494949.0387 0.000736412 0.001683242 Welch Two Sample t-test two.sided 0.013719078

30-39 10-19 0.50248081 0.494336454 28.66545093 1.61E-180 192220 216634 379395.877 0.007587494 0.008701218 Welch Two Sample t-test two.sided 0.090688206

10-19 40-49 0.494336454 0.505514704 -29.36993048 5.50E-189 216634 82349 130728.9042 -0.011924223 -0.010432277 Welch Two Sample t-test two.sided 0.12888951

10-19 Over 50 0.494336454 0.495832552 -5.42721205 5.73E-08 216634 228303 435946.2867 -0.002036395 -0.000955801 Welch Two Sample t-test two.sided 0.01619513

20-29 30-39 0.495546281 0.50248081 -25.15836961 1.48E-139 314448 192220 388298.3495 -0.007474765 -0.006394292 Welch Two Sample t-test two.sided 0.073856078

20-29 40-49 0.495546281 0.505514704 -26.63129787 8.11E-156 314448 82349 124085.0773 -0.010702069 -0.009234777 Welch Two Sample t-test two.sided 0.107404097

20-29 Over 50 0.495546281 0.495832552 -1.072515378 0.283489168 314448 228303 464098.2184 -0.000809416 0.000236875 Welch Two Sample t-test two.sided 0.002992683

30-39 40-49 0.50248081 0.505514704 -7.526399046 5.24E-14 192220 82349 156692.5289 -0.003823962 -0.002243826 Welch Two Sample t-test two.sided 0.031264999

30-39 Over 50 0.50248081 0.495832552 21.72774624 1.28E-104 192220 228303 412791.1373 0.006048547 0.00724797 Welch Two Sample t-test two.sided 0.067055484

40-49 Over 50 0.505514704 0.495832552 24.37670708 5.42E-131 82349 228303 151226.7821 0.008903671 0.010460634 Welch Two Sample t-test two.sided 0.097157695

Chronotype

Evening Afternoon 0.497751197 0.498874349 -5.522509525 3.34E-08 347369 444035 780427.0395 -0.001521764 -0.00072454 Welch Two Sample t-test two.sided 0.012235838

Evening Morning 0.497751197 0.500675064 -10.12387798 4.37E-24 347369 150011 281447.175 -0.003489925 -0.00235781 Welch Two Sample t-test two.sided 0.031388903

Evening Night Owl 0.497751197 0.472527425 51.6702109 0 347369 49620 63159.19964 0.024266961 0.026180583 Welch Two Sample t-test two.sided 0.27064712

Afternoon Morning 0.498874349 0.500675064 -6.420735496 1.36E-10 444035 150011 258073.9965 -0.002350396 -0.001251035 Welch Two Sample t-test two.sided 0.019266491

Afternoon Night Owl 0.498874349 0.472527425 54.51779283 0 444035 49620 60713.54521 0.025399709 0.027294139 Welch Two Sample t-test two.sided 0.281586623

Morning Night Owl 0.500675064 0.472527425 53.61695763 0 150011 49620 82475.07367 0.027118689 0.029176589 Welch Two Sample t-test two.sided 0.283399354

Hemisphere Northern Southern 0.490968857 0.51641418 -120.9032095 0 739251 251784 452098.3331 -0.025857819 -0.025032827 Welch Two Sample t-test two.sided 0.273964423
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An indication of whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
�K�v�o�Ç�����}�u�u�}�v���š���•�š�•���•�Z�}�µ�o���������������•���Œ�]���������•�}�o���o�Ç�����Ç���v���u���V�������•���Œ�]�������u�}�Œ�������}�u�‰�o���Æ���š�����Z�v�]�‹�µ���•���]�v���š�Z�����D���š�Z�}���•���•�����š�]�}�v�X

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistics including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) AND 
variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. �&, �š, �Œ) with confidence intervals, effect sizes, degrees of freedom and �W value noted 
�'�]�À�����W���À���o�µ���•�����•�����Æ�����š���À���o�µ���•���Á�Z���v���À���Œ���•�µ�]�š�����o���X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's ��, Pearson's �Œ), indicating how they were calculated

Clearly defined error bars 
�^�š���š�������Æ�‰�o�]���]�š�o�Ç���Á�Z���š�����Œ�Œ�}�Œ�������Œ�•���Œ���‰�Œ���•���v�š���~���X�P�X���^���U���^���U�����/�•

�K�µ�Œ���Á���������}�o�o�����š�]�}�v���}�v���•�š���š�]�•�š�]���•���(�}�Œ�����]�}�o�}�P�]�•�š�•���u���Ç���������µ�•���(�µ�o�X

Software and code
Policy information about availability of computer code

Data collection Spotify's internal BigQuery was used to sample and extract the initial dataset.

Data analysis Python (2.7) and its pytzwhere (3.0) library was used to match geo-grids with time zones to normalize all time-stamps corresponding to 
the geo-grids to local time and adjust for daylight saving time. R (≥ 3.1) and ggplot2 (3.0.0) package were used to produce figures. R's 
rddtools (0.4.0) package was used for regression discontinuity tests. R's FactoMineR (1.41) was used to identify the musical intensity, the 
first principle component of the sonic and mood attributes of music. No other custom algorithms were developed and used and all the R 
scripts used to produce the results are shared in a public repository as specified in the manuscript.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers 
upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.
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Data
Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 

- Accession codes, unique identifiers, or web links for publicly available datasets 
- A list of figures that have associated raw data 
- A description of any restrictions on data availability

The datasets used in this study are available from Spotify but restrictions apply to the availability of these data, which were used under an agreement for the 
current study, and so are not publicly available. Data are however available from the authors upon reasonable request and with permission of Spotify.

Field-specific reporting
Please select the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/authors/policies/ReportingSummary-flat.pdf

Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description Quantitative observational study

Research sample The study uses 764,992,760 music streaming instances from a stratified random sample of 991,035 Spotify users across 51 countries. 
This stratified sampling adjusts the sampling frame to reflect world population distribution since the distribution of Spotify users does not 
necessarily reflect the underlying population distribution. As a result, the stratified sample represents world population distribution, not 
Spotify user distributions over the globe. The mean age of this sample was 37.1 (median 29; standard deviation 23.9) and 49.2% female.

Sampling strategy The sample was stratified to match each countryÕs age and gender distributions and population size, based on current data from CIAÕs 
World Factbook. The sample excludes countries where Spotify is unavailable or with too few users after the sampling to measure cross-
cultural patterns.

Data collection We accessed the music streaming data and audio and mood features for each individual music internally using Spotify's internal 
BigQuery, the Google Cloud based data warehouse. Audio and mood attributes of music are publicly available through Spotify's API 
(https://beta.developer.spotify.com/documentation/web-api/reference/tracks/get-audio-features/).

Timing It is redacted retrospective data collected between January 1, 2016 and December 31, 2016. 

Data exclusions The sample excludes countries where Spotify is unavailable or with too few users (under 1,000 users) after the sampling to measure 
cross-cultural patterns.

Non-participation �^�š���š�����Z�}�Á���u���v�Ç���‰���Œ�š�]���]�‰���v�š�•�����Œ�}�‰�‰�������}�µ�š�l�������o�]�v�������‰���Œ�š�]���]�‰���š�]�}�v�����v�����š�Z�����Œ�����•�}�v�~�•�•���P�]�À���v���K�Z���‰�Œ�}�À�]�������Œ���•�‰�}�v�•�����Œ���š�����K�Z���•�š���š�����š�Z���š���v�}��
�‰���Œ�š�]���]�‰���v�š�•�����Œ�}�‰�‰�������}�µ�š�l�������o�]�v�������‰���Œ�š�]���]�‰���š�]�}�v�X

Randomization �/�(���‰���Œ�š�]���]�‰���v�š�•���Á���Œ�����v�}�š�����o�o�}�����š�������]�v�š�}�����Æ�‰���Œ�]�u���v�š���o���P�Œ�}�µ�‰�•�U���•�š���š�����•�}���K�Z�������•���Œ�]�������Z�}�Á���‰���Œ�š�]���]�‰���v�š�•���Á���Œ�������o�o�}�����š�������š�}���P�Œ�}�µ�‰�•�U�����v�����]�(��
���o�o�}�����š�]�}�v���Á���•���v�}�š���Œ���v���}�u�U�������•���Œ�]�������Z�}�Á�����}�À���Œ�]���š���•���Á���Œ�������}�v�š�Œ�}�o�o�����X
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