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Abstract

Social media and streaming platforms have reshaped music consumption,
enabling songs to go viral through social contagion processes that mirror the
spread of infectious diseases. In this article, we investigate whether epidemio-
logical models can effectively represent, interpret, and forecast music virality on
online platforms. We introduce a wave-based approach that captures multiple
independent bursts of popularity, which is not possible using classic epidemic
models. We evaluate our approach using data from Spotify and TikTok, com-
paring its performance with traditional time-series forecasting methods. Our
findings demonstrate that epidemic models are significantly more effective at cap-
turing viral dynamics than long-term commercial success. In forecasting tasks,
our method achieves accuracy comparable to conventional techniques, even when
trained on partial data, while offering interpretable parameters that characterize
diffusion speed, engagement duration, and adoption delay. A cross-platform com-
parison reveals that viral trajectories on TikTok are captured with even greater
precision than those on Spotify. Overall, our findings support epidemic modeling
as a powerful and interpretable framework for analyzing and forecasting music
virality in contemporary digital ecosystems.
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1 Introduction

Social media and streaming platforms have transformed the way music is consumed
and shared. Platforms like TikTok and Instagram have become key players in defining
which songs rise to stardom, allowing them to reach larger audiences with little or no
involvement of traditional media vehicles (Compte and Klug 2021; Ling et al. 2022).
However, while such platforms boost song discovery, streaming services are the main
channels for music consumption, with recent reports from the International Federation
of the Phonographic Industry (IFPI) showing that, in 2023, 73% of people listened to
music through streaming services.! Furthermore, in 2024, such platforms accounted
for 69% of the global recorded music revenue.?

The spread of songs across such digital platforms shares many similarities with the
propagation of infectious diseases. For example, as diseases spread through contact
between individuals, songs spread through social interactions, as users share songs
with friends or repost them on social media. In this regard, previous work has applied
epidemic models to describe the diffusion of various types of online content. In the
music context, such studies investigate the dynamics of song popularity represented as
downloads (Nika et al. 2015; Rosati et al. 2021) or views (Li and Shao 2024; Sachak-
Patwa et al. 2018).

However, in the digital age, music popularity manifests itself in multiple forms,
with virality and success representing two distinct, yet interconnected dimensions of
it. Whereas virality refers to the fast and often explosive spread of a song through
social sharing (Guerini et al. 2011), success typically refers to long-term commercial
performance, which is usually measured by indicators including (but not limited to)
sales and streams (Seufitelli et al. 2023). Therefore, a song can go viral on social media
without becoming a widely consumed hit and vice versa.

Given the growing role of social interactions in driving music consumption, mod-
eling the virality and success of music on streaming platforms as contagion processes
represents a powerful framework for understanding the complex dynamics of such cul-
tural phenomena. In this work, we investigate whether epidemic models can effectively
represent music popularity on social platforms. Specifically, we address the following
research questions: RQ1. Are epidemic models suitable for representing music pop-
ularity on streaming platforms? RQ2. How accurately can such models forecast the
popularity trajectories of songs? RQ3. How do the dynamics and performance of epi-
demic models differ across platforms with distinct virality assessment methods and
user engagement behaviors?

This article extends the paper presented at the 17th International Conference on
Advances in Social Network Analysis and Mining (ASONAM 2025) (Oliveira et al.
2025). As a novel contribution, we apply our methodology to TikTok daily video time
series to verify the suitability of our proposed approach to other platforms. We use
TikTok because it stands out as a key platform where music virality can be observed.
In such a platform, music is often consumed passively, as users repeatedly encounter
tracks while scrolling through content. This constant exposure enables songs to become

HFPI: https://www.ifpi.org/ifpis-global-study-finds-were-listening- to-more-music-in-more-ways-tha
n-ever/
2IFPI Global Music Report: https://globalmusicreport.ifpi.org/
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widely recognizable, even without active searching or intentional listening. According
to the platform itself, in 2024, 84% of the songs that reached the Billboard Global
2002 first went viral on TikTok.*

Therefore, our main contributions are: (i) we apply epidemic models to songs
streaming data from Spotify to capture music popularity dynamics (Section 4); (ii)
we introduce a wave-based modeling approach that better reflects the nature of viral
diffusion on streaming (Section 5); (iii) we evaluate the forecasting performance of our
method against traditional time-series methods (Section 6); (iv) we conduct a cross-
platform comparative analysis using TikTok data to investigate the generalizability
of our approach and the impact of platform-specific user behaviors on viral diffusion
(Section 7); and (v) we perform a qualitative analysis to discuss in depth cases in
which our approach fails and succeeds (Section 8). Overall, our results show that epi-
demic models effectively capture viral dynamics better than success, while achieving
forecast performance comparable to conventional approaches. Furthermore, applying
our approach to TikTok data also produced promising results, suggesting that the suc-
cess of this case study represents an important step toward generalizing the modeling
of the viral phenomenon as a social contagion process.

2 Related Work

The virality of online content has been extensively studied on different platforms, espe-
cially in the context of social networks, where user behaviors and sharing patterns play
crucial roles in enhancing its relevance (Compte and Klug 2021; Guerini et al. 2011;
Ribeiro 2014) and also in shaping cultural aspects (Duricic et al. 2021). For exam-
ple, the work of Ling et al. (2022) reveals that virality on TikTok is related to factors
beyond the users’ followers, including the presence of text and point of view on videos.
In addition, Galante et al. (2025) model influencer popularity by combining user activ-
ity, content expertise, exogenous events, and platform-driven visibility. Indeed, social
media has amplified virality by enabling fast and widespread content sharing. Under-
standing such dynamics has direct applications in marketing (Castiglione et al. 2021),
fighting misinformation (Kumar and Jha 2022), and addressing other social issues
(Chou et al. 2020; Mathew et al. 2019).

Specifically in music, interest in understanding the mechanisms behind the increase
in popularity of a song resulted in a new research area known as Hit Song Science
(HSS). Studies in such a field consider different perspectives to model musical popu-
larity, from chart performance to engagement metrics (Seufitelli et al. 2023). However,
music popularity can be understood as a broader concept with distinct facets, namely
success and virality (Oliveira et al. 2024a,b). While success is more related to long-
term commercial relevance and is the subject of study of HSS, music virality refers to
the fast and widespread circulation of a song, being associated with concepts such as
word-of-mouth (Sharma et al. 2011) and diffusion processes (Rosati et al. 2021).

3The Billboard Global 200 is a weekly chart that ranks the world’s best-performing songs based on a
combination of digital sales and streaming data from over 200 territories worldwide.
4https://newsroom.tiktok.com /tiktok-and-luminate-release-latest- music-impact-report
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This fast-paced circulation is significantly amplified by contemporary social media
ecosystems, in which TikTok has emerged as a key catalyst for music virality, partic-
ularly in the post-pandemic era. Through its short-form and highly shareable video
format, the platform enables users to generate and disseminate creative content effi-
ciently, facilitating the emergence of challenges and memes that propel tracks into the
mainstream. Indeed, much of this amplification is driven by algorithmic processes and
recommendation systems (e.g., TikTok’s “for you” page), playing a key role in driv-
ing content diffusion beyond users’ immediate social connections (Cullen et al. 2025;
Baumann et al. 2026). In this context, Coulter (2022) provides an in-depth analysis
of how TikTok distinguishes itself from traditional channels in promoting new music
releases. Furthermore, Biasioli (2024) investigates phenomena adjacent to viral spread,
such as the “memefication” of musical styles and the process through which users
reappropriate or remove original meanings in favor of self-expression.

Following the work of Centola and Macy (2007), diffusion online has been addressed
as a contagion process, in which individuals adopt a specific behavior after being
exposed to it. Such processes resemble the spread of infectious diseases, and epidemic
models offer a powerful framework to study their spread over time (Bjgrnstad et al.
2020a,b). Although self-exciting point-process models, such as Hawkes processes, are
often used to model multiple popularity spikes (Rizoiu et al. 2017, 2018), epidemic
models provide a robust and interpretable macroscopic view of the population dynam-
ics. These models have been adapted to digital contexts, from the diffusion of online
narratives and information (Gurung et al. 2024; Sivaraman et al. 2023) to the spread
of toxicity in online platforms (Addai et al. 2024). In the music context, epidemic
approaches have been used to model the temporal dynamics of song popularity by
analyzing song downloads (Nika et al. 2015; Rosati ¢t al. 2021) and video views (Li
and Shao 2024; Sachak-Patwa et al. 2018).

Unlike previous studies that rely on video views or downloads to assess music
virality, to the best of our knowledge, we are the first to leverage temporal stream-
ing data to represent it, which more accurately captures current music consumption
patterns. Moreover, we explicitly distinguish between virality and success, considering
them as separate but complementary dimensions of music popularity. Regarding the
methodology, in addition to employing traditional epidemic models (i.e., SIR, SEIR,
and SEIRS), we introduce a novel wave-based approach to identify and characterize
multiple independent virality spikes that a song may have over time.

3 Data and Time Series Modeling

We consider Spotify data to represent music popularity, as it is the most used audio
streaming service with more than 640 million users over 180 markets.” For each market
(and for the Global aggregate), the platform produces Top 200 and Viral 50 charts,
which are daily distinct song charts that we use to measure music success and virality,
respectively. The first is the ranking of the most-streamed songs on the platform,
whereas the latter contains the songs gaining the most buzz. Spotify ranks the viral
songs based on an undisclosured combination of the increasing rate in plays, the speed

5As of January 2025. https://newsroom.spotify.com/company-info/
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Fig. 1: Overview of the analysis conducted using our data and time series modeling.

of sharing, and the people who discovered them.® In this work, we use 1,895 daily
viral and success charts for the Global aggregated market, comprising the period from
January 2017 to March 2022.7

From the daily charts, we build a time series for each song starting from its release
date to March 12, 2022, where each point reflects its chart-based popularity on Spo-
tify. Following our previous work (Oliveira et al. 2024b), we use the rank score to
measure performance, calculated as rank_score(i) = max_rank — i+ 1, where i is the
chart position and max_rank is 200 (success chart) or 50 (viral chart). If a song does
not reach the chart, we set the score to zero. We then apply min-max normalization to
rescale each series into the [0,0.5] interval, assuming a maximum of 50% of the popu-
lation can be infected at once in our models (see the next section). For computational
reasons, we set the zero rank scores to a small value (i.e., 0.001), meaning that the
song still had some popularity even if it did not reach the charts.®

Next, inspired by the work of Sachak-Patwa et al. (2018), we take a simple moving
average of seven days for each time series to reduce tlie noise and smooth the fluctua-
tions in popularity. Moreover, we only consider songs that were present in the charts
for more than a week. Hence, our dataset contains 1,647 viral and 1,725 successful
songs, with an overlap between the two sets, as some songs appear at least once on
both charts. Figure 1 summarizes the analyses performed from such data.

4 Single Epidemic Modeling

In this section, we address RQ1 (Are epidemic models suitable for representing music
popularity on streaming platforms?) by modeling music popularity using single epi-
demic models. In other words, we consider the song’s viral/success trajectory as a
single epidemic process. Following prior work on video popularity (Li and Shao 2024;
Rosati et al. 2021), we consider compartmental models to represent such a phe-
nomenon. We aim to verify whether this modeling type can reflect music popularity
and, if yes, what is the best model for it.

SSpotify: https://support.spotify.com/us/artists/article/charts/

7On March 2022, Spotify Charts changed its platform, and it was no longer possible to download the
CSV files with the charts.

8Other normalization strategies are also possible, such as adding the noise first and then scaling by the
maximum possible rank score.
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Table 1: Summary of the model states and parameters used in this work.

Term Description SIR SEIR SEIRS Open SEIRS
States
S Susceptible individuals v v v v
E Exposed individuals v v v
I Infected individuals v v v v
R Recovered individuals v v v v
Parameters
B Infection rate v v v v
~ Recovery rate v v v v
o Latency rate v v v
w Loss-of-immunity rate v v
I Birth/death rate v
«@ “Death due to infection” rate v

4.1 Model Definition

We consider four different epidemic models for our music popularity time series: SIR,
SEIR, SEIRS, and Open SEIRS (Bjgrnstad et al. 2020a,b). Although our time series
do not directly measure the number of individuals impacted by a song, they can rea-
sonably be considered as proxies for the infection curve in such models. Regarding
notation, each model is described by a system of differential equations, in which each
equation represents the variation of a state over time ¢. We use italic uppercase let-
ters to denote the model compartments (i.e., the possible states of individuals in the
system) and the total population N. Moreover, the parameters representing the rate
of change of each state are denoted by lowercase Greek letters. Table 1 summarizes
the states and parameters from all models.

SIR model. This model considers a three-state epidemic, in which individuals can
be either susceptible (S), infected (), or recovered (R). This model considers a fixed
population of N = S+ I + R and a closed epidemic, i.e., no births or deaths. Here,
susceptible means users who have not been exposed to a given song, but may do so
in the future. In contrast, infected individuals are those who are actively contributing
to the spread of a song by streaming (for success) or sharing (for virality). Finally,
the recovered state means that a person who has lost interest in a song and stopped
consuming it. The number of individuals in each state is a function of time ¢, with
transitions from susceptible to infected occurring at rate 3, and from infected to
recovered at rate . The change rates of each state are given by Equations 1, 2, and 3.

ds SI dl SI dR
— ar_B5L_ 1 () af

@~ W at N - @

SEIR model. This model builds upon SIR by adding a new state E between suscep-
tible and infected, in which people are exposed before being actually infected. In our



context, an exposed individual means someone who has encountered the song indi-
rectly but has not yet actively engaged with it. In other words, this additional state
allows capturing the delay between initial exposure and active engagement. Individu-
als transition from the exposed to the infected state at a rate o, while the rest of the
dynamics follow similar principles to the SIR model. The rate of change for each state
is defined by Equations 4, 5, 6, and 7.

s BSI
TN ) L (©)
de
dE _ BSI dR _
@ -~ °F (%) o = (7)

SEIRS model. It extends SEIR by allowing individuals in the recovered state to
return to the susceptible state, introducing the possibility of reinfection. In our context,
this reflects the scenario in which users who have previously lost interest in a song
may re-engage with it after some time. The transition from recovered to susceptible
occurs at a rate w, and the dynamic transitions between all four states are described
by Equations 8, 9, 10, and 11.

s BSI

@ - N TWR ®) LA S (10)
dt
dE _ BSI dR

Open SEIRS model. It introduces population dynamics into the previous SEIRS
model, allowing individuals to enter and exit the system over time. In our context, new
listeners join the platform (births), and others become inactive or leave (deaths). The
birth and death rates are represented by p, and while births are only accounted for
in the susceptible state, deaths can happen in all of them. There is also an additional
“death due to infection” rate o on the infected state, which can represent users who
were actively streaming/sharing the song, but permanently disengaged from it due to
saturation or shifts in taste. The rest of the dynamics are similar to the simpler SEIRS
model (Equations 12, 13, 14, and 15).

as BSI dI

dE  BSI dR
TN ocFE — uE (13) i I —wR — puR (15)
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Fig. 2: RMSE for virality and success curves using single epidemic models. Values in
parentheses are the median values. Significance is calculated using the Mann-Whitney
U test: **** indicates p < 0.0001.

4.2 Model Fitting and Evaluation

We now define the initial conditions required for fitting the four models to each time
series. Since the time series are normalized, we set the total population N to 1.0 in all
cases. The initial number of infected individuals, Iy, corresponds to the first observed
value in the time series. For all models, the susceptible population at time zero is
defined as Sy = N — Iy. All other compartments, i.e., exposed (Ey) and recovered
(Rp) are initialized as zero, because we assume that a song’s popularity starts with
no prior exposure.

We use the SciPy Python library” to estimate the models’ parameters for each
popularity time series. We use the least squares approach to perform parameter fitting.
For each parameter (i.e., 3, 7, 0, w, u, ), we set an initial guess of 0.5 and a lower
bound of 0 to ensure valid values. Moreover, to evaluate the models’ accuracy, we use
the Root Mean Squared Error (RMSE) over the whole time period (including when
the song is not in the chart), which qL antifies the deviation between the observed data
and the fitted curve. In our analysis, RMSE values range from 0, indicating a perfect
fit, and typically approach 0.5 in poor fits, given the normalized time series. However,
since the epidemic model curves are not strictly bounded during fitting, they may
exceed the normalized range, meaning there is no fixed upper limit for this metric.

4.3 Results and Discussion

To verify whether epidemic models are suitable for representing music popularity, we
evaluate the fitting results for both virality and success time series. Figure 2 illus-
trates this comparison by showing the distribution of the RMSE values grouped by
the four considered epidemic models. The results show that all models performed bet-
ter for virality time series when compared with the success ones, suggesting that the
viral sharing of a song follows a more epidemic-like pattern than its listening behav-
ior measured by streams. In fact, online virality reflects a fast and short-term sharing

9SciPy: https://scipy.org/
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Fig. 3: Model fits for the virality of “Mon Amour - Remix” by Zzoilo and Aitana.

behavior by definition (Guerini et al. 2011), while success may also be related to exter-
nal factors (e.g., marketing, artist popularity, playlist placement) that the traditional
epidemic models do not capture.

Furthermore, when focusing specifically on the virality time series, SEIR produces
the best overall fitting performance among the four models considered (median RMSE
of 0.016 for virality). Such a finding aligns with the results of previous work on online
content popularity, highlighting the SEIR, effectiveness in capturing both the initial
popularity growth and its subsequent decline (Sachak-Patwa et al. 2018).

However, there are songs for which such models struggle to capture multiple and
spaced peaks of virality over time. Even the SEIRS and Open SEIRS models, which
allow individuals to be reinfected (i.e., to return to the susceptible state), tend to
reach an equilibrium in the long term. An example is “Mon Amour - Remix” by Zzoilo
and Aitana (Figure 3), which has two explicit viral moments. However, none of the
four models can capture them correctly, highlighting the rieed for more sophisticated
approaches that capture such complex dynamics.

Recalling our RQ1, epidemic models can represent music popularity on streaming
platforms to some extent, being more suitable for representing virality rather than
success. This reflects a key difference between the two processes: while the first is fast
and ephemeral (similar to several infectious diseases), the latter may be longer and
influenced by other external factors that are not easily captured by simple epidemic
models. However, despite the good results of epidemic models for virality (particularly
SEIR), the existence of sougs with multiple viral moments opens space for question-
ing the limitations of the models used and proposing more flexible approaches for
representing music virality over time.

5 Wave-based Epidemic Modeling

We now propose a novel wave-based approach to model music virality on streaming
platforms, focusing exclusively on virality rather than success, as the latter is not well
captured by epidemic models. The central assumption of our approach is that each
wave of music virality can be analyzed as a distinct epidemic, potentially leveraged by
different factors (e.g., remixes or viral trends). The motivation comes from epidemics
such as COVID-19, which unfolded in multiple waves, each driven by a different variant
with distinct transmission dynamics.



Note that while we acknowledge the multifaceted nature of music adoption, our
approach treats factors such as individual preference as latent variables encapsulated
within the model’s transmission rates. Similar to biological models in which contact
probabilities also aggregate diverse social markers (e.g., distancing or age), we choose
to capture the overall population dynamics over granular user categorization.

5.1 Methodology

Our proposed approach is based on the assumption that every song may have multiple
virality periods (waves), each one with its own dynamics. Initially, it aims to model
and understand the dynamics of music virality, and therefore it works a posteriori, i.e.,
we rely on the complete time series in the fitting process. Our approach is composed
of three main steps, described next.

Peak identification. From the preprocessed virality time series, we use a peak detec-
tion method'® to identify significant local maximum points that represent distinct
moments of virality. Candidate peaks are local maxima of the time series. To ensure
that each peak corresponds to a meaningful and independent event, we define a min-
imum distance of 30 days between consecutive peaks. If the consecutive candidate
peaks are closer than 30 days, we discard the lower ones. The procedure is repeated
iteratively over all candidate peaks.

Wave segmentation and adjustment. The peak detection method also returns the
left and right base points for each identified virality peak, which we initially consider
as the start and end of each virality wave. Such bases correspond to the lowest points
surrounding the peak and are determined by scanning outward from the peak until
reaching a local minimum on each side. First, we se¢t a minimum width of 7 days
for each wave (when rank_score > 0.001), to filter ont short-lived spikes that do
not represent sustained viral behavior. Moreover, overlaps between waves may occur,
especially when peaks are close together. We address this by adopting an independent
wave approach where each wave is treated as a separate and self-contained event,
which is not affected by adjacent waves. Specifically, when there is an intersection
between two waves (i.e., when the right base of the first wave is after the left base of
the second one), we shift the starting point of the second wave to immediately follow
the end of the first. If the resulting wave has length zero (i.e., it is entirely within the
prior), we discard it. We do this because we assume that one wave does not receive
any impact from the past, nor does it impact the future.

Epidemic model fitting. Having clearly defined waves, we fit an epidemic model
to each one independently. We use the SEIR model based on our analysis of model
performance for virality (see Section 4). This is also in line with previous works that
state that such a model captures the onset of each wave better (Sachak-Patwa et al.
2018).

10We use the find_peaks function of the SciPy package: https://docs.scipy.org/doc/scipy /reference/gen
erated/scipy.signal.find_peaks.html
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Fig. 4: Virality time series with the wave-based SEIR fit for the song “Mon Amour -
Remix” by Zzoilo and Aitana. The vertical dashed lines delimit the waves.

5.2 Fitting and Evaluation

To implement our wave-based approach, we use the find peaks function from the
SciPy library to identify individual moments of virality within each time series. Once
the waves are segmented and adjusted, we fit an independent SEIR model to each
wave separately, and the initial conditions follow the same setup described in the
single-model approach (Section 4.2).

To evaluate the performance of each wave fit, we compute the RMSE consider-
ing only the segment of the time series between the wave’s defined start and end
points. Such an evaluation allows assessing how well the model captures each individ-
ual virality moment. Then, for songs that have multiple waves, we report the overall
performance using the average RMSE across all waves.

5.3 Results and Discussion

Since we now fit the SEIR model to each virality wave independently, some songs
cannot be considered due to limitations in the model fitting process, namely, the
absence of waves after adjustments. As a result, the dataset used for our wave-based
analysis comprises 1,045 viral songs (63.4% of the original set). The median value for
the average RMSE across all fitted sougs is 0.061, indicating a generally good alignment
between the model and the observed data. Whereas this value is slightly higher than
the median RMSE of the single-model approach, our wave-based method offers a more
realistic representation of virality patterns by capturing multiple engagement periods.
For example, our approach can capture both virality waves on the song “Mon Amour
- Remix”, which is not possible using the previous approach (Figure 4).

Regarding the number of waves, the vast majority of songs (994, or approximately
95%) have only one identified wave. Therefore, only a smaller portion has more com-
plex dynamics, with 45 songs having two waves, four songs having three, and only two
songs reaching five distinct virality waves. The average and median wave lengths are
38 and 32 days, respectively. Figure 5 presents the distribution of the average RMSE
by the number of identified waves. For songs with three and five waves, we show the
individual points instead of boxplots due to the small number of samples. In general,
there is no statistically significant difference in RMSE across most groups, except for a
slight difference between songs with one and two or three waves. However, the median
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Table 2: Descriptive statistics of the SEIR parameters in our wave-based approach.

SEIR parameters

Min. Mean Median Max.
Average infection rate () 8.235 x 1072 991.970  15.770 1.018 x 108
Average recovery rate (7) 1.605 x 1077 0.175 0.113 6.150
Average latency rate (o) 1.300 x 102 2269.111 0.223 6.271 x 10°
Derived parameters
Min. Mean Median Max.
Average infectious period (1/7) 0.162 1.202 x 10* 9.181  6.230 x 10°
Average Ro (8/7) 1.092 3.342 x 10*  161.042 3.353 x 107

Table 3: Top 5 songs with highest average infection rate (.

Song Artists B8 ~y c RMSE
Glorious Macklemore, Skylar Grey 1.013 x 10% 0.030 0.013 0.148
Adan y Eva Paulo Londra 369.256  0.023 0.064 0.087
Dark Red Steve Lacy 291.631 0.071 0.070 0.090
Notion The Rare Occasions 240.981 0.031 0.066 0.102

a lot 21 Savage 236.768 0.052 0.068 0.097

values remain relatively close, indicating that our approach maintains a consistent
performance even when the number of waves increases.

SEIR Parameters. A major strength of using epidemic models such as SEIR lies
in the interpretability of their parameters, which may offer valuable insights into the
dynamics of music consumption. Table 2 presents descriptive statistics for the primary
SEIR parameters (i.e., 3, 7, o). Since a song may have multiple virality waves, we
choose to report the average value of each parameter per song. Such parameters are
usually within the range [0, 1], but there is no upper bound since they depend heavily
on the shape and scale of each time series.



In our context, the average infection rate () measures how fast a song spreads
among users, making it a key parameter when analyzing how fast it goes viral. A higher
[ indicates that a song spreads very quickly in the population, possibly due to strong
word-of-mouth combined with marketing strategies. The median value of more than
15 suggests that songs gain traction relatively quickly. However, notice that this may
partly reflect: (i) the lack of data before songs enter the Viral 50 chart, limiting our
view of early virality growth, and (ii) the normalization to 0.5, likely overestimating
the fraction of infected people at the peak. Table 3 contains the five songs with the
highest average infection rates. The extreme values happen because all such songs
have a high virality rank score at the beginning of the wave, requiring a high 5 to fit
the curve accurately.

The average recovery rate () reflects how quickly users lose interest in a song once
they have started to engage with it, and higher values mean that people lose interest
more quickly. The median value of 0.113 suggests that engagement tends to last for
a reasonable period before fading. This leads to longer tails, i.e., long periods in the
low positions of the chart. In contrast, the average latency rate (o) captures how fast
people move from the exposure to a song to the active engagement with it, with higher
values meaning a faster adoption. The median value of 0.223 indicates that, in general,
people take some time after being exposed to a song before deciding to share it.

Derived parameters. From the primary SEIR parameters, we can also derive mean-
ingful insights. For example, the infectious period (1/v) estimates how long a user
stays engaged with a song after discovering it. The median value of around nine days
aligns with previous findings that viral songs usually stay popular for a week or two
before fading (Oliveira et al. 2024a). Another important paranieter is the basic repro-
duction number (Rg = /7), which represents how many 1iew users a single engaged
person is expected to influence. A median Ry of 161.04 suggests that viral songs have
strong contagious potential, reinforcing the idea that music virality is a phenomenon
with similar mechanisms to traditional epidemics.

Relation with other music attributes. After characterizing both primary and
derived SEIR parameters, we investigate their relationship with other musical
attributes. First, we analyze their correlation with acoustic features obtained from
Spotify,!! i.e., descriptors derived from the audio signal itself. Specifically, we consider
acousticness, danceability, enerqy, instrumentalness, liveness, loudness, speechiness,
valence, and tempo (Oliveira et al. 2024a). Pearson correlation results indicate that the
linear association between SEIR parameters and these features is weak or inexistent,
with coefficients ranging between -0.1 and 0.1.

Next, we examine how SEIR parameters vary across selected popular music genres.
Since Spotify does not provide genre labels at the track level, we rely on the genres
associated with the performing artists. Figure 6 presents the parameter distributions
for five genres: pop, hip hop, EDM, reggaeton, and rock. Overall, there are no signifi-
cant differences across most genres, suggesting that the mechanisms governing music
diffusion are largely independent of genre. The main exception is reggaeton, which
has statistically significant differences in some cases (e.g., with hip hop and pop for

11 As of March 2026, Spotify no longer provides these features through its Web API.
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Fig. 6: SEIR parameter distribution for selected music genres. Significance is given
by Mann-Whitney U test: * for 0.01 < p < 0.05; ** for 0.001 < p < 0.01; *** for
0.0001 < p < 0.001; and ‘ns’ for p > 0.05. Unspecified differences are not significant.

and o). Despite its global popularity, reggaeton retains a strong regional component,
which may lead to distinct diffusion dynamics.

Overall, the proposed wave-based approach for modeling music virality comple-
ments the findings from the previous section and answers our RQ1 (Are epidemic
models suitable for representing music popularity on streaming platforms?). Indeed,
this approach can effectively represent the dynamics of music virality on stream-
ing platforms, especially when songs have multiple periods of virality. Moreover,
given its interpretability and ability to reflect song diffusion patterns, our epidemic
approach may also serve as a valuable tool for forecasting music consumption trends,
a hypothesis that we explore next.

6 Forecasting Virality Behavior

We now use the wave-based approach to address RQ2 (How accurately can epidemic
models forecast the popularity trajectories of songs?). Motivated by the parallels
between music virality and real-world epidemics such as COVID-19, we explore the
potential of our approach to forecast virality trends using only partial time series data.
Inspired by prior work on online social dynamics (Ribeiro 2014), we aim to understand
whether early virality signals can be used to anticipate a song’s future trajectory on
streaming platforms.

6.1 Methodology

We design a methodology that operates at the individual wave level to evaluate the
SEIR model’s forecasting capabilities in the context of music virality. This choice is
aligned with our wave-based approach, in which each viral moment is treated indepen-
dently, mirroring the behavior of separate outbreaks in epidemiological models. For



this forecast analysis, we use a dynamic wave-detection heuristic, which analyzes the
time series day-by-day without any look-ahead into future data.

In short, a wave onset is considered only after observing five days of consecutive
growth in the rank score, while it is declared to have ended when the signal drops
below 20% of the local peak reached up to that point. Therefore, we eliminate the
data-leakage problem present in the a-priori identification method from the previous
section, and we simulate a a scenario in which a song starts gaining traction on social
media or streaming platforms, and we want to guess how far and fast it might spread.

To perform this forecasting, we use partial information from the original smoothed
virality time series. Specifically, for a given time point t after the beginning of the
wave, we use all observed data from the start of the wave up to time t to fit a new
SEIR model. This fitted model is then used to predict the subsequent evolution of the
wave beyond t. By repeating this process across multiple time checkpoints within each
wave, we are able to evaluate how early and how accurately the model can forecast
the complete virality pattern.

6.2 Experimental Setup

To evaluate the forecasting performance of the SEIR model, we perform two main
experiments at the wave level. In other words, we effectively transform the multi-wave
problem into a series of single-wave tasks in which the model is fitted and evaluated. In
the first experiment, we simulate different forecast horizons by fitting the model using
partial data from the beginning of the wave up to specific cut-off points. Specifically,
we consider up to 10%, 25%, 50%, 75%, 90%, and the peak point of the virality curve.
With this experiment, we aim to verify the earliest point at which there is a reasonable
forecasting and how the performance evolves as more data beconies available.

Following the literature on time series forecasting (Kountopoulou et al. 2023),
the second experiment complements the first one and compares SEIR against three
baseline forecasting methods: (i) ARIMA. a classical statistical model; (ii) SVR
(Support Vector Regression), which captures nou-linear trends; and (iii) Prophet, a
tool designed for handling time series with seasonality and irregularities (Taylor and
Letham 2018). For each baseline, we use the implementation provided by libraries
pmdarima'?, scikit-learn'®, and prophet,'* respectively. Besides having found that
SEIR is the model that best fits virality time series (see Section 4), we also consider
(v) SIR as a baseline, sinuce it is the simplest epidemiological model evaluated in this
work. To ensure a consistent and fair comparison of the models’ performance, we eval-
uate the forecasting using RMSE only over the remaining wave portion that was not
used during the fitting process (i.e., after the cut-off time ¢).

6.3 Results and Discussion

The forecasting results are summarized in Figure 7, which presents the RMSE distri-
bution for each fitting data size. As expected, increasing the amount of available data
generally improves the forecasting performance, except when considering 90% of the

1‘2https://alkaline— ml.com/pmdarima/
Bhttps:/ /scikit-learn.org/
Mhttps://facebook.github.io/prophet/
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Fig. 7: Forecast RMSE for different partial data sizes. Unless specified with ‘ns’
(p > 0.05), all pairs of distributions are statistically different with p < 0.0001 (Mann-
Whitney U test).

wave. In addition, all pairwise comparisons between training data sizes have statisti-
cally significant differences, except the pair between 50% and 90%. Indeed, the peaks
in median occur at 31% of the wave time. In addition, using 50% of the wave to fit the
SEIR model produces a median RMSE of 0.087, which is only slightly higher than the
0.061 obtained using the whole wave. This suggests that the model can still produce
acceptable forecasts of a song’s virality even with partial data.

For the comparison with baseline models, we consider only the subset of 391 songs
for which all models (SEIR, SIR, ARIMA, SVR, and Prophet) successfully completed
the forecast. Figure 8'° reveals that no single model dominates across all training con-
ditions. However, SEIR performs consistently well, outperforming others at the 50%
and 75% marks. In contrast, ARIMA tends to be better when more data is available
(especially at 90%), capturing the final gradual virality decays at the end of waves.
SVR and Prophet show competitive results in certain conditions, but they gener-
ally exhibit higher variability than SEIR. Finally, SEIR outperforms or is statistically
equivalent to the simpler SIR model in all scenarios, except when there is more training
data available (i.e., 75% and 90%).

Overall, our findings answer RQ2 (How accurately can such models forecast the
popularity trajectories of songs?), indicating that our epidemic approach can forecast
music virality with reasonable accuracy, especially once a wave has begun. Its perfor-
mance is generally comparable to traditional time-series forecasting methods such as
ARIMA, with the advantage of offering interpretable parameters that provide insights
into the underlying dynamics of music consumption. For instance, 3, 7, and o reveal
how quickly a song spreads, how long users stay engaged, and how fast exposure turns
into active engagement.

15We set the upper limit of the y-axis to 1 to prevent distortions caused by extreme errors, particularly
in Figures 8(a—c), in which Prophet failed to capture the underlying dynamics and produced significantly
large forecasting errors.
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Fig. 8: Forecasting performnance for our approach with baselines. Significance is calcu-
lated using the Mann-Whitney U test: * for 0.01 < p < 0.05; ** for 0.001 < p < 0.01;
¥ for 0.0001 < p < 0.001; **** for p < 0.0001 and ‘ns’ for p > 0.05.

7 Music Virality on Other Platforms: The TikTok
case study
In the previous sections, we demonstrated that epidemiological models are suitable for

capturing the dynamics of music virality on Spotify. This section investigates whether
the same epidemiological modeling can still be used for representing music virality



on platforms other than Spotify. Specifically, we assess our RQ3 (How do the dynam-
ics and performance of epidemic models differ across platforms with distinct virality
assessment methods and user engagement behaviors?) by presenting a case study
using TikTok data to replicate our methodology on them and also to assess whether
the behavior aligns with our previous findings, thus testing the generalizability of our
results.

7.1 Data Collection and Time Series Modeling

To perform this case study on TikTok, we aim to maintain methodological consis-
tency with the analyses presented previously. This alignment allows comparing the
performance of epidemiological models when applied to Spotify and TikTok data,
ensuring that observed differences are due to platform dynamics rather than method-
ological variations. Here, we use the TikTok Research API'® which provides access
to metadata from publicly available videos on the platform. Through this interface,
it is possible to retrieve all videos that include a specific song, identified by its cor-
responding TikTok audio identifier. It is worth noting that, beyond the official audio
IDs (typically linked to artists’ verified profiles), users may upload other versions of
the same song that are later reused in other videos. In this case study, we restrict our
analyses to the official audio IDs only. As a result, videos using non-official versions
of a song may not be included in our dataset. Furthermore, there may also be songs
with few or no videos associated with their official TikTok ID.

Our initial set of songs consists of the 1,045 tracks for which we successfully fitted
epidemiological models using Spotify data (see Section 5). However, due to request
limits imposed by the API (i.e., 1000 requests and 100,000 records per day), we employ
a stratified sampling strategy, selecting 10% of these songs based on their Spotify
popularity.!” This resulted in a subset of 104 tracks. For each of them, we collect the
list of short videos published between January 2017 (or the track’s release date, if
later) and March 2022, in order to match the time span used in the Spotify analyses.
In total, our collected dataset contains 4,581,565 videos across all songs, with a median
of 4,364 videos per track, ranging from a minimum of six to a maximum of 773,873.

From the collected video lists, we now build time series representing each song’s
virality on TikTok. Ideally, the most direct measure of this phenomenon would be the
number of views over tine, as this reflects the number of users exposed to the song.
However, the Research API provides only cumulative view counts (i.e., a single static
number) rather than the historical evolution of views. Therefore, we represent music
virality on TikTok by using the daily number of new videos created with a given track.
This proxy captures the dynamics of how often songs are reused by the community and
allows for consistency with the temporal modeling framework adopted in this paper.

6https://developers.tiktok.com /products/research-api/

17The popularity score is retrieved from the Spotify Web API (https://developer.spotify.com/document
ation/web-api) and ranges from 0 to 100. Such a variable updates over time and, in our dataset, reflects
the collection date (March 2022).
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Fig. 9: Distribution of the (a) Pearson and (b) Spearman correlation coefficients for
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7.2 Correlation Analysis with Spotify

Before applying our wave-based approach, we first investigate the relation between the
number of videos on TikTok and virality on Spotify to assess whether a phenomenon
observed on one platform is consistently mirrored on the other. In other words, we
test whether a statistical relationship exists between these two dimensions of music
popularity. We calculate both Pearson’s r and Spearman’s p coeflicients for all songs
in our sample, which capture linear and monotonic correlation, respectively.

Figure 9 presents the distribution of correlation values for music virality. Overall,
there is no clear linear or monotonic correlation between the TikTok and Spotify time
series, with median values of —0.020 (Pearson) and —0.030 (Spearman). For compar-
ison, there is a similar pattern when contrasting TikTok time series with Spotify’s
success (Figure 10), with medians of —0.013 and —0.033, respectively. Such results sug-
gest that both platforms capture distinct aspects of popularity, potentially reflecting
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Fig. 11: TikTok virality time series with the wave-based SEIR fit for the song
“Heather” by Conan Gray. The vertical dashed lines delimit the waves.

differences in how users interact with music content (e.g., active listening vs. passive
exposure or engagement through short videos vs. playlist curation).

Nevertheless, there are songs with strong correlation values between TikTok and
Spotify performance. Specifically, 19 songs have significant linear correlations, and
seven present significant monotonic correlations (i.e., coefficient greater than 0.5).
However, the general lack of significant correlations for most songs may indicate
that TikTok and Spotify tend to capture distinct dimensions of the music virality
phenomenon. Whereas there are overlaps in certain cases, the broader picture sug-
gests complementary rather than redundant roles. Our findings emphasize the value
of examining platform-specific virality dynamics, illustrating how applying epidemic
models to TikTok time series can complement analyses conducted on Spotify and other
platforms with distinct interaction patterns.

7.3 Wave-based Epidemic Modeling

Now, we apply the wave-based epidemic modeling approach originally proposed for
Spotify on Section 5 to TikTok data. By decomposing a song’s virality time series into
a sequence of independent epidemic waves, we aim to assess whether this methodology
can also capture both primary bursts of virality and later revivals on TikTok, thus
taking a first step toward the generalization of this approach across platforms.

Our wave-based approach produces a median average RMSE of 0.025, indicating
a good alignment between the fitted curves and the observed TikTok data. Also, this
methodology allows for a more realistic representation of virality patterns by capturing
multiple engagement periods in the platform. For instance, for the song “Heather”
by Conan Cray, our approach identified three distinct waves of virality (Figure 11).
Although the existence of the second wave may be considered debatable given its
relatively small peak compared to the other two, the viral periods are well delimited.

Regarding wave duration, the average and median values are 100 and 45 days,
respectively. Such values are larger than those observed for Spotify, which may reflect
either platform-specific dynamics or modeling choices in the time series building
process. In other words, the TikTok time series provides a continuous measure by
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Table 4: Descriptive statistics of the SEIR parameters for TikTok time series using
our wave-based approach.

SEIR parameters

Min. Mean Median Max.
Average infection rate () 0.345 3.617 x 102 4.432  3.294 x 10*
Average recovery rate (7) 8.772 x 1073 0.694 0.372 4.185
Average latency rate (o) 3.062 x 1073 1.452 » 10° 9181 x 10°> 6.233 x 10°
Derived parameters
Min. Mean Median Max.
Average infectious period (1/7) 0.638  4.036 x 102 12.023 1.804 x 10*
Average Ro (3/7) 1109 1.372 x 10% 98.039 1.276 x 10°

capturing the daily volume of video creations. In contrast, Spotify’s visibility is con-
strained by the chaits’ inclusion criteria, i.e., data is only accessible when a song
reaches the ranking. Heuce, songs’ virality on days outside the chart remains unknown.
As for the nunmiber of waves, TikTok time series have considerably more viral peri-
ods than those on Spotify (see Section 5.3). The median is six waves per song, with
a minimum of one and a maximum of 16. Figure 12 shows the distribution of aver-
age RMSE values grouped by the number of identified waves. For songs with more
than nine waves, we show individual points instead of boxplots due to the small sam-
ple size. Finally, after applying the Mann-Whitney U test, no statistically significant
differences were found between all of the distributions.
SEIR Parameters. We now move to the analysis of each parameter of the SEIR
model, which provides meaningful insights into the mechanisms of music virality on



TikTok. Table 4 reports descriptive statistics for the estimated parameters (i.e., 8, 7,
0), in which each value is the average across all detected waves of a song. Once again,
parameters are generally within the interval [0, 1], but there is no strict upper bound,
as the values are determined by the underlying shape and scale of the time series.

The infection rate () captures how quickly a song spreads through the platform.
On TikTok, the median 8 = 4.432 shows that songs can reach new audiences fast,
which may be driven by challenges, memes, and content creation. Whereas the dis-
tribution includes very large outliers (with maximum values greater than 10%), these
may reflect explosive moments when songs suddenly go viral after being picked up by
influential users or trends. However, higher § values could also result from normaliz-
ing the time series values to 0.5, which may lead to overestimating the proportion of
individuals infected at the peak.

The recovery rate () indicates how fast users lose interest in a song once they
are already engaged. With a median of 0.372, this value suggests a considerable time
engagement: users do not move instantly on to new content, although they do it faster
when compared to Spotify (see Section 5.3). Still, the long tail in the distribution
shows that certain songs can maintain attention for longer periods, especially when
repurposed in multiple trend contexts.

Moreover, the latency rate (o) measures how quickly users move from exposure
to active engagement. The very high median value (o = 9.181 x 10?) confirms that
adoption on TikTok is almost instantaneous: once a user sees or hears a song, they
may reuse it almost immediately in their own content. This aligns with the platform’s
design, where creative participation (remixing, duets, or challenges) accelerates virality
far beyond what is typically seen in other music platforms. 1t also aligns with findings
in other social media contexts, such as Facebook and Tustagram, in which the freshness
of content is a primary driver of interactions (Vassio et al. 2022).

Derived parameters. The infectious period (1/7) has a median of about 12 days,
meaning users remain engaged with a song for nearly two weeks before interest fades. In
addition, the basic reproduction number (25 = §/7) shows a median of 98, indicating
that a single engaged user can, on average, lead to nearly a hundred new adoptions
(due to their followers or the exposure of the videos on the “for you” page). Such a high
Ry underscores the explosive viral potential of TikTok, where songs can gain traction
in completely new waves of engagement. However, such results should be interpreted
with caution, as the normalization applied to the time series may overestimate peak
engagement and. consequently, the parameter values.

Cross-platiorm comparison. Focusing the cross-platform comparison exclusively
on the tracks included in the TikTok sample, Figure 13 shows that this method pro-
duced lower values of RMSE for TikTok curves, indicating that it better captures the
virality dynamics specific to this platform. Furthermore, there are some SEIR param-
eters with distinct distributions across both platforms, as illustrated in Figure 14. For
example, viral curves on Spotify have a higher infection rate (3), suggesting that once
a song begins to gain visibility, it may spread more efficiently through recommendation
mechanisms and playlist-driven exposure. In contrast, the recovery (y) and latency
(o) rates are significantly higher on TikTok, which may indicate that user engagement
cycles are shorter and that content is consumed and replaced at a faster pace.
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0.01 < p < 0.05; *** for 0.0001 < p < 0.001; **** for p < 0.0001; and ‘ns’ otherwise.

Regarding the latter parameter, the median o value is several orders of magnitude
higher, suggesting that individuals move almost instantaneously from the exposed to
the infected state. In practical terms, this may reflect how quickly users create or
interact with new videos once they are exposed to a trend, as well as the potential
effects of the temporal granularity and other data-related issues. The infectious period
(1/~) is slightly longer on TikTok (12 days) than on Spotify (7.8 days). Although
this difference is statistically weak, its effect size is significant. Finally, for the basic
reproduction number (Ry), no statistical difference was observed between platforms,
suggesting that the intrinsic potential for a song to go viral is independent of the
platform itself.

7.4 Forecasting Song Virality

Similar to the analysis performed for Spotify on Section 6, we now evaluate our
approach’s ability to forecast virality trends on TikTok. Specifically, we use the same
experimental setup over TikTok time series to investigate whether a song’s future
trajectory can be anticipated using only its initial performance data on the platform.
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Figure 15 illustrates the results of the first experiment, which evaluates the impact
of the forecast horizon. It shows the evolution of RMSE as different fractions of the
time series are used as the model input. Similar to the analysis performed for Spotify,
the forecast error decreases as more data becomes available. For example, when using
only 75% of the initial wave data, the SEIR model achieves a median RMSE of 0.030,
which is very close to the 0.025 obtained when fitting the model with the full viral
curve. This finding reinforces that wave-based modeling is robust and effective even
with partial data from TikTok, indicating the possibility of predicting a song’s viral
behavior considerably in advance once a wave has begun.

Moreover, Figure 16 compares the performance of our SEIR-based method with the
baseline models for time series forecasting.'® In general, there is no statistical difference
between the models, especially in the 50% and 75% scenarios. In the other scenarios,
Prophet is the one with the highest median error. In particular, in the scenario using
data up to the wave’s peak, it fails significantly, generating RMSE values above 1. In
contrast, the error distributions for the remaining models (i.e., SEIR, SIR,'® ARIMA,
and SVR) were quite close, often with no statistically significant differences.

Cross-platform comparison. igure 17 expands our analyses by directly comparing
the SEIR forecasting performance across platforms. Again, we only use the Spotify
time series for the songs present in our TikTok sample. The results reveal that our
wave-based approach consistently outperforms the models fitted on Spotify data for all
forecasting horizons, suggesting that the dynamics captured in TikTok time series are
more predictable once the wave structure is partially known. This may be attributed to
the distinctive viral mechanisms of TikTok, where engagement patterns follow clearer
virality bursts compared to those typically observed in streaming environments.
Overall, the experimental results demonstrate that epidemiological models repre-
sent a promising alternative for forecasting the viral behavior of songs on TikTok after

8To avoid distortions from extreme errors, we set the y-axis upper limit to 1 in Figures 16(a—c). This
adjustment is necessary because Prophet sometimes fails to capture the underlying dynamics, resulting in
unusually large forecasting errors.

19Similar to Section 6.3, we choose to compare SEIR with SIR even though the latter was proven to
produce poorer fit results in Section 4.
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a wave has started. The SEIR model produces comparable, and in certain scenarios,
superior performance to traditional time-series models such as ARIMA. Furthermore,
our approach has the advantage of employing interpretable parameters, such as the
transmission rate and the infection period, which not only enable forecasting but also
reveal intrinsic and important characteristics of the viral phenomenon’s dynamics.
Hence, the findings of this section allows answering RQ3 (How do the dynam-
ics and performance of epidemic models differ across platforms with distinct virality
assessment methods and user engagement behaviors?) by suggesting that epidemic
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models are versatile enough to represent virality across different digital ecosystems.
Our comparative analysis, conducted on the shared subset of tracks, reveals that Tik-
Tok viral trajectories are generally captured with greater precision than those on
Spotify, although they work well for both platforms.

8 Qualitative Analysis of Music Virality

While the previous section quantitatively evaluated the performance of the epidemio-
logical models, this section presents a qualitative analysis of sclected songs. The goal
is to better understand the diverse patterns of music virality across social platforms
and to interpret the factors that may explain the observed variations in model per-
formance. By examining representative songs with distinct model performances, this
analysis complements the statistical results and offers interpretative insights into cross-
platform music virality dynamics. Thercfore, this section is divided into two parts: a
cross-platform comparative study (Section 8.1) and an examination of divergent model
performances in outlier cases (Section 8.2).

8.1 Cross-Platform: Comparative Analysis

Here, we compare the viral trajectories of the tracks across Spotify and TikTok, high-
lighting difterences in growth patterns, temporal alignment, and model fidelity. To
ensure a representative analysis, we employ a sampling strategy based on the aver-
age RMSE percentiles of the model fits for both platforms. We classify the songs into
three quantile-based error groups according to their average RMSE values: low error
(0-25th percentile), medium error (25-75th percentile), and high error (75-100th per-
centile). From each group, we randomly select one representative song for detailed
analysis: “Dance Monkey” by Tones and I (low error), “Youngblood” by 5 Seconds
of Summer (medium error), and “Fairytale of New York” by The Pogues featuring
Kirsty MacColl (high error).
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Fig. 18: Spotify and TikTok virality time series for selected songs with their respective
wave-based model fits. To improve visual clarity, Spotify plots are truncated to 50
days after the end of the last wave.

Analyzing the viral trajectories and their corresponding wave-based model fits, we
confirm that the model can capture the fundamental viral movement across different
platforms. For instance, for “Dance Monkey” (Figure 18a), which has a low RMSE
value, the model accurately captures the main virality waves on both Spotify and Tik-
Tok. The largest viral moments happen during the same time window (approximately
days 0-300), corresponding to late 2019 and early 2020. In this case, the similarity
in the curve shapes suggests a strong coupling between viral exposure on TikTok



and sharing on Spotify. Indeed, TikTok has explicitly attributed part of the song’s
global success to its early virality on the platform,?° supporting the observed temporal
alignment and low modeling error.

For “Youngblood” (Figure 18b), the first peaks of virality on Spotify and TikTok
are chronologically close but not simultaneous. On Spotify, the song reaches its main
viral peaks shortly after its release in 2018, whereas on TikTok the peak occurs around
200 days later and persists for a considerably longer period. This prolonged viral phase
on TikTok may reflect the song’s sustained reuse in user-generated content, potentially
reflecting the broader commercial success of the track, which Spotify measures through
other popularity rankings. The higher fit error observed on Spotify may reflect a
specific limitation of our model in capturing the localized peak at the very beginning
of the time series.

Finally, “Fairytale of New York” illustrates a high-error case with different tempo-
ral structures (Figure 18c). A primary discrepancy arises from the time series lengths:
although the song was released in 1988, both Spotify and TikTok time series should
start on 2017 (see Sections 3 and 7.1). However, TikTok data for this song are only
available from 2020 onward, resulting in time series of different lengths and historical
coverage. Despite data constraints, the wave-based method still captures the general
seasonal structure of the waves, which consistently occur during the Christmas period.
Still, the TikTok curves have longer-lasting viral periods, suggesting that seasonal
reuse on TikTok extends beyond the consumption peaks observed on Spotify.

Methodological Considerations. It is important to note that RMSE values are
directly influenced by the normalization process applied to the time series. Thus, our
RMSE values usually range from 0, indicating a perfect fit, and typically approach 0.5
in poor fits. Also, since both Spotify and TikTok data are rescaled to a fixed range,
relative differences in curve amplitude and persistence may disproportionately affect
error magnitude. Furthermore, the sensitivity of the wave-based approach depends
on the parameters adopted during the peak detection and wave segmentation steps
described in Section 5.1, including the minimum peak distance and minimum wave
width. Such parameters directly affect the identification of viral peaks and the defi-
nition of wave boundaries, potentially leading to more conservative or more granular
wave decompositions.

8.2 Divergent Model Performance and Outlier Cases

Now, we identify and discuss outlier songs for which our proposed wave-based approach
produces different performance across platforms, i.e., cases in which the model pro-
vides a good fit on Spotify but performs poorly on TikTok, and vice versa. Such cases
are particularly informative, as they highlight platform-specific limitations that are
not fully captured by purely temporal diffusion models. To do so, we select two repre-
sentative songs: “X (with 2 Chainz & Saudi)” by ScHoolboy Q and “All T Want” by
Olivia Rodrigo. Both songs present the same discrepancy in time series length between
Spotify and TikTok due to the reasons discussed in the previous section, namely the
limited temporal coverage of TikTok data (Figure 19).

2https: //www.bbc.co.uk/newsround /52164519
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Fig. 19: Spotify and TikTok virality time series for songs with divergent model per-
formances. To improve visual clarity, Spotify plots are truncated to 50 days after the
end of the last wave.

In the case of “X (with 2 Chainz & Saudi)” (Figure 19a), the wave-based approach
fits the Spotify time series with high accuracy but fails to capture any meaningful
dynamics on TikTok. This failure is primarily explained by data sparsity: the TikTok
Research API returns very few videos associated with the official audio of this song.
In fact, the maximum number of daily videos using this audio is only two, resulting in
an extremely sparse and noisy time series. This highlights the fact that relying solely
on official audio IDs may not be sufficient for capture virality dynamics, as much of a
song’s viral activity on TikTok may occur through unofficial or user-uploaded snippets
that the Researcli APl cannot consistently aggregate.

The opposite behavior happens for “All I Want (From ‘High School Musical: The
Musical: The Series’)” (Figure 19b). In this case, the model provides a good fit for
the TikTok time series, while the error associated with the Spotify series is higher.
Despite the increased RMSE, visual inspection confirms that the model still captures
the primary viral wave on Spotify at the start of the series. The error stems from a
discrepancy between the fitted and observed speed of viral decay. In addition, another
notable difference lies in the temporal positioning of the main viral wave across plat-
forms. While the virality peak on Spotify occurs shortly after release, the TikTok



peak appears approximately 300 days later, reflecting delayed adoption driven by
platform-specific trends and user-generated content.

Overall, such outlier cases illustrate that RMSE alone is not an exhaustive measure
of model suitability. Rather, visual analysis is essential to understand the qualitative
nuances of how music spreads. Moreover, such an analysis evidences a key limitation of
our wave-based approach: although it improves flexibility by decomposing virality into
independent diffusion events, it remains sensitive to data sparsity, delayed adoption,
and non-epidemic decay patterns.

9 Concluding Remarks

In this article, we explored the use of epidemic models to represent and forecast
music popularity on online social platforms. By distinguishing virality from long-term
success on Spotify, we first evaluated how classic epidemic models fit both curves.
After discovering that such models are more suitable for virality, we proposed a novel
wave-based modeling approach that effectively captures multiple bursts of popularity,
i.e., independent periods in which a song gains attention. Our results show our epi-
demic approach can represent viral dynamics with high interpretability and forecast
performance comparable to traditional time-series methods.

We also perform a case study applying the same methodology to data from Tik-
Tok, one of the main platforms driving the phenomenon of online virality. Using data
collected via the platform’s Research API, we build time series for a sample of the
songs used in the Spotify analysis and replicate the same analyses to verify whether
this methodology is also effective for other platforms. The resiilts demonstrate that the
virality dynamics observed on TikTok are different from those on Spotify. Neverthe-
less, the application of our wave-based approach produces good results that are close to
the real data, offering interpretable parameters that provide valuable insights into the
diffusion of these songs. Finally, the forecasting experiments reveal that our model’s
performance is also comparable to that of traditional ones, allowing the analysis of a
song’s viral behavior once its virality wave has begun.

Overall, our findings highlight the potential of contagion-based frameworks for
understanding music consumption, with practical applications for online trend detec-
tion and marketing strategy development. Furthermore, the successful application
of our methodology in different platforms also represents an important step toward
generalizing the modeling of the viral phenomenon as a social contagion process.
Limitations and Future Work. The discrete nature and undisclosed calculation
method of Spotify charts further limit our insights. In addition, our TikTok song
sample is relatively small and may not be representative of broader platform dynamics,
limiting the generalizability of our cross-platform comparison and conclusions. Such a
sample should be expanded with more recent data. Furthermore, daily video counts
may not perfectly capture TikTok virality, which metrics like views or listening history
(currently unavailable via the API) could represent more accurately. Finally, our study
relies on aggregate time-series data, which does not explicitly account for network-level
structures or exogenous factors such as algorithmic recommendations or marketing
campaigns. Moreover, our forecasting assumes static, pre-identified wave boundaries.



The starting boundary of a new wave is not known in real-time forecasting. Future
work could explore more complex wave detection algorithms and also consider models
in which subsequent waves aggregate the decay of preceding ones.
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