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Abstract

Accurately predicting music popularity is a crit-
ical challenge in the music industry, offering
benefits to artists, producers, and streaming
platforms. Prior research has largely focused
on audio features, social metadata, or model
architectures. This work addresses the under-
explored role of lyrics in predicting popular-
ity. We present an automated pipeline that uses
LLMs to extract mathematical representations
from lyrics, capturing semantic, syntactic, and
sequential information. These features are in-
tegrated into HitMusicLyricNet, a multimodal
architecture that combines audio, lyrics, and so-
cial metadata for popularity score prediction in
range 0-100. Our method outperforms existing
baselines on the SpotGenTrack dataset which
contains over 100,000 tracks, achieving 9% and
20% improvements in MAE and MSE, respec-
tively. Ablation confirms that gains arise from
our LLM-driven lyrics feature pipeline (Lyric-
sAENet), underscoring the value of dense lyric
representations.

1 Introduction

In 2023, the global recorded music market gener-
ated $28.6 billion' in revenue. Music popularity
prediction can help the industry and artists fore-
cast and optimize the potential success of newly
composed songs.

Research in music popularity prediction has pro-
gressed alongside advances in machine learning,
beginning with classical approaches using acous-
tic features, and later incorporating social signals
that reflect evolving listener preferences (Seufitelli
et al., 2023). With the advent of deep learning,
models became better at capturing complex pat-
terns, prompting the integration of multiple modal-
ities—audio, lyrics, and social metadata—for im-
proved prediction (Zangerle et al., 2019; Martin-
Gutiérrez et al., 2020). Popularity is typically mea-
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sured by a song’s duration on charts such as Bill-
board, or via streaming platform metrics—most
notably the Spotify popularity score, which has
been widely adopted in recent studies post-2020
(Seufitelli et al., 2023). Evaluation is conducted
using regression metrics (MAE, MSE, Rz) or clas-
sification metrics (accuracy, precision, recall, F1).
More recently, large language models (LLMs) have
spurred new work in music recommendation, emo-
tion analysis, and lyric generation by modeling
lyrical text as a rich source of semantic content
(Rossetto et al., 2023; Sable et al., 2024; Ma et al.,
2024; Ding et al., 2024). However, music popular-
ity prediction has yet to fully exploit the potential
of learned lyric representations, despite recent find-
ings showing their strong influence on popularity
(Yu et al., 2023).

Through our work, we address the gap in the
existing literature with the following main contri-
butions:

1. An automated lyric feature extraction pipeline
that uses LLMs to encode music lyrics into
rich, learned representations. Details dis-
cussed in 4.1.2

2. Anend to end multimodal deep learning archi-
tecture which predicts the popularity score in
range (1,100) and outperforms current base-
line by 9% and 20% in MAE and MSE metrics
respectively. Details discussed in 4.1

The next section reviews related work. This
is followed by a discussion of our methods, the
dataset and our experiments.

2 Related Work

Traditional research in music popularity prediction
has primarily focused on using machine learning
techniques such as Logistic Regression, Decision
Trees, Support Vector Machines (SVM), Bayesian
Networks, Random Forest Ensembles, XGBoost,
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and K-Nearest Neighbors (KNN). Subsequently,
these evolved into neural networks and deep learn-
ing methods, resulting in more robust predictive
models. Numerous studies (Bischoff et al., 2009;
Dorien Herremans and Sorensen, 2014; Zangerle
et al., 2019; Silva et al., 2022) have used acous-
tic characteristics of songs alongside metadata en-
compassing social influences. Concurrently, other
works (Dhanaraj and Logan, 2005; Singhi and
Brown, 2015b; Martin-Gutiérrez et al., 2020) have
highlighted the significance of lyrics, employing
handcrafted statistical text features capturing sen-
timent and syntactic structures. However, these
studies were limited in capturing deep lyrical se-
mantics and structural dependencies.

The availability of large datasets has further pro-
pelled research in this area. Prominent datasets
include Million Song Dataset?, SpotGenTrack?,
and AcousticBrainz*, sourced from platforms like
Spotify, Billboard, Genius®, and YouTube. These
datasets incorporate a broad spectrum of features,
from low-level Mel-Frequency Cepstral Coeffi-
cients (MFCCs) and temporal features to high-level
attributes such as danceability and loudness. They
also contain metadata on artists, albums, genres,
and demographics. Despite the emotional depth
and listener impact carried by lyrics—often sur-
passing acoustic features alone (Singhi and Brown,
2015a)—Tlyrics have historically received less atten-
tion compared to acoustic and social attributes (Seu-
fitelli et al., 2023). Early methodologies like Prob-
abilistic Latent Semantic Analysis (PLSA) (Hof-
mann, 1999) sought to capture lyrical semantics,
enhancing the understanding of lyrical impact on
song popularity (Dhanaraj and Logan, 2005). Sub-
sequent research expanded beyond basic semantics.
For example, (Hirjee and Brown, 2010; Singhi and
Brown, 2014) employed rhyme and syllable char-
acteristics for popularity prediction solely based on
lyrics, while others used Latent Dirichlet Alloca-
tion (LDA) (Blei et al., 2003) to uncover thematic
lyric topics (Ren et al., 2016).

Advancements in deep learning have facilitated
multimodal approaches combining lyrics, audio,
and metadata, often employing stylometric anal-
ysis for text feature extraction (Martin-Gutiérrez
et al., 2020). Sentiment analysis further emerged
as a means to derive emotional insights from
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lyrics for popularity prediction (Raza and Nanath,
2020). More recent approaches utilize learned
lyric representations, such as embeddings (Ka-
mal et al., 2021; McVicar et al., 2022), provid-
ing richer semantic understanding. (Barman et al.,
2019) demonstrated the effectiveness of distributed
representations in predicting both genre and pop-
ularity, eliminating the reliance on handcrafted
features. The Music4All-Onion dataset (Moscati
et al., 2022) specifically offers lyric embeddings,
enabling deeper analysis of lyrical influence on
song success. Additionally, recent research identi-
fied lyrical uniqueness as significantly influencing
song popularity, using TF—-IDF vectors (Yu et al.,
2023). However, such approaches inherently lack
the ability to model deeper sequential and contex-
tual nuances, underscoring the necessity for richer,
context-aware lyric representations to fully under-
stand the factors that resonate with audiences.

Existing literature thus highlights a critical limi-
tation: the lack of efficient, automated extraction
methods for expressive lyrical features that encap-
sulate inherent complexities of song lyrics and its
semantics. To address this gap, we propose Lyric-
sAENet pipeline leveraging Large Language Mod-
els, which offers rich, semantically and syntacti-
cally coherent lyric representations while maintain-
ing their sequential structure.

3 Dataset

We use the SpotGenTrack Popularity Dataset
(SPD), originally introduced by Martin-Gutiérrez
et al. (2020), which contains 101,939 tracks from
56,129 artists and 75,511 albums. Tracks are
sourced from Spotify and Genius APIs, covering
the top 50 playlists across 26 countries. Spotify
provides track-level popularity scores ranging from
1 to 100. These scores follow a Gaussian distribu-
tion with ¢ = 40.02 and o = 16.79. The dataset
includes low-level audio features extracted from
raw waveforms, high-level audio descriptors, stylo-
metric text features derived from lyrics, and meta-
data such as artist popularity and market reach. To
ensure data quality, we applied filtering steps to re-
move noisy lyric entries. Specifically, we excluded
tracks with lyrics shorter than 100 or longer than
7,000 characters, which often contained placehold-
ers or irrelevant content. Additionally, we restricted
the dataset to five major languages: English, Span-
ish, Portuguese, French, and German—discarding
other languages that constituted less than 1% of
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the data. This resulted in a cleaned corpus of
74,206 tracks, comprising 51,319 in English and
22,887 in the remaining languages which we name
as SPD_cleaned. The cleaned popularity distribu-
tion maintained the original characteristics, with
@ = 41.11 and o = 17.51, ensuring that no sam-
pling bias was introduced.

We also evaluated other publicly available
datasets for potential use but found them lacking in
multimodal completeness. The TPD dataset (Kary-
dis et al., 2016) omits lyrical and social metadata;
the MSD dataset (Bertin-Mahieux et al., 2011) con-
tains only bag-of-words lyrics; HSP-S and HSP-L
(Votter et al., 2021) exclude full lyrical text; MU-
SICOSET (Silva et al., 2019) lacks detailed audio
features; and the LFM-2B dataset (Schedl et al.,
2022) has unresolved copyright restrictions.

4 Methodology

4.1 HitMusicLyricNet

This section introduces HitMusicLyricNet, our pro-
posed end-to-end multimodal deep learning archi-
tecture for music popularity prediction, built upon
the foundation of HitMusicNet. The architecture
comprises three key components: AudioAENet,
LyricsAENet, and MusicFuseNet. AudioAENet
compresses low-level audio features; LyricsAENet
encodes high-dimensional lyric embeddings into
compact representations using an autoencoder pre-
serving semantic structure. MusicFuseNet inte-
grates these compressed representations with high-
level audio features and metadata, as summarized
in Table 2. Unlike HitMusicNet—which com-
presses all modality features jointly using a sin-
gle autoencoder—HitMusicLyricNet employs sep-
arate encoders to mitigate information loss, particu-
larly for underrepresented modalities. Additionally,
lyrics embeddings exhibit directional and bipolar
properties, motivating the need for a distinct com-
pression technique (Batazy et al., 2021). Imple-
mentation details of the baseline architecture are
provided in Appendix A.

4.1.1 AudioAENet

AudioAENet compresses low-level audio features
(e.g., MFCCs, spectral contrast) as outlined in Ta-
ble 2. Given input dimension d = 209, the encoder
reduces dimensionality through layers of size d/2,
d/3, and d/5. Hidden layers use ReL U activation;
the decoder uses sigmoid activation. The model is
optimized using Adam with MSE loss, converging
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Figure 1: Block schematic of the HitMusicLyricNet ar-
chitecture comprising of two Autoencoders and a Fully
Connected NN predicting popularity score. "HL’ stands
for high-level and "LL’ stands for low-level.

to a reconstruction loss of ~ 107°.

4.1.2 LyricsAENet

LyricsAENet implements a tied-weights autoen-
coder (Li and Nguyen, 2019) to compress lyrics em-
beddings from LLMs such as BERT (Devlin et al.,
2019), LLaMA-3 (Grattafiori et al., 2024), and
OpenAl’s embedding models®. The encoder com-
presses through layers (d/2, d/4, d/8) followed by
a bottleneck of d/12 or d/16. The decoder mirrors
this structure using transposed encoder weights.

We use the Scaled Exponential Linear Unit
(SELU) activation (Klambauer et al., 2017) for its
self-normalizing properties and suitability for bipo-
lar embeddings. We also evaluate SiLU (Elfwing
et al., 2018) and GELU (Hendrycks and Gimpel,
2016) in ablation studies. Training uses Adam and
MSE loss, with final reconstruction loss ~ 1075.
To preserve directional properties of the embed-
dings, we apply an additional directional loss
(Batazy et al., 2021):

L(Y,Y) = a;-MSE(Y,Y)+as-CD(Y,Y), (1)

where CD(Y,Y) denotes cosine distance and
o, avg balance the reconstruction and directional
components.

4.1.3 MusicFuseNet

MusicFuseNet combines the compressed audio and
lyric embeddings with high-level audio features
and metadata. The fused vector is passed through

6https ://platform.openai.com/docs/guides/
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a feedforward network with hidden layer widths
scaled as (1,1/2,1/3), ReLU activations, and a
final sigmoid output. The network is trained using
Adam and MSE loss with dropout regularization.
The output is normalized to [0, 1] and later rescaled
to Spotify’s [1, 100] range during evaluation.

5 Experiments and Results

To validate our setup, we first implemented the
HitMusicNet architecture using the publicly avail-
able Code’ and the configuration described in Ap-
pendix A. The model was trained on the original
SPD dataset using an 80-20 train—test split and 5-
fold stratified cross-validation, with MAE and MSE
as evaluation metrics. Our results closely matched
those reported by Martin-Gutiérrez et al. (2020),
confirming the correctness of our implementation.
To establish a reliable baseline on our cleaned data,
we then retrained HitMusicNet on the SPD_cleaned
dataset. Stylometric lyric features used in the origi-
nal work were found to have negligible impact and
were removed from further experiments. A sum-
mary of test performance across all model variants
is shown in Table 1, and optimal HitMusicLyric-
Net configuration was selected based on results in
Appendix Table 4.

Model Dataset MSE (Test) MAE (Test)
HitMusicNet SPD_Cleaned 0.0119 0.0865
HitMusicNet —qppy Cloaned  0.0120 0.0867

w/o lyrics

HitMusicLyricNetgppy Cleaned  0.0115 0.0854
w/o lyrics

HitMusicLyricNet ~ SPD_Cleaned 0.0097 0.0770

Table 1: Test set performance comparison with base-
line (HitMusicNet) on SPD_Cleaned datasets. HitMu-
sicLyricNet model configuration are as per the best test
scores from Table 4.

For all subsequent evaluations, we used the
cleaned version of SPD (denoted SPD_cleaned) de-
scribed in Section 3. We trained HitMusicLyricNet
using LLM-derived lyric embeddings. For open-
source models (BERT, LLaMA), we used vanilla
checkpoints from Hugging Face®; for OpenAl mod-
els, embeddings were obtained via API. Lyrics
were tokenized, passed through the model, and
pooled using max/mean to obtain fixed-size vec-
tors. For BERT, both mean pooling and max+CLS
concatenation were evaluated. Embeddings were
then compressed using LyricsAENet, for which
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we compared activation functions (SELU, SiL.U,
GELU) and loss formulations. We incorporated
directional loss as in Batazy et al. (2021) with
a; = 0.5 and g = 0.1 to test its effect alongside
MSE. Results are reported in Appendix Table 3.
SELU with MSE yielded the lowest MAE and was
selected for all further experiments. Directional
loss produced comparable but non-superior perfor-
mance. We also compared embeddings from BERT
(small/large), LLaMA (3.1 8B, 3.2 1B, 3.2 3B), and
OpenAl (small, large). Table 4 in Appendix B sum-
marizes these results. OpenAl large embeddings
outperformed all others. While differences in per-
formance were minor (~2%), we attribute them to
variations in pretraining corpora and architectural
inductive biases.

Using OpenAl large embeddings and Lyric-
sAENet with SELU+MSE, HitMusicLyricNet
achieved a ~9% improvement in MAE and 20%
in MSE over HitMusicNet. Ablation studies (Ap-
pendix B.1) confirm that gains stem from the in-
clusion of our LLM-based lyric representation
pipeline. Detailed modality contributions, as well
as interpretability and residual error analyses, are
presented in Appendix Sections C.1-C.4.

6 Conclusion and Future Work

The work presented in this paper demonstrates
the effectiveness of leveraging lyric representa-
tions generated by Large Language Models for
music popularity prediction. By utilizing embed-
dings that capture deeper semantic nuances within
song lyrics, our proposed HitMusicLyricNet ar-
chitecture achieves a significant improvement of
9% over current state-of-the-art method. The con-
ducted ablation study further underscores the effec-
tiveness of lyric embeddings in enhancing predic-
tive performance. Future advancements in music-
aware language models hold promise for gener-
ating even more explainable and expressive lyric
features by incorporating domain-specific knowl-
edge. Advances in audio representation learning,
particularly using neural audio codecs, may enable
richer and more nuanced music representations.
Furthermore, while current research aggregates
song-level features, recent trends in virality driven
by micro-content platforms such as Instagram and
Snapchat highlight the need to explore localized
features within distinct musical segments, suggest-
ing a promising direction for future research.
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7 Limitation

Our findings may be constrained by genre, demo-
graphic, and cultural variability not fully captured
in the current experimental setup. While LLMs
such as BERT and LLaMA-3 enable deeper seman-
tic modeling of lyrics, their general-purpose train-
ing limits their ability to capture music-specific lin-
guistic patterns. Despite careful regularization, the
high dimensionality of lyric embeddings presents
inherent risks of overfitting. Moreover, as these
embeddings are evaluated solely through down-
stream task performance, their intrinsic quality in
representing lyrical content remains underexplored.
Finally, the opacity of these feature vectors limits
interpretability, pointing to a need for more explain-
able models of lyric representation.
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A Baseline Methodology

A.1 Problem Formulation

Given a song S, its features are represented in
a multi-dimensional space X € R¢, which com-
prises three key modalities: audio waveform w €
R, lyrical text [ € R™, and metadata attributes
m € RP, where d = k + m + p represents the total
dimensionality of our feature space. Our primary
objective is to extract meaningful features from the
song lyrics to effectively encode each song into a
unique vector representation. Next, the prediction
task is formulated as learning a mapping function
f X — Y, where we minimize the expected pre-
diction error: E[(f(X) — Y)?] across the training
distribution. Here, Y € R represents the continu-
ous popularity score.

A.2 HitMusicNet

We trained HitMusicNet, a multimodal end-to-end
Deep Learning architecture as proposed by (Martin-
Gutiérrez et al., 2020) and validated the results us-
ing the SpotGenTrack Popularity Dataset (SPD).
The model outputs a popularity score between 1

X7 er!
wudi ature
Extraction
Text Feature
Extraction

Audio
Features

Additional
Metadata

Figure 2: Diagram of the HitMusicNet pipeline outlin-
ing the principal functionalities and data components.
Image src (Martin-Gutiérrez et al., 2020).
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and 100, using audio features, text features, and
metadata containing artist and demographic infor-
mation as inputs. A complete description of the
feature set used is provided in Table 2.

Features

Sentence count, Avg words,
Word count, Avg syllables/word,
Sentence similarity, Vocabulary
wealth

Danceability, Energy, Key, Loud-
ness, Mode, Speechiness, Acous-
ticness, Instrumentalness, Live-
ness, Valence, Tempo, Duration,
Time Signature
Mel-spectrogram, MFCCs, Ton-
netz, Chromagram, Spectral Con-
trast, Centroid, Bandwidth, Zero-
Crossing Rate

Artist followers, Artist popularity,
Available markets

Feature Type
Text Features

High-Level Audio

Low-Level Audio

Meta-Data Features

Table 2: Summary of features used in the HitMusicNet
architecture (Martin-Gutiérrez et al., 2020).

HitMusicNet architecture as shown in Fig 2,
employs an autoencoder for feature compression
through two encoder layers with dimensions d/2
and d/3, followed by a bottleneck layer of d/5.
Each layer uses ReLLU activation, and the output
layer employs a sigmoid activation for reconstruc-
tion. The autoencoder was trained using the Adam
optimizer and an MSE loss function. The com-
pressed features are then passed through a fully
connected neural network with four layers, where
the number of neurons in each layer is scaled by
factors « = 1, f = 1/2, and v = 1/4. The
model is trained using an 80%-20% train-test split
with stratified cross-validation (SCV) using k = 5.
These settings helped us in effectively replicating
the baseline results on the SPD dataset.


https://ismir2014.ismir.net/LBD/LBD12.pdf
https://ismir2014.ismir.net/LBD/LBD12.pdf
https://ismir2014.ismir.net/LBD/LBD12.pdf
http://www.cs.uwaterloo.ca/~browndg/CMMR15data/CMMR2015paper.pdf
http://www.cs.uwaterloo.ca/~browndg/CMMR15data/CMMR2015paper.pdf
http://www.cs.uwaterloo.ca/~browndg/CMMR15data/CMMR2015paper.pdf
https://cmmr2019.prism.cnrs.fr/Docs/proceedingsCMMR2015.pdf
https://cmmr2019.prism.cnrs.fr/Docs/proceedingsCMMR2015.pdf
https://cmmr2019.prism.cnrs.fr/Docs/proceedingsCMMR2015.pdf
https://api.semanticscholar.org/CorpusID:245867019
https://api.semanticscholar.org/CorpusID:245867019
https://api.semanticscholar.org/CorpusID:245867019
https://doi.org/10.1609/icwsm.v17i1.22199
https://doi.org/10.1609/icwsm.v17i1.22199
https://doi.org/10.1609/icwsm.v17i1.22199
https://doi.org/10.1609/icwsm.v17i1.22199
https://doi.org/10.1609/icwsm.v17i1.22199
https://api.semanticscholar.org/CorpusID:208334899
https://api.semanticscholar.org/CorpusID:208334899
https://api.semanticscholar.org/CorpusID:208334899

LyricsAENet MAE MAE MAE
Config (Train) (Val) (Test)
SELU, MSE 0.0769 0.0746 0.0775
SiLU, MSE 0.0736 0.0731 0.0790
GELU, MSE 0.0740 0.0731 0.0792
SELU, Dir. 0.0741 0.0740 0.0799

Table 3: Results of training and testing HitMusicLyric-
Net on cleaned SPD data with various LyricAENet con-
figurations (activation function, loss function), using
BERT Large embeddings throughout. ‘Dir’ indicates
directional loss 1.

B Experiments and Results

B.1 Ablation Study

In this section, we study how different modalities
contribute to our model’s music popularity predic-
tive strength. Table 5 shows model performance for
each combination of our four feature types: high-
level audio (HH), low-level audio (LL), lyrics em-
beddings (LR), and metadata (M).

The model works best when it uses all modalities,
with a test MAE of 0.0772. If we exclude lyrics
embeddings, the test MAE increases by 10.4% to
0.0852, highlighting the usefulness of our proposed
lyrics feature pipeline. Notably, using only high-
level features and metadata along with lyrics (HH,
LR, M) gives comparable performance to using
all the modalities features, indicating some redun-
dancy in low-level audio features. The role of so-
cial context is apparent when we strip metadata by
utilizing only audio and lyrics features (HH, LL,
LR), which makes the test MAE rise by 40.2% to
0.1082. Performance suffers most significantly if
we use only audio features (HH, LL) and obtain a
test MAE of 0.1196.

Modality Config MAE MAE MAE
(Train) (Val) (Test)

HH, LL, LR, M 0.0761 0.0743 0.0770
HH, LL, M 0.0818 0.0841 0.0852
HH, LL, LR 0.1059 0.1037 0.1082
HH, LR, M 0.0767 0.0765 0.0795
HH, LL 0.1188 0.1175 0.1196

LR M 0.0810 0.0811 0.0805

Table 5: Results of training and testing HitMusicLyric-
Net with different modality combinations. HH: High-
level audio features, LL: Low-level audio features, LR:
Lyrics embeddings features, M: Metadata features.

To further understand individual modality perfor-
mance, we conducted isolated training experiments
as shown in Table 6. Single-modality tests ascertain
that metadata features (M) alone achieve the high-

Embeddings MAE MAE MAE
Model (Train) (Val) (Test)
BERT large 0.0793 0.0784 0.0786
Llama 3.1 8B 0.0774 0.0759 0.0795
Llama 3.2 IB 0.0775 0.0754 0.0800
Llama 3.2 3B 0.0781 0.0766 0.0798
OpenAl Small 0.0746 0.0738 0.0788
OpenAl Large 0.0761 0.0743 0.0770

Table 4: Results of training and testing HitMusicLyric-
Net on cleaned SPD data with different lyric embed-
dings sent to LyricAENet (Selu activation, MSE loss).

est single-modality performance with a test MAE
of 0.0968, verifying our initial observation about
the importance of social context in music popular-
ity prediction. Lyrics embeddings (LR) are sim-
ilarly predictive to low-level audio features (LL),
with test MAEs of 0.1193 and 0.1229, respectively.
High-level audio features (HH) are slightly worse
in isolation with a test MAE of 0.1272. These re-
sults show that while each modality contains valu-
able information, their combination creates syner-
gistic effects that significantly improve prediction
accuracy, as evidenced by the better performance
of the full model in Table 5.

Modality Config MAE MAE MAE
(Train) (Val) (Test)

LL 0.1234 0.1218 0.1229

HH 0.1260 0.1266 0.1272

LR 0.1208 0.1189 0.1193

M 0.1026 0.0956 0.0968

Table 6: Performance comparison of individual modali-
ties in predicting song popularity, showing the relative
strength of each feature type in isolation.

C Error Analysis

While HitMusicLyricNet surpasses the state-of-the-
art baseline, an in-depth error analysis is neces-
sary for real-world applications and future enhance-
ments. In this section, we examine global residual
errors, assess feature interpretability and impact
via SHAP and LIME, and analyze social metadata
to uncover any systematic biases and error patterns.
All analyses are performed using the test set.

C.1 Global Residual Error Analysis

Figure 3 compares the actual and predicted mu-
sic popularity distributions. Although the means
are nearly identical (ftacuar = 0.422, fipredicted =
0.428), the predicted distribution’s tails are com-
pressed. The model predicts only 8.3% of songs
with popularity below 0.2 (compared to 12.6% in
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Figure 3: Actual (blue) vs. predicted (red) mu-
sic popularity distributions on test set, showing pre-
diction compression at both tails with aligned means
(Mactual = 0.422, Hpredicted = 0.428).

the actual data) and fails to predict any songs with
popularity above 0.8 (versus 1.2% in the actual
data). This regression towards the mean reflects
both the limited representation of extreme popu-
larity cases in SPD dataset and also the model’s
particular difficulty in capturing patterns of highly
popular songs.

The calibration plot (Fig. 4) also indicates a
strong alignment between predicted and actual mu-
sic popularity within most bins, with the highest
precision in the 0.4-0.6 range where data density
peaks.
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Figure 4: Model calibration plot showing alignment
between mean predicted and actual popularity per bin.

Analysis of the residual distribution (Figure 5)
shows a quasi-normal pattern centered at zero, with
about 95% of forecasts falling within £0.2 of actual
values. The distribution shows minimal negative
skewness, suggesting a small inclination toward un-
derestimating in extreme conditions. With variance
amplification in the mid-popularity range (0.3-0.6)
and more limited errors at the extremes, the resid-
ual scatter plot against predicted popularity (Figure
6) shows heteroscedastic behavior.
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Figure 5: Distribution of prediction residuals centered
at u ~ 0.0, showing approximately normal spread with
slight negative skewness.
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Figure 6: Scatter plot of residuals vs predicted popular-
ity values showing error distribution across popularity
ranges.

C.2 Interpretability Analysis

To understand the overall impact of non-
interpretable latent representation of music audio
and lyrics and the explicit metadata, we used SHAP
(SHapley Additive exPlanations)(Lundberg and
Lee, 2017), and LIME (Local Interpretable Model-
agnostic Explanations) (Ribeiro et al., 2016) tech-
niques on a randomly sampled 10% of test data.
On analyzing the outcome of SHAP (Fig 7),
artist popularity was the strongest predictor of mu-
sic popularity with SHAP values ranging from
—0.2 to +0.2. The compressed audio features
showed a decreasing impact across sequential lay-
ers, indicating that earlier layers captured more
predictive patterns. Lyric embeddings showed a
moderate but consistent impact unless there is a sig-
nificant deviation from the typical pattern. LIME
analysis supported these findings and substantiated



detailed insights on decision boundaries within fea-
ture values as presented in Appendix ??.
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Figure 7: SHAP value distributions for top 15 features
across all modalities, with artist-related features show-
ing highest impact on model predictions.
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Figure 8: Error distribution across artist popularity
segments, showing MAE increase from low (1 = 0.062)
to high (1 = 0.089) versus overall MAE (1 = 0.077).

C3

In the previous section, we observed that artist pop-
ularity is a dominant predictor of song popularity.
To assess its impact and bias, we segmented the test
set into three groups (low, medium, and high) based
on artist popularity using quantiles. As shown in
Fig.8, songs composed by artists with low popu-
larity have an MAE 20% below the global MAE,
while those in the medium and high segments ex-
hibit MAEs 6.7% and 14.7% above it, respectively.
Furthermore, LIME analysis (appendix ??) identi-
fied decision boundaries for artist popularity were
at 0.19 and 0.39. Combined with the challenge
of predicting the extreme right tail (Fig. 3), these
findings indicate that while artist popularity is a
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strong predictor for low- and mid-popularity songs,
it falls short for highly popular tracks. Therefore,
identifying patterns and strong predictors for highly
popular songs still remains a research challenge.

Additionally, a year-wise error analysis (Fig. 14)
shows that both MAE and its variance were signifi-
cantly higher in the 1990s and early 2000s. Since
2005, however, errors have stabilized—Ilikely re-
flecting a training bias towards recent years and
also aligning with Spotify’s song popularity score
calculation, which emphasizes more on recent time
metrics.

C.4 Feature Importance Analysis

Overall LIME Feature Importance

Figure 9: Aggregated global LIME feature importance
scores across the test set, demonstrating artist popularity
thresholds as dominant predictors. Values represent ab-
solute LIME coefficients with 95% confidence intervals,
n indicates per-feature sample size.

The LIME study shows varied trends in feature
relevance over multiple modalities. With artist pop-
ularity thresholds (< 0.19 and > 0.39) display-
ing the highest importance scores (~0.13), artist-
related metadata dominates the prediction process
in the general feature landscape (Figure 9). This
division implies that the algorithm has learnt differ-
ent behavioral patterns for artists at various degrees
of popularity.

Early compressed dimensions (especially
feat_compressed_15) have higher predictive
weight than later ones, therefore displaying a
hierarchical importance structure in the low-level
audio characteristics (Figure 10). This trend
shows that in its first compression layers, our
AudioAENet efficiently retains fundamental
acoustic information.

A deeper interpretation of the LIME results
for lyric-embedding characteristics shows that al-
though some compressed dimensions (such as
52 and 54) often show themselves as most es-



LIME Importance: Low-Level Audio Features

feat_compressed_15 > 0.39

0015 0025 0030 0035
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Figure 10: LIME importance scores for compressed
low-level audio features, showing early compressed
dimensions (particularly feat_compressed_15) having
higher predictive power.

sential, their impact on the prediction is not
consistent across all samples. Particularly sev-
eral threshold splits for these dimensions (e.g.,
compressed_dim_52 > 0.05 vs. < 0.03) point
to a non-linear or boundary-based relationship: the
model may be using these latent factors to distin-
guish between songs that surpass certain “lyrical
thresholds” (perhaps tied to vocabulary, theme, or
semantic content) and those that do not.

LIME Importance: Lyrics Embeddings Features

ssed_dim_52 <= 0.03 b -

0006 0008
Average |LIME Importance]|

Figure 11: LIME importance scores for compressed
lyric embedding dimensions, highlighting threshold-
based importance patterns in dimensions 52 and 54.
Wider confidence intervals indicate more variable im-
pact of lyrical features.

The SHAP analysis shows complex patterns in
how lyrical elements influence popularity predic-
tions (Figures 13-14). For lyrics (Figure 13), while
most dimensions cluster tightly around zero (£0.01
SHAP value), several dimensions demonstrate dif-
ferent patterns. The top dimensions (51-25) show
bigger influence distributions and more extreme
outlier points. Particularly in dimensions 51, 53,
and 23, an interesting trend in the color distribu-
tion shows that positive SHAP values often corre-
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Figure 12: SHAP values for compressed audio fea-
tures, showing stronger impact of early dimensions
(feat_compressed_15) with values ranging from —0.12
to 4+0.04. Color indicates original feature value magni-
tude (blue=low, red=high).

spond with greater feature values (red) and neg-
ative with lower values (blue). This implies that
these measures reflect poetic aspects that, either
highly present or missing, always affect popularity
in particular directions. With scarce but consider-
able negative effects (reaching —0.04) and a mixed
color distribution, Compressed_dim_127 exhibits
a distinctive pattern that indicates it captures com-
plicated lyrical features that influence popularity
irrespective of their size.

By contrast, the audio features (Figure 12) ex-
hibit more asymmetric impact distributions, espe-
cially in feat_compressed_15 with the highest
magnitude of impact (—0.12 to 0.04). Early com-
pressed audio characteristics (15, 25, 9) show sig-
nificantly higher SHAP values than later dimen-
sions, therefore confirming the capacity of our au-
toencoder to retain important acoustic information
in its first layers. Notably, while audio features tend
to have larger absolute SHAP values than lyrics fea-
tures, they also show more defined directionality
in their effects, suggesting more deterministic rela-
tionships with popularity predictions.
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Figure 13: SHAP values for lyric embedding dimen-
sions, revealing more symmetric distributions around
zero (40.02) with notable outliers in dim_127. Colors
represent embedding magnitude in each dimension.

Absolute Error Distribution by Release Year

040 -~ Overall MAE: 0.077
~8~ early MAE Trend
o

035 $ 2 9

8

0o

00 00 e 08 8%
°

? 0888

©°80 oo 8g

025 $ ) 83 8

° :egs

Absolute Error

Figure 14: Year-wise absolute error distribution (1950-
2019) showing higher error variance in early decades
(1990s) followed by stabilization post-2005. Box plots
show error distributions per year, blue line tracks yearly
MAE trend, and red dashed line indicates overall MAE
of 0.077 .
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