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ABSTRACT
The COVID-19 pandemic causes a massive global health
crisis and produces substantial economic and social distress, which in turn may cause stress and anxiety among
people. Real-world events play a key role in shaping collective sentiment in a society. As people listen to music
daily everywhere in the world, the sentiment of music being listened to can reflect the mood of the listeners and
serve as a measure of collective sentiment. However, the
exact relationship between real-world events and the sentiment of music being listened to is not clear. Driven by this
research gap, we use the unexpected outbreak of COVID19 as a natural experiment to explore how users’ sentiment of music being listened to evolves before and during
the outbreak of the pandemic. We employ causal inference approaches on an extended version of the LFM-1b
dataset of listening events shared on Last.fm, to examine
the impact of the pandemic on the sentiment of music listened to by users in different countries. We find that, after
the first COVID-19 case in a country was confirmed, the
sentiment of artists users listened to becomes more negative. This negative effect is pronounced for males while
females’ music emotion is less influenced by the outbreak
of the COVID-19 pandemic. We further find a negative
association between the number of new weekly COVID19 cases and users’ music sentiment. Our results provide
empirical evidence that public sentiment can be monitored
based on collective music listening behaviors, which can
contribute to research in related disciplines.
1. INTRODUCTION
Music listening has various functions in people’s daily
lives, especially in terms of psychological aspects. Mood
management and regulation are two major psychological
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uses of music listening [31, 41–43] and have been widely
investigated in previous studies [18,21,40,44]. In the literature, there are mainly two kinds of music mood being addressed. One is “expressed” mood, the other is “induced”
mood. The former refers to the mood that is intended to be
expressed by a piece of music whereas the latter refers to
listeners’ emotional state or feeling induced by listening to
a music piece or situations with which people associate a
song [5, 58]. Both kinds of music mood have been extensively studies in the field of Music Information Retrieval
(MIR) in recent decades [59]. It is well known that people often search and select music based on the mood of
music that fits their current (emotional) needs [12] and it
has been found that people’s mood is responsive to events
in daily life [10, 25]. However, the influence of real-world
events, such as human or natural disasters, on users’ moodbased music selection remains less explored, especially in
the scale of collective choices of users in a society.
As of May 4, 2020, with 3.57 million cases and over
250 thousand deaths reported, COVID-19 has posed a severe threat to public health. To contain the virus, multiple
measures have been taken, such as city lock-downs, social distancing, travel restrictions, and university closures,
disrupting people’s daily life and routine. High unemployment and the economic damages caused by COVID19 make people suffer from increasing economic stress
[17, 24]. Causing economic and social pressure, the pandemic is putting enormous stress on all of us and might
trigger feelings of distress and anxiety [8, 56]. Large-scale
disasters are often accompanied by increases in depression,
a broad range of other psychological stress and behavioral
disorders [16, 20, 34]. Investigating whether and the extent
to which collective sentiment inferred from music listening behavior is influenced by the pandemic can not only
deepen our understanding of the relationship between realworld events and users’ sentiment reflected by the music
they listen to, but also contribute to mitigating negative
mental health impacts caused by the pandemic, and help
people adapt, and be resilient during distress times.
Inspired by the research gap and driven by the emerging pandemic, this study aims to explore the association
between real-world events and the sentiment of music being listened to based on users’ music listening history at
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Proceedings of the 21st ISMIR Conference, Montréal, Canada, October 11-16, 2020

a large scale. In this study, we use the term users’ music
sentiment to refer to the aggregated collective sentiment of
music listened to by a population of users. We use the difference in differences (hereafter DD) method [2], a widely
used causal inference approach, and base our analysis on
an extension of the LFM-1b dataset [45]. This dataset provides us with a substantial set of listening histories of users
from around the world as well as user-generated tags that
we derive sentiment information from. We use the unanticipated outbreak of COVID-19 as a natural experiment to
investigate the causality between pandemics and collective
sentiment reflected by music people choose to listen to.
Specifically, we aim to answer the following research
questions:
RQ1: How did the first COVID-19 case in a country
affect the music sentiment of users in that country?
RQ2: How did the number of new COVID-19 cases and
hence, the spread of the disease in a country affect the music sentiment of users in that country?
Using the DD model, our analyses can reveal causal relationship between real-world events, a pandemic in our
case, and users’ music sentiment. Results of this study
could shed light on designs of music recommenders to be
more sensitive to real-life events. More importantly, our results provide convincing evidence that collective sentiment
is hampered by the pandemic. Beyond the field of MIR,
findings of this study could provide empirical evidence on
the extent to which public sentiment could be monitored by
music listening behaviors of a concerned population. This
could contribute to science in related disciplines such as
social psychology, sociology, and journalism.
2. RELATED WORK
Two streams of research show a possible relationship between real-world events and users’ sentiment of music being listened to, while the causal pathway remains unexplored. Links between real-worlds events and people’s
mood have been widely documented in previous research
[50, 51]. However, to our best knowledge, there has been
no study on the association between real-world events and
users’ collective sentiment as reflected by music they listen
to.
2.1 Real-world events linked to mood
Mood indicates a set of transient, fluctuating affective
states in terms of individuals’ feelings [4, 26]. A variety
of factors are related to individuals’ mood state, including
personality [14], ongoing events, experiences, or the environmental milieu [57]. Real-world events or the daily experiences, conceptualized as situational or contextual factors, have long been recognized as important determinants
of daily mood in abundant research [50, 51].
Pioneering studies on the association between daily
events and mood are often based on self-reported data on
the same day. For example, Lewinsohn and colleagues [29]
found a negative correlation between the number of pleasant events and depression by exploiting subjects’ selfreported data on daily experiences and self-ratings of mood
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states. Similar results have been found by Rehm [36] and
Stone [49, 51]. In particular, Stone found a same-day association between major daily events and mood, based on
self-reported events and moods of 50 men [51]. However,
studies based on self-reported data in the same-day context are not sufficient to demonstrate a causal relationship
because mood could impact the reliability of event reporting [9]. More convincing evidence of the causal relationship between real-world events and mood could be provided based on longitudinally self-reported data on events
and moods over a period of time.
The occurrences of events have an impact on changes
in positive and negative mood, respectively. Pleasant
events are normally related to positive mood, such as exercise [13, 28], family, friends, and leisure time [50] and
other pleasant daily events [27]. There is also evidence
of the links between various negative daily events and
negative mood, such as interpersonal conflict [6], negative interpersonal interactions [38], stressful work-related
events [38], daily hassle [11], undesirable daily events [1],
and other daily stressors [15, 52]. For instance, using the
data extracted from diaries, Zuckerman demonstrated that
young adults reported significantly higher levels of depression when they reported interpersonal conflicts [7].
Current research on the effect of major real-world
events on mood is limited [47]. The majority of previous
work is built on the self-reported data of small samples. On
one hand, it is unclear whether small samples were sufficiently representative; on the other hand, the self-rating of
mood state can be subjective.
2.2 Real-world events and music listening
Schedl et al. [46] took an initial step to explore the correlation between real-world events and music consumption behavior by leveraging listening events from Last.fm
and world-wide events from Google Trends. Performing
an intervention time series analysis, the authors found that
changes in listening behavior might be correlated to realworld events. However, only two variables were taken into
account: the number of events identified by Google Trends
and the absolute number of listening events. Whether or
not real-world events are linked to users’ music sentiment
remains uncovered.
Inspired by this research gap , this study aims to examine the association between real-world events (the COVID19 pandemic) and the collective sentiment reflected in people’s music listening behaviors. Based on (an extension of)
the LFM-1b dataset, one of the largest datasets of music
listening histories available to date, this study examines
the relationship between the outbreak of COVID-19 and
the collective music sentiment.
3. DATA AND METHODOLOGY
In the following, we present the data utilized and subsequently, we describe the methods underlying our analyses.
3.1 Data
We built upon the LFM-1b dataset [45] to explore the relationship between the outbreak of the COVID-19 pandemic
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and users’ music sentiment. More precisely, we gathered the listening records of users in the LFM-1b dataset
between November 1, 2019, one month before the first
COVID-19 case in the world was confirmed in China 1 ,
and March 27, 2020. Even though the outbreaks are still
ongoing in many places as of the writing of this paper, this
time frame captures the times of first confirmed COVID19 cases in all countries involved in this study. We obtained more than 28 million listening events shared during
this period of time, 21 weeks in total, generated by 12,278
Last.fm users from 40 countries from the LFM-1b dataset.
From the Our World in Data website, 2 we collected data
on confirmed COVID-19 new cases by date for these countries. In particular, we identified the date of the first confirmed COVID-19 case in each country and define it as the
date when the COVID-19 outbreak started in this country.
3.2 Measuring music sentiment
In Last.fm, tracks and artists are associated with tags created by users. To capture the sentiment of music listened
to by our users, we collect the artists whose music pieces
are included in our dataset, that is, have been listened to by
included users during the concerned period of time. Although tracks also have tags, track-level tags indicating
sentiment might be too sparse as there are a much larger
number of tracks than artists. Therefore, using artist sentiment (as opposed to track sentiment) provides us with a
substantially larger set of tags with sentiment. The sentiment of an artist can then be calculated by methods described in the next paragraphs.
We capture the sentiment values assigned to all artists
by crawling the user-created tags assigned to those artists
from Last.fm. Subsequently, we follow Zangerle et
al.’s [60] approach for the computation of sentiment values
based on the tags. Specifically, we utilize sentiment lexica,
a widely used unsupervised sentiment detection method
for the extraction of sentiment information from the tags.
A sentiment lexicon is a list of words, where each word
is assigned a sentiment value (e.g., on a scale from 0 to
1, describing a range of sentiments from negative to positive) [54]. We rely on a set of widely used dictionaries
that have been shown to provide the best coverage and accuracy according to Ribeiro’s benchmark of sentiment dictionaries [39]: AFINN [32], Opinion Lexicon [22], SentiStrength [55], and Vader [23]. The different lexica provide different notions of polarity and strength of polarity.
Hence, we normalize the set of sentiments to a range between 0 and 1 by using linear min-max feature scaling.
The following steps are taken to perform the sentiment
computation based on these dictionaries. First, we employ whitespace as delimiters to tokenize the tags as tags
may consist of several words such as in “nothing left to
fear”. We then use the tokens as the input to the matching step between tokens and dictionaries. To do so, we
apply lemmatization to the tokens contained in the sentiment dictionaries (utilizing the lemmatization method of
1

There are rumors on suspected cases earlier than November 1, 2019
at different places around the world. In this study, we only consider cases
officially reported in mainstream media.
2 https://ourworldindata.org/covid-cases

the Python’s NLTK package). Next, we match each tag
token to the set of dictionaries. For each matched token,
we extract the assigned sentiment value. In the case that a
token matches multiple entries of the dictionaries (i.e., if it
is contained in multiple dictionaries), we utilize the arithmetic mean of those values as the sentiment value of the
token. After having computed the sentiment value for each
token, we assign the tag the mean of the sentiment values
of all tokens contained in the original tag.
The sentiment of an artist is then defined as the
weighted average sentiment values of the tags assigned to
the artist, as shown in Equation 1:
n
X
fi
ASj =
vi ·
(1)
F
i=1
where (ASj ) stands for the sentiment value of the j th
artist; vi denotes the sentiment value of the ith tag for artist
j; fi refers to the frequency of tag i for this artist, and F
denotes the total frequency of tags for the artist.
We consider this a reasonable estimate as the tags applied to each artist reflect the collective sentiment a large
number of listeners had towards the artist over a long period of time. It can thus be assumed that tags are not biased
by certain (subgroups of) users or any short term events.
3.3 Difference in differences approach
To capture the relationship between the outbreak of the
COVID-19 pandemic and the sentiment of music listened
to by users, the DD model is used [2]. This method measures the differential effect of certain changes on the dependent variable of treatment groups versus that of control
groups [19]. One distinct advantage of the DD model is
that it can disclose causality. In this study, the concerned
change is the outbreak of COVID-19. The dependent variable is the users’ music sentiment extracted from their listening behaviors (cf. Section 3.2). In this study, for a given
period of observation (i.e., a specific week), users in countries with confirmed COVID-19 cases are in the treatment
group, whereas users in countries without confirmed cases
form the control group.
Besides, to control for users’ other characteristics that
may affect their sentiment of music, we introduce fixed effects regression, the major method for regression analysis
of panel data. It is an extension of multiple regression that
exploits panel data to control for variables that differ across
entities but are constant over time [48]. This allows controlling unobserved changes during our observation period.
We incorporate user gender, age, and country as control
variables.
The DD model employed for the COVID-19 pandemic
is shown in Equation 2.
Yit =α + β1 (Iit ) + β2 Genderi +
β3 Agei + Ci + Dt + it

(2)

where Y is a dependent variable, I are the independent
variables, it indicates observations for user i in week t
and it indicates the error term in the equation. We detail the utilized dependent and independent variables in
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Sections 3.4 and 3.5, respectively. Furthermore, the equation also contains controls and fixed-effect variables as described above. Specifically, fixed-country effects (Ci in
the equation) allow controlling the time-invariant, countryspecific characteristics of users as e.g., socio-cultural background may be related to users’ artist listening behavior.
The observable changes of global events that might influence users’ listening behavior worldwide can be controlled
by adding a week fixed effect (Dt ). Controls of gender and
age of users are also included in Equation 2.
The coefficient for the dependent variable is an effective
difference-in-differences estimate of the average impact of
the COVID-19 outbreak on the sentiment of music listened
to by users. The effect of the outbreak of COVID-19 on
user’s music sentiment in a week is estimated using the
Ordinary Least Squares method, which is appropriate for
the continuous dependent variable.
3.4 Dependent variables
We use two dependent variables to build two models, by
which we can cross check robustness of the results. Both
are on user’s music sentiment calculated based on the measure of music sentiment described in Section 3.2. The first
dependent variable is the average sentiment of artists a user
listened to (hereafter referred to asUSE) in a given week.
The values of USE range from 0 to 1. The larger the USE
value is, the more positive the user’s music sentiment. USE
captures the average sentiment of artists the user listened
to in each day, weighted by the relative consumption frequency of the artists, as shown by Equation 3:
n
X
ci
U SE =
ASi ·
(3)
C
i=1
where ASi denotes the sentiment value of the ith artist
the user listened to on the given day; ci indicates the playcount (number of times the user listened to artist i); and C
denotes the total playcount of the user on that day. Based
on daily USE values, we then aggregate this user’s daily
USE to the weekly level through averaging. The weekly
average USE of a user is the first dependent variable.
The second dependent variable we propose to use is
whether the music sentiment of a user in a given week is
extremely positive (i.e., whether or not the weekly USE
value of a user is in the 90th percentile of USE values of
all users in our dataset). We refer to this variable as POS.
3.5 Independent variables
For our DD analyses, we propose to use the outbreak of
COVID-19, denoted as COVID-19 hereafter, as the independent variable. Specifically, it is a binary variable indicating whether or not the first COVID-19 case has been
confirmed in a given country in a given week. The variable
is 0 for observations (a.k.a samples) before the outbreak
in a country and 1 for observations/samples after the outbreak. In addition, to explore the association between the
number of new COVID-19 cases and user’s music sentiment, we also include the weekly number of new COVID19 cases in a country as the second independent variable,
denoted as COVID19 cases.
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Variable
USE
POS
COVID-19
COVID-19 cases
Age
Gender

Mean
0.3332
0.0976
0.2038
0.8344
32.3674
0.1731

Std. Dev.
0.0782
0.2967
0.4028
1.9249
13.1637
0.3783

Min
0
0
0
0
6
0

Max
0.9813
1
1
10.0542
126
1

Table 1. Descriptive statistics of variables modeled in this
study; N =184,277 (weekly observations of 12,278 users
for 21 weeks); gender indicates male (0) or female (1).
Table 1 summarizes the descriptive statistics of dependent and independent variables in this study. The distribution of USE for the samples is presented in Figure 1.
3.6 Interaction effect between the COVID-19 and
gender
To explore whether there is a gender difference regarding the effect of the COVID-19 pandemic on user’ music sentiment, we generate two interaction terms between gender and the independent variables respectively,
COVID#Gender and Case#Gender. Specifically, we multiply COVID-19 and COVID-19 cases with gender respectively and add each of the interaction terms to Equation 2
for separate modeling.
Besides, after running regression models on all sampled
users, we conduct DD analysis for females and males separately, to further examine possible gender differences.
In sum, for each dependent variable (USE, POS), we
run four regression models on each independent variable
(COVID-19 and COVID19 cases): the original one indicated by Equation 2, the one with added interaction term,
and two on female and male users only.

Figure 1. Distribution of USE (average sentiment of artists
the user listened to), with USE on x-axis and probability
density on y-axis.

4. RESULTS
4.1 COVID-19 outbreak and users’ music sentiment
The effects of the independent variable, COVID-19, on dependent variable, weekly USE (user’s music sentiment) are
shown in columns 1 to 4 in Table 2 (Panel 1). We observe a significant and negative association between the
outbreak of COVID-19 in a country and users’ music sentiment (USE): The coefficient on COVID-19 for USE is
-0.002 (p < 0.01, t-test) in column 1 of Table 2 (Panel 1),
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suggesting that the sentiment values of the users in countries with COVID-19 outbreak is 0.002 lower than that of
the users in countries where COVID-19 has not appeared
yet. In other words, compared to sentiment of artists listened to by users in countries without COVID-19, that of
users exposed to this pandemic is more negative.
In the USE model, the coefficient for Gender in column
1 (Panel 1) is 0.014 at the significance level of 0.01, indicating that the sentiment of artists listened to by females is
more positive than that of males. The coefficient for age
is significantly negative in column 1 (Panel 1), suggesting that younger users’ average weekly music sentiment
is more positive than older users, though the difference is
small and nearly close to zero.
Gender differences are also found in the model of USE
with the intersection term (column 2, Panel 1). With a
value of 0.0025 (p < 0.05), the coefficient on the interaction term between COVID-19 outbreak and gender,
COVID#Gender, is significantly positive, indicating that
females are less influenced by the pandemic, as compared
to their male peers. In column 2 of Table 2 (Panel 1). The
estimated USE for females and males before and after the
outbreak of COVID-19 is shown in Figure 2. The figure
suggests a very slight decrease in USE after the outbreak
of COVID-19 for females, as compared to a clear decline
in users’ USE for males. The regression results are consistent based on the models that only include either female
(column 3, Panel 1) or male users (column 4, Panel 1):
there is no significant impact of COVID-19 outbreak on
USE in the model of females (column 3), while there is a
significantly negative effect for males as shown in column
4 of Table 2 (Panel 1).
The results of the analyses of the POS variable (i.e.,
whether music sentiment of users is extremely positive)
provide consistent findings that user’s music sentiment
turns more negative after the outbreak of COVID-19. Column 5 of Table 2 (Panel 1) reveals that there is a significantly negative relationship between the outbreak of
COVID-19 and the positiveness of users’ music sentiment
(POS). After the outbreak of COVID-19, the probability
that users’ weekly averaged music sentiment reaches extremely positive values decreased by nearly 2.8% (p <
0.01). The coefficient on the interaction term between
COVID-19 and gender is not significant (column 6, Panel
1). Columns 7 and 8 in Panel 1 both show that the likelihood that the weekly USE for females and males get extremely positive declines by 1.6% (p < 0.05) and 3.2%
(p < 0.01), respectively.
4.2 COVID-19 cases and users’ music sentiment
Users’ sentiment of music is negatively associated with the
number of COVID-19 cases in a country. In other words,
in a country where a larger number of people are infected
with COVID-19 in a given week, the weekly average sentiment of artists the user listened to becomes more negative.
From column 1 in Table 2 (Panel 2), one unit growth in
COVID-19 new cases in the week leads to a decrease of
0.05 in weekly USE of users , i.e., 64.10% (i.e., 0.05 divided by standard deviation of USE) standard deviation of

users’ USE. Again, we find the negative effect of COVID19 cases only for males, as shown in column 4 of Table 2
(Panel 2). For the dependent variable POS, results in column 5 of Table 2 (Panel 2) shows that, one unit increase
in COVID-19 new cases in the week is related to a 67%
lower probability that the weekly user sentiment reaches
extremely positive values. There is no gender difference
regarding the effect of new COVID-19 cases on users’ POS
as the interaction term between new COVID-19 cases and
Gender is not significant (column 6, Panel 2), and the coefficients of COVID-19 cases on POS for females and males
are very close, as shown in columns 7 and 8 of Table 2
(Panel 2).

Figure 2. Estimated interaction effect between COVID-19
outbreak and gender.

5. DISCUSSION
Our results show that, after the outbreak of COVID-19 in
a country, the weekly sentiment of artists users listened
to turns more negative. These results are robust regardless of whether the dependent variable is the weekly average sentiment value of users’ artist listening (USE) or
whether or not users’ music sentiment is extremely positive
(POS). The findings hence show significant causality between the real-world event (i.e., the COVID-19 pandemic)
and users’ music sentiment. We find that, after the first
COVID-19 case in a country was confirmed, the weekly
sentiment of artists users listened to decreased by 0.002,
nearly 3% of standard deviation of users’ USE (column
1 Panel 1 in Table 2. This negative effect is pronounced
for males, whereas females’ music emotion is less influenced by the outbreak of the COVID-19 pandemic. We
further find a negative association between the number of
COVID-19 new cases in the current week and users’ music sentiment: one unit growth in COVID-19 new cases in a
given week brings a decrease of 0.05, i.e., 64.10% of standard deviation of user’s weekly music sentiment (column
1, Panel 2 in Table 2. One unit increase in COVID-19 new
cases in a week is related to a 67% lower probability that
user’s weekly music sentiment reaches extremely positive
(column 5, Panel 2 in Table 2).
We provide convincing evidence to show a negative
impact of public health crisis on collective sentiment using the unexpected outbreak of COVID-19 pandemic as
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(1)
Model
COVID19
Gender

All
-0.0020***
(0.0006)
0.0141***
(0.0005)

COVID#Gender
Age
Constant
Observations
R-squared

-0.0000**
(0.0000)
0.3321***
(0.0005)
184,277
0.030

Model
COVID19 cases
Gender

All
-0.0005**
(0.0002)
0.0141***
(0.0005)

Case#Gender
Age
Constant
Observations
R-squared

-0.0000**
(0.0000)
0.3321***
(0.0005)
184,277
0.030

(2)

(3)

USE
All
Female
-0.0024*** 0.0008
(0.0006)
(0.0015)
0.0136***
(0.0005)
0.0025**
(0.0012)
-0.0000**
0.0001**
(0.0000)
(0.0000)
0.3322***
0.3428***
(0.0005)
(0.0013)
184,277
31,894
0.030
0.036

(4)
Panel 1

(5)

Male
-0.0028***
(0.0007)

All
-0.0284***
(0.0023)
0.0335***
(0.0018)

-0.0000***
(0.0000)
0.3328***
(0.0005)
152,383
0.025
Panel 2

-0.0001
(0.0001)
0.0999***
(0.0020)
184,277
0.014

Male
-0.0006**
(0.0002)

All
-0.0067***
(0.0008)
0.0340***
(0.0018)

-0.0000***
(0.0000)
0.3327***
(0.0006)
152,383
0.025

-0.0001
(0.0001)
0.0996***
(0.0020)
184,277
0.013

USE
All
Female
-0.0005**
-0.0003
(0.0002)
(0.0006)
0.0141***
(0.0005)
0.0001
(0.0003)
-0.0000**
0.0001**
(0.0000)
(0.0000)
0.3322***
0.3432***
(0.0005)
(0.0013)
184,277
31,894
0.030
0.036

(6)

(7)

POS
All
Female
-0.0290*** -0.0161***
(0.0024)
(0.0062)
0.0329***
(0.0020)
0.0036
(0.0047)
-0.0001
0.0003*
(0.0001)
(0.0002)
0.1000***
0.1199***
(0.0020)
(0.0053)
184,277
31,894
0.014
0.020
POS
All
Female
-0.0065*** -0.0069***
(0.0009)
(0.0023)
0.0351***
(0.0020)
-0.0014
(0.0010)
-0.0001
0.0003*
(0.0001)
(0.0002)
0.0995***
0.1224***
(0.0020)
(0.0055)
184,277
31,894
0.013
0.020

(8)

Male
-0.0316***
(0.0025)

-0.0001**
(0.0001)
0.1025***
(0.0020)
"152,383"
0.011

Male
-0.0068***
(0.0009)

-0.0001**
(0.0001)
0.1017***
(0.0021)
152,383
0.011

Table 2. Estimated effect of the outbreak of COVID-19 (Panel 1) and number of new COVID-19 cases (Panel 2) on users’
music sentiment. Robust standard errors are in parentheses; gender indicates female (1) or male (0). All models employ
country and week-fixed effects (*** p < 0.01, ** p < 0.05, * p < 0.1). For columns (1) to (4), the dependent variable
is USE. From columns (5) to (8), the dependent variable is POS. Columns (1) and (5) report the regression results based
on the models that include control variables, i.e., gender and age for all sampled users; columns (2) and (6) indicates the
regression results based on the models with control variables and an interaction term between COVID-19/Case and gender;
columns (3), (4) and columns (7), (8) show the results based on the models with either female or male users.
an example that ensures a causal relationship through the
different of differences method. Wide spread outbreaks
of infectious diseases often cause psychological distress
and symptoms of mental illness [3, 35]. Our results suggest that the average sentiment of artists users listened
to becomes more negative after the first COVID-19 case
was confirmed in a country, which is consistent with reported detrimental effect of pandemics on public mental health [30, 33, 37]. We further find that in countries
where more new COVID-19 are confirmed, users’ music
sentiment turns more negative. During this acute public
health crisis, people might experience fears of infection
and worry about the pandemic’s consequences. The disruption of daily routines and the social isolation imposed
by the "stay at home orders" adopted in many countries
also cause compounding personal stress and anxiety. The
unemployment and financial losses caused by physical isolation may also strengthen feelings of distress. These negative emotions, as shown by our results, have been reflected
by the sentiment of artists users listened to during the pandemic.We find that females’ music sentiment is less influenced by the outbreak of COVID-19, which is probably
due to the gender differences in socio-economic roles that
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females might be less financially stressed than males [53].
6. CONCLUSION
This study applies the difference of differences method to
find that, after the first COVID-19 case in a country was
confirmed, the weekly sentiment of artists users listened to
became more negative. This negative effect is pronounced
for males. We further find a negative association between
the number of new COVID-19 cases in a week and users’
music sentiment. The results could provide useful implications for the design of music recommendation systems
during public health crises or other disasters, which could
help manage users’ mood, enhance mental health, and mitigate negative psychological impacts of pandemics. The
findings also provide empirical evidence that large-scale
aggregation of music listening data can help monitor collective sentiment of listener populations.
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