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a b s t r a c t 

This paper introduces a real-time, continuous measure of national sentiment that is 

language-free and thus comparable globally: the positivity of songs that individuals choose 

to listen to. This is a direct measure of mood that does not pre-specify certain mood- 

affecting events nor assume the extent of their impact on investors. We validate our music- 

based sentiment measure by correlating it with mood swings induced by seasonal factors, 

weather conditions, and COVID-related restrictions. We find that music sentiment is pos- 

itively correlated with same-week equity market returns and negatively correlated with 

next-week returns, consistent with sentiment-induced temporary mispricing. Results also 

hold under a daily analysis and are stronger when trading restrictions limit arbitrage. Mu- 

sic sentiment also predicts increases in net mutual fund flows, and absolute sentiment 

precedes a rise in stock market volatility. It is negatively associated with government bond 

returns, consistent with a flight to safety. 

© 2021 Elsevier B.V. All rights reserved. 

 

 

 

 

1. Introduction 

The behavioral finance literature shows that investor

sentiment significantly affects stock returns, in contra-

diction to the efficient market hypothesis. This literature

has pioneered a range of sentiment measures that share
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a common theme – they specify an exogenous shock to 

a country’s mood, such as international sporting results, 

aviation disasters, or the weather, and assume it affects 

the sentiment of the marginal investor. 

In this paper, we take a different approach. Rather than 

studying shocks to sentiment, we seek a proxy for a coun- 

try’s actual sentiment. 1 Actual sentiment may be driven by 

a variety of factors and thus does not require us to pre- 

specify one particular driver. In addition, actual sentiment 

aims to capture the extent to which events affect investor 

mood. A country may have lost a soccer match, but the ef- 

fect on mood is muted because the loss was predictable or 

soccer is not popular in that country. Thus, rather than us- 

ing an exogenous shock that is assumed to affect national 

mood, we seek an endogenous measure that reflects it. We 

wish this measure to be available at a high frequency, at 
1 We use the terms “sentiment” and “mood” interchangeably in this pa- 

per. Other authors use “sentiment” as a broader term that captures not 

only mood, but also changes in beliefs or preferences from non-mood fac- 

tors such as investor attention (e.g., Hirshleifer et al. 2020 ). 
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a country rather than city level, and globally comparable.

This final requirement means that we desire a proxy

that is language-free and thus does not require a senti-

ment dictionary, the accuracy of which may vary across

languages. 

While feelings are unobservable, they manifest in

observable actions. However, there are no datasets on the

vast majority of actions that reflect people’s mood, such as

aggressive behavior or language. We thus study the senti-

ment of songs that a country’s citizens listen to. This idea

is based on research from the psychology literature that

individuals reflect their mood in their music choices. A

range of studies document “emotion congruity”, that music

is used to validate emotion. For example, North and Harg-

reaves (1996) show that participants’ preference for music

matches their current emotional states. Saarikallio and

Erkkilä (2007) document that unhappy subjects listen to

sad music to express their emotions or attain closure, and

Hunter et al. (2011) find that the typical preference for up-

beat music is eliminated after inducing a downbeat mood. 2

Prior research has also shown that music sentiment is cor-

related with economic behavior or beliefs that may drive

behavior. For example, Zullow (1991) shows that the op-

timism of the US top-40 songs forecasts GNP growth, and

Sabouni (2018) finds that the positivity of streamed

music predicts the Michigan Consumer Sentiment

Index. 

Listening data are available on a large scale from Spo-

tify, the leading online music platform worldwide. It had

365 million monthly active users as of June 2020, ensuring

that music played on the platform reflects the mood of a

sizeable share of a country’s population. Based on Q4-2017

U.S. data, 74% of Spotify users were above 24 years old,

and more than 30% were above 45. 3 Hence, financial

market participants are likely to be represented in the

sample of Spotify users. Spotify provides daily statistics

of the top-200 songs by the total number of streams in a

particular country. It also has an algorithm that classifies a

song’s valence , or positivity, trained on ratings of positivity

by musical experts. We use the valence of the daily top-

200 songs played on Spotify in 40 countries as a measure

of the mood of its citizens. 

Using an endogenous measure of sentiment also has

potential disadvantages. The main concern is that people

may listen to songs to attenuate rather than reflect their

mood – for example, combat negative sentiment by play-

ing an upbeat song. Such a concern is inconsistent with

the above research on emotion congruity; for example,

funerals play sad songs to reflect the mood rather than

happy songs to affect it. To address this concern directly,

we provide a validation test using established mood prox-

ies. First, we build on prior literature to identify seasonal
2 As additional evidence, Cantor and Zillman (1973) induce emotions 

in subjects by showing them films and find that they then prefer emo- 

tionally congruent music. Chen et al. (2007) find that the desire to lis- 

ten to sad music is strongest immediately after experiencing a negative 

mood; they are only likely to listen to uplifting music when some time 

has passed. Van den Tol and Edwards (2013) find that people listen to sad 

music after experiencing negative circumstances due to feeling connected 

with the music. 
3 Source: https://www.businessofapps.com/data/spotify-statistics/. 
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factors likely to affect individuals’ moods (e.g., Thaler 1987 , 

Kamstra et al. 2017 , Birru 2018 , Hirshleifer et al. 2020 ). 

We find that periods of declining mood (e.g., September 

to October in the Northern Hemisphere) are associated 

with a significant decrease in our music-based sentiment 

measure. Second, prior literature documents evidence that 

cloud cover dampens investor mood (e.g., Hirshleifer and 

Shumway 2003 , Goetzmann et al. 2015 ); we find it is 

similarly associated with music sentiment. Third, the 

stringency of a government’s restrictions imposed in re- 

sponse to COVID-19 negatively affects citizens’ mood (e.g., 

Terry et al. 2020 , Bueno-Notivol et al. 2021 ). We show that 

an increase in this stringency is associated with a decrease 

in music sentiment. 

Our main analyses investigate the relation between 

music sentiment and stock market returns. We find a pos- 

itive and significant association between music sentiment 

and contemporaneous returns, controlling for past returns, 

the world market return, seasonalities, weather conditions, 

and macroeconomic variables. A one-standard-deviation 

increase in music sentiment is associated with a higher 

weekly return of 8.1 basis points (bps), or 4.3% annualized. 

This effect reverses over the next week: a one-standard- 

deviation increase in music sentiment predicts a lower 

next-week return of 7.1 bps or −3.7% annualized. Both 

results are consistent with sentiment-induced temporary 

mispricing, and prior theoretical and empirical findings 

that negative investor sentiment causes prices to tem- 

porarily fall but subsequently correct ( De Long et al., 1990 ; 

Baker and Wurgler, 20 06 , 20 07 ; Edmans et al., 20 07 ; 

Ben-Rephael et al., 2012 ). 

We obtain similar results with a daily analysis – music 

sentiment is associated with significantly higher contem- 

poraneous stock returns, which subsequently reverse. Our 

results hold for both dollar and local currency returns, 

when excluding one country at a time to ensure that they 

are not driven by a specific country, and when excluding 

the 50 most-streamed songs per country to address the 

concern that Spotify suggests songs to users. 

To further test whether sentiment is driving our re- 

sults, we perform a series of additional analyses. First, 

the impact of sentiment should be stronger when limits 

to arbitrage are higher ( Baker and Wurgler, 20 06 , 20 07 ). 

Over our sample period, some countries implemented 

trading restrictions such as short-sale bans at the be- 

ginning of the COVID-19 pandemic, limiting arbitrage 

opportunities. We conduct difference-in-differences anal- 

yses around these plausibly exogenous shocks and find 

that the effect of sentiment on current and future returns 

intensifies. 

Second, prior theoretical and empirical literature sug- 

gests that investor sentiment and the resulting noise 

trading can affect the volatility as well as level of asset 

prices (e.g., Black 1986 , De Long et al. 1990 , Da et al. 2015 ). 

We indeed find a significant contemporaneous correlation 

between absolute music sentiment and stock market 

volatility. 

Third, as out-of-sample tests, we move from studying 

equity indices to equity mutual funds and govern- 

ment bond indices. Prior literature shows that mutual 

fund flows are affected by investor sentiment (e.g., 
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Ben-Rephael et al. 2011 , 2012 ). We indeed find that mu-

sic sentiment is significantly and positively associated

with net equity fund flows. By contrast, it is signif-

icantly negatively associated with government bond

index returns, consistent with a “flight to safety” (see

also Baker and Wurgler 2012 , Laborda and Olmo 2014 ,

Da et al. 2015 ). 

Our study contributes to the literature on the effect

of investor sentiment on the stock market. Prior studies

have introduced a range of sentiment measures, each

with its unique strengths but also some limitations. Some

studies use rare events that capture sudden changes to

investor mood, such as international sporting results

( Edmans et al., 2007 ), aviation disasters ( Kaplanski and

Levy, 2010 ), terrorist attacks ( Chen et al., 2020 ), and clock

changes ( Kamstra et al., 20 0 0 ). Although powerful where

available, such sentiment measures do not exist for most

of the year. In addition, because they are discrete, they

show that shocks to sentiment affect asset prices but

do not have implications for more moderate changes.

Weather variables such as cloud cover ( Hirshleifer and

Shumway, 2003 ; Goetzmann et al., 2015 ) or daylight hours

( Kamstra et al., 2003 ) also represent exogenous shocks to

sentiment. These measures are both continuous and avail-

able at a high frequency but do not capture the strength

of their effect on investor mood; in addition, weather in

the city where the national stock exchange is located may

not be shared by the rest of the country. 

Other papers, like ours, use endogenous measures of

sentiment. Baker and Wurgler (2006) develop a sentiment

index of market-based measures such as trading volume,

the closed-end fund discount, initial public offering first-

day returns and volumes, option-implied volatilities, and

mutual fund flows. However, these factors could reflect

economic fundamentals rather than sentiment; for exam-

ple, implied volatility could be high due to uncertainty

rather than irrationality. Brown and Cliff (2005) and

Lemmon and Portniaguina (2006) use consumer sentiment

surveys, but these are available at a low frequency, inquire

about behavior rather than directly capturing behavior,

and may not be filled in truthfully or carefully. 

Da et al. (2015) use textual analysis of internet searches

to develop a measure of negative sentiment and find that

it is correlated with market returns, volatility, and fund

flows in the U.S. 4 Gao et al. (2020) expand this index to

include non-finance terms and capture positive as well as

negative sentiment, and link it with country-level returns

across 38 countries. Like us, Gao et al. (2020) study an

endogenous high-frequency measure of investor senti-

ment available globally. However, textual analysis requires

pre-specifying a set of keywords as being positive or neg-
4 Other papers using textual analysis to construct a sentiment mea- 

sure include Tetlock (2007) , Das and Chen (2007) , Bollen et al. (2011) , 

and Garcia (2013) . Sabouni (2018) and Kaivanto and Zhang (2019) , like us, 

study music but only consider one and two countries, respectively. Their 

sentiment measure includes the song’s lyrics. In addition to the issues 

with textual analysis, songs with positive music may have negative lyrics 

(e.g., “Pumped Up Kicks,” “Born in the USA,” “Good Riddance (Time Of 

Your Life),” and “Semi-Charmed Life”). 
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ative. The accuracy of this set may vary across languages, 

reducing global comparability. Loughran and McDon- 

ald (2016) review other challenges with textual analysis, 

such as disambiguating sentences, which likely also vary 

across languages. 

Our music-based sentiment measure also involves 

subjectivity, since the valence algorithm was initially 

trained based on experts’ opinion. However, the sentiment 

measure applies to songs all over the world, which in- 

creases comparability. While equivalent words in different 

languages have different meanings, music is less equivocal: 

as is often emphasized, “music is a universal language.”

Mehr et al. (2019) study 315 cultures and find that they 

use similar kinds of music in a similar context, suggesting 

music has universal properties that likely reflect com- 

monalities of human cognition throughout the world. 

Thus, a measure of song valence is likely to be applicable 

globally. Moreover, music captures ineffable emotions that 

a word-based sentiment measure cannot. 

Another difference is that search behavior may arise 

from information acquisition rather than reflecting senti- 

ment. Someone may search for “unemployment” not out 

of concerns for his job, but to become informed about 

the economy. In contrast, music listening is primarily a 

consumption decision. Our approach thus infers individ- 

uals’ sentiment from their consumption decisions. For 

most goods, national consumption data is unavailable at 

high frequency, and it is difficult to classify their purchase 

as resulting from positive or negative mood. In contrast, 

music consumption is available daily, and we can assess 

the valence of each song. 

This paper is also related to studies investigating high- 

frequency proxies of sentiment using non-textual sources. 

Obaid and Pukthuanthong (2021) estimate sentiment in 

the U.S. through a sample of editorial news photos. Like 

them, we study a measure that may convey sentiment 

more effectively than words, but an audio rather than 

visual one. Our analysis also differs by considering an 

endogenous measure of mood, studying 40 countries, and 

analyzing equity fund flows and government bond returns 

in addition to stock returns. 

Finally, our study is part of a new stream of lit- 

erature using big data in finance. Music sentiment 

satisfies the three features of big data identified by 

Goldstein et al. (2021) . It is large in size, aggregating the 

listening behavior across all Spotify listeners within a 

country every day. It is high-dimension, as a song has 

multiple characteristics that feed into its valence measure. 

It is also unstructured, requiring an algorithm to assess its 

positivity. All three features mean that music streaming 

is an aggregate measure of consumption available at high 

frequency, whose positivity can be assessed to form a 

proxy for national sentiment. 

This paper substantially expands and updates a pre- 

liminary paper by Fernandez-Perez et al. (2020) that 

correlates weekly music sentiment and stock returns in 

the U.S. Because the music sentiment measure is only 

available for a short time series, our cross section of 40 

countries is particularly important to verify the robustness 

of its correlation with stock returns, as well as to provide 

an “out-of-sample” test to address concerns of spurious 
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correlation and data mining. Because music sentiment is

language-free and based on universal features of music,

it is well suited to a global analysis. We study the impact

of sentiment on volatility, mutual fund flows, and govern-

ment bond indices, also helping to ensure out-of-sample

validity and greater generalizability. 

The rest of the paper is organized as follows. In

Section 1 , we discuss and validate the music senti-

ment measure. Section 2 reports our main results, and

Section 3 presents additional analyses. Section 4 concludes.

2. Data and variable measurement 

2.1. Music sentiment 

To measure music sentiment, we collect data from

Spotify. 5 Starting from January 1, 2017, Spotify has re-

leased, per country, daily statistics of the top-200 songs

by the total number of streams. 6 A stream is counted in

Spotify only once a song is played for at least 30 seconds;

thus, if is a user “passively” listens to a song because it

is suggested by Spotify or part of a playlist but promptly

skips it, it is not in our data. As of December 2020, Spotify

provides data for 70 countries. We only select countries

where Spotify data are available since January 1, 2017,

and MSCI stock market indices are available from Refinitiv

(formerly Thomson Reuters). This procedure results in a

total sample of 40 countries over the sample period from

January 1, 2017, to December 31, 2020. 7 We identify over

58,0 0 0 unique songs with over 500 billion streams. On

average, we have 8.6 million streams daily per country,

with around 43,0 0 0 streams per song. 

In addition to the top-200 songs, Spotify also provides

a metric of a song’s musical positivity known as valence .

This metric is measured by Spotify’s music intelligence

division, The Echo Nest, which was initially a research

spin-off from the MIT Media Lab and then acquired by

Spotify in 2014. The Echo Nest assigned positivity scores to

a sample of 5,0 0 0 songs, and then used machine learning

to create an algorithm that is then applied to the rest of

the music in the world. Valence measures the positivity

of the music, not the lyrics, avoiding the aforementioned

concerns with textual analysis. It ranges from 0 to 1;
5 Readers and seminar audiences have suggested additional measures 

of music sentiment to supplement the Spotify data, but none seem suit- 

able. Record sales are less suitable because they are partly driven by a 

new record becoming available (e.g., if it is by an artist the purchaser 

likes) rather than sentiment; in addition, most current music consump- 

tion occurs through streaming rather than purchases. Ticket sales simi- 

larly are driven by when tickets are released (because popular concerts 

often sell out) rather than sentiment. Airplay is driven by the choice of 

the radio station, rather than an active listening choice by the individual; 

it is also constrained by the type of music the radio station typically airs. 
6 This information is released at https://spotifycharts.com/regional. 
7 We drop Andorra, Bulgaria, Cyprus, Egypt, Estonia, India, Israel, 

Lithuania, Luxembourg, Morocco, Romania, Russia, Saudi Arabia, South 

Africa, South Korea, Thailand, Ukraine, United Arab Emirates, and Vietnam 

because their Spotify data are only available for less than one year. We 

also drop Bolivia, Costa Rica, Dominican Republic, Ecuador, El Salvador, 

Guatemala, Honduras, Nicaragua, Paraguay, Slovakia, and Uruguay due to 

unavailability of MSCI stock market data. 
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songs with high valence sound more positive (e.g., happy, 

cheerful, euphoric), whereas songs with low valence sound 

more negative (e.g., sad, depressed, angry). Table A1 re- 

ports the songs with the highest and lowest valence per 

country in our sample period, and Table A2 does so for 

Billboard’s Top 100 songs of the 2010s. 8 

We construct a stream-weighted average valence 

(henceforth SWAV ) across the top-200 songs for each day 

d and country i as follows: 

SWA V i,d = 

200 ∑ 

j=1 

( 

Stream s j,i,d ∑ j=200 
j=1 

Stream s j,i,d 
· V alenc e j,i,d 

) 

(1a) 

where Stream s j,i,d is the total streams for song j of country 

i on day d , and V alenc e j,i,d is the valence of the song j of 

country i on day d. 

Fig. 1 shows a chart of the full sample average SWAV 

across countries. We observe that South American coun- 

tries have a higher average SWAV , whereas Asian countries 

have a lower average SWAV . Fig. 2 plots daily SWAV over 

time for three countries: the US, Brazil (which has one of 

the highest average SWAV ), and Taiwan (which has one of 

the lowest). Although SWAV is persistent, it also exhibits 

variations over time that we can exploit to construct a 

music-based sentiment measure. The coefficient of vari- 

ation (standard deviation divided by the mean) of daily 

SWAV is 5.5% when computed separately for each country 

and then averaged. The persistence of SWAV means that 

our music-based sentiment measure is based on changes 

in SWAV . 

To match our music sentiment measure with stock mar- 

ket and macroeconomic data, we aggregate it at a weekly 

level to avoid non-synchronicity between the opening and 

closing times of the stock markets and the time of day that 

Spotify reports its daily statistics. Such non-synchronicity 

would lead to a daily measure of SWAV partially leading 

daily stock returns for some indices and lagging it for 

others. We define our sentiment measure as the weekly 

change in sentiment, both to control for country-level 

differences in the average level of sentiment, as shown in 

Fig. 1 , and also because we expect the change in sentiment 

to cause changes in stock prices. Our music-based mood 

proxy, Music Sentiment , is thus given by: 

Music Sentimen t i,t = SWA V i,t − SWA V i,t−1 , (1b) 

where SWA V i,t is the stream-weighted average valence for 

week t (taken every Friday). Music Sentiment is thus the 

total change in the stream-weighted average valence of 

the top-200 songs citizens of country i listen to in week t . 

2.2. Sample and summary statistics 

We obtain country-level MSCI total return indices 

from Refinitiv. We use dollar returns, consistent with the 

literature on international asset pricing (e.g., Griffin 2002 ; 

Fama and French 2017 ). The list of indices used for each 

country is given in Table A3 in the Appendix. Table 1 pro- 
8 This list is available at https://www.billboard.com/charts/decade- 

end/hot-100. 
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Fig. 1. Stream-weighted average valence of top-200 songs by geographical region and country. This figure plots the average daily stream-weighted average 

valence ( SWAV ) per country over our sample period from January 1, 2017, to December 31, 2020. The 40 countries in our sample are grouped by geographical 

region. 

Fig. 2. Daily stream-weighted average valence of top-200 songs. This figure plots time series of daily stream-weighted average valence ( SWAV ) over our 

sample period from January 1, 2017, to December 31, 2020, for the U.S., Brazil, and Taiwan. 

 

 

 

 

 

 

 

vides summary statistics by country on our music-based

sentiment measure, market index returns, and volatility.

We winsorize all continuous variables in our study at

the 2.5% and 97.5% levels, similar to Da et al. (2015) .

Music Sentiment ranges from −0.024% (Turkey) to 0.109%

(Latvia). Weekly average stock market returns range from

−0.009% (Turkey) to 0.449% (Taiwan), and weekly average
238 
stock market volatility ranges from 0.648% (Malaysia) to 

2.060% (Argentina). The average autocorrelation for Music 

Sentiment is −0.19. 

2.3. Validation of our music-based sentiment measure 

We begin our empirical analysis by validating our 

music-based sentiment measure using variables that prior 
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Table 1 

Summary Statistics. This table reports summary statistics (full sample average) on our main variables. The sample period is from January 1, 2017, to 

December 31, 2020. Music Sentiment is the weekly change in the stream-weighted average valence of the top-200 songs played on Spotify for a country 

(multiplied by 100). RET is the weekly stock market return. VOL is the standard deviation of daily stock market returns within the week. SD is the standard 

deviation. AR(1) is the first coefficient of autocorrelation. 

Country 

Music Sentiment RET (%) VOL (%) 

Mean SD AR(1) Mean Mean 

Argentina −0.004 0.656 −0.097 0.255 2.060 

Australia 0.039 1.027 −0.190 0.304 0.951 

Austria 0.054 1.347 −0.270 0.199 1.241 

Belgium 0.043 1.275 −0.217 0.126 1.018 

Brazil 0.057 1.021 −0.399 0.248 1.690 

Canada 0.072 1.533 −0.256 0.220 0.754 

Chile −0.004 0.660 −0.043 0.071 1.208 

Colombia 0.025 0.738 −0.213 0.246 1.251 

Czech 0.039 1.258 −0.210 0.273 0.846 

Denmark 0.042 1.201 −0.129 0.413 0.909 

Finland −0.014 1.536 −0.255 0.364 0.968 

France 0.029 1.664 −0.228 0.291 0.901 

Germany 0.030 1.408 −0.287 0.235 0.946 

Greece 0.012 1.780 −0.257 0.061 1.530 

Hong Kong 0.027 0.818 −0.084 0.185 0.899 

Hungary 0.068 1.108 −0.160 0.326 1.263 

Iceland 0.063 2.084 −0.295 0.249 0.961 

Indonesia −0.018 0.647 −0.040 0.220 1.214 

Ireland 0.072 1.476 −0.273 0.298 1.036 

Italy −0.002 1.456 −0.229 0.285 1.079 

Japan 0.013 0.681 −0.187 0.196 0.823 

Latvia 0.109 1.761 −0.249 0.306 0.892 

Malaysia 0.075 1.025 −0.056 0.131 0.648 

Mexico 0.030 0.733 −0.202 0.177 1.251 

Netherlands 0.040 1.119 −0.047 0.391 0.827 

New Zealand 0.038 1.054 −0.222 0.389 0.974 

Norway 0.022 1.052 −0.111 0.249 1.118 

Panama 0.034 0.948 −0.190 0.066 0.711 

Peru 0.025 0.537 −0.026 0.243 1.171 

Philippines 0.021 0.649 −0.036 0.152 1.092 

Poland 0.065 1.216 −0.283 0.233 1.260 

Portugal 0.010 1.043 −0.202 0.329 0.990 

Singapore 0.030 0.750 −0.043 0.192 0.799 

Spain 0.015 0.863 −0.136 0.191 1.021 

Sweden 0.027 1.278 −0.273 0.338 1.042 

Switzerland 0.059 1.426 −0.288 0.311 0.706 

Taiwan 0.000 0.876 −0.209 0.449 0.915 

Turkey −0.024 0.793 −0.178 −0.009 1.728 

UK 0.059 1.630 −0.286 0.143 0.882 

US 0.055 1.803 −0.288 0.341 0.802 

Whole sample average 0.033 1.201 −0.191 0.242 1.059 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

9 Goetzmann et al. (2015) explain that the 6 am to 12 pm window is 

when investors are most likely to observe outdoor weather conditions. 

For robustness, we also calculate the average daily cloud cover from 6 am 

to 4 pm, similar to Hirshleifer and Shumway (2003) . The results are qual- 
research has shown to affect mood and that are also

available for our sample countries. We first draw on

prior literature to identify seasonal factors likely to affect

individuals’ moods (e.g., Thaler 1987 ; Kamstra et al. 2017 ;

Birru 2018 ; Hirshleifer et al. 2020 ). January is associated

with the improving mood of the New Year period. For

Northern Hemisphere countries, March is associated with

the highest recovery from seasonal affective disorder

(SAD). By contrast, the months of September and October

are associated with the highest onset of the SAD effect.

Kamstra et al. (2003) show that the SAD effect is also

observed in the Southern Hemisphere, but six months out

of phase. 

Another strand of papers relates mood to weather

conditions. Prior literature finds that cloud cover af-

fects mood (see, e.g., Hirshleifer and Shumway 2003 ;
239 
Goetzmann et al. 2015 ). We test whether our music 

sentiment is related to weather conditions. We collect 

local climatological data from the National Oceanic and 

Atmospheric Administration website, which contains 

hourly weather observations from over 20,0 0 0 weather 

stations worldwide. For each weather station, we can 

observe the degree of cloud cover, which takes on integer 

values from 0 (clear sky) to 8 (overcast sky). Following 

Goetzmann et al. (2015) , the average daily cloud cover 

is calculated per country using hourly values from 6 am 

to 12 pm across the country’s various weather stations. 9 
itatively similar. 
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Because daily cloud cover is highly seasonal, we desea-

sonalize it by subtracting each week’s mean cloudiness

from the time-series mean, similar to Hirshleifer and

Shumway (2003) . We call this measure deseasonalized

cloud cover ( DCC ). Because our sentiment measure cap-

tures a change in sentiment, we use the average daily

change in deseasonalized cloud cover within a week in

our validation test ( �DCC ) . 10 We use weather-induced

and calendar-related mood swings rather than events such

as international sports results or aviation disasters, due to

few such events in our sample period. 

Finally, we expect music-based sentiment to be lower

when the government imposes stronger restrictions in

response to COVID-19. Recent studies show that such

restrictions have adversely affected citizens’ mood (e.g.,

Terry et al. 2020 ; Bueno-Notivol et al. 2021 ). We com-

pile an index based on lockdown restrictions compiled

by the University of Oxford’s COVID-19 government re-

sponse tracker. 11 These include school closures, workplace

closures, cancellations of public events, restrictions on

gathering sizes, closures of public transport, stay-at-home

requirements, restrictions on internal movement, and

restrictions on international travel. (We do not include

other government responses contained in the tracker, such

as vaccination requirements and testing policy, that do not

lead to closures or containment). Our index commences

on January 1, 2020. 

To validate our music construct as a proxy for mood,

we test how it relates to the above seasonal mood pat-

terns, weather conditions, and COVID restrictions. More

specifically, we estimate the following panel regression: 

Music Sentimen t i,t = α + β1 · P ositi v e Month s i,t 

+ β2 · Negati v e Month s i,t + β3 

· �DCC i,t + β4 · �COV I D i,t + ε i,t (2)

where Positi v e Months is an indicator variable that equals

1 for January and March for Northern Hemisphere coun-

tries (January and September for Southern Hemisphere

countries – we do not shift January because it remains the

New Year in the Southern Hemisphere) and 0 otherwise,

Negati v e Months is an indicator variable that equals 1 in

September and October for Northern Hemisphere coun-

tries (March and April for Southern Hemisphere countries)

and 0 otherwise, 12 �DCC i,t is the average daily change in

deseasonalized cloud cover within week t, and �COV I D i,t 

is the weekly change in the stringency of a government’s

response to COVID. We estimate Eq. (2) using ordinary

least squares (OLS) and report White-corrected t -statistics,

which are robust to heteroscedasticity. Table A4 lists the

variable definitions and sources. 
10 Hirshleifer and Shumway (2003) show that both the change and level 

of cloudiness are related to mispricing. 
11 These data are available from https://data.humdata.org/dataset/oxford- 

covid-19-government-response-tracker. 
12 Kamstra et al. (2003) find that the effect of SAD is more pro- 

nounced in higher-latitude countries. Therefore, we consider only mid- 

latitude countries (N23 º26 ′ 22 ′ ’–N66 º33 ′ 39 ′ ’ in the Northern hemisphere 

and S23 º26 ′ 22 ′ ’–S66 º33 ′ 39 ′ ’ in the Southern hemisphere) where the four 

seasons are clearly distinguished. The results are similar if we consider all 

countries. 

240 
Table 2 reports the regression estimates. Column (1) 

includes the month dummies and country and year fixed 

effects. It shows that decreasing mood periods ( Negative 

Months ) are significantly negatively associated with music- 

based sentiment, with a t -statistic exceeding 9; we find 

no significant effect in increasing mood periods ( Positive 

Months ). Column (2) includes the change in cloudiness 

and country and month fixed effects and shows that an 

increase in cloudiness is associated with a significant 

decrease in music sentiment (at the 1% level). Column 

(3) shows that more stringent lockdown restrictions are 

associated with a decrease in music sentiment at the 5% 

level. Column (4) includes all of the above explanatory 

variables together and shows that the aforementioned as- 

sociations hold. These results suggest that our music-based 

sentiment measure captures mood swings of a country’s 

individuals caused by well-established mood-affecting 

factors. 13 The stronger results for decreasing mood periods 

are consistent with prior research that negative senti- 

ment has greater effects than positive sentiment (e.g., 

Edmans et al. 2007 ). 

3. Results 

3.1. Music sentiment and stock market returns 

In our main analysis, we investigate the relation be- 

tween music sentiment and stock market returns. We 

estimate the following baseline panel regression: 

RE T i,t = α + β1 · Music Sentimen t i,t + 

∑ 

�

· Control s i,t + ε i,t , (3) 

where RE T i,t is the weekly return of the country’s stock 

market index, and Control s i, t is a vector of control 

variables. We control for the one-week-lagged market 

return to address autocorrelation, and the change in 

cloud cover ( �DCC ), because it is correlated with both 

music sentiment (as shown in Table 2 ) and stock re- 

turns ( Hirshleifer and Shumway, 2003 ). If sentiment 

affects domestic stock returns, it should do so over and 

above the effect of global events. Thus, we include the 

contemporaneous weekly world return ( World RET) and 

three macroeconomic variables. Because macroeconomic 

variables are unavailable at high frequency for non-U.S. 

countries, we employ U.S. variables as in Gao et al. (2020) ; 

relatedly, Brusa et al. (2020) show that U.S. macroeco- 

nomic policy has a larger effect on foreign country stock 

markets than local macroeconomic policy. 

Specifically, we control for the weekly change in un- 

certainty related to economic policies, using the weekly 

news-based measure of U.S. economic policy uncertainty 

( �EPU ) developed by Baker et al. (2016) and taken 

from Scott Baker’s website. 14 We also control for the 
13 Table A5 confirms the results of Table 2 at a daily frequency. Specif- 

ically, music sentiment is lower on decreasing-mood days (Monday and 

Sunday) and higher on increasing-mood days (Friday and Saturday), con- 

sistent with the evidence reviewed by Birru (2018) that also finds a link 

between sentiment and the day of the week. In addition, the daily in- 

crease in cloud cover remains negatively associated with music sentiment. 
14 This measure is constructed by counting the number of U.S. news- 

paper articles achieved by the NewsBank Access World News database 
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Table 2 

Validation of our Music-Based Sentiment Measure. This table reports the regression estimates of Eq. (2) from January 1, 2017, to December 31, 2020. The 

dependent variable, Music Sentiment is the weekly change in the stream-weighted average valence of the top-200 songs played on Spotify for a country. 

In column (1), Positive months is an indicator variable that equals 1 in January and March (January and September) for Northern (Southern) Hemisphere 

countries, and 0 otherwise. Negative months is an indicator variable that equals 1 in September and October (March and April) for Northern (Southern) 

Hemisphere countries, and 0 otherwise. In column (2), �DCC is the average daily change in deseasonalized cloud cover over the week. In column (3), 

�COVID is the weekly change in the containment and closure index. In columns (1) and (4), the regressions include country and year fixed effects. In 

columns (2) and (3), the regressions include country and month fixed effects. Constants are not reported. White-corrected t -statistics are in parentheses. ∗ , 
∗∗ , and ∗∗∗ denote significance at the 10%, 5%, and 1% level, respectively. Variable definitions are in Table A4 . All coefficients are multiplied by 100. 

Music Sentiment (1) (2) (3) (4) 

Positive months −0.042 ( −0.98) −0.017 ( −0.40) 

Negative months −0.383 ∗∗∗ ( −9.40) −0.376 ∗∗∗ ( −9.18) 

�DCC −0.183 ∗∗∗ ( −3.48) −0.200 ∗∗∗ ( −3.66) 

�COV ID −0.043 ∗∗ ( −2.24) −0.046 ∗ ( −1.94) 

Fixed Effects Country, year Country, month Country, month Country, year 

R ² 1.39% 2.13% 2.09% 1.72% 

#Obs. 6,448 8,279 8,280 6,383 

Table 3 

Music Sentiment and Stock Market Returns. This table reports the regression estimates from Eq. (3) from January 1, 2017, to December 31, 2020. The 

dependent variable is the weekly stock market return ( RET ). In Panel A, the dependent variable, Music Sentiment , is the weekly change in the stream- 

weighted average valence of the top-200 songs played on Spotify for a country. The control variables are the one-week-lagged dependent variable ( RET t-1 ), 

weekly return of the MSCI World index ( World RET ), contemporaneous implied volatility ( VIX ), weekly change in economic policy uncertainty ( �EPU ), 

weekly change in macroeconomic activity ( �ADS ), and the average daily change in deseasonalized cloud cover over the week ( �DCC ) . In Panel B, Music 

Sentiment is lagged by one week . All regressions include country and month fixed effects. Constants are not reported. White-corrected t -statistics are in 

parentheses. ∗ , ∗∗ , and ∗∗∗ denote significance at the 10%, 5%, and 1% level, respectively. Variable definitions are in Table A4 . 

RET (%) Panel A: Contemporaneous Music Sentiment Panel B: One-Week-Lagged Music Sentiment 

(1) (2) (3) (4) 

Music Sentiment 12.276 ∗∗∗ (5.03) 6.758 ∗∗∗ (3.62) −19.554 ∗∗∗ ( −7.52) −5.954 ∗∗∗ ( −2.93) 

World RET 0.899 ∗∗∗ (60.84) 0.898 ∗∗∗ (60.60) 

VIX 0.008 ∗∗ (2.18) 0.008 ∗∗ (2.17) 

�EPU −0.003 ∗∗∗ ( −6.11) −0.003 ∗∗∗ ( −6.03) 

�ADS 0.016 (0.30) 0.001 (0.02) 

�DCC −0.002 ( −0.03) −0.011 ( −0.12) 

RET t-1 −0.041 ∗∗∗ ( −3.11) −0.039 ∗∗∗ ( −2.93) 

Fixed Effects Country, month Country, month Country, month Country, month 

R ² 3.62% 39.16% 3.94% 39.14% 

#Obs. 8,320 8,239 8,280 8,239 

 

 

 

 

 

 

 

 

 

 

weekly change in U.S. macroeconomic activity using the

Aruoba et al. (2009) index ( �ADS ) from the Federal

Reserve website. 15 Finally, we control for the implied

volatility of the S&P 500 ( VIX ) (as in Baker and Wur-

gler 2007 ; Da et al. 2015 ), obtained from the Chicago

Board Options Exchange website. It captures investors’

expectations about the volatility of the U.S. stock market

over the following 30 calendar days. For all regressions

henceforth, we use country fixed effects to control for

other cross-sectional differences that may drive stock
with at least one term from each of the following three categories: (i) 

“economic” or “economy”; (ii) “uncertain” or “uncertainty”; and (iii) “leg- 

islation,” “deficit,” “regulation,” “congress,” “Federal Reserve,” or “White 

House.” Baker et al. (2016) provide evidence that EPU captures perceived 

economic policy uncertainty. 
15 This index extracts the latent state of macroeconomic activity from 

a large number of macroeconomic variables (jobless claims, payroll em- 

ployment, industrial production, personal income less transfer payments, 

manufacturing and trade sales, and quarterly real gross domestic product) 

using a dynamic factor model. 
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returns and month fixed effects to control for seasonal 

mood swings not captured by our music-based sentiment 

measure. 

Table 3 , Panel A reports the estimation results of 

Eq. (3) . We find a positive association between mu- 

sic sentiment and contemporaneous market returns. A 

one-standard-deviation increase in music sentiment is 

associated with a higher weekly return of 8.1 bps (4.3% 

annualized), significant at the 1% level. Panel B reports 

the estimation results of Eq. (3) using one-week-lagged 

music sentiment as the key independent variable and finds 

evidence of reversal. A one-standard-deviation increase 

in music sentiment is associated with a lower next-week 

return of 7.1 bps ( −3.7% annualized), significant at the 

1% level. In sum, music sentiment is positively correlated 

with same-week returns and negatively correlated with 

next-week returns, a price-reversal pattern consistent with 

sentiment-induced temporary mispricing. 

Turning to the control variables, we observe a positive 

association between world and domestic market returns, 
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Table 4 

Robustness Checks. This table reports the results of robustness tests on the estimation of Eq. (3) from January 1, 2017, to December 31, 2020. Panel A 

controls for both contemporaneous and one-week-lagged music sentiment in the same regression. Panel B studies local-currency market returns. Panel C 

replaces Music Sentiment by Music Sentiment(150) , which excludes the daily 50 songs with the highest number of streams. Panel D includes year-month 

fixed effects. Panel E drops one country at a time. All regressions include country and month fixed effects unless otherwise specified. Constants are not 

reported. White-corrected t -statistics are in parentheses. ∗ , ∗∗ , and ∗∗∗ denote significance at the 10%, 5%, and 1% level, respectively. Variable definitions are 

in Table A4 . 

Panel A: Including contemporaneous and one-week-lagged music sentiment 

RET (%) (1) (2) 

Music Sentiment t 7.669 ∗∗∗ (3.06) 5.610 ∗∗∗ (2.88) 

Music Sentiment t-1 −17.546 ∗∗∗ ( −6.58) −4.463 ∗∗ ( −2.10) 

Fixed Effects Country, month Country, month 

Controls No Yes 

R ² 4.04% 39.20% 

#Obs. 8,280 8,239 

Panel B: Local-currency market returns 

RET (%) Contemporaneous Music Sentiment One-Week-Lagged Music Sentiment 

(1) (2) (3) (4) 

Music Sentiment 7.126 ∗∗∗ (3.46) 6.316 ∗∗∗ (3.51) −12.574 ∗∗∗ ( −5.75) −6.785 ∗∗∗ ( −3.49) 

Fixed Effects Country, month Country, month Country, month Country, month 

Controls No Yes No Yes 

R ² 2.87% 21.90% 3.06% 21.91% 

#Obs. 8,320 8,239 8,280 8,239 

Panel C: Music sentiment after removing the top 50 songs by number of streams 

RET (%) Contemporaneous Music Sentiment One-Week-Lagged Music Sentiment 

(1) (2) (3) (4) 

Music Sentiment(150) 7.278 ∗∗∗ (3.97) 3.958 ∗∗∗ (2.67) −10.626 ∗∗∗ ( −5.70) −4.407 ∗∗∗ ( −2.94) 

Fixed Effects Country, month Country, month Country, month Country, month 

Controls No Yes No Yes 

R ² 3.50% 39.14% 3.61% 39.15% 

#Obs. 8,314 8,234 8,274 8,233 

Panel D: Year-month fixed effects 

RET (%) Contemporaneous Music Sentiment One-Week-Lagged Music Sentiment 

(1) (2) (3) (4) 

Music Sentiment 12.438 ∗∗∗ (5.14) 5.790 ∗∗∗ (3.05) −18.316 ∗∗∗ ( −7.26) −8.777 ∗∗∗ ( −4.33) 

Fixed Effects Country, year-month Country, year-month Country, year-month Country, year-month 

Controls No Yes No Yes 

R ² 13.51% 41.75% 13.77% 41.83% 

#Obs. 8,320 8,239 8,280 8,239 

Panel E: Excluding one country 

Excluded country Contemporaneous Music Sentiment One-Week-Lagged Music Sentiment 

without controls with controls without controls with controls 

Argentina 11.945 ∗∗∗ (4.94) 6.615 ∗∗∗ (3.60) −19.474 ∗∗∗ ( −7.53) −6.318 ∗∗∗ ( −3.13) 

Australia 12.415 ∗∗∗ (5.02) 6.852 ∗∗∗ (3.62) −19.940 ∗∗∗ ( −7.57) −6.312 ∗∗∗ ( −3.06) 

Austria 10.977 ∗∗∗ (4.48) 5.798 ∗∗∗ (3.08) −19.408 ∗∗∗ ( −7.43) −5.756 ∗∗∗ ( −2.81) 

Belgium 12.277 ∗∗∗ (4.96) 6.720 ∗∗∗ (3.56) −19.342 ∗∗∗ ( −7.33) −5.780 ∗∗∗ ( −2.80) 

Brazil 11.659 ∗∗∗ (4.80) 6.113 ∗∗∗ (3.32) −18.710 ∗∗∗ ( −7.23) −5.237 ∗∗∗ ( −2.60) 

Canada 12.621 ∗∗∗ (5.02) 7.209 ∗∗∗ (3.73) −19.329 ∗∗∗ ( −7.20) −6.208 ∗∗∗ ( −2.94) 

Chile 11.820 ∗∗∗ (4.84) 6.552 ∗∗∗ (3.51) −19.050 ∗∗∗ ( −7.31) −5.543 ∗∗∗ ( −2.72) 

Colombia 12.182 ∗∗∗ (5.00) 6.647 ∗∗∗ (3.56) −18.676 ∗∗∗ ( −7.19) −5.229 ∗∗ ( −2.57) 

Czech 12.188 ∗∗∗ (4.90) 6.490 ∗∗∗ (3.42) −19.577 ∗∗∗ ( −7.38) −5.567 ∗∗∗ ( −2.69) 

Denmark 12.403 ∗∗∗ (5.02) 7.016 ∗∗∗ (3.71) −19.729 ∗∗∗ ( −7.46) −6.250 ∗∗∗ ( −3.02) 

Finland 12.124 ∗∗∗ (4.89) 6.875 ∗∗∗ (3.60) −20.106 ∗∗∗ ( −7.56) −6.488 ∗∗∗ ( −3.10) 

France 13.237 ∗∗∗ (5.30) 7.475 ∗∗∗ (3.87) −20.516 ∗∗∗ ( −7.65) −6.183 ∗∗∗ ( −2.91) 

Germany 11.658 ∗∗∗ (4.71) 6.538 ∗∗∗ (3.42) −19.804 ∗∗∗ ( −7.50) −6.039 ∗∗∗ ( −2.90) 

Greece 13.208 ∗∗∗ (5.43) 7.587 ∗∗∗ (4.11) −20.131 ∗∗∗ ( −7.95) −6.741 ∗∗∗ ( −3.48) 

Hong Kong 12.145 ∗∗∗ (4.94) 6.697 ∗∗∗ (3.56) −19.589 ∗∗∗ ( −7.47) −5.892 ∗∗∗ ( −2.88) 

Hungary 12.026 ∗∗∗ (4.90) 6.448 ∗∗∗ (3.45) −19.384 ∗∗∗ ( −7.40) −5.883 ∗∗∗ ( −2.88) 

Iceland 12.726 ∗∗∗ (4.96) 6.279 ∗∗∗ (3.25) −20.616 ∗∗∗ ( −7.59) −6.310 ∗∗∗ ( −3.04) 

( continued on next page ) 
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Table 4 

( continued ) 

Indonesia 12.593 ∗∗∗ (5.14) 6.913 ∗∗∗ (3.70) −19.555 ∗∗∗ ( −7.49) −6.145 ∗∗∗ ( −3.01) 

Ireland 12.263 ∗∗∗ (4.92) 6.785 ∗∗∗ (3.55) −19.500 ∗∗∗ ( −7.34) −6.077 ∗∗∗ ( −2.91) 

Italy 11.743 ∗∗∗ (4.73) 6.458 ∗∗∗ (3.38) −19.380 ∗∗∗ ( −7.32) −5.733 ∗∗∗ ( −2.76) 

Japan 12.446 ∗∗∗ (5.07) 6.742 ∗∗∗ (3.58) −19.892 ∗∗∗ ( −7.59) −6.014 ∗∗∗ ( −2.93) 

Latvia 13.103 ∗∗∗ (5.16) 7.147 ∗∗∗ (3.71) −20.729 ∗∗∗ ( −7.65) −6.771 ∗∗∗ ( −3.22) 

Malaysia 12.493 ∗∗∗ (5.06) 6.849 ∗∗∗ (3.63) −19.790 ∗∗∗ ( −7.51) −6.021 ∗∗∗ ( −2.92) 

Mexico 11.990 ∗∗∗ (4.91) 6.647 ∗∗∗ (3.56) −18.950 ∗∗∗ ( −7.27) −5.646 ∗∗∗ ( −2.77) 

Netherlands 12.404 ∗∗∗ (5.01) 6.675 ∗∗∗ (3.51) −19.567 ∗∗∗ ( −7.41) −6.040 ∗∗∗ ( −2.91) 

New Zealand 12.363 ∗∗∗ (5.02) 6.722 ∗∗∗ (3.57) −19.219 ∗∗∗ ( −7.31) −5.674 ∗∗∗ ( −2.76) 

Norway 12.230 ∗∗∗ (5.00) 6.787 ∗∗∗ (3.61) −19.018 ∗∗∗ ( −7.26) −5.463 ∗∗∗ ( −2.66) 

Panama 12.403 ∗∗∗ (5.03) 7.005 ∗∗∗ (3.71) −19.336 ∗∗∗ ( −7.35) −5.796 ∗∗∗ ( −2.82) 

Peru 12.427 ∗∗∗ (5.08) 7.046 ∗∗∗ (3.77) −19.316 ∗∗∗ ( −7.41) −5.744 ∗∗∗ ( −2.82) 

Philippines 12.255 ∗∗∗ (5.00) 6.622 ∗∗∗ (3.54) −19.201 ∗∗∗ ( −7.35) −5.475 ∗∗∗ ( −2.69) 

Poland 12.628 ∗∗∗ (5.11) 6.804 ∗∗∗ (3.61) −20.261 ∗∗∗ ( −7.70) −6.355 ∗∗∗ ( −3.08) 

Portugal 12.027 ∗∗∗ (4.83) 6.932 ∗∗∗ (3.66) −18.638 ∗∗∗ ( −7.14) −6.066 ∗∗∗ ( −2.95) 

Singapore 12.173 ∗∗∗ (4.96) 6.682 ∗∗∗ (3.55) −19.498 ∗∗∗ ( −7.45) −5.965 ∗∗∗ ( −2.91) 

Spain 12.235 ∗∗∗ (5.00) 6.615 ∗∗∗ (3.52) −18.952 ∗∗∗ ( −7.26) −5.428 ∗∗∗ ( −2.65) 

Sweden 12.253 ∗∗∗ (4.94) 6.792 ∗∗∗ (3.57) −20.068 ∗∗∗ ( −7.58) −6.415 ∗∗∗ ( −3.09) 

Switzerland 12.727 ∗∗∗ (5.07) 7.326 ∗∗∗ (3.82) −19.964 ∗∗∗ ( −7.45) −6.065 ∗∗∗ ( −2.89) 

Taiwan 12.246 ∗∗∗ (4.98) 6.938 ∗∗∗ (3.69) −19.692 ∗∗∗ ( −7.50) −6.176 ∗∗∗ ( −3.01) 

Turkey 11.289 ∗∗∗ (4.65) 6.022 ∗∗∗ (3.26) −18.411 ∗∗∗ ( −7.09) −5.121 ∗∗ ( −2.54) 

UK 12.269 ∗∗∗ (4.87) 6.624 ∗∗∗ (3.42) −19.608 ∗∗∗ ( −7.29) −5.974 ∗∗∗ ( −2.82) 

US 12.859 ∗∗∗ (5.06) 7.320 ∗∗∗ (3.71) −19.669 ∗∗∗ ( −7.24) −6.399 ∗∗∗ ( −2.97) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

significant at the 1% level. This finding suggests that

domestic stock markets are highly integrated. Results also

show that domestic market returns are serially correlated,

positively related to increases in VIX, and negatively

related to increases in economic policy uncertainty. 

Table 4 reports the results of robustness tests. Panel

A shows that the results in Table 3 are robust to includ-

ing both contemporaneous and one-week-lagged music

sentiment in the same regression. Both coefficients are

statistically significant with the expected signs. Panel B

demonstrates that the results are robust to estimating

Eq. (3) with local currency returns, to address the concern

that sentiment affects the exchange rate. 

Although Spotify mainly recommends music based on

a user’s listening activity and preferences, it also has a

section called Hot Hits. This section contains the coun-

try’s daily top-50 most popular songs, irrespective of the

user’s listening preferences. Users might be tempted to

listen to this pool of songs. Because individuals are not

forced to follow these recommendations, and a song does

not enter our data unless it is listened to for at least

30 seconds, passively listening to Hot Hits is unlikely to

affect our measure. Nevertheless, we examine whether

our results are robust to excluding recommended songs.

Because Spotify does not provide historical data on the

Hot Hits , we assume they are the 50 most-streamed songs

in our top-200. If we exclude these songs from our SWAV

calculation and calculate the correlation between this new

measure and the measure based on all 200 songs, we find

an average correlation of 0.6 across countries. Based on

this new SWAV , we reconstruct our music sentiment and

re-estimate Eq. (3) . Panel C reports the results. The results

remain significant at the 1% level in all specifications. The

point estimates are slightly smaller because we are remov-

ing popular songs that may have been chosen even if not

recommended. 

In our main specification, we included month-of-the-

year fixed effects to control for seasonal mood swings. We
243 
did not control for year-month fixed effects since music 

sentiment varies from year-month to year-month; doing 

so would limit our identification to comparing weekly 

stock returns within a given month. We thus instead cap- 

ture time-varying global drivers of stock market returns 

by controlling for world returns, �EPU, �ADS , and VIX . 

Because these variables may not fully reflect time-varying 

drivers of returns, Panel D tests the robustness of our 

findings to the inclusion of year-month fixed effects and 

shows that the inferences are unchanged. 

Panel E reports the results of Table 3 when we exclude 

one country at a time from our sample. It shows our main 

results are not driven by a specific country. In unreported 

results, we also find our results are robust to excluding 

world returns from our set of control variables, alleviat- 

ing the concern that some country indices represent a 

significant portion of the world index. 

Our main analysis focuses on contemporaneous weekly 

returns because of the non-synchronicity between the 

valence of songs streamed on Spotify and stock market 

returns. However, one potential concern with a contempo- 

raneous analysis is reverse causality. For example, negative 

stock returns might induce a low mood and cause people 

to listen to negative songs. As a result, the association 

between music sentiment and stock market returns at 

a weekly frequency could result from positive (negative) 

market returns at the start of the week, inducing a positive 

(negative) mood later in the week. 

Table 5 thus studies the link between daily music 

sentiment and daily stock returns. We expect a positive 

association between music sentiment and stock market 

returns and a subsequent reversal in the following days. 

Because days in Spotify are based on the UTC time zone, 

and some markets may have earlier or later time zones, 

we measure contemporaneous music sentiment as the 

average sentiment over the current day and the one 

day prior. As controls, we include four additional lags of 

music sentiment (from days d-2 to d-5), the change in 
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Table 5 

Music Sentiment and Stock Market Returns at Daily Frequency. This table reports the daily regression estimates from Eq. (3) from January 1, 2017, to December 31, 2020. The dependent variable is the daily 

stock market return ( RET ). The main independent variable is Music Sentiment , the daily change in the stream-weighted average valence of the top-200 songs played on Spotify for a country, contemporaneous 

or lagged by one to five days. Music Sentiment d:d-1 is the average of the same day and one-day-lagged music sentiment. The control variables are the one-to-five-day lagged values of the dependent variable 

and the change in deseasonalized cloud cover ( �DCC ), as well as contemporaneous, next-day, and prior-day daily returns of the MSCI World index ( World RET ), daily change in economic policy uncertainty 

( �EPU ), daily change in macroeconomic activity ( �ADS ), and implied volatility ( VIX ). All regressions include country, month, and day-of-the-week fixed effects. Constants are not reported. White-corrected 

t -statistics are in parentheses. ∗ , ∗∗ , and ∗∗∗ denote significance at the 10%, 5%, and 1% level, respectively. Variable definitions are in Table A4 . 

RET d (%) (1) (2) (3) (4) (5) (6) 

Music Sentiment d:d-1 2.713 ∗∗ (2.01) 3.092 ∗∗ (2.20) 

Music Sentiment d-2 0.089 (0.10) 0.339 (0.37) 

Music Sentiment d-3 −0.273 ( −0.31) −0.178 ( −0.20) 

Music Sentiment d-4 0.483 (0.57) 0.177 (0.20) 

Music Sentiment d-5 −2.430 ∗∗∗ ( −2.79) −2.534 ∗∗∗ ( −2.85) 

RET controls d − 1, …, d - 5 d − 1, …, d - 5 d − 1, …, d - 5 d − 1, …, d - 5 d − 1, …, d - 5 d − 1, …, d - 5 

�DCC controls d − 1, …, d - 5 d − 1, …, d - 5 d − 1, …, d - 5 d − 1, …, d - 5 d − 1, …, d - 5 d − 1, …, d - 5 

World RET controls d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 

VIX controls d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 

�EPU controls d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 

�ADS controls d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 d − 1, d, d + 1 

Fixed Effects Country, month, day Country, month, day Country, month, day Country, month, day Country, month, day Country, month, day 

R ² 25.72% 25.71% 25.71% 25.71% 25.72% 25.73% 

#Obs. 39,391 39,391 39,391 39,391 39,391 39,391 

2
4

4
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16 http://www.amf-france.org/en/news-publications/news-releases/amf- 

news-releases/amf-announces-short-selling-ban-one-month. 
17 Although the magnitude is large, we also find a similar magnitude 

when we control for the COVID-19 period, drop one country at a time, 

focus on countries implementing trading restrictions only, focus on EU 

countries because they are likely to have been exposed to COVID-19 to 

a similar degree, compare the association in post-ban months with the 

one in the same number of pre-ban months, and interact the ban dummy 

with the other control variables. 
18 MSCI provides small and large cap indices for all the countries in our 

sample except Iceland, Latvia, and Panama. 
cloud cover, and the domestic market returns. We include

contemporaneous, next-day, and prior-day world market

returns, as in Edmans et al. (2007) , because some markets

may be lagging while others may be leading the world

index. For similar reasons, we include daily leads and lags

for the U.S. macroeconomic variables. In addition to coun-

try and month fixed effects, we include day-of-the-week

fixed effects, because Table A5 shows they are significantly

correlated with music sentiment. 

We find that daily index returns are positively cor-

related with contemporaneous music sentiment and

negatively correlated with sentiment five days prior, sug-

gestive of a reversal. Both coefficients are significant at

the 5% and 1% levels, respectively. In economic terms,

based on column (6), a one-standard-deviation increase

in contemporaneous music sentiment is associated with a

higher return of 1.2 bps (3.0% annualized); a one-standard-

deviation increase in music sentiment five days prior is as-

sociated with a lower return of 1.0 bps ( −2.4% annualized).

This result is consistent with the pattern we observe at the

weekly frequency and suggests that mood swings, as re-

flected in music sentiment, lead to changes in stock prices.

That it takes several days for the reversal to manifest

is consistent with prior research on the effect of senti-

ment on the stock market. For example, Tetlock (2007) ,

Kaplanski and Levy (2010) , and Obaid and Pukthuan-

thong (2021) find that no reversal occurs until day 3.

These papers study the U.S., which has fewer trading fric-

tions than our global sample; as a result, mispricing may

be corrected faster. In unreported analyses, we find that in

our setting, the reversal also occurs on day 3 for the U.S. 

4. Additional analyses 

4.1. Limits to arbitrage 

4.1.1. Trading restrictions 

Several factors can exacerbate the effect of investor

sentiment on asset prices. One of the most salient ones is

limits to arbitrage ( Pontiff, 1996 ; Shleifer and Vishny, 1997 ;

Baker and Wurgler, 2006 ). We thus conduct difference-

in-differences analyses around plausibly exogenous shocks

to limits to arbitrage. Specifically, we exploit the intro-

duction of trading restrictions in some of our sample

countries during the COVID-19 pandemic as a shock that

increased limits to arbitrage. The main trading restriction

studied by prior research is a short-sale ban. For example,

Ofek et al. (2004) find that short-sale restrictions lead to

greater deviations from put-call parity in options markets.

Bris et al. (2007) document that prices incorporate nega-

tive information faster in countries where short sales are

allowed and practiced. Gao et al. (2020) show the effect of

sentiment is stronger in countries with short-selling bans

during the global financial crisis. 

Table A6 lists the countries that introduced short-

selling bans during the COVID-19 pandemic, as well as the

start and end dates of the short-selling bans from the Yale

Program on Financial Stability. For instance, in France, the

Financial Market Authority announced a short-selling ban

between March 17, 2020, and May 18, 2020, “in the light

of the outbreak of the Coronavirus and its consequences
245 
on the economy and financial markets.”16 These bans were 

unexpected and country-specific; many countries exposed 

to COVID-19 did not introduce them. In addition to short- 

sale bans, another trading restriction is volume limits. 

During the pandemic, Australia limited the number of 

trades that can be executed each day, forcing high-volume 

investors to reduce their volumes and thus lowering their 

ability to correct mispricing. 

We estimate the following difference-in-differences 

regression: 

RE T i,t = α + β1 · Music Sentimen t i,t 

+ β2 · Music Sentimen t i,t × BA N i,t 

+ β3 · BA N i,t + 

∑ 

� · Control s i,t + ε i,t (4) 

where BAN equals 1 if a country i ’s stock market is subject 

to a trading restriction for the full week t , and 0 other- 

wise. We expect the stock price to be more responsive to 

changes in music sentiment when limits to arbitrage are 

greater, that is, for β2 to be positive (negative) for current 

(lagged) music sentiment. 

Panels A and B of Table 6 report the estimation re- 

sults of Eq. (4) for current and one-week-lagged music 

sentiment, respectively. We find that the coefficient of 

the interaction term is significantly positive for current 

returns and significantly negative for future returns. Music 

sentiment is associated with greater contemporaneous 

stock returns and subsequent reversals under trading 

restrictions. Specifically, a one-standard-deviation increase 

in music sentiment is associated with a 33.6 bps greater 

increase in the contemporaneous return in ban weeks 

versus non-ban weeks and an 89.2 bps greater decrease 

in future returns. 17 In sum, the effect of music sentiment 

on market returns is markedly stronger when a country’s 

stock market is subject to limits to arbitrage. 

4.1.2. Small versus large stocks 

While our first limit-to-arbitrage test relies on time 

variation in the shorting ability of investors, we now study 

cross-sectional differences in investors’ ability to conduct 

arbitrage across stocks. Small stocks are particularly risky 

and costly to arbitrage; indeed, prior literature shows 

that the association between sentiment and stock market 

returns is stronger for smaller stocks (e.g., Baker and 

Wurgler 2006 , Edmans et al. 2007 ). Hence, we expect the 

effect of sentiment to be stronger in small stocks than in 

large stocks. To test our conjecture, for each country, we 

collect the time series of MSCI small- and large-cap in- 

dices from Refinitiv. 18 Then, we estimate Eq. (3) , replacing 
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Table 6 

Effect of Music Sentiment on Stock Market Returns and Trading Restrictions. This table reports the regression estimates from Eq. (4) from January 1, 2017, 

to December 31, 2020. The dependent variable is the weekly stock market return ( RET ). In Panel A, the main independent variable is Music Sentiment , the 

weekly change in the stream-weighted average valence of the top-200 songs played on Spotify for a country. The control variables are the one-week-lagged 

dependent variable ( RET t-1 ), weekly return of the MSCI World index ( World RET ), contemporaneous implied volatility ( VIX ), weekly change in economic 

policy uncertainty ( �EPU ), weekly change in macroeconomic activity ( �ADS ), and the average daily change in deseasonalized cloud cover over the week 

( �DCC ) . BAN is a dummy variable equal to 1 if country i’s stock market is under a trading restriction for the full week t , and 0 otherwise. In Panel B, Music 

Sentiment and BAN are lagged by one week. All regressions include country and month fixed effects. Constants are not reported. White-corrected t -statistics 

are in parentheses. ∗ , ∗∗ , and ∗∗∗ denote significance at the 10%, 5%, and 1% level, respectively. Variable definitions are in Table A4 . Table A6 provides the 

start and end periods of short-sale bans during the COVID-19 pandemic by country. 

RET (%) Panel A: Contemporaneous Music Sentiment Panel B: One-Week-Lagged Music Sentiment 

(1) (2) (3) (4) 

Music Sentiment 9.923 ∗∗∗ (4.08) 6.197 ∗∗∗ (3.32) −17.026 ∗∗∗ ( −6.60) −4.379 ∗∗ ( −2.18) 

Music Sentiment × BAN 105.967 ∗∗∗ (4.99) 27.988 ∗ (1.66) −113.763 ∗∗∗ ( −5.37) −74.295 ∗∗∗ ( −3.55) 

BAN 0.329 (1.09) −0.292 ( −1.13) 0.337 (1.17) −0.303 ( −1.16) 

World RET 0.897 ∗∗∗ (60.59) 0.898 ∗∗∗ (60.64) 

VIX 0.010 ∗∗ (2.52) 0.010 ∗∗∗ (2.72) 

�EPU −0.003 ∗∗∗ ( −6.11) −0.003 ∗∗∗ ( −6.00) 

�ADS 0.029 (0.53) 0.002 (0.05) 

�DCC −0.003 ( −0.03) −0.010 ( −0.11) 

RET t-1 −0.041 ∗∗∗ ( −3.10) −0.035 ∗∗∗ ( −2.65) 

Fixed Effects Country, month Country, month Country, month Country, month 

R ² 4.12% 39.21% 4.46% 39.39% 

#Obs. 8,320 8,239 8,280 8,239 

Table 7 

Effect of Music Sentiment on Small vs. Large Stock Market Returns. This table reports the regression estimates from Eq. (3) from January 1, 2017, to Decem- 

ber 31, 2020. The dependent variable is either the weekly domestic MSCI small-cap or large-cap index return. In Panel A, the main independent variable is 

Music Sentiment , the weekly change in the stream-weighted average valence of the top-200 songs played on Spotify for a country. The control variables are 

the one-week-lagged stock market return ( RET t-1 ), weekly return of the MSCI World index ( World RET ), contemporaneous implied volatility ( VIX ), weekly 

change in economic policy uncertainty ( �EPU ), weekly change in macroeconomic activity ( �ADS ), and the average daily change in deseasonalized cloud 

cover over the week ( �DCC ) . In Panel B, Music Sentiment is lagged by one week. All regressions include country and month fixed effects. Constants are not 

reported. White-corrected t -statistics are in parentheses. ∗ , ∗∗ , and ∗∗∗ denote significance at the 10%, 5%, and 1% level, respectively. Variable definitions are 

in Table A4 . 

RET (%) Panel A: Contemporaneous Music Sentiment Panel B: One-Week-Lagged Music Sentiment 

(1) MSCI Small Index (2) MSCI Large Index (3) MSCI Small Index (4) MSCI Large Index 

Music Sentiment 10.721 ∗∗∗ (4.48) 7.427 ∗∗∗ (2.93) −8.409 ∗∗∗ ( −3.49) −6.996 ∗∗∗ ( −2.79) 

Controls Yes Yes Yes Yes 

Fixed Effects Country, month Country, month Country, month Country, month 

R ² 43.2% 38.7% 43.2% 38.7% 

#Obs. 7,415 7,415 7,415 7,415 

p-value of one-sided Wald test 

of coefficient equality 

0.078 0.263 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

domestic market returns with small or large MSCI index

returns as our main dependent variable. 

Table 7 reports the estimation results. We find that

music sentiment is positively and significantly correlated

with both small- and large-cap index returns. However,

the effect of music sentiment is greater for small stocks.

A one-standard-deviation increase in music sentiment cor-

responds with a contemporaneous 8.9 bps per week (4.6%

p.a.) increase, and a future −8.4 bps per week ( −4.4% p.a.)

decrease in large-cap index returns; the corresponding

features for small-cap index returns are 12.86 bps per

week (6.6% p.a.) and −10.1 bps per week ( −5.2% p.a.). For

a one-sided Wald test for equality in coefficients between

large and small indices, the p -values are 0.078 for the

contemporaneous regression and 0.263 for the lagged

regression. Thus, our results only indicate weak evidence

that the effect of sentiment is stronger for small stock
indices. 
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4.2. Stock market volatility 

Prior literature suggests that investor sentiment and 

the resulting noise trading can affect the volatility as well 

as level of asset prices ( Black, 1986 ; De Long et al., 1990 ) 

because sentiment should cause prices to first deviate 

from fundamentals and then correct. Our results at a daily 

frequency already show that, within a week, music senti- 

ment is first associated with an increase in stock market 

returns and then a reversal, consistent with sentiment 

exacerbating stock market return variations. To investigate 

this effect further, we study the relationship between 

weekly stock market volatility and contemporaneous 

weekly absolute music sentiment. We study absolute 

music sentiment because large changes in sentiment in 

either direction should lead to more trading. We measure 

weekly volatility as the standard deviation of daily stock 
market returns within a week. 
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Table 8 

Music Sentiment and Stock Market Volatility. This table reports the regression estimates from Eq. (5) from January 

1, 2017, to December 31, 2020. The dependent variable is weekly stock market volatility ( VOL ) calculated as the 

standard deviation of the daily stock market return within the week. The main independent variable is the abso- 

lute of Music Sentiment , the absolute weekly change in the stream-weighted average valence of the top-200 songs 

played on Spotify for a country. The control variables are the one-week-lagged dependent variable ( VOL t-1 ) , one- 

week-lagged stock market return ( RET t-1 ), weekly change in macroeconomic activity ( �ADS ), weekly change in 

economic policy uncertainty ( �EPU ), average daily change in deseasonalized cloud cover over the week ( �DCC ) , 

and weekly return of the MSCI World index ( World RET ). All regressions include country and month fixed effects. 

Constants are not reported. White-corrected t -statistics are in parentheses. ∗ , ∗∗ , and ∗∗∗ denote significance at 

the 10%, 5%, and 1% level, respectively. Variable definitions are in Table A4 . 

VOL (%) (1) (2) 

| Music Sentiment | 4.251 ∗∗∗ (4.34) 2.394 ∗∗∗ (2.94) 

World RET −0.046 ∗∗∗ ( −11.54) 

�EPU 0.000 (1.10) 

�ADS −0.010 ( −0.67) 

�DCC −0.012 ( −0.59) 

VOL t-1 0.444 ∗∗∗ (29.89) 

RET t-1 −0.019 ∗∗∗ ( −5.84) 

Fixed Effects Country, month Country, month 

R ² 20.48% 38.38% 

#Obs. 8,320 8,239 
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19 The countries we exclude from our analysis as a result of our screen- 

ing process are Argentina, Canada, Colombia, Hungary, Latvia, Panama, 

Peru, Poland, and Turkey. 
To test our conjecture, we estimate the following panel

regression: 

 O L i,t = α + β1 · | Music Sentimen t i,t | 
+ 

∑ 

� · Control s i,t + ε i,t (5)

where Controls include the previous control variables,

month and country fixed effects, and one-week-lagged

stock market volatility. We exclude the VIX because our

dependent variable is market volatility. 

Table 8 reports the estimation results of Eq. (5) . We

document a strong contemporaneous correlation between

absolute music sentiment and stock market volatility. A

one-standard-deviation increase in absolute music sen-

timent is associated with a contemporaneous 3.7 bps

increase in stock market volatility, which is 3.48% of the

average weekly volatility of 1.06%. Our findings on stock

market returns and stock market volatility paint a consis-

tent picture of sentiment-induced stock price deviations

from fundamentals. 

4.3. Net equity fund flows 

If sentiment affects investment decisions, we would

expect it to influence trades of mutual funds, not just

individual equities. For example, a positive mood should

lead investors to be optimistic and thus buy into funds;

indeed, Ben-Rephael et al. (2011 , 2012 ) find that individual

investor sentiment is significantly positively correlated

with mutual fund flows. 

We expect music sentiment to be positively related

to mutual fund net inflows. We use both contempora-

neous and one-week-lagged music sentiment because it

takes several days for flows to be settled and reported

( Da et al., 2015 ). For stock indices, we predicted a negative

relationship with lagged sentiment because arbitrageurs

may subsequently undo temporary mispricing. However,

no analogous concept exists of arbitrage undoing mutual
247 
fund inflows; combined with the delays in settling and 

reporting flows, we therefore predict positive associations 

with both contemporaneous and lagged sentiment. 

We collect information on daily net fund flows from 

Morningstar, focusing on open-end equity mutual funds 

denominated in local currency, and convert these flows 

to U.S. dollars. We remove duplicates (funds with the 

exact same time series of net flows and size) and funds 

with fewer than one observation per week on average 

(i.e., fewer than 188 observations over our sample pe- 

riod). We also drop funds that started after the beginning 

of our sample period (January 1, 2017) and fund-week 

observations with less than $15 million of assets under 

management, following Pástor and Vorsatz (2020) . The 

latter is because, for small funds, modest dollar flows can 

translate into extreme percentage flows; the results are 

similar when we use alternative cut-off points such as 

$20 million of assets under management. This screening 

process results in 8,392 equity funds from 31 different 

countries and around 1,569,0 0 0 fund-week observations. 19 

For each fund, we aggregate the daily net fund flows 

within the week and scale the weekly net fund flows by 

the fund’s total assets under management at the end of 

the previous week (e.g., Kamstra et al. 2017 ). We then 

estimate the following panel regression: 

Net F low s f,i,t = α + 

1 ∑ 

j=0 

β j · Music Sentimen t i,t− j 

+ 

∑ 

� · Control s i,t + ε f,i,t (6) 

where Net F low s f,i,t is the weekly scaled net flow of fund 

f , in country i , in week t. Controls are our previous controls, 

including month and fund fixed effects, plus one-week- 
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Table 9 

Music Sentiment and Net Equity Mutual Fund Flows. This table reports the regression estimates from Eq. (6) from January 1, 2017, to December 31, 2020. 

The dependent variable is Net Flows, the weekly net fund flow scaled by the fund’s assets under management at the end of the previous week. The main 

independent variables are the contemporaneous and one-week-lagged Music Sentiment , the weekly change in the stream-weighted average valence of the 

top-200 songs played on Spotify for a country. The control variables are the one-week-lagged dependent variable ( Net Flows t-1 ), one-week-lagged stock 

market return ( RET t-1 ), contemporaneous implied volatility ( VIX ), weekly change in economic policy uncertainty ( �EPU ), weekly change in macroeconomic 

activity ( �ADS ), average daily change in deseasonalized cloud cover over the week ( �DCC ) , and weekly return of the MSCI World index ( World RET ). 

All regressions include fund and month fixed effects. Constants are not reported. White-corrected t -statistics are in parentheses. ∗ , ∗∗ , and ∗∗∗ denote 

significance at the 10%, 5%, and 1% level, respectively. Variable definitions are in Table A4 . 

Net Flows (%) (1) (2) (3) 

Music Sentiment t 0.147 ∗ (1.81) 0.212 ∗∗∗ (2.53) 

Music Sentiment t-1 0.166 ∗∗ (2.02) 0.229 ∗∗∗ (2.68) 

World RET 0.655 ∗∗∗ (9.70) 0.673 ∗∗∗ (9.96) 0.668 ∗∗∗ (9.87) 

VIX −0.005 ∗∗∗ ( −29.62) −0.005 ∗∗∗ ( −29.62) −0.005 ∗∗∗ ( −29.62) 

�EPU 0.000 ( −1.48) 0.000 ( −1.36) 0.000 ( −1.52) 

�ADS 0.019 ∗∗∗ (9.47) 0.019 ∗∗∗ (9.44) 0.019 ∗∗∗ (9.63) 

�DCC −0.004 ( −0.72) −0.005 ( −0.94) −0.004 ( −0.80) 

RET t-1 0.034 (0.61) 0.034 (0.61) 0.025 (0.44) 

Net Flows t-1 0.176 ∗∗∗ (23.53) 0.176 ∗∗∗ (23.53) 0.176 ∗∗∗ (23.53) 

Fixed Effects Fund, month Fund, month Fund, month 

R ² 10.90% 10.90% 10.90% 

#Obs. 1,550,261 1,550,261 1,550,261 

Table 10 

Music Sentiment and Government Bond Returns. This table reports the regression estimates from Eq. (3) from January 1, 2017, to December 31, 2020, 

replacing stock market index returns by government bond index returns. The dependent variable is the weekly government bond index return ( Gov Bond 

RET ). In Panel A, the main independent variable is Music Sentiment , the weekly change in the stream-weighted average valence of the top-200 songs played 

on Spotify for a country. The control variables are the one-week-lagged dependent variable ( Gov Bond RET t -1 ) , weekly return of the MSCI World index ( World 

RET ), contemporaneous implied volatility ( VIX ), weekly change in economic policy uncertainty ( �EPU ), weekly change in macroeconomic activity ( �ADS ), 

and the average daily change in deseasonalized cloud cover over the week ( �DCC ) . All regressions include country and month fixed effects. Constants are 

not reported. White-corrected t -statistics are in parentheses. ∗ , ∗∗ , and ∗∗∗ denote significance at the 10%, 5%, and 1% level, respectively. Variable definitions 

are in Table A4 . 

Gov Bond RET (%) Panel A: Contemporaneous Music Sentiment Panel B: One-Week-Lagged Music Sentiment 

(1) (2) (3) (4) 

Music Sentiment −1.081 ∗∗∗ ( −3.13) −0.723 ∗∗ ( −2.08) −0.037 ( −0.11) −0.314 ( −0.89) 

World RET −0.016 ∗∗∗ ( −5.89) −0.017 ∗∗∗ ( −6.09) 

VIX 0.003 ∗∗∗ (4.04) 0.003 ∗∗∗ (4.08) 

�EPU 0.000 ∗∗∗ ( −3.62) 0.000 ∗∗∗ ( −3.78) 

�ADS 0.014 (1.46) 0.015 (1.56) 

�DCC −0.025 ∗ ( −1.70) −0.024 ( −1.62) 

Gov Bond RET t-1 0.006 (0.23) 0.003 (0.14) 

Fixed Effects Country, month Country, month Country, month Country, month 

R ² 3.01% 4.72% 2.82% 4.66% 

#Obs. 5,200 5,146 5,175 5,146 

 

 

 

 

 

 

 

 

 

 

 

 

lagged net equity fund flows to control for potential serial

correlation in the fund flows. These controls are used in

Da et al. (2015) , for instance. 

Table 9 reports the results of the estimation of Eq. (6) .

We find that both contemporaneous and one-week-lagged

music sentiment are positively related to mutual fund

flows, significant at the 1% level. A one-standard-deviation

increase in music sentiment corresponds to an average

increase in net fund flows of 0.3 bps the same week and

0.3 bps the following week. Based on the average fund

size of $976 million, this increase corresponds to a weekly

(annual) net flow of $29,0 0 0 ($1.5 million) the same week

and $31,0 0 0 ($1.6 million) the following week. 20 The
20 Wang and Young (2020) find that a one-standard-deviation increase 

in the level of terrorism corresponds to an average decline in fund inflows 

of $197,0 0 0 per month, or $45,50 0 per week. This order of magnitude is 

248 
former is comparable with the average weekly net flow in 

our sample of -$78,714. Our results suggest that increases 

in music sentiment are associated with significant inflows 

to the equity market. 

4.4. Government bonds 

Prior literature suggests a “flight to safety,” whereby 

investors move from risky to safe assets when their sen- 

timent is low (e.g., Baker and Wurgler 2012 , Laborda and 

Olmo 2014 , Da et al. 2015 ). Thus, we hypothesize that low 

sentiment not only leads investors to move out of equities 

(as shown in Table 3 ), but also to move into government 

bonds. We test this hypothesis by studying the returns 
similar to our effect, although lar ger because terrorism likely has a larger 

effect than sentiment reflected in music. 
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of the Refinitiv Datastream Benchmark Government Bond

Index. We use the returns of the five-year bond index

because this maturity has the greatest data availability

( Pitkäjärvi et al., 2020 ). 

Table 10 reports the results of the estimation of Eq. (3) ,

replacing equity index returns with government bond

index returns. For contemporaneous returns, we find

the opposite result for equity indices, that is, a negative

and significant association between music sentiment and

government bond index returns. In terms of economic

significance, a one-standard-deviation increase in music

sentiment is associated with a contemporaneous decrease

in government bond returns of 0.01 bps per week, or

−0.5% per year. This effect is economically large and

represents more than 20% of the mean government bond

returns of 2.2% per year. However, we find no relationship

with future returns. 

5. Conclusion 

This study introduces a novel measure of investor

sentiment, which captures actual sentiment rather than

shocks to sentiment. It is continuous, available at a high

frequency and on a global scale, and does not require
249 
the pre-specification of particular mood-affecting events 

or words that capture mood. We provide validation tests 

and show that seasonal factors, such as mood-decreasing 

months and increases in cloud cover, plus COVID-related 

restrictions, are associated with a significant decrease in 

our music-based sentiment measure. 

Our main result is a positive and significant relation 

between music sentiment and contemporaneous market 

returns, controlling for world market returns, seasonalities, 

and macroeconomic variables. We also find a significant 

price reversal the following week. Taken together, our 

findings are consistent with sentiment-induced temporary 

mispricing that subsequently reverses. 

We show that the relationship between music sen- 

timent and market returns is stronger when countries 

implemented trading restrictions such as short-sale bans 

during the COVID-19 pandemic, consistent with greater 

limits to arbitrage. Music sentiment also predicts increases 

in net mutual fund flows and decreases in government 

bond returns, and absolute sentiment precedes a rise in 

stock market volatility. Overall, our study provides evi- 

dence that a proxy for the actual sentiment of a country’s 

citizens is significantly correlated with asset prices. 
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Table A1 

Songs with the Highest and Lowest Valence per Country from January 1, 2017, to December 31, 2020. This table reports the songs with the highest and lowest valence per country based on Spotify’s valence 

rating over our sample period. 

Country Songs with highest valence Songs with lowest valence 

Title Artist Valence Title Artist Valence 

Argentina Dame Tu Mano El Dipy 0.979 Delicate Taylor Swift 0.050 

Australia September Earth, Wind and Fire 0.982 Legion Inoculant TOOL 0.026 

Austria September Earth, Wind and Fire 0.982 The Arrival | Die Ankunft Claudius Vlasak 0.031 

Belgium September Earth, Wind and Fire 0.982 Legion Inoculant TOOL 0.026 

Brazil Matuto de Verdade Mano Walter 0.981 Memories Vintage Culture 0.039 

Canada September Earth, Wind and Fire 0.982 Legion Inoculant TOOL 0.026 

Chile Tus Ojos Moreno Vide Hermanos Morales 0.980 Malagradecido Mon Laferte 0.039 

Colombia Apágame la Vela Billo’s Caracas Boys and Los Melodicos 0.992 Delicate Taylor Swift 0.050 

Czech September Earth, Wind and Fire 0.982 V Korunach Stromov Samey 0.011 

Denmark September Earth, Wind and Fire 0.982 The Ricochet Dizzy Mizz Lizzy 0.034 

Finland Pohjoiskarjala Leevi and the Leavings 0.978 Legion Inoculant TOOL 0.026 

France September Earth, Wind and Fire 0.982 The Plan Travis Scott 0.036 

Germany September Earth, Wind and Fire 0.982 Rodeo Depatro awais 0.033 

Greece Running Over Justin Bieber 0.977 Legion Inoculant TOOL 0.026 

Hong Kong Running Over Justin Bieber 0.977 The Plan Travis Scott 0.036 

Hungary September Earth, Wind and Fire 0.982 Falling Down ARTY 0.036 

Iceland September Earth, Wind and Fire 0.982 Legion Inoculant TOOL 0.026 

Indonesia There’s Nothing Holdin’ Me Back Shawn Mendes 0.969 Pizza Martin Garrix 0.038 

Ireland September Earth, Wind and Fire 0.982 0.00 Childish Gambino 0.034 

Italy I Puffi Sanno Cristina D’Avena 0.972 DM Vegas Jones 0.034 

Japan HACK Shuta Sueyoshi 0.978 Reflection Brian Eno 0.031 

Latvia Here Comes Santa Claus Gene Autry 0.976 Sunrise Coldplay 0.034 

Malaysia Running Over Justin Bieber 0.977 The Plan Travis Scott 0.036 

Mexico Feliz Mi Banda El Mexicano 0.990 Renacer Zoé 0.049 

Netherlands Hop, Hop, Hop, Paardje In Galop Noord-Hollands Kinderkoor 0.989 Sunrise Coldplay 0.034 

New Zealand September Earth, Wind and Fire 0.982 Legion Inoculant TOOL 0.026 

Norway September Earth, Wind and Fire 0.982 Mountaineers (feat. John Grant) Susanne Sundfør 0.033 

Panama Vive Tu Vida Contento Héctor Lavoe 0.979 Jaded Drake 0.037 

Peru Ya Vienen Los Reyes Magos Villancicos 0.978 Delicate Taylor Swift 0.050 

Philippines September Earth, Wind and Fire 0.982 Midnight Coldplay 0.035 

Poland September Earth, Wind and Fire 0.982 Legion Inoculant TOOL 0.026 

Portugal Sempre Bem Capitão Fausto 0.982 Legion Inoculant TOOL 0.026 

Singapore September Earth, Wind and Fire 0.982 Color Spectrum Coldplay 0.034 

Spain Desamortil Arnau Griso 0.980 Pizza Martin Garrix 0.038 

Sweden September Earth, Wind and Fire 0.982 Bethlehems Stjärna Cappella Snöstorp 0.035 

Switzerland September Earth, Wind and Fire 0.982 Ouverture Faber 0.030 

Taiwan Running Over Justin Bieber 0.977 The Papers John Williams 0.031 

Turkey Johnny B. Goode Chuck Berry 0.969 All That Is or Ever Was or Ever Will Be Alan Silvestri 0.034 

UK September Earth, Wind and Fire 0.982 0.00 Childish Gambino 0.034 

US September Earth, Wind and Fire 0.982 Legion Inoculant TOOL 0.026 

2
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Table A2 

Songs with the Highest and Lowest Valence from Billboard’s Top 100 Songs of the 2010s. This table reports the songs with the highest and lowest valence, 

based on Spotify’s valence rating, out of Billboard’s Top 100 Songs of the 2010s. 

Rank Title Artist Valence 

Top 10 Happy Pharrell Williams 0.962 

Watch Me Silento 0.962 

All About That Bass Meghan Trainor 0.961 

Sucker Jonas Brothers 0.952 

Shake It Off Taylor Swift 0.942 

Shape Of You Ed Sheeran 0.931 

Uptown Funk! Mark Ronson feat. Bruno Mars 0.928 

Rude MAGIC! 0.925 

Sunflower (Spider-Man: Into the Spider-Verse) Post Malone & Swae Lee 0.913 

Sugar Maroon 5 0.884 

Bottom 10 Hello Adele 0.284 

See You Again Wiz Khalifa feat. Charlie Puth 0.283 

Radioactive Imagine Dragons 0.236 

Panda Desiigner 0.236 

Grenade Bruno Mars 0.227 

Lucid Dreams Juice WRLD 0.218 

Stay With Me Sam Smith 0.184 

Perfect Ed Sheeran 0.168 

The Hills The Weeknd 0.137 

Rockstar Post Malone feat. 21 Savage 0.129 

Table A3 

MSCI index Considered per Country. 

No Country MSCI Index (USD) MSCI Index (local) No Country MSCI Index (USD) MSCI Index (local) 

1 Argentina MSARGT$ MSARGTL 21 Japan MSJPAN$ MSJPANL 

2 Australia MSAUST$ MSAUSTL 22 Latvia RIGSEIN RIGSEIN 

3 Austria MSASTR$ MSASTRL 23 Malaysia MSMALF$ MSMALFL 

4 Belgium MSBELG$ MSBELGL 24 Mexico MSMEXF$ MSMEXFL 

5 Brazil MSBRAZ$ MSBRAZL 25 Netherlands MSNETH$ MSNETHL 

6 Canada MSCNDA$ MSCNDAL 26 New Zealand MSNZEA$ MSNZEAL 

7 Chile MSCHIL$ MSCHILL 27 Norway MSNWAY$ MSNWAYL 

8 Colombia MSCOLM$ MSCOLML 28 Panama IFFPNM$ IFFMPAL 

9 Czech MSCZCH$ MSCZCHL 29 Peru MSPERU$ MSPERU$ 

10 Denmark MSDNMK$ MSDNMKL 30 Philippines MSPHLF$ MSPHLFL 

11 Finland MSFIND$ MSFINDL 31 Poland MSPLND$ MSPLNDL 

12 France MSFRNC$ MSFRNCL 32 Portugal MSPORD$ MSPORDL 

13 Germany MSGERM$ MSGERML 33 Singapore MSSING$ MSSINGL 

14 Greece MSGREE$ MSGREEL 34 Spain MSSPAN$ MSSPANL 

15 Hong Kong MSHGKG$ MSHGKGL 35 Sweden MSSWDN$ MSSWDNL 

16 Hungary MSHUNG$ MSHUNGL 36 Switzerland MSSWIT$ MSSWITL 

17 Iceland ICEXALL ICEXALL 37 Taiwan MSTAIW$ MSTAIWL 

18 Indonesia MSINDF$ MSINDFL 38 Turkey MSTURK$ MSTURKL 

19 Ireland MSEIRE$ MSEIREL 39 UK MSUTDK$ MSUTDKL 

20 Italy MSITAL$ MSITALL 40 US MSUSAM$ MSUSAML 
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Table A4 

Variable Definitions and Sources. 

Variable Definition Source 

ADS U.S. macroeconomic activity index. Aruoba et al. (2009) 

BAN Dummy variable equal to 1 if country’s i stock market is under a 

short-selling ban at week t, and 0 otherwise. 

Yale Program on Financial 

Stability 

DCC Deseasonalized cloud cover. National Oceanic and 

Atmospheric Administration 

EPU News-based measure of U.S. economic policy uncertainty. Baker et al. (2016) 

Gov Bond RET (%) Weekly return of the five-year Datastream Benchmark Government Bond 

Index, in U.S. dollars. 

Refinitiv 

Large Index RET (%) Weekly return of the domestic MSCI large-cap index, in U.S. dollars. Refinitiv 

Music Sentiment Total change in the stream-weighted average valence of the top-200 songs 

individuals of country i listen to in week t. 

Spotify 

Net Flows (%) Weekly net flows of an open-end equity mutual fund, scaled by the fund’s 

assets under management at the end of the previous week. 

Morningstar 

COVID The sum of the scores for the ordinal items: School closing; Workplace 

closing; Cancel public events; Restrictions on gathering size; Close public 

transport; Stay at home requirements; Restrictions on internal movement; 

Restrictions on international travel. 

Oxford COVID-19 Government 

Response Tracker 

RET (%) Weekly return of the country’s stock market MSCI index. Index values are in 

dollars. 

Refinitiv 

Small Index RET (%) Weekly return of the domestic MSCI small-cap index, in U.S. dollars. Refinitiv 

Valence The musical positivity conveyed by a song ranging from 0 to 1. Spotify 

VIX Implied volatility of the S&P 500. Chicago Mercantile Exchange 

VOL (%) Weekly stock market volatility, measured as the standard deviation of the 

daily stock market returns within the week. 

Refinitiv 

World RET (%) Weekly return of the MSCI World Index, in dollars. Refinitiv 

Table A5 

Music Sentiment as a Mood Proxy at Daily Frequency. This table reports the regression estimates from the following equation from January 1, 2017, to 

December 31, 2020: 

Daily Music Sentimen t i,d = α + 

6 ∑ 

j=1 

β j · Da y j,i,d + θ · �DC C i,d + 

2 ∑ 

j=0 

γ j · �COV I D j,i,d−1 + ε i,d 

The dependent variable, Daily Music Sentiment , is the daily change in the stream-weighted average valence of the top-200 songs on Spotify. The controls are 

the day of the week ( Day ), the daily change in deseasonalized cloud cover ( �DC C ) , and the daily change in the containment and closure index ( �COVID ). 

All regressions include country and month fixed effects. Constants are not reported. White-corrected t -statistics are in parentheses. ∗ , ∗∗ , and ∗∗∗ denote 

significance at the 10%, 5%, and 1% level, respectively. Variable definitions are in Table A4 . All coefficients are multiplied by 100. 

Daily Music Sentiment (1) Calendar-based mood proxy (2) Calendar-based mood proxy (3) �COVID (4) All mood proxies 

Monday d −0.344 ∗∗∗ ( −38.38) −0.343 ∗∗∗ ( −37.82) 

Tuesday d −0.055 ∗∗∗ ( −8.35) −0.054 ∗∗∗ ( −8.18) 

Thursday d 0.033 ∗∗∗ (4.95) 0.031 ∗∗∗ (4.68) 

Friday d 0.104 ∗∗∗ (10.91) 0.099 ∗∗∗ (10.28) 

Saturday d 0.338 ∗∗∗ (43.11) 0.336 ∗∗∗ (42.61) 

Sunday d −0.366 ∗∗∗ ( −46.09) −0.359 ∗∗∗ ( −45.10) 

�DCC d −0.034 ∗∗∗ ( −13.68) −0.036 ∗∗∗ ( −15.29) 

�COVID d 0.006 (0.85) 0.002 (0.33) 

�COVID d-1 0.001 (0.13) 0.002 (0.27) 

�COVID d-2 0.000 ( −0.05) −0.003 ( −0.42) 

Fixed Effects Country, month Country, month Country, month Country, month 

R ² 13.97% 0.66% 0.25% 14.16% 

#Obs. 58,400 57,122 58,280 57,002 
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Table A6 

Short-Sale Bans and Trading Restrictions in the COVID-19 Pandemic. Start and end periods of short-sale bans and trading restrictions during the COVID- 

19 pandemic. The former are taken from the Yale Program on Financial Stability (https://som.yale.edu/blog/short-selling-restrictions-during-covid-19). 

Country Begin End 

Australia 16/03/2020 ∗ 14/05/2020 ∗∗

Austria 18/03/2020 18/05/2020 

Belgium 17/03/2020 18/05/2020 

France 17/03/2020 18/05/2020 

Greece 18/03/2020 18/05/2020 

Indonesia 02/03/2020 Still in place as of 31/12/2020 

Italy 17/03/2020 18/05/2020 

Malaysia 24/03/2020 31/12/2020 

Philippines 15/03/2020 16/04/2020 

Spain 17/03/2020 18/05/2020 

Taiwan 19/03/2020 10/06/2020 

Turkey 28/02/2020 31/12/2020 

∗ https://asic.gov.au/about-asic/news-center/find-a-media-release/2020-releases/20–062mr-asic-takes-steps-to-ensure-equity-market-resiliency/ 
∗∗ https://asic.gov.au/about-asic/news-center/find-a-media-release/2020-releases/20–116mr-asic-sets-expectations-for-maintaining-equity-market- 

resilience/. 
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