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ABSTRACT

This study examines gender coding in sound and music, in a context
where music plays a supportive role to other modalities, such as in
toy advertising. We trained a series of binary XGBoost classifiers on
handcrafted features extracted from the soundtracks and then per-
formed SAGE and SHAP analyses to identify key audio features in
predicting the gender target of the ads. Our analysis reveals that tim-
bral dimensions play a prominent role and that commercials aimed
at girls tend to be more harmonious and rhythmical, with a broader
and smoother spectrum, while those targeting boys are characterised
by higher loudness, spectral entropy, and roughness. Mixed audi-
ence commercials instead appear to be as rhythmical as girls-only
ads, although slower, but show intermediate characteristics in terms
of harmonicity and roughness. This study highlights the importance
of music in shaping societal norms and the need for greater account-
ability in its use in marketing and other industries. We provide a
public repository containing all code and data used in this study.

Index Terms— xai, applications, music information retrieval,
gender and media

1. INTRODUCTION

The literature on gender coding in sound and music is sparse and
contradictory [1, 2, 3], as it lacks an encompassing theoretical frame-
work. We argue that the focus should not be on the composer’s gen-
der in relation to gendered musical material, but rather on the ob-
servable gendering of musical messages, as proposed by Tagg and
Clarida [1, p. 665]. This line of inquiry is more readily structured in
contexts where music plays a supportive role to other modalities,
such as in advertisements. The current research specifically tar-
gets toy commercials, which are notoriously gender-polarised [4],
thereby highlighting how advertising music might be utilised to re-
inforce traditional gender roles and stereotypes.

By extracting handcrafted features from the soundtracks of these
commercials, and by employing Shapley Additive Global impor-
tancE (SAGE) [5] and SHapley Additive exPlanations (SHAP) [6]
on a series of XGBoost [7] classifiers, our analysis centers on identi-
fying the most relevant audio features in predicting the gender target
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of a commercial. This study thus delves into the application of hand-
crafted audio descriptors in eXplainable Artificial Intelligence (XAI)
for music analysis, and examines the descriptors’ interpretability,
particularly in contexts beyond their design scope.

By modeling the underlying data generating processes, our aim
is to uncover differences in the audio signals of commercials targeted
at different gender-based customer segments, thereby providing in-
sights into how sound and music choices might reflect the decision-
making processes or unconscious gender biases of marketers. Ulti-
mately, our research aims to lay the groundwork for a comprehensive
theory of message production, in relation to the selection and com-
position of gender-based sound and music in toy advertisements. To
the best of our knowledge, this investigation is the first of its kind to
leverage XAI for exploring gender-coding in music.

2. BACKGROUND

2.1. XAI in social studies and music

A growing body of research in computational social studies lever-
ages approaches from XAI to gain insights about complex relation-
ships in the data that would be otherwise impossible to gain via
more traditional methods such as parametric modeling. Nesa et al.
[8] used SHAP to identify the primary correlates of crime due to
adolescent drug addiction by pinpointing behavioral disorders and
predicting the tendency to engage in criminal activities. Colak et
al. [9] identified students at risk of dropping out of school in low-
income countries, and highlighted how socio-economic characteris-
tics like involvement in household farming and the father’s education
level are pivotal in predicting and preventing school dropout. In a
study exploring explainable machine learning for predicting cleared
homicides in the U.S., Campedelli [10] utilised SHAP to determine
key features influencing clearance patterns, revealing significant el-
ements such as the nature of the homicide, the weapon used, and de-
mographics of victims and offenders, offering insights for targeted
strategies to enhance police effectiveness in solving homicides.

In a study investigating the link between music preferences and
moral values [11], SHAP analysis indicated that elements in lyrics
associated with hierarchy and tradition values had higher predictive
power compared to those related to empathy and equality, underscor-
ing the role of music listening behaviors in understanding individual
moral values. Furthermore, Fink et al. [12] surveyed over 5000 indi-
viduals across three continents during the first COVID-19 lockdown
to examine changes in music listening for socio-emotional coping.
The study found that more than half of the respondents used mu-



sic to cope, with those experiencing negative emotions using music
for emotional regulation, and those with increased positive emotions
using it as a substitute for social interaction. Utilising light gradient-
boosted regressor models and SHAP, the most significant predictor
of the use of music for coping was found to be an individual’s in-
terest in ”coronamusic,” highlighting the role of music in addressing
socio-emotional needs during societal crises.

2.2. Sound and music in gendered toy marketing

Over four decades of research have consistently shown gender polar-
isation in children’s TV advertising [13, 14, 15]. Such polarisation
is in fact materialised in various elements of commercials targeted
at girls, boys, and mixed audiences, including sound (such as voices
and background music), language, camera techniques, setting, inter-
actions, activities, and color schemes.

Regarding the auditory aspects, Welch et al. [13] observed that
the gender of the voice-over typically aligns with the intended au-
dience of the advertisement. However, they also noted a prevalence
of male voices in commercials for mixed audiences, a trend later
corroborated by others [15]. Additionally, it was found that adver-
tisements aimed at boys tend to feature noisier backgrounds, louder
music, and more sound effects [15]. A different research [14] discov-
ered that music in advertisements targeting girls usually has a softer
tone and often features sung narration. Whereas Johnson and Young
[16] highlighted a phenomenon they termed ”gender exaggeration,”
where male voice-overs are notably deep, growling, or aggressive,
while female voice-overs possess a high-pitched, melodic quality.

2.3. Gender-coding in music

Gender-coding in sound and music ensues from the historical sedi-
mentation, in musical practice, of multimodal associations between
gendered meanings in language, visual images, and musical struc-
tures [17]. In particular, certain instruments have been consistently
linked with masculine or feminine qualities, even when their sounds
are heard separately from any visual association with the instrument
itself [18]. Sergeant and Himonides [19, 2] explored if the sounds
or arrangement in Western art music could indicate the sex or gen-
der of the performer or composer. While they discovered no link
between the gender of the composer or performer and the gendering
of music, listeners consistently identified gendered aspects in mu-
sic, related to features like minor or major keys and tonal weight or
density. Wang and Horvát [3] analysed over 200k songs from more
than 8k artists worldwide, spanning 40 years of pop music, using
twelve computational descriptors of musical parameters and percep-
tual features. They discovered significant differences in eleven of
these twelve parameters based on the composers’ gender, indicating
distinct, genre-transcending gendered music styles in the global mu-
sic industry. Tagg [1, p. 665] researched the reception of gendered
meanings in TV themes music and found a strong consensus among
listeners. Factors like average tempo, consistency in rhythm and dy-
namics, and prominent bass lines were identified as key elements
influencing the perception of gender in these tunes.

3. DATASET

In March 2022, we collected a sample of 5614 videos from Smyths
Toys Superstores’ official YouTube channel, a leading toy retailer in
the UK which features a wide range of prominent brands in the in-
dustry. To ensure comparability with previous studies [20, 21], we
selected only high-quality videos intended for television. To min-
imise duplicates, we removed videos with the same title from our
sample. Given that we are interested in understanding the gendering
of sound and music in the toy industry at large, we needed to en-
force some balance across gender targets. We thus performed a pre-
liminary tagging of 1778 commercials based on their intended tar-
get audience (feminine, masculine or mixed audience) using simple
heuristics regarding the gender of the majority of presenters featur-
ing in the commercial, the colour coding of the video and ultimately
the category of the product. This resulted in 780 ’feminine’, 509
’masculine’, and 489 ‘mixed audience’ commercials. A final sample
of 606 commercials, spanning over 10 years from 2012 to 2022, was
obtained by randomly sampling from each category 202 videos. This
sample was then manually coded following a structured procedure.

The gender orientation (also target audience) of the commer-
cials was determined by the gender of the presenters. Following [16],
in order to account for tokenism, whenever a presenter of the other
gender was included in the background or for just a few seconds,
these were considered token gender representations and not explicit
market orientations. All fictional characters, even when realistic (e.g.
from a video game), were not considered as actors/presenters and the
corresponding commercials were coded as having no actors. Fol-
lowing previous studies [21, 22], in order to determine the reliability
of the variable, 15% of the commercials was double-coded by two
coders independently. We obtained a Krippendorff’s alpha level of
.91 and therefore met the standards of reliability required for this
type of analysis [22]. Out of 606 analysed commercials, 163 were
targeted at a feminine audience (girls only), 149 at a masculine audi-
ence (boys only), 200 at a mixed audience and 94 featured no actors.

4. EXPERIMENTAL SETUP

As part of data pre-processing, to avoid the jingle of the retailer in the
last 5 seconds of most soundtracks, we trimmed them accordingly.
Audio features—such as tonality, rhythm, structures, etc—were ex-
tracted with the MIRtoolbox (ver. 1.8.1) [23] using the function mir-
features. The initial set was reduced to the features mean, and delta
Mel-Frequency Cepstral Coefficients (MFCCs) were also removed
to avoid MFCC-related descriptors to dominate the feature space.

We then trained a series of XGBoost [7] classifiers to predict
the gender orientation of the commercials in the following settings:
girls vs boys-only, girls-only vs mixed audience, boys-only vs mixed
audience. Each model was trained on a further reduced set (via re-
cursive feature elimination with cross-validation, RFECV) and hy-
perparameters were tuned in an Optuna [24] study with 2000 trials.
We compare three different binary models instead of training a sin-
gle model on all three classes because it is imperative that the model
under analysis reflects at best the underlying data generating pro-
cesses. Whereas, in a previous study [25] we showed that when
compared to those from feminine and masculine-targeted commer-
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Fig. 1. Importance of the top ten features for each binary classification setting, from SAGE analysis.

cials, the soundtracks of mixed-audience commercials have much
less pronounced differences, which results in a significant drop in
the performance of models trained to discriminate between sound-
tracks from all three target audiences at the same time.

5. RESULTS

Model performance was assessed using leave-one-out cross-validation.
The F1 score achieved for the boys-only vs girls-only categorisation
was 0.91, utilising 32 features. Comparatively, the girls-only vs
mixed and boys-only vs mixed classifications yielded F1 scores of
0.75 and 0.73, with 32 and 38 features, respectively. For the sake of
interpretability, in the following we will first focus our analysis on
the top ten most important features (SAGE analysis), and secondly
on the top ten features excluding MFCCs (SHAP analysis).

5.1. Global feature importance

SAGE delves into global interpretability (as opposed to local expla-
nation), aiming to understand the overall dependence of a model on
each feature by assessing the influence of each feature on the model
performance, that is, across the entire dataset. In Fig. 1 we can see
how different features hold varying degrees of importance across the
three classification tasks. The presence of multiple MFCC bands
in the top ten features across all tasks (on average five out of ten)
suggests that timbre dimensions [26] have a prominent role in the
gender coding of music and sound. In particular, ‘spectral mfcc 10’
ranks within the top three for all tasks, emphasising its pivotal role
in differentiating gender-targeted commercials.

However, the remaining influential features show variability
across tasks. In the comparison of ”boys-only vs girls-only” and
”girls-only vs mixed,” features such as ‘spectral irregularity’, ‘spec-
tral spread’, ‘tonal keyclarity’, and ‘spectral roughness’ are con-
sistently important. In contrast, the ”boys-only vs mixed” classi-
fication shares only ‘fluctuation PeakMag’ with the ”boys-only vs
girls-only” task and ‘tonal chromagram centroid’ with the ”girls-
only vs mixed” task. This observation suggests that the models
utilise a core set of features to distinguish between commercials
aimed at boys-only and girls-only, as well as girls-only and mixed
audiences. The models instead depend on a substantially different
set of core features to differentiate between boys-only and mixed

audience ads. Mixed-audience commercials may thus have more
auditorily in common with boys-only than with girls-only ads.

5.2. Local feature contributions

SHAP focuses on the impact of individual features on individual pre-
dictions as it assigns each feature a value that represents whether it
pushes the prediction—of a single data point—higher or lower. The
decision, to focus here on the top ten features excluding MFCCs, is
based on the understanding that while MFCCs are important corre-
lates of timbre [26], they may not provide as much interpretive value
for local contributions as other features would. This is aimed at de-
riving more meaningful insights into how clearly-interpretable audio
characteristics contribute to gender coding in toy commercials.

Figure 2 shows the main differences in the audio signals of toy
commercials targeted at different gender-based market segments.
Let us proceed in order of appearance, by analysing the boys-only
vs girls-only task. Spectral irregularity, as defined in Jensen’s work
[27], is a measure of regularity of energy across a sound’s partials.
It is the normalised sum of squared differences of the amplitude of
adjacent partials in pseudo-harmonic sounds. Sometimes referred
to as spectral deviation, it has been found to correlate with spec-
tral fluctuations over time, one of the fundamental dimensions of
timbre perception [28]. Though it might seem counter-intuitive at
first glance, with higher values observed in commercials targeting
the feminine audience compared to those aimed at masculine or
mixed audiences, its behavior is likely a consequence of its original
design for pseudo-harmonic sounds. In our context, this means that
it might effectively serve as proxy for harmonicity. The fluctuation
peak’s magnitude instead functions as a measure of rhythm regu-
larity, with higher values correlating with girls-only commercials.
Also the spectral spread (variance of the spectrum), the tonal key
clarity (strength of the best estimated keys), the tonal chromagram
centroid and position of peak, the spectral rollof at 95%, as well
as the zero-crossing rate, all show higher values correlating with
girls-only commercials. Whereas, spectral roughness and entropy
both display higher values correlating with boys-only commercials.

Moving onto the girls-only vs mixed task, we first observe the
notable absence of the fluctuation peak magnitude as an important
predictor, indicating that girls-only and mixed audience commer-
cials are both more rhythmical than boys-only ones (cf., next task),
while no significant difference is emerging in the current task, al-
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Fig. 2. SHAP analysis of the top ten non-MFCCs features for each binary classification setting, ordered in descending SAGE values. Low
features values are depicted in cyan, middle values in grey, and high values in red. The positive class is always the second one in alphabetic
order (e.g., girls, in boys vs girls).

though the tempo appears to be slower in mixed audience ads. The
spectral flux instead indicates that girls-only commercials have on
average a smoother spectrum compared to mixed audience ones. We
also observe that the spectral centroid and the tempo are both typi-
cally higher for girls-only commercials. The rest of the descriptors
in this task instead all display the same behaviour as the previously
analysed task, where this time mixed audience commercials take the
place of boys-only ones, though with less pronounced differences.

From a quick analysis of the boys-only vs mixed task, we can
observe mixed audience commercials this time taking on the place
of girls-only commercials, for all previously discussed features. We
then observe in terms of this task’s specific differences, that the at-
tack slope of rhythmic onsets is more pronounced for mixed audi-
ence commercials, that boys-only commercials are typically louder
(dynamics RMS), and finally that the low energy rate (percentage of
frames with less-than-average energy) is higher in boys-only com-
mercials, which in turn indicates that subsequent frames are on av-
erage more contrastive than in mixed audience ads.

6. DISCUSSION

In our research, we learned that while global importance methods
are effective for grasping overarching patterns, like the significance
of MFCCs in our scenario, true interpretability depends on the spe-
cific features under scrutiny and their local impact. The combina-
tion of global and local methods resulted in greater intelligibility,
where SAGE set the context and SHAP elucidated the detailed con-
tributions. Although the most influential features differed across the
tasks, a core set was consistently used by the models to distinguish
between boys-only and girls-only commercials, and between girls-
only and mixed audience ads. Notably, the core set for distinguishing
boys-only commercials from those targeting mixed audiences differs
substantially, suggesting that mixed-audience ads share more audi-
tory characteristics with those aimed at boys-only than girls-only.
Supporting this observation, the model for boys vs mixed required
the most features (after RFECV) and also exhibited the lowest per-
formance. Previous research highlighted this issue, as advertise-
ments targeted at both boys and girls predominantly feature a mas-
culinised style, which in turn seems to expose children to a broader
narrative of dominant masculinity in media [15].

Analysing the SHAP results revealed distinct musical patterns in
gender-targeted commercials. Commercials aimed at girls show-
cased greater harmony and rhythmic consistency, along with the
broadest and smoothest spectrum. In contrast, boys-only advertise-
ments were characterised by higher loudness, spectral entropy, and
roughness, in accordance with previous studies [15]. Mixed audi-
ence commercials interestingly mirrored the rhythmic regularity of
girls-only ads, yet their values for harmonicity and roughness were
intermediate compared to both gender-specific categories. Notably,
their spectral smoothness was significantly less pronounced than that
observed in girls-only commercials. Gendered music styles in toy
commercials appear thus to emerge as a result of deliberate mar-
keting strategies, as such styles reflect gender stereotypes that are
”ludicrously old-fashioned and offensively out of touch” [4] and still
too largely represented in the industry.

7. CONCLUSION

Results highlighted the need for a careful understanding of the nature
and intended use of features in XAI models. This is particularly rel-
evant when features, such as the audio descriptors used here, are ap-
plied to contexts different from those they were originally designed
for. A potential limitation of this study is that certain descriptors,
like zero-crossing rate and spectral spread, which are primarily de-
signed for isolated, monophonic sounds, might be less reliable in
polyphonic settings where multiple sound sources overlap. More-
over, by compressing time series features into average values for
each advertisement, our method potentially overlooks relevant dif-
ferences in temporal variations of the audio signals. This research
contributes to a deeper and unmediated understanding of how sound
and music in toy advertisements reflect and reinforce gender biases,
although having collected commercials intended for the UK, we can
not claim cross-cultural generalisability of the results. Nonetheless,
the results emphasise the significance of music’s role in forming so-
cietal norms and calls for increased responsibility in its applications
in marketing. Future studies could delve into how, and to which ex-
tent gendered music is leveraged in advertising tactics across various
industries, its effects on consumer behavior and societial perception
of gender, and ways to foster more inclusive marketing strategies.
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