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Abstract

Music evokes profound emotions, yet the universality of emo-
tional descriptors across languages remains debated. A key
challenge in cross-cultural research on music emotion is bi-
ased stimulus selection and manual curation of taxonomies,
predominantly relying on Western music and languages. To
address this, we propose a balanced experimental design with
nine online experiments in Brazil, the US, and South Korea,
involving N=672 participants. First, we sample a balanced
set of popular music from these countries. Using an open-
ended tagging pipeline, we then gather emotion terms to cre-
ate culture-specific taxonomies. Finally, using these bottom-up
taxonomies, participants rate emotions of each song. This al-
lows us to map emotional similarities within and across cul-
tures. Results show consistency in high arousal, high valence
emotions but greater variability in others. Notably, machine
translations were often inadequate to capture music-specific
meanings. These findings together highlight the need for a
domain-sensitive, open-ended, bottom-up emotion elicitation
approach to reduce cultural biases in emotion research.
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Introduction

Music uniquely expresses emotions, evokes feelings, and in-
fluences our mood, making it a fundamental aspect of hu-
man experience (Juslin & Sloboda, 2010; North & Harg-
reaves, 2008; Juslin & Vistfjill, 2008; Park, Thom, Men-
nicken, Cramer, & Macy, 2019). A central debate in emo-
tion research is whether emotions are innate (Darwin, 1872;
Ekman & Friesen, 1971) or shaped by language and cul-
ture (Russell, Bachorowski, & Fernandez-Dols, 2003; Bar-
rett, Adolphs, Marsella, Martinez, & Pollak, 2019). Univer-
salist theories, such as basic emotion theory (Ekman, 1992),
argue that emotions are biologically hardwired and univer-
sally recognized, emphasizing a core set of emotions like
“happiness,” “sadness,” and ‘“anger.” Supporting this view,
studies suggest that basic emotions can be recognized across
cultures, even in unfamiliar musical traditions (Balkwill &
Thompson, 1999; Fritz et al., 2009). However, other research
highlights significant cross-cultural differences in emotional
experience (Jackson et al., 2019).

A related question in emotion research is the terminol-
ogy used to describe emotions. Traditionally, emotion re-
search has focused on a small number of basic emotion cat-
egories (Descartes, 1989; Ekman, 1992). Additionally, emo-
tions have been proposed to exist along dimensions such as
arousal (emotional activation) and valence (positive to nega-
tive; Russell, 1980). However, recent studies suggest that de-
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scribing musical emotions requires a richer vocabulary be-
yond a limited set of terms and is potentially described by a
high dimensional space (Cowen, Sauter, Tracy, & Keltner,
2019; Cowen & Keltner, 2021; Eerola & Vuoskoski, 2013;
Eerola & Saari, 2025).

Cross-cultural research on music and emotion has tradi-
tionally relied on a small number of terms, often adapted from
Western theories (Balkwill & Thompson, 1999; Fritz et al.,
2009). However, large-scale studies using online data reveal
substantial variability in emotional terms across languages
worldwide (Jackson et al., 2019), suggesting that the tax-
onomy of musical emotions may also differ across cultures.
Furthermore, mood perception studies show high agreement
on basic attributes like “sad” and “cheerful” across cultures,
while terms such as “dreamy” or “love” can have rather
culture-specific interpretations (Lee, Hoger, Schonwiesner,
Park, & Jacoby, 2021).

How can we characterize music emotion terms across cul-
tures? Previous research has often relied on a limited and bi-
ased selection of musical stimuli (Fritz et al., 2009; Balkwill
& Thompson, 1999) and an arbitrarily chosen set of emotion
terms (Juslin & Vistfjall, 2008; Juslin & Sloboda, 2010). Ad-
ditionally, these terms have primarily been derived from En-
glish and other Western languages, while the musical mate-
rials studied have predominantly come from Western tradi-
tions. These limitations greatly hinder our ability to capture
the variability of cultural nuances and discuss its universali-
ties (Blasi, Henrich, Adamou, Kemmerer, & Majid, 2022).

To address these limitations, we propose a novel pipeline
designed to reduce bias and improve cross-cultural compar-
isons. To mitigate stimulus bias, we carefully sampled a bal-
anced set of 270 songs from Brazil, South Korea, and the
US (Lee et al., 2021; Figure 1A). We then conducted a se-
ries of experiments, recruiting participants from these three
countries (Figure 1B) who performed tasks in their native
language. Crucially, all participants engaged with the same
shared music database, including both music from their own
country and from the other two. This design avides an a priori
dominance of one culture in the stimulus set.

In each country, a group of participants generated emotion-
related tags through an open-ended process (Figure 1C).
This allowed participants to freely express relevant emotional
terms without being constrained by a predefined taxonomy.
The iterative nature of the process also enabled participants
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Figure 1: Experimental Setup. A: Music collection in three cultures. B: Human-in-the-loop pipeline conducted in the following
order: (C) STEP paradigm to obtain a list of words per culture, (D) discrete emotionality rating to select emotional words, and

(E) dense rating of each stimulus along the select terms.

to refine, rate, and correct each other’s tags, improving the
quality of the final term set. By including diverse music from
all three cultures, we ensured that a broad emotional spectrum
was covered, avoiding biases that could arise from presenting
only a narrow range of stimuli (e.g., if only happy songs were
presented, terms like “sad” would not emerge).

A separate group of participants then validated whether
the collected terms were truly emotion-related (Figure 1D).
This step was necessary because participants in the first
phase sometimes reported descriptive musical attributes (e.g.,
“loud”) alongside emotional terms. By establishing a consen-
sus, we differentiated emotion-related descriptors from gen-
eral musical characteristics.

Since emotion terms may have weak or variable associ-
ations with specific stimuli (Toivonen et al., 2012; Durén,
Reisenzein, & Fernandez-Dols, 2017; Siegel et al., 2018; van
Rijn & Larrouy-Maestri, 2023), we accounted for the possi-
bility that multiple terms could apply to a given song (“mixed
emotions”). To investigate this, we recruited three additional
participant groups—one per culture—who rated the emotions
of a subset of songs using the validated taxonomy (Figure
1E). Because all participants listened to the same physical
musical stimuli, we could directly compare how emotions
were represented across languages.

By analyzing correlations between terms within and across
languages, we identified patterns of emotional similarity. Low
correlations across songs indicate that participants use these
terms in distinct musical contexts, whereas high correlations
suggest a stronger semantic connection. We can then use this
correlation to map the relationships between emotional terms
both within and across cultures.

This pipeline provides a data-driven approach to under-
standing music emotions cross-culturally, offering new in-
sights into how emotional expressions in music vary across
languages and cultures.

Methods
Song Selection

We use a dataset of 360 pop songs originally introduced in
(Lee et al., 2021), which evenly samples songs from Brazil,
Korea, and the United States. These songs were retrieved
from major music charts ensuring a representative selection
of popular music trends.
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From those 360 songs, 120 songs were presented in each
country during the term elicitation phase, consisting of 60
songs from their own culture and 30 songs each from the
other two cultures (see ‘Open-ended tagging using STEP’).
Each song was presented for 15 seconds in length.

During the rating phase (see ‘Dense rating’), a smaller
subset of 60 songs (20 songs each from the three countries)
were presented uniformly across all three countries. To max-
imize the diversity of these songs, they were systematically
sampled from the entire pool considering the acoustic fea-
tures of these songs obtained from Spotify (“danceability”,
“energy”, “loudness”, “speechiness”, “acousticness”, “instru-
mentalness”, “liveness”, and “tempo’), and temporal distribu-
tion (two songs per release year for each country).

Participants

We recruited independent sets of participants for each
experiment we ran. Recruitment criteria included be-
ing at least 18 years old, residing in the target coun-
try, and speaking the target language as their pri-
mary language. Brazilian and US participants were re-
cruited via Prolific (https://prolific.com), while Ko-
rean participants were exclusively recruited through CINT
(https://www.cint.com) due to limited availability on Pro-
lific. Compensation was standardized at £9 per hour for Pro-
lific participants and adjusted to the local minimum wage for
CINT participants.

Participants were required to pass a headphone screening
task (Milne et al., 2021) before participating in experiments
that involved listening to music clips.

In addition, to control for language proficiency, all partici-
pants completed a vocabulary test (van Rijn et al., 2023).

Overall we recruited a total of N=672 participants across
all experiments.

Procedure

All experiments were conducted using PsyNet! (Harrison et
al., 2020), an automated recruitment framework for large-
scale online studies. Experimental texts were translated us-
ing machine translation and then verified by native speakers
from each language. Participants provided informed consent

IPsynet: https://psynetdev.gitlab.io/PsyNet/
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Figure 2: Pearson correlation across 50 emotional terms in Portuguese (Brazil, A), Korean (Korea, B), and English (US C).
Correlation matrices are sorted by the order in the dendrogram obtained via agglomerative clustering.

under an approved ethics protocol (Max Planck Ethics Coun-

cil #202142).
Open-ended tagging using STEP. To capture musical ex-

periences without relying on pre-defined taxonomies, we
used STEP (Marjieh et al., 2023; van Rijn, 2024), an open-
ended tagging pipeline, where participants generate, evalu-
ate, and refine emotional descriptors over successive itera-
tions (Figure 1C).

In each iteration, (1) participants listened to the full mu-
sic clip, provided new tags describing their emotional experi-
ence, (2) rated existing tags (if previous participants provided
tags), and (3) flagged inappropriate ones (e.g., typos, irrele-
vant responses). They were instructed to use single-word tags
that reflect both musical and emotional characteristics, avoid-
ing genre labels and direct transcription of lyrics. Tags were
written in their native language, with a 15-character limit, and
multiple entries were allowed. Each participant annotated 15
music clips to balance the workload and maintain diversity.

We recruited three groups of participants (US=26,
Brazil=30, Korea=30) to annotate 120 randomly selected
songs. For each song, after five iterations, this process pro-
duced a weighted bag-of-words representation for each song.
By analyzing tag co-occurrences, we derived an emergent
taxonomy of emotions. This approach is particularly effec-
tive for cross-cultural studies, as it iteratively builds culturally

grounded semantic representations.
Tag selection. STEP process in each country resulted in

158, 194, and 299 labels for the US, Brazil, and Korea respec-
tively. To create culturally relevant emotional descriptors, we
followed a two-step process: cleaning and validation.

In the first step, we cleaned the tags using an automated
pipeline (specifically: lemmatizing words, and correcting ty-
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pos with fuzzy matching, see Niedermann et al. 2024 for
more details). Tags containing invalid characters or formats
were excluded. After automated cleaning, words with minor
spelling variations were manually merged into identical tags.
This process resulted in a final list of 150, 186, and 259 emo-
tional descriptors in the US, Brazil, and Korea, respectively
(Figure 1D).

To subselect tags referring explicitly to emotional expe-
riences, we conducted a tag selection experiment (US=41,
Brazil=37, Korea=62 participants). Each tag was shown to the
participants and asked whether the given tag could be used to
describe emotions in music or not. An average of 12 emotion-
ality ratings were collected for tags.

Based on this data, we computed the mean emotionality
per tag. Labels that met the 50% agreement threshold were
considered valid emotional terms within that culture. We sub-
selected the top 50 most emotional terms in each culture. The
final set of 50 terms per language and culture served as the
emotional taxonomy for the next step. This number was cho-
sen based on prior studies suggesting that around 50 emotions
effectively capture a significant portion of emotional variabil-
ity (Cowen, Sauter, et al., 2019).

Dense rating. While participants in STEP provide ratings
for the relevance of each of the tags in the stimuli, this rating
is fairly sparse (i.e., each stimulus receives only a small num-
ber of the most appropriate tags). Since emotions can capture
more nuanced aspects of music, it is important to account for
weakly relevant annotations to better reflect the complexity
of emotional responses.

Thus, for a subset of songs (see ‘Song Selection’), we con-
ducted a dense rating experiment (US=202, Brazil=104, Ko-
rea=140 participants) to study the associations across emotion
terms for music within and across cultures, (Figure 1E).
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Figure 3: Pearson correlation across all three pairs of cultures: (A) Brazil and Korea, (B) Korea and US, and (C) US and Brazil.
Correlation matrices are sorted by the order in the dendrogram obtained via agglomerative clustering.

For each song, participants randomly received five descrip-
tors from the 50 tags selected in the previous section and pro-
vided ratings about its relevance on a 5-point scale. On aver-
age, each song and tag was rated 17 times. The order of tags
and the presentation of clips were randomized to minimize
order effects and potential biases.

Results

Within-culture term correlations

Figure 2 shows the Pearson correlation matrices of all pair-
wise comparisons of 50 tags on their ratings within each of
the three countries. The results indicate that two major clus-
ters can be seen in all countries, and that the large cluster can
be divided into two subclusters.

The first cluster (top left square in each heatmap, Figure 2)
reflects both high arousal and high valence emotional expres-
sions. Particularly in Brazil this is most prominent, including
terms like “dancante (danceable)”, “animada (lively)”, and
“vibrante (vibrant)”. Accordingly, terms such as “&3=1141->
(danceable)”, “74 7| (cheerful)”, and “Al U= (exciting)” are
found in Korean, while“happy”, “joyful”, and “vibrant” are
included in the US. Such cross-cultural consistencies high-
light shared taxonomies for expressing energetic and positive
emotions when listening to music.

The second cluster (bottom right square in each heatmap)
generally reflects low arousal expressions, at the same time,
they are more cross-culturally varied and further divided into
subclusters. In Brazil, these subclusters reflect high and low
valence divide, with high valence subcluster including emo-
tions such as ‘“calma (calm)”, “relaxante (relaxing),” and
“tranquila (tranquil)”, while low valence subcluster includes
“triste (sad)”, “depressao (depression)”, and “dramatica (dra-
matic)”.
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In Korea, this subcluster division is even more apparent.
One reflects a low valence grouping, described with terms
like “2]2-2 (loneliness)”, “A4]=2Z (melancholy)”, and “of
Z| 22 (pitiable)”, while the other reflects high valence emo-
tions including “ZFHE3F (calm)”, “ZFH| 22 (sweetness)”,
and “% -2} (tranquility)”.

In the US, the subcluster division is more ambiguous, with
less distinctive grouping, while blending both positive and
negative terms. One (located in the middle) with only a few
terms such as “monotone”, “tension”, and “anger”. The other
(at the bottom right) represents low arousal emotions, rang-
ing from positive like “hopeful”, “relaxing”, to negative like
“depressing” and “sad”, “breakup”, and “heartbreak”.

Empirically, the mean correlations of clustered emotional
terms within each group were high (Pearson correlation: US
=0.81, Korea = 0.84, Brazil = 0.87), which confirms that our
clustering method adequately captures the distinct groupings.
Furthermore, the proportion of variance explained by these
clusters, as measured by R2, was also substantial (US =0.65,
Korea = 0.71, Brazil = 0.75), reinforcing the robustness of
our approach in organizing emotional terms into coherent and
meaningful categories across cultures.

Together this suggests that while there are broad distinc-
tions for well-established emotional dimensions (i.e., valence,
arousal), there are lots of nuances between the terms in lan-
guages.

Between-culture term correlations

We next move on to compare how the emotion terms correlate
between country pairs, as shown in Figure 3.

As expected, certain emotional terms were used in similar
ways across cultures (i.e. are highly correlated to each other).
For example, “sad” in Korean (“&Z") and English, as well
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as “romantic” in Portuguese (“romantica”) and English were
strongly correlated (r = .73 and .82). Similarly, “energetic”
in the US sample was highly correlated with “vibrante (vi-
brant)” in the Brazilian sample (r = .80). All cultures had con-
cepts for calmness (“ZFESHZEZSF and “calma”), melan-
choly (“4]2Z" and “melancélica™), and sadness (“&Z”
and “triste”). These results demonstrate alignment in emo-
tional concepts for describing music emotions across cul-
tures.

Surprisingly, however, other emotion terms showed notable
differences despite having one-to-one mapping according to
dictionary translations. Using ChatGPT 4.0, we translated all
Korean and Portuguese terms to English, and then computed
the correlations for all terms with a direct translation avail-
able. These were 22 for Korea and 26 for Brazil (out of 50
terms). The average correlations were low: for Korean (r =
.61) and Portuguese (r = .59). For instance, “Z* % (pas-
sionate)” did not correlate with “passionate” (bootstrapped
split-halves: r = .05 [.00, .20], in Korean: r = .49 [.43, .60]
and in English: r = .60 [.55, .72]). At times, terms were even
negatively correlated with their direct translation. For exam-
ple, “emocionante (exciting)” and “exciting” (r = -.50 [-.38,
-.54], in Brazil: r =.72 [.71, .80] and in English: r = .59 [.55,
.72]). These results highlight that dictionary translations are
at best proxies of the emotion concept (where the correla-
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tion is rather high) but can be ambiguous when describing
domain-specific concepts such as music emotions.

We also observed a misalignment between the observed
clusters and agglomerative clusters (Brazil-Korea: R> = .38,
Korea-US: R? = .55, US—Brazil: R> = .41), as indicated by
white lines. For example, in the case of the high arousal, high
valence cluster (top left), the pattern in Brazil reflects a struc-
tured and focused set of terms such as “lively”, “energetic”,
and “cheerful”. In contrast, in Korea and the US, patterns
include a wider and more diverse range of terms, not only
corresponding to high arousal and high valence but also in-
cluding “loneliness”, “monotone”, and “melancholy” which
extend beyond the category. This suggests that while partici-
pants in Brazil associate such experiences with high arousal
and high valence emotions, participants in Korea and the US,
interpret the same stimuli through a more varied emotional
lens, blending emotions from different dimensions.

Correlation network

So far, we have focussed on correlations of emotion terms
across pairs of cultures. In Figure 4 we consider the correla-
tions between all three countries and visualise this as a net-
work graph using Gephi software,? including only positive
correlation values as edges and each term as nodes. The net-
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work demonstrates two clear clusters as seen in previous re-
sults, and the modularity detection algorithm confirmed this
(optimal n clusters = 2; modularity score = (0.345).

The resulting clusters are highly interpretable with low va-
lence terms in one cluster (orange) and high valence terms
in the other (green). This is aligned with the first two ag-
glomerative clusters in all three countries (ARI: Brazil=.92,
Korea=.92, US=.63). As seen with country-pair correlations
in the previous sections, terms that are similar in different
languages (e.g., “peaceful (H-23H)” and “peace (paz)”) were
close together in the network space.

In-group effects

Research in multiple modalities has shown that people agree
more with each other when emotional stimulus comes from
their own cultural group (Elfenbein & Ambady, 2002; Elfen-
bein, Beaupré, Lévesque, & Hess, 2007; Laukka & Elfenbein,
2020; Hu & Lee, 2012; Hu, Lee, Choi, & Downie, 2014; Lee
et al., 2021). To assess if this phenomenon (so-called “in-
group effect”) also exists in our data, we grouped songs based
on their origin and average across emotions within each coun-
try.

Aligning with previous findings, we found that raters con-
sistently show higher agreement when evaluating songs from
their own cultural origin compared to foreign music. Specif-
ically, Brazilian raters exhibited the highest within-country
correlation when rating Brazilian songs, while their agree-
ment was lower for Korean and American songs (F(2,321) =
20.7,p < .001, ges = .114). Similarly, Korean raters showed
significantly greater consistency in rating Korean songs than
in rating Brazilian or American songs (F(2,321) =20.7,p <
.001, ges = .114). A comparable pattern was observed for
American raters, who demonstrated the strongest agreement
when evaluating songs from the U.S (F(2,321) =20.7,p <
.001, ges = .114). These results reinforce the idea that cultural
environment and familiarity plays a key role in shaping how
listeners perceive musical emotions.

Discussion

We adopted an open-ended approach to develop taxonomies
of emotion for a balanced set of popular music from three dif-
ferent countries. Using these taxonomies, we rated the same
database of songs to map similarities and divergences in emo-
tional terms across languages. In all three countries, we iden-
tified two broad clusters (Figure 2). The most prominent clus-
ter, present across all cultures, encompassed terms associ-
ated with high valence and high arousal. Additionally, cer-
tain emotional concepts, such as “calmness”, “melancholy”,
and “sadness”, were consistently present across all three cul-
tures. However, secondary clusters varied between cultures.
Notably, the clusters did not fully align across cultures (Fig-
ure 3).

Our findings indicate that direct machine translations do
not always correspond to high correlations in term ratings
across musical stimuli. Some direct translations showed no
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correlation or even negative correlation, suggesting that ap-
proaches that do not specifically consider music may fail to
fully capture the semantics of emotion across cultures. This
underscores the limitations of relying solely on dictionary
translations. A predefined taxonomy developed within one
culture, and directly translated into another, may not ade-
quately represent the nuanced meanings and contexts of emo-
tional expressions (Cowen, Laukka, Elfenbein, Liu, & Kelt-
ner, 2019; Cowen, Fang, Sauter, & Keltner, 2020; Cowen et
al., 2024).

Our approach offers a significant advantage by allowing
for the mapping of emotional terms across languages based
on human ratings rather than predefined textual categories.
Unlike previous textual methods e.g (Jackson et al., 2019;
Thompson, Roberts, & Lupyan, 2020), our study incorporates
human responses to real, natural music, enabling the identifi-
cation of patterns specific to music.

Finally, an in-group effect emerged, with individuals show-
ing stronger agreement when rating music from their own cul-
ture. The significance of this work lies in its ability to produce
conceptual results similar to data-driven approaches (Cowen,
Sauter, et al., 2019; Cowen, Laukka, et al., 2019; Cowen et
al., 2020), while addressing biases that have limited their ap-
plicability in cross-cultural settings.

Limitations

Our study focuses on perceived emotions rather than felt emo-
tions (Gabrielsson, 2001). While perceived and felt emotions
in music have demonstrated strong correlation (Krumhansl,
1997), measuring felt emotions presents significant method-
ological challenges. Nevertheless, future investigations could
integrate recent developments in physiological monitoring
techniques to assess felt emotional responses.

Another limitation is that we only examined three countries
and online participants. Future works can accomodate a more
diverse pool of participants by expending on the number of
countries, at the same time, targeting groups with less expo-
sure to globalized media (Jacoby et al., 2024). Differences in
recruitment platforms also pose a limitation. While Prolific
was used for the U.S. and Brazil, CINT was used for South
Korea due to availability. This may have introduced demo-
graphic or engagement differences. While rating experiments
can be conducted cross-culturally (Athanasopoulos, Eerola,
Lahdelma, & Kaliakatsos-Papakostas, 2021; McPherson et
al., 2020; McDermott, Schultz, Undurraga, & Godoy, 2016),
the iterative nature of our approach, in particular, the STEP
stage may require adaptation for field settings.

Lastly, we focused on popular music given its global reach,
which may have different characteristics from traditional or
folk music (Mehr et al., 2019). The rating taxonomy included
50 words, which may have limited cross-language mapping.
While this exceeds the empirically suggested number (Cowen
et al., 2020), expanding the list would require additional par-
ticipants. With large participant pools across countries, the
number of terms can be substantially increased.
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