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Abstract

TikTok and its user-generated short-form videos have largely disrupted the ways in which labels and artists
used to promote their music. Numerous cases emerged of older songs randomly getting a second life or
of artists building their careers TikTok-first. Yet, the debate on broader effects of short-form videos on
music still echoes the 2000s concerns on digital piracy: is it additional promotion, or substitution for other
channels? We study this in the context of the strategically important chart longevity across four diverse
platforms: major and smaller audio streaming (Spotify and Deezer), audio-visual streaming (YouTube) and
a discovery tool (Shazam). We analyse whether time and country-specific TikTok reach allowed songs
going viral in the platform to retain their positions for longer at music charts and apply propensity score
matching to study the effects across songs with similar TikTok virality potential. We find that the effects
of TikTok are not uniform and seem stronger for Deezer, YouTube and Shazam than for Spotify. They also
seem more positive for more recent songs on audio streaming services but with opposite being true for
YouTube and Shazam. We discuss these findings in the context of other research in different contexts,
mainstreaminess, (re)discovery channels and promotion.
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1. Introduction

Recent years have seen a growth of participatory culture around music. One example of such co-creation
are the short-form videos hosted on the social media platform TikTok. As the popularity of the platform
grew, its competitors introduced similar features in the form of music-backed short videos and reels.
Despite the music not being the primary component of these videos, labels have been carefully observing
the expansion of the new platform, with many artists using it directly as a new channel for fan
engagement. Yet, largely echoing the 2000s discussions on digital piracy, music stakeholders still debate
whether TikTok promotes or cannibalises other music distribution channels.

Since music is not the main focus of the TikTok videos, it is possible that the additional value provided by
TikTok users helps in promoting the attached music through exposition. Indeed, labels and artists have
been reported to look for ways of getting the music to the platform, with some musicians creating their
own profiles. Repeated exposure to songs in viral videos could increase song popularity through, e.g.,
habit or taste formation or by spotlighting the songs to new audiences. Several case studies show how
TikTok can lead to reemergence of older hits at national charts through pure circumstance. Riemer and
Peter (2021) cover the complex relationship between TikTok and music and highlight its role in promotion.

On the other hand, some stakeholders question the benefits and who the actual benefactor of the licensed
music is - the labels or the platform. This has led to a dispute between the Universal Music Group [UMG]
and TikTok, with the former pulling its music from the platform for several months in 2024; and
subsequently to a renegotiation of the remuneration received by artists from the use of their music in
videos. This event has sparked at least three studies tackling the implications of UMG’s withdrawal on the
popularity of music in other channels (Bairathi et al., 2025; Cheng et al., 2026; Winkler et al., 2025).
Notably, these studies found somewhat conflicting results that also depended on artist characteristics.

We thus contribute to the literature by investigating the role of TikTok in music discovery and promotion,
using a different approach for identification than the existing studies. One concern about prior research
is that the UMG withdrawal from the platform could have carried additional effects, such as
antagonisation of users with pre-existing popular videos with UMG music, or who had already drafted
videos using that music. As the existing studies only partially agree on the conclusions, we believe that
further research should investigate these relationships in other contexts - similarly to how a larger body
of evidence had to be accrued on online piracy before a consensus was reached.

We focus on analysing chart longevity, which is a critical moment for label and artist marketing, as well as
allows us to compare several platforms in a uniform framework. We collect weekly, country-level music
chart data for two streaming services (Spotify and Deezer), one audiovisual service (YouTube), and one
music discovery tool (Shazam). The charts contain the rankings of the most popular songs on those
services, and the data comes from the Chartmetric service. We then match the data with charts on the
most popular songs in the TikTok platform for years 2021-2023. Our identification comes from historic
data on TikTok reach across countries, basing on the assumption that a broader reach boosts any potential
effects of the platform. Using survival regressions, we check whether broader TikTok reach moderates an
effect of going viral on TikTok on longevity in charts. We additionally use propensity score matching based
on audio features, to ensure a comparison between songs with actual potential for trending on TikTok.

Our findings suggest that TikTok virality does indeed increase song longevity in other charts, although the
effects are not homogeneous. For one, the relationship is significant for Deezer and YouTube, but not for



Spotify; and for Shazam becomes statistically significant only once we focus on comparable songs with
features related to TikTok virality. Moreover, the relationship seems stronger for more recent songs on
the music streaming platforms, but the opposite is true for YouTube and Shazam. We discuss these
findings and provide potential interpretations in the final section of this article. In general, we find support
for the promotional role of TikTok in specific settings, while showing that it can be realised through higher
chart longevity, and thus conversely offering longer timeframes for labels and artists to adjust their
marketing strategies towards their hit songs.

2. Literature review

Due to its relatively recent nature and the scarcity of data in the platform’s early years, TikTok's effect
(and that of short-form video platforms in general) on the music industry has not received much academic
scrutiny. In the following section, we first provide a framing for TikTok within the literature on consumer-
producers and user-generated content. We then discuss the potential channels in which TikTok could
affect music distribution. Finally, we discuss the literature on cross-platform influences, particularly in the
context of user-generated content, and with specific attention to the few studies on TikTok itself.

2.1. Framing TikTok

The idea of consumers being also producers goes back to early marketing considerations of Toffler (1980),
who coined the term "prosumer". In the beginning, his term referenced mostly the growing tendency of
consumers conducting part of the work instead of purchasing everything. Examples included do-it-
yourself pregnancy tests (instead of everything being conducted by doctors), or various repairs. Toffler
(1980) related prosumerism to earlier times when most people produced, e.g., food for their own
consumption. Indeed, as he noted, many tasks have now been slowly migrating in-home, as evidenced by
— e.g. — the shift from tools being primarily sold to contractors and technicians to tools being primarily
sold to individual consumers. Toffler (1980) noted that leisure partially became unpaid work conducted
by prosumers and prophesized that these trends will change the face of the economy and role of markets.

Later authors have been updating the idea of prosumerism, accordingly with the understanding of
prosumer motivations and — particularly — the advent of online platforms and new forms of creativity.
Kotler (1986) highlighted that of the two potential profiles of prosumers, one can be described as avid
hobbysts, who cannot stop creating, despite doing so primarily in leisure time.? This focus is closer to the
current understanding of prosumers as creators who use their free time to participate in social
connections and to share their own content. The further developments have been summarized, e.g., by
Ritzer et al. (2012), who note the boom of academic attention to the notions of prosumerism and the
related "produsers" (producers — users) or co-creators. Ritzer et al. (2012) also point to the internet-
fuelled emergence of platforms populated with user-generated content such as Wikipedia or Facebook.
These businesses rely on value generated by their users who create content.

This trend has been referred to as participatory culture. The concept was first introduced by Jenkins et al.
(2006) with the focus on how it evolved with the growth of the internet and with production focused on
cultural and media content. Jenkins et al. (2006, pp. 7) define participatory culture as "cultural production:

1. with relatively low barriers to artistic expression and civic engagement

3 The other profile referred to an “archprosumer” who focused on production for own use instead of purchase as a
simplicity lifestyle.



2. with strong support for creating and sharing one's creations with others

3. with some type of informal mentorship whereby what is known by the most experienced is passed along
to novices

4. where members believe that their contributions matter

5. where members feel some degree of social connection with one another (at the least, they care what
other people think about what they have created).

Not every member must contribute, but all must believe they are free to contribute when ready and that
what they contribute will be appropriately valued."

This definition fits in with the growth of fan-fiction, media texts, and audiovisual content within social
networks of users whose relationship is allowed through the existence of the Web. Building on these
definitions, Schafer (2011) proposes that participatory culture can take three main forms:

1) Accumulation (or remixing), which focuses on the repurposing of content that was already
produced and adding new value to it. This area covers various forms of fan-fiction, recorded
singalongs and any content that combines, changes or adapts pre-existing creations. Notable
examples include fan-fiction websites, and more currently — memes.

2) Archiving/organizing, which focuses on cataloguing and preservation of existing content, including
initiatives likes the Internet Archive, or some of the illegal file-sharing communities.

3) Construction, which focuses on new production — independent of pre-existing creations. One
example are the open-source software communities who collaborate on new applications.

Notably, the three areas can overlap. Schafer (2011) highlights that YouTube is a platform that combines
all of these domains, allowing for content that re-adapts existing productions; archiving and organizing
existing content (e.g. TV show fragments), as well as creation of entirely new content. Importantly, Schafer
(2011) notes that amateur culture has existed long before, as well as reuse or reimplementation of various
products. However, internet and platforms allow for the existence of vast subcultures and communities
that allow easier exchange, sharing or feedback.

TikTok operates mainly within the accumulation and construction domains and successfully blurs the line
between the two. On the one hand, videos on TikTok often include a music component, typically in the
form of a song fragment. These song fragments often set the mood of the short video, becoming an
integral part of the produced content. This identifies the videos as a form of readaptation. At the same
time, music is not the main focus of these videos. Instead, videos focus on short gags, commentaries, or
dances. This makes TikTok largely about generation of entirely new content. Finally, TikTok taps into the
co-creation and participatory culture as numbers of users then re-create the trending videos or remix
them themselves. While the original sounds of TikTok videos (e.g. the music) are often retained across
these new videos, the re-creations usually focus on emulating the original creator's input. The most clear
form of this is the viral dance videos, whereas a creator introduces a new choreography in a short video,
which is then reproduced (i.e. danced) by numerous other creators in a variety of settings.

The phenomenon of TikTok can be also observed through the lens of attention economics. Recent years
have seen a growth in discussions around the topic of attention economics, and the imminent attention
scarcity (Taylor, 2014). Attention economics assumes that money is no longer the primary resource that
consumers can provide. Instead, their time and attention becomes increasingly valuable as services seek
to turn it into data and monetise it (or use it to refine their product). Attention economics carry different



implications than standard budget considerations, as the amount of available attention is strictly limited
by the time. Moreover, with the growth in abundance of various types of content, more and more
producers compete for the same finite pool of attention. One of the resulting outcomes is a shorter
lifespan of content (see e.g. Ford et al., 2021 who discuss and show this in the context of memes on
Reddit). These trends have been noticeable also in music.

First, with the growing importance of algorithms and recommendations. As the time available for search
and discovery decreases, consumers increasingly rely on the services to predict what they want to listen
to. In a study on piracy, Sinha and Mandel (2008) presented responders with hypothetical scenarios
finding that they would be more willing to pay more for a service with a recommendation system. Dorr et
al. (2013) find that pirates who value music recommendations also have a more positive view towards
streaming services like Spotify. Similarly, TikTok relies on recommending appropriate videos to individuals.

Second, song hits have been evolving in line with the attention scarcity principles. Before 2017, Billboard's
Hot 100 Chart never held more than 2% of tracks shorter than 2 minutes and 30 seconds. In the next three
years, this share grew to app. 12% (Ball, 2020). Even the song names got reduced, with fewer words per
title (admittedly, Ball, 2020 ascribes this to tailoring to voice assistant technologies). TikTok largely fits
within this trend, with its videos initially being no longer than a minute. The length was later increased to
3 minutes and in March 2022 to 10 minutes (Vincent, 2022). At the same time, an average adult TikTok
user in the US spent 40 minutes on TikTok daily (Lebow, 2022). This suggests a repetitive consumption of
many short items, containing fragments of songs.

2.2. Possible drivers of the TikTok effect

There are several main ways in which TikTok could thus influence music listenership. First, through buzz
effects, whereas TikTok content successfully distributes information about particular songs. Second, by
allowing users to sample full song fragments, TikTok might be diverging music consumption from other
services. Third, by way of habit and taste formation, whereas repetitive sampling contributes to
developing a taste for a particular title.

Prior studies have often found a relationship between buzz and sales, although for music the direction
remains ambiguous and possibly dependent on the source of the buzz. The metaanalysis of Rosario et al.
(2016) of electronic word-of-mouth [eWOM] effects on sales across different types of products finds a
generally positive relationship with sales. However, the effect for social media is moderated by the
possibility of assessing who the eWOM senders are (and e.g. their familiarity). Moreover, the volume
seems to carry a larger impact than valence. In the case of music, Dhar and Chang (2009) find that blog
buzz (numbers of posts) and reviews in major outlets are positively related to album sales (derived from
the Amazon sales ranks). Chen et al. (2015) focus on the MySpace platform, finding that both artist and
user activity can positively influence music sales. Dewan and Ramaprasad (2014) compared how buzz
generated through different types of media contributed to album and song sales. They found that radio
play was positively related to song and album sales, but that blog buzz had a negative relationship with
songs and none with the album sales. This negative relationship was stronger for the less popular songs
within albums and niche music. They argue that online buzz could reduce sales as song sampling displaced
the need for full songs. Such finding would be in line with the literature on piracy, which finds that music
file-sharing carries a negative impact on sales (see e.g. Koh et al., 2014 and Adermon and Liang, 2014).



Another possible effect of TikTok on listening habits is through the taste formation by means of exposure.
Listeners are typically more likely to enjoy music that is familiar to that they already know. Several studies
conducted experiments among students, asking for evaluation of music excerpts (Zissman and Neimark,
1990; North and Hargreaves; 1995). They typically found that participants were more likely to rate the
excerpts positively if they also felt the music sounded familiar. Moreover, repeated listening of the same
songs increases the individual liking of the music regardless of its complexity. Madison and Schidlde (2017)
discuss the literature on the topic and confirm this in their own experiment in which they repeatedly
expose listeners to music pieces over a period of 4 weeks. They too find that familiarity remains a strong
predictor of song preferences. This is also in line with the debates around potential payments in exchange
for airplay, which tends to promote sales (e.g. Montgomery and Woe, 2002; Bandookwala, 2010).

TikTok creates a unique environment due to its size and type of content. For the former, it stands out from
other forms of user-generated content that rarely gather such large audiences. Marchenko and
Sonnabend (2022) study the effects of new original works on the production of related fan-fiction in the
context of written content. Due to the overwhelming difference in magnitudes of the large franchises and
the more niche fan-fiction communities, the causality can go in only one direction. However, TikTok has
reached 1,6 billion users by 2023 (Igbal, 2026a), which greatly surpasses the app. 600 million unique users
of Spotify in that period (Igbal, 2026b). As such, TikTok, whether through promotion or displacement, has
the potential of affecting consumption in other services.

Additionally, TikTok stands out from, e.g., radio airplay or other music streaming services as its primary
focus is not on the music itself. While music remains an integral part of the platform, and many musicians
actively contribute official content (often citing the push from labels who want their music to go viral —
Roundtree, 2022), music is not the actual goal of TikTok. For one, up until recently the TikTok video limits
were too short to contain most songs. Instead, music is rather used as a background for the visual content
and TikTok comprises also features of social media platforms. Moreover, as TikTok invites co-creation, the
direct relationship with the content — including the music — may incentivise additional engagement and
even consumption of the original (Malthouse et al., 2015). Thus, TikTok effects on listenership cannot be
directly explained by those observed for, e.g., radio.

2.3. Cross-channel distribution and the role of user-generated content

While a limited number of studies so far examined the interplay between TikTok and music streaming,
several earlier studies considered the relationship between different channels of distribution. As in the
case of free sampling, two potential effects can take place. The first is promotional, whereas content
distributed through one channel encourages individuals to also consume it through other channels. This
spillover effect of distribution through a new service would thus contribute to higher popularity in prior
ones. The second is substitutional, whereas individuals focus their attention on only one of the channels
and abandon the other. The current research on these relationships does not provide a simple answer.

The effects of YouTube on other music distribution channels are heterogeneous and possibly dependent
on artist popularity. Hiller (2016) looked at the effects of the removal of Warner-owned music from
YouTube for several months in 2009. They conclude that music on YouTube reduces album sales for the
top artists. However, for the less popular music, the promotional effects may offset the displacement by
supporting discovery. In a similar framework, Kretschmer and Peukert (2020) considered a natural
experiment, whereas due to a dispute with the GEMA association in 2009, much of the music available
through YouTube has been blocked in Germany. In 2013, an agreement was reached, with the music



reintroduced to YouTube via the Vevo intermediary. The authors find that availability of music on YouTube
increases recorded music sales by as much as 5 to 10%. Finally, they found that the effects were more
positive for new and more mainstream music. These results partly contrast the findings of Hiller (2016).
Kretschmer and Peukert (2020) propose that this might be because YouTube's promotional effect focuses
on individual songs and therefore diverts purchases from albums to individual songs.

The studies on the effects of other music streaming channels on sales also show varying results. Aguiar
and Martens (2016) analyse data on 'clicks' on different websites among a sample of EU internet users.
They find a positive relationship between clicks to licensed streaming websites and clicks to licensed digital
music-selling websites, suggesting a promotional effect dominates the relationship. Nguyen, Dejean and
Moreau (2013) analyse survey data and find that consumption through streaming does not affect CD
purchase but positively contributes to concert attendance. Aguiar (2017) analyses the introduction of a
free streaming limit by Deezer and finds that free streaming contributed to more visits to legal digital
download websites. Conversely, Aguiar and Waldfogel (2018) find that growth in streaming between 2013
and 2015 had a negative impact on music sales. Importantly, they find a positive relationship at a song-
level, but a negative with aggregate music sales. Finally, Datta et al. (2018) show that adopting Spotify
increases discovery and consumption while reducing the usage of previously used services like iTunes.

From the perspective of multi-homing decisions, expanding to new platforms can boost the popularity of
content in the prior ones. Krijestorac et al. (2020) investigated the cross-platform spillover effect by
tracking a sample of viral videos across 26 platforms. They find that the introduction of content to new
platforms can carry positive spillovers for prior channels. This effect is strongest if the popularity in the
new platform increases early on and if the new platform targets foreign markets. However, the returns to
additional platforms diminish with each subsequent carrying weaker effects. A similar spillover effect was
revealed between social media platforms. Looking at Facebook, Twitter and Instagram, Unnava and
Aravindakshan (2021) pointed out the increasing brand engagement across other platforms after
introducing brand-related content to one of them.

In terms of user-generated content, the closest related studies are that of Kretschmer and Peukert (2020)
and Park et al. (2018). In their study of the YouTube effects on music sales, Kretschmser and Peukert
(2020) conclude that the observed positive effects are irrespective of the nature of the music videos. In
other words, both official and user-generated content succeeded in promoting music in other channels.
Park et al. (2018) focused on the differences in the impact of user-generated content and company-
generated content on song sales. Using data on South Korean music charts they show a positive effect of
both types of content on sales. Furthermore, they found that in the short period after the release, user
engagement of user-generated content carries a stronger effect on sales than that of company-generated
content. However, with time, the difference in the impact of the two types diminishes.

For the effects of TikTok itself, existing evidence is limited and not always consistent. Still, Yang et al.
(2024) found that short condensed clips from TV shows, shared on the Chinese TikTok platform, may
promote the respective full-length works on other platforms. Mourelatos and Mourelatos (2024) found
that for a sample of DJ artists, those who had official profiles on TikTok experienced higher Spotify
streaming growth. Moreover, three studies attempted to measure the effect of TikTok on music streaming
by looking at the withdrawal of Universal Music Group’s (UMG) music from the platform (Bairathi et al.,
2025; Cheng et al., 2026; Winkler et al., 2025) or the US TikTok outage and restrictions in the following
year (Winkler et al., 2025). Bairathi et al. (2025) point to a decrease in Spotify streams of UMG songs,



relative to those from Warner and Sony, implying a discovery-enabling role of TikTok. To support these
findings, they also show a drop in Shazam-driven identifications of the UMG songs - especially the newer
ones. Cheng et al. (2026) conclude that the effect on the consumption of UMG artists on Spotify and
YouTube was heterogeneous, implying a promotional effect of TikTok on tracks previously unavailable on
TikTok - mainly from less popular artists, and through spillover effects from TikTok-present tracks - and a
substitution effect for songs previously available on TikTok. Finally, Winkler et al. (2025) identify a
promotional effect of TikTok, concentrated among the most viral songs. They find a reduction in Spotify
streams, playlist additions and chart prominence of UMG songs - especially ones trending on TikTok prior
to the withdrawal. These findings are corroborated by the effects of a TikTok outage in the US.

The results of these studies are therefore partially conflicting. For one, Cheng et al. (2026) claim
substitution effects for songs with prior TikTok presence, while Winkler et al. (2025) claim that the viral
songs actually receive the highest boost from TikTok. The lack of consensus supports further analyses
based on different settings. Beyond that, one can argue that the results based on the UMG withdrawal
can be affected by potential retaliatory behaviour or wariness from TikTok users, which could be directed
at UMG in general or the particular artists whose songs suddenly disappeared from the platform. As UMG
pulled its catalog, previously available music was removed from pre-existing popular videos or even draft
videos waiting to be published (Rogers, 2024). The music was replaced by a message stating that “This
sound isn’t available.” The music was also muted for the UMG artists themselves, who used TikTok for
additional fan engagement. Together, these could have carried adverse effects on listening to these artists
on other platforms. Although the findings for Shazam (Bairathi et al., 2025) and TikTok outage (Winkler et
al., 2025) would not be affected by such mechanismes, it is notable that Bairathi et al. (2025) found that
streams of UMG artists remained lower even after the music was reinstated on the platform. While the
researchers propose alternative explanations, this finding is also consistent with increased aversion of
TikTok users to Universal music and artists.

Still, our study also provides further contributions. Music platforms typically differ in audiences, who
might have preferences for different artists, genres or pathways of discovery. As such, the status of UMG
songs on these platforms might be different. Our approach instead focuses on the top charts for different
platforms, making the results more comparable (even if constrained to the most popular music in each
platform) and allowing us to verify whether the studied relationships are generalisable across different
audiences. Finally, our main interest is on the potential of TikTok to increase the chart longevity of songs.
Consumption levels are important and can tell about the overall effects on popularity. However, these
can be realised through long-term increases or short-timed bursts of popularity introduced by TikTok
virality. Our study, instead, focuses on the ability of TikTok to increase the time spent on charts, which
can be crucial to maintain a longer audience interest in an artist, allowing the label - or the artist - for
more time to act on the increased interest through adequate promotion and other actions (as also
highlighted by Winkler et al., 2025). Indeed, chart success has been previously described in the context of
improved visibility, discovery and bandwagon effects (i.e. listeners opting for music that seems popular
among others; see Kaimann et al., 2021) and linked to increased repeat consumption (Sim et al., 2022).
These effects might be additionally important in times of digitisation, as releasing singles has become a
strategy for acquiring and retaining attention (Essling et al., 2017).



2.4. Hypotheses

TikTok was launched in 2016 in China and in 2017 internationally, reaching 1,6 billion annual users by the
end of 2023 (Igbal, 2026a). The platform allows its users to upload short videos, which subsequently
circulate through the platform, with the algorithms recommending (or not) the content to other users.
One of its most characteristic features is that the videos often allude to one another. With many users
acting both consumers and producers, the platform is famous for its viral challenges or numerous creators
replicating the same dances or scenes. These video chains often rely on the same audio tracks, including
both new and older songs. While the music is an integral part of such videos, it is typically not the driver
behind the creation of further content. Still, as artists receive remuneration based on the number of
videos using their songs, TikTok virality carries a direct positive effect on artist profits.

However, questions remain on whether the platform also carries secondary effects for music distribution.
Listening to a song on TikTok could promote discovery and boost popularity in other platforms or it could
displace consumption in said platforms. The platform itself competes for time and attention with other
platforms. Despite anecdotal evidence of huge promotional potential of TikTok (see e.g. Allyn, 2020;
Saunders, 2021), prior literature does not provide unambiguous answers regarding the effects of TikTok
on music popularity. The existing evidence is not fully consistent, focuses on one setting for identification
(UMG dispute), and cannot be easily generalised or compared for different types of audiences. The pre-
TikTok research indicates that streaming might displace album sales and physical sales in aggregate, but
might succeed in promoting individual songs, e.g. via digital sales. The positive effects seem to be driven
both by official and user-generated content. Moreover, as an additional platform with a potentially large
and diverse audience, it is possible that TikTok presence of songs carries positive spillover effects to other
channels. Literature on TikTok points to a mostly promotional effect on songs, though not necessarily the
popular ones, and not necessarily ones actually available on TikTok (i.e. via spillover effects).

Still, as platforms tend to differ in their respective audiences, it is likely that the TikTok effects will differ
across these platforms. These effects can be further moderated by the mainstreaminess of a platform,
the comparability of its content with that found on TikTok, or the integration of music discovery tools that
could serve as a link between hearing a song on TikTok and then launching it in the service of choice.

To put this notion under scrutiny, we focus on four music-related platforms. We compare two music
streaming services — Spotify and Deezer. We hypothesize that the effect of TikTok on Spotify chart
longevity is positive, in line with the promotional effects claimed by two of the three studies that looked
at Spotify in the UMG context (Bairathi et al., 2025; Winkler et al., 2025). The Deezer platform is much
smaller in market share, and thus potentially more easily affected through external channels. Importantly,
Deezer puts a strong emphasis on discovery through its inclusion of the SongCatcher tool that identifies
songs by their sound, allowing users to easily bookmark the tunes they hear directly within the streaming
service (Deezer, 2017). This tool likely boosts any effects of music exposure in other channels like TikTok.
Hence, our intuition is that the less prominent service — Deezer — will be more strongly affected by TikTok.

Moreover, we look at YouTube, which at the time of the analysis was the only music streaming service in
our sample combining audio with video. The inclusion of video in the music consumption positions
YouTube closer to TikTok. For one, audiovisual content is less likely to be consumed in the background,
during other activities. Instead, it engages more of the user's attention by providing a visual component.



While music on YouTube can still be listened to in the background (e.g. with the YouTube Premium
subscription or simply by playing a video for sound and focusing on other activities), we expect that a
TikTok substitution effect might be stronger for this platform. Based on prior research, the effect can still
be positive, but we hypothesise that it will be at least lower than in the case of Spotify and Deezer.

Finally, we look at Shazam, which is a music discovery tool, allowing identification of songs via sound and
to pinpoint them in one of a few connected music streaming services. We expect a positive effect of TikTok
virality on song longevity in Shazam charts, as was found by Bairathi et al. (2025) in the UMG setting.
Formally, our hypotheses can be thus described as below:

H1: Song virality on TikTok increases song longevity on Spotify charts.

H2a: Song virality on TikTok increases song longevity on Deezer charts.

H2b: The increase in song longevity on Deezer charts is higher than in the case of Spotify.
H3: Song virality on TikTok increases song longevity on Shazam charts.

H4: Song virality on TikTok increases song longevity on YouTube charts.
3. Methods and data
3.1. Methods

The aim of this study is to investigate the effects of the short-form video content on TikTok on song
popularity longevity. Our goal is to provide causal effects, which are difficult to identify with most available
data. Indeed, the primary concern is the potential simultaneity of popularity across different platforms,
as TikTok virality and streaming popularity can both be simultaneously driven by artist or song quality.
Moreover, a song could trend in streaming due to exposure on TikTok, but could also gain traction on
TikTok due to high prior popularity in streaming. Disentangling these relationships is largely hindered by
limitations of data. Stream counts are typically available only for the top-ranking songs, and stop being
available as soon as a song drops out of the chart. Popularity metrics (including play counts) are available
from some data aggregators, but are represented at global levels, thus preventing the use of country
variation for potential identification. Prior studies have primarily relied on the quasi-experimental setting
of UMG pulling their music from the TikTok platform (Bairathi et al., 2025; Cheng et al., 2026; Winkler et
al., 2025), and data from third-party aggregators. While such a setting seems like an ideal scenario for a
causal analysis, the findings from these studies are not entirely consistent and could be affected, e.g., by
consumer retaliation towards UMG artists. As was the case with the issue of online piracy, which was
analysed in a variety of contexts using different identification strategies (see e.g. Koh et al., 2019;
McKenzie, 2023), alternative approaches to studying the effects of TikTok seem justified. We thus consider
our study as complementary to the prior ones.

We propose a causal identification strategy that focuses on time spent on charts as well as country and
time variation in TikTok reach. We explain weeks spent on charts by particular songs going viral on TikTok
in respective countries. Intuitively, any effect of TikTok on other platforms should be larger when TikTok
has a larger user base. We can infer country levels of TikTok’s reach and their change over time by looking
at historic advertisement reach reported by the platform itself. Similar identification has been used by,
e.g., Danaher and Smith (2014) who estimated the effects of Megaupload shutdown on movie sales by
exploiting the country variation in pre-shutdown Megaupload usage. In our scenario, the treatment (going
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viral on TikTok) can occur at different periods and does not affect all of the songs in the sample, while
TikTok reach has been evolving over time.

To ensure that our variable of interest captures the hypothesised relationship, in all models we control
for the TikTok reach and the song appearance on TikTok. The former can capture any country specific
features that could be responsible for the TikTok ad reach and also affect other digital trends. The latter
can capture any relationships driven by song characteristics (including unseen) that contributed to the
song appearing on TikTok and that could also affect streaming counts in other services. Furthermore, we
include country fixed effects to control for other country-specific differences and quarterly time fixed
effects to account for general trends. We also cluster standard errors at the song level to account for
within-song dependence across countries. Having controlled for these factors, the interaction between
appearing on TikTok and TikTok reach will show the moderating effect of reach on the relationship
between appearing on TikTok and popularity in other services. In principle, TikTok reach should not affect
any reverse effects (of streaming popularity on TikTok virality), but should amplify the effects of going
viral on TikTok on popularity in other media.

We use survival regressions to estimate the models. Survival analysis is a statistical method for analysing
the expected duration of time until an event happens. Being primarily used to study time to death in
biological systems and in time to failure in mechanical systems it proved to be useful for modelling survival
of entertainment goods and songs in particular (e.g. Bhattacharjee et al., 2007; Asai, 2008; Kaimann et al.
2021). Previous studies examined a variety of factors that affect the survival time and success of music on
music charts, e.g. debut position, star effect or involvement of a major label (see: Hyunsuk et al., 2018).

Our dependent variable is the duration (in weeks) that an individual track remains on the Spotify, Deezer,
YouTube, and Shazam country charts, with separate models estimated for each platform. If a song
reappears in the chart we treat it as a new observation (following e.g. Blossfeld et al. 2009; Kaimann et
al., 2021). The same song in a different country chart is also treated as a separate observation. A distinctive
feature of survival analysis is dealing with censored data, i.e. situations where some events are not
observed directly (Klein et al. 2016). As part of the songs appearing in our dataset did not get a chance to
leave the charts within the studied timeframe (right-censored data), we account for it in all the modelling.

While our focus is thus on popular songs, it is still likely that the songs trending on TikTok are not really
comparable with those that do not. It is possible that a selection process takes place, making the TikTok-
appearing songs different from others from the very start. In the introduction and literature review, we
suggest that the music on TikTok goes viral randomly, with the key driver resulting from the users' co-
creation rather than preceding popularity. However, it is also possible that only certain types of songs can
make it to TikTok or go viral — e.g. if they are appropriate for dancing or are not overly sad. Indeed, in the
context of news, Berger and Milkman (2012) found that New York Times articles had higher chances of
going viral when they were more positive or drove higher physiological arousal (e.g. awe or anxiety). In
contrast, negative, sad articles had lower virality. In the case of music, this could mean that songs with
higher valence, which are more energetic, exciting or danceable will have higher chances of going viral on
TikTok. Moreover, Cheng et al. (2026) found that songs appearing on TikTok had higher popularity in other
platforms as well, suggesting song specificity.

To take this into account, we introduce a matching procedure relying on propensity scores calculated
based on the song characteristics and audio features. The use of this method also further boosts the
reliability of our identification strategy. For example, changes in TikTok reach could be correlated with

11



changes in country-level preferences for songs with TikTok potential - i.e. both making TikTok more
popular due to its viral music, and for such music to become popular in other services. Using propensity
score matching based on audio and song features allows us to compare only songs with TikTok potential,
thus eliminating this alternative interpretation. The data we use for the matching and the outcome is
further presented in the respective section.

We also recognise the potential influence of advertising, which may affect both TikTok and the other
services examined. To account for this, we conduct a robustness check controlling for a song’s age by
including a dummy variable indicating whether a song is at most one year old at the time of its appearance
on the top chart. This approach is based on the assumption that promotional activities primarily occur
around the time of a song’s release, and helps mitigate the potential bias from marketing intensity.

Finally, we address potential timing inconsistencies between TikTok exposure and the chart dynamics by
restricting the sample to songs released after the first available top chart date on each platform. This
ensures that TikTok exposure occurs within the period in which songs are at risk of entering and evolving
within the charts, preventing the situation when TikTok exposure precedes the observable risk period.

3.2. Platform data

The data for this study come from the Chartmetric® service and from the Spotify API°. Chartmetric is a paid
subscription service continuously collecting data from a variety of sources and for a large number of
services, such as Spotify, Deezer, TikTok, YouTube or Shazam. Most of these data are originally published
by the related services in the form of top charts, or current-day statistics. Chartmetric collects these data
and presents them as time series, allowing for their download and usage.

For the purpose of our analyses, we focus on the following platforms:

a) TikTok — the subject of this study, a platform that reuses music, but focuses not on music but
rather on the additional value created by its users

b) Spotify — the most prominent and popular streaming service (Silberling, 2022)

c) Deezer —a smaller, less popular streaming service (Silberling, 2022)

d) Shazam - an Apple-owned music discovery tool that identifies songs by their sound

e) YouTube — in contrast to the other music services, YouTube includes audiovisual content (i.e.
songs with video clips), placing it closer to TikTok.

We collected country-level music top charts data, which contain rankings of songs in a given period for all
the services listed above. Some top charts are available in daily (Deezer, Spotify, Shazam), and some in
weekly (TikTok, YouTube) intervals Finally, we used Spotify API to collect additional information about the
songs in the data sample, including song duration, genre and algorithmically measured music features.
These latter include information on the following characteristics: acousticness (confidence about the track
being acoustic), danceability (suitability for dancing), energy (intensity and activity), instrumentalness
(prediction for a lack of vocals), liveness (presence of an audience, i.e. a live performance), loudness,
speechiness (presence of spoken words), tempo and valence (positiveness of the track)®.

4 https://chartmetric.com/

5 https://developer.spotify.com/documentation/web-api

6 see Spotify APl documentation for more details: https://developer.spotify.com/documentation/web-
api/reference/#/operations/get-audio-features

12


https://chartmetric.com/
https://developer.spotify.com/documentation/web-api
https://developer.spotify.com/documentation/web-api/reference/#/operations/get-audio-features
https://developer.spotify.com/documentation/web-api/reference/#/operations/get-audio-features

We collect data about songs appearing on the top ranking lists of TikTok, Spotify, Deezer, YouTube and
Shazam. As our intent is to measure the relationship between TikTok and other platforms, we focus on
countries and time periods for which TikTok data is available (including data on ad reach). We also exclude
India and Russia, due to the TikTok ban in the former and the invasion of Ukraine by the latter (both likely
affecting any social media usage patterns). Table 1 describes the raw data sample.

Table 1. Description of the country-level data collected from Chartmetric

TikTok Spotify Deezer YouTube Shazam
Rank type Top 200 Top 200 Top 100 Top 100 Top 200
Time interval Weekly Daily Daily Weekly Daily
First date 2021-07-04 2021-07-01 2021-07-01 2021-07-01** 2021-12-07***
Last date 2023-11-26 2023-12-03 2023-12-01* 2023-11-30 2023-07-01%***
Time periods 126 886 883 127 570
Unique songs 45,439 35,429 84,141 15,318 31,590
Avg. unique songs 4,999 3,132 6,208 1,276 3,531

per country

Countries 19 19 18 19 17
AU, BR, CA, DE, AU, BR, CA, DE, AU, BR, CA, AU, BR, CA, DE, AU, BR, CA, DE,
ES, FR, GB, ID, ES, FR, GB, ID, DE, ES, FR, GB, ES, FR, GB, ID, ES, FR, GB, ID, IT,

IT, JP, KR, MX, IT, JP, KR, MX, ID, IT, JP, KR, IT, JP, KR, MX, JP, KR, MX, NL,
NL, PH, SE, TH, NL, PH, SE, TH, MX, NL, PH, NL, PH, SE, TH, SE, TH, TR, US
TR, US, VN TR, US, VN SE, TH, TR, US TR, US, VN
Observations 473,315 3,365,080 1,469,623 200,844 1,895,760

Notes: * the last date was earlier for Brazil (2023-11-30), Indonesia (2023-09-20), Italy (2023-08-01), as
well as Netherlands, Philippines, Sweden, Thailand and Turkey (2023-07-01). ** the first date is 2021-09-
23 for Indonesia, Philippines, Thailand and Vietnam. *** the first date is 2021-12-08 for approximately half
of the countries. **** the last date is 2023-04-01 and 2023-04-05 for the Netherlands and lItaly,
respectively.

The summary data shows clear differences between the studied services. Deezer charts show a much
higher turnover of songs on charts than in any other platform. While the Deezer charts contain only the
top 100 songs (instead of top 200 as is the case of Spotify or Shazam), the number of unique songs having
appeared in these charts over the studied period is more than twice as large as that for Spotify or Shazam.
The average number of unique songs per country is also higher for Deezer although by a smaller margin.
This implies that the different nature of Deezer comes from both a higher turnover rate of songs on charts
and larger differences between countries.

TikTok, the platform of interest, also has a high turnover of songs among the trending tracks. Despite
having weekly data, it has a larger number of unique songs in the studied period than any of the other
platforms except Deezer, which has daily charts. This is true at both general and country levels, suggesting
a high turnover of viral tracks. YouTube seems to have the lowest turnover of songs although comparisons
here are more difficult as it is the only service in the sample with both a lower frequency (weekly) and
shorter charts (Top 100).

Looking at these data, it is possible that Deezer users are more likely to experiment and discover new
music. In line with our Hypotheses, this could imply a higher potential effect of TikTok for Deezer, which
has a quick turnover of viral songs and could thus facilitate frequent discovery. Spotify, on the other hand,
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seems to be more stable in terms of trending titles, which likely come from popular mainstream artists.
The Spotify top charts could thus be less susceptible to the influence of short-lived viral promotion (even
though the effects could materialise beyond the charts).

3.3. Charts data cleaning

For unclear reasons, some of the charts held specific songs at more than one position for the same country
and date. These inconsistencies sometimes included a switch in how a song was referenced in a platform’s
internal database (e.g. referenced internal IDs changed in the charts, but ISRC remained the same from
period to period), but also included, on occasions, the same tracks with same identifiers. We cleaned the
data to the extent possible to maintain song tracking continuity (e.g. by harmonizing the referenced IDs)
and when duplicates existed in a given chart, we retained the song observations with the better rank.

Since our data for TikTok is in weekly intervals, we recalculate the data for Deezer, Shazam and Spotify to
weekly frequency. For each day, songs in these charts were given rank points calculated as:

rank points = (chart length + 1) — song rank

, Where chart length is equal to 100 for Deezer and 200 for Shazam and Spotify. We then summed the
points and divided them by 7 to obtain a mean weekly measure and create new weekly rankings
(essentially treating missing from the charts as 0 rank points). Since the resulting weekly rankings are more
accurate at the top than at the bottom, we focus on the Top 200 for Shazam and Spotify and Top 100 for
Deezer and ignore songs with higher ranks’. This results in a further drop of the number of observations.
We also dropped the few observations lacking both the ISRC and a Chartmetric ID, which prevented us
from successfully matching the songs with the TikTok data. Finally, we matched the weekly data with the
information from the TikTok charts to infer which songs from the top charts have been viral (i.e. appeared
in the TikTok top charts) in the same country and period. Updated summary statistics for Deezer, Shazam
and Spotify, as well as for the weekly charts after cleaning, are presented in Table 2.

Table 2. Final sample characteristics for the studied platforms.

Deezer Shazam Spotify YouTube
Top 100 Top 200 Top 200 Top 100

Unique songs 28,075 26,471 23,239 15,190
Avg. unique songs per country 2091.2 2830,7 2038.7 1266.4
Observations 214,587 274,021 479,022 169,939
Unique songs ever on TikTok 2,362 4,477 4,816 3,458
(8.4%) (16.9%) (20.7%) (22.8%)
Avg. unique songs ever on TikTok per country 202.3 437.4 396.2 267.0

26,658 40,131 59,192 35,261

Observations (songs ever on TikTok) (12.4%) (14.6%) (12.4%) (20.7%)

" There is a small risk that relatively popular songs did not register as particularly popular at daily charts, but should
make their way to the weekly charts. For example, a song charting just beyond a daily top 200 chart (at position
201) for the whole week, would likely be popular enough to make it to a weekly top 200 chart if all the data was
available to us. When using rank points, this risk is relatively small for the hits with most rank points, but such
omissions might matter more for ranks beyond 200.
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3.4 TikTok reach

To proxy TikTok reach, we use data on the reach of TikTok advertisements among the adult population
(18+) in the countries under study. These data were manually extracted from reports prepared by
DataReportal, specifically the Digital Global Statshots and Overview Reports for each quarter from Q4
2021 (report date: 10.2021) to Q1 2024 (report date: 01.2024). DataReportal obtained these numbers
from TikTok's advertising tool and resources. For some countries, data in Q4 2021 were reported not as
shares of the population reached by TikTok advertisements but as the absolute numbers of accounts
reached. In these cases, we converted the figures into population shares using adult population (18+) data
from the United Nations (dataset code POP/01-1: Total population (both sexes combined) by single age,
region, subregion, and country), similarly to the methodology applied by DataReportal in later editions of
the report. Because DataReportal provides advertisement reach data from Q4 2021 onwards, we restrict
our chart data so that the analytical sample begins in Q3 2021. As the reports are published at the
beginning of each quarter, we assume that the data better reflect the previous quarter than the next. For
the exact values of the TikTok reach measure across countries and time, see Table Al in Appendix. We
include the TikTok reach measure in subsequent analyses as a moderator, investigating the hypothesis
that the effects of being featured on TikTok are stronger in countries with higher relative TikTok reach.

4. Results

Figure 2. Kaplan—Meier survival curves by TikTok exposure across platforms

Spotify Deezer
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Note: The figure shows Kaplan-Meier estimates of the survival function for songs on each platform.
Survival time is measured in weeks since chart entry. “On TikTok” indicates that a song appeared in
TikTok top charts.

15



We begin our analysis by estimating the survival function using the Kaplan-Meier method. The Kaplan-
Meier estimator is a non-parametric statistic with the advantage of allowing estimation of survival
probabilities without assuming a particular functional form. By comparing Kaplan-Meier survival curves
across groups, we assess differences in survival times between songs appearing solely on one of the four
services and those that also receive exposure through TikTok (see Figure 2).

Being featured in TikTok videos is associated with longer survival on each service’s chart, with the largest
difference observed for Spotify. Cheng et al. (2026) also found that UMG songs present on TikTok had on
average more streams on YouTube and Spotify than those with no TikTok presence. This could suggest a
relationship between the two, but not whether it is causal in any direction or driven by other factors like
song characteristics and selection. Survival times are reported in Table 3. The survival curves in Figure 2
depict the relatively short lifespan of songs that were not featured on TikTok on the charts of other
services (with a median survival of at most two weeks), compared with songs that also appeared on TikTok
(with the median reaching up to 28 weeks). Visual inspection of the Kaplan-Meier plots across the four
services, together with evidence from Table 3, suggests that the difference in survival between TikTok and
non-TikTok songs is smallest for Shazam - i.e. the discovery tool in our data.

Table 3. Survival times (in weeks) across streaming platforms, by TikTok exposure

. Survival time (in weeks)
On TikTok -
min max 25% 50% 75%
. No 1 136 1 2 7
Spotify
Yes 1 136 6 28 80
No 1 136 1 1 2
Deezer
Yes 1 115 2 37
No 1 64 1 1 4
YouTube
Yes 1 52 3 11 23
No 1 81 1 2 3
Shazam
Yes 1 81 2 6 17

Notes: Survival time is measured in weeks from chart entry until exit. Percentiles (25%, 50%, 75%) are
estimated using the Kaplan—Meier method and account for right-censoring, while minimum and
maximum values are based on observed durations. TikTok exposure indicates whether a song appeared
in TikTok top charts.

4.1. Base regressions

We then estimate survival regressions using the Cox proportional hazards models. The hazard ratios are
reported in Table 4. The results suggest that songs featured on TikTok exit the charts of other services
more slowly. In other words, appearing on the TikTok Top Chart is associated with longer expected survival
time on the charts of other services - an effect that is significant across all platforms. However, when we
examine the interaction between appearing on TikTok and TikTok country reach, which follows our
identification strategy, we observe that the effect is significant for Deezer and YouTube only. When a song
is featured on TikTok, higher TikTok reach is associated with a substantially lower risk of exiting a chart at
a given time in both platforms. This suggests that the association between exposure and chart survival is
stronger in countries where TikTok has a larger user base, only in the case of Deezer and YouTube.

These findings confirm our initial expectation of a stronger effect of TikTok on Deezer rather than Spotify,
although our hypotheses of promotional effects for Spotify and Shazam are not supported. For Shazam,
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it is possible that TikTok is comparable as a discovery pathway with promotion from other sources, like
inclusion in TV shows, video games or via airplay. As such, songs identified through Shazam from TikTok
do not stand out from those identified from other sources. For Spotify, it is possible that our findings are
driven by heterogeneous effects of TikTok exposure as claimed by Cheng et al. (2026). For both services,
it is possible that the results are also affected by song characteristics that can be different for TikTok-
trending and non-trending songs. We test this possibility in the following subsection.

Table 4. Survival regression estimates of the effect of TikTok exposure on song survival across platforms

(1) (2) (3) (4) (5) (6) (7) (8)
Spotify  Spotify Deezer Deezer YouTube YouTube Shazam Shazam

0.29*** 0.30*** 0.42*** 0.61***  0.36%** 0.41***  0.45*** (0.48***

TikTok Chart
(0.01) (0.02) (0.01) (0.04) (0.01) (0.03) (0.01) (0.03)
. 1.22% 1.32%** 1.12 0.94
TikTok Reach
(0.13) (0.12) (0.14) (0.09)
0.95 0.42*** 0.72** 0.84
TikTok Chart x TikTok Reach
(0.15) (0.07) (0.11) (0.10)
1.01%**  1.01*** 1.01*** 1.01***  1.01*** 1.01***  1.00*%** 1.00***
Initial Rank
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Observations 493,033 493,033 221,277 221,277 171,473 171,473 271,019 271,019
Subjects 55960 55960 60354 60354 36859 36859 65569 65569
Failures 52530 52530 59520 59520 35787 35787 63189 63189

Note: Cox proportional hazards models. Reported coefficients are hazard ratios. Standard errors clustered at the
song level in parentheses. All models include country and time fixed effects. Dependent variable: time (in weeks)
until a song exits the Top Chart of the respective platform. Independent variables: TikTok Chart — 1 if a song
appeared on the TikTok Top Chart; TikTok Reach — country-level TikTok advertising reach; Initial Rank — a rank of a
song at first appearance in the platform’s Top Chart. *** p<0.01, ** p<0.05, * p<0.1.

4.2. Propensity Score Matching

We use propensity score matching to identify songs with TikTok potential among the top charts. We
estimate propensity scores, i.e. the probability that a song appears on TikTok, using key song
characteristics, including song duration, release date, and audio features obtained from the Spotify API:
danceability, energy, loudness, speechiness, acousticness, instrumentalness, liveness, valence and tempo.
Matching is performed using nearest-neighbour matching with a 1:1 ratio, with exact matching within
countries. For each analysed service, we obtain a reduced dataset containing all songs that appeared on
TikTok and a comparable set of songs that did not. We then re-estimate the survival regressions on the
matched sample (see Table 5).

For Deezer and YouTube, the estimates for the interaction of interest remain comparable with those from
the base regressions. This suggests that song characteristics do not drive both the song popularity and
TikTok virality, or at least that they do not moderate the effect of the TikTok virality. For Spotify, we
observe that the hazard ratios are further from 1, but they remain statistically non-significant. Finally, for
Shazam the interaction of interest gains significance. This suggests that, once songs are matched on
observable characteristics, the association between TikTok exposure and chart survival is also moderated
by TikTok reach on Shazam. A potential explanation is that songs discovered through Shazam differ
significantly depending on the source of discovery - lowering the comparability of the non-TikTok-viral
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songs on the charts with those that had gone viral on TikTok. Once similar songs remain, it becomes
clearer that trending on TikTok can elongate trending on Shazam charts as well.

Table 5. Survival regression estimates of the effect of TikTok exposure on song survival across platforms
- PSM sample

(1) (2) 3) (4) (5) (6) (7) (8)
Spotify  Spotify = Deezer  Deezer YouTube YouTube Shazam Shazam

0.32***  (0.33***  (0.49%** (0.71*** 0.38*** (0.45%** (0.50*** (0.57***

TikTok Chart
(0.01)  (0.03)  (0.02)  (0.05)  (0.01)  (0.03)  (0.01)  (0.03)
TikTok Reach 1.12 1.31 0.99 0.98
Kok Reac (0.20) (0.26) (0.19) (0.19)
_ _ 0.90 0.42%** 0.68** 0.73%*
TikTok Chart x TikTok Reach
(0.16) (0.07) (0.11) (0.09)
1.01%**  1,01*** 1.01*%** 1.01*** 1.01*%** 1.01*** 1.01*** 1.01***
Initial Rank
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Observations 282,560 282,560 109,241 109,241 102,222 102,222 98,976 98,976
Subjects 22916 22916 14078 14078 16774 16774 18281 18281
Failures 20866 20866 13658 13658 16085 16085 17271 17271

Note: PSM sample. Cox proportional hazards models. Reported coefficients are hazard ratios. Standard errors
clustered at the song level in parentheses. All models include country and time fixed effects. Dependent variable:
time (in weeks) until a song exits the Top Chart of the respective platform. Independent variables: TikTok Chart — 1
if a song appeared on the TikTok Top Chart; TikTok Reach — country-level TikTok advertising reach; Initial Rank — a
rank of a song at first appearance in the platform’s Top Chart. *** p<0.01, ** p<0.05, * p<0.1.

As our data does not cover all years of TikTok activity, it is possible that some of the songs we observe
have appeared on TikTok charts before our observation period. Moreover, Bairathi et al. (2025) have
found that it was the newer songs that received a higher promotional boost from TikTok. Thus, we include
two additional specifications, which we present in Appendix 2. First, we add a song age variable based on
the year of the first release of a recording to the baseline models (columns (2) and (5) in the tables in the
Appendix). Second, we reduce the sample to only the songs that were released in the observed period
(columns (3) and (6) in the tables in the Appendix). The adjustments are applied to both the general and
PSM sample specifications.

For Spotify and Deezer, the results remain consistent across all specifications (see Tables A2 and A3 in
Appendix 2). The hazard ratios for Spotify become lower, reaching 0.87 for the models with PSM restricted
to songs released in our observation window. However, they remain not significant statistically. Notably,
the restrictions come at the price of a significant sample reduction, which might lower our statistical
power. For Deezer, the hazard ratios for the interaction term of interest become even lower, decreasing
from 0.42 in the baseline models to 0.30-0.32 in the models with restricted song samples. This indicates
that the effect of TikTok might indeed be stronger for newer songs.

Interestingly, for YouTube, the relationship gets weaker and loses statistical significance when restricting
the sample to songs released in the observation period. Notably, the hazard ratio remains below 1 and
the sample is reduced considerably. Still, contrary to Spotify and Deezer, it seems that it is the older songs
(released prior to our observation period) that received a higher promotional effect from TikTok. Finally,
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for Shazam, the statistical significance apparent in the PSM specification disappears again (and the hazard
ratios get much closer to 1) once we control for song age or restrict the sample to songs released during
the observation period. Similarly to YouTube, this might imply a higher effect for older songs, although
the opposite has been found by Bairathi et al. (2025). We discuss these findings further in the conclusions.

5. Conclusions

As the popularity of TikTok grew, researchers, labels and market experts have been wondering about its
role in music success. The platform relies on user-generated content and dynamic virality that tends to
suddenly boost songs, creating exposure with high audience reach. While TikTok rewards the
rightsholders per song usage, it has become a contentious topic on how TikTok affects other revenue
streams, and what is its role for discovery. Mimicking the early discussions on online ‘piracy’, exposure to
music on TikTok could either promote specific songs (by increasing discovery, or by making users like
specific tracks through repeated exposure) or substitute its consumption in other channels (if listening on
TikTok replaces the need for listening through streaming). With the high popularity of TikTok and the
subsequent introduction of short-video content with music on other platforms (e.g. Instagram), this has
become a pressing issue for the music industry and a question on the role of remix culture and user-
generated content tied to copyrighted works in general.

Prior works have found some promotional effects (e.g. for specific songs) and some substitutional effects
(e.g. for albums) of audiovisual streaming platforms like YouTube on music sales in other channels (e.g.
Hiller, 2016; Kretschmer and Peukert, 2020). Importantly, the promotional effects could materialise even
for user-generated videos with music (Kretschmer and Peukert, 2020; Park et al., 2018). For short-form
video content, and TikTok specifically, the existing studies focused on the event of UMG’s withdrawal of
their music from the platform, finding mainly promotional effects for TikTok, although with some
inconsistencies in results. The withdrawal contributed to a sudden removal of UMG artists’ music from
existing videos, and the removal of the option to use it in new videos. It is thus also possible that the event
left some of TikTok users unhappy about UMG’s decision, thus adversely affecting their streaming
behaviour in the following days.

Following the experience of the empirical research on online piracy, we believe that studying these issues
in different identification settings is complementary to the existing findings. We thus contribute to the
current state of knowledge by analysing the effects of TikTok virality on song longevity in top charts of
four music services. For one, we thus focus on a crucial part of songs’ lifecycles, which, if elongated, could
allow labels and artists for more strategic and marketing adjustment. Two, we are also able to compare
the outcomes for platforms with different audiences and settings, while consistently focusing on the top
of the consumption distribution. While the prior studies sometimes considered more than one platform,
it is possible that UMG’s position in these platforms differed.

To identify causal relationships, we utilise quarterly, historic information on TikTok advertisement reach
for a number of countries. As any effects of TikTok would be amplified by broader audience reach, we
interact TikTok virality with TikTok audience size within countries. Additionally, we use propensity score
matching to ensure that our estimates are based on comparable songs whose audio features suggest a
potential for TikTok virality. We estimate these relationships using survival regressions modelling.

Mostly confirming our hypotheses, our findings suggest that TikTok does indeed promote song longevity
in top charts of Deezer, YouTube. However, we find no statistically significant relationship for Spotify,
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despite the value of the hazard ratios more suggestive of promotional effects. One explanation for this
difference between Deezer and Spotify (two audio streaming services in our sample) is that Deezer is a
smaller platform, more easily affected by external channels. Moreover, Deezer incorporates a music
discovery tool, which can lead to an easier identification of TikTok-viral songs directly in the music
streaming service. Moreover, the effects for Spotify could be heterogeneous, positing our findings more
in line with the results of Cheng et al. (2026) rather than Bairathi et al. (2025) or Winkler et al. (2025).

The results for Shazam become statistically significant only after applying the propensity score matching
approach, suggesting higher differences between TikTok-viral and non-TikTok-viral songs in the charts of
this platform. One explanation for this is that Shazam, as a music discovery tool, can pick up highly diverse
songs depending on the source of discovery (e.g. a TV show, radio, a disco party or a TikTok video). The
effects thus become more pronounced only after we compare songs with features suggesting a potential
for TikTok virality. In summary, our results are consistent with our hypotheses with the exception of
Spotify, for which we also assumed a promotional effect of TikTok.

Additionally, the promotional effects of TikTok seem to be stronger for songs released in our observation
period (and thus more recent ones), on Deezer and Spotify, although for the latter the relationship
remained not statistically significant. Yet, the opposite seems true for Shazam and YouTube, for whom
the effects seemed weaker for the newer songs. This suggests that TikTok might help in discovery of new
songs on purely music streaming platforms, but that the effects are more akin to rediscovery for Shazam
and YouTube. One explanation for YouTube is that due to the visual component in both TikTok and
YouTube, the substitution effects are somewhat stronger when it comes to newer songs. For example,
listeners might not be eager to watch a contemporary pop music video with dancing on YouTube if they
have already seen multiple dance videos with the same song on another platform. However, for older and
previously unknown music videos, the difference between the TikTok videos and older music videos might
be enough to weaken the substitution effects.

The relationship with Shazam seems less intuitive, and stands in contrast to findings of Bairathi et al.
(2025) who showed a positive effect of TikTok on discovery through Shazam - especially among the newer
songs. One interpretation is that TikTok users might find it easier to recognise and navigate to music of
contemporary mainstream artists that they are familiar with, while older artists and music might be less
recognisable and thus requiring a specialised discovery tool. Indeed, the drop in the sample size when
looking only at songs released during the observation period seems most profound for Shazam, suggesting
a much higher share of older music for this platform. The difference in findings relative to those of Bairathi
et al. (2025) could then be explained by higher user adversity towards contemporary UMG artists, after
the music withdrawal, than towards older UMG artists, who might become viral on TikTok more randomly
- as a form of surprise rediscovery rather than continued popularity.

To summarise, we believe our study contributes further insights into the ongoing discussions. We confirm
some of the findings from prior research, while also shedding light on differences between the audiences
of different platforms - both in terms of the existence of a TikTok effect and in terms of its moderation by
song age. We found no evidence of TikTok displacing song popularity in other platforms, but we have also
found that the debated promotional effects might not be meaningful for all music platforms. Further
research could focus more on the factors moderating this relationship, potentially uncovering the reasons
for the strong relationship between TikTok exposure and Deezer chart longevity.
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Appendix 1

Table Al. TikTok reach (in population 18+) data over time and countries

2021 2022 2022 2022 2022 2023 2023 2023 2023 2024
Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1

AU X 0.37 0.394 0.3%6 0.411 0.403 0.4 0.405 0.455 0.466

BR  0.45 0.457 0.453 0.456 0471 0.504 0.515 0.51 0.58 0.598

CA X 0.361 0.39 0.384 0.298 0.342 0.347 0351 0.371 0.38

DE 0.23 0.244 0.28 0.277 0.214 0.297 0.312 0.291 0.284 0.34

ES 0.328 0.354 0.387 0.397 0.4 0.421 0.444 0.34 0.373 0.422

FR 0306 0338 0373 0386 0.382 0409 0428 0.387 0.41 0.494

GB 0378 0404 0432 0446 0332 0367 0379 0363 0373 0.422

ID 0457 0476 0.511 0.556 0.361 0.568 0.583 0.514 0.547 0.648

IT 0246 0.261 0.301 0.326 0.33 0.343 0357 0.328 0.361 0419

JP 0.146 0.142 0.152 0.178 0.177 0.195 0.199 0.213 0.238 0.247

KR X 0.112 0.112 0.134 0.136 0.127 0.123 0.134 0.15 0.156

MX 0.461 0.504 0552 0571 0.43 0.636 0.689 0.692 0.758 0.808

NL X 0.344 038 0.392 0.38 0.39% 0413 0.377 0.37 0.418

PH 0.46 0.494 0.552 0.579 0579 0582 0553 0.551 0528 0.644

SE X 0355 0392 038 0.38 0406 0414 0.361 0.37 0.424

TH 0637 0636 0682 0679 0.706 0.691 0.704 0.625 0.653 0.758

TR 0.404 0.432 0.466 0.5 0.501 0.482 0.5 0.517 0.574 0.603

US 0465 0503 0523 0532 0414 0.427 0439 0459 0.539 0.553

VN 0.554 0.556 0.637 0.688 0.708 0.689 0.698 0.617 0.861 0.926

Note: Data derived/obtained from Datareportal. For details, go to Section 3.3 TikTok Reach.

25



Appendix 2

Table A2. Survival regression estimates of the effect of TikTok exposure on song survival on Spotify -
robustness checks

All PSM
(1) (2) (3) (4) (5) (6)
Baseline +Song Age Post-sample Baseline  + Song Age Post-sample
Control start releases Control start releases
0.30*** 0.30*** 0.24*** 0.33*** 0.33*** 0.27***
TikTok Chart
(0.02) (0.02) (0.02) (0.03) (0.03) (0.03)
. 1.22%* 1.15 1.01 1.12 1.11 0.87
TikTok Reach
(0.13) (0.12) (0.14) (0.20) (0.19) (0.20)
TikTok Chart x 0.95 0.91 0.94 0.90 0.89 0.87
TikTok Reach (0.15) (0.15) (0.19) (0.16) (0.15) (0.19)
1.01%** 1.01%** 1.01%** 1.01%** 1.01%** 1.01%**
Initial Rank
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
New S (<1y) 1.17%** 1.05**
ew Son
Bl (0.02) (0.02)
Observations 493,033 493,033 300,989 282,560 282,560 173,541
Subjects 55960 55960 36568 22916 22916 14138
Failures 52530 52530 34206 20866 20866 12666

Note: Cox proportional hazards models. Reported coefficients are hazard ratios. Standard errors clustered at the
song level in parentheses. All models include country and time fixed effects. Dependent variable: time (in weeks)
until a song exits the Top Chart of the respective platform. Independent variables: TikTok Chart — 1 if a song appeared
on the TikTok Top Chart; TikTok Reach — country-level TikTok advertising reach; Initial Rank — a rank of a song at first
appearance in the platform’s Top Chart; New Song (<1y) - 1 if a song is less than one year old.; All - full sample, PSM
- restricted sample. *** p<0.01, ** p<0.05, * p<0.1.
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Table A3. Survival regression estimates of the effect of TikTok exposure on song survival on Deezer -
robustness checks

All PSM
(1) (2) (3) (4) (5) (6)
Baseline  +Song Age Post-sample Baseline +Song Age Post-sample
Control start releases Control start releases
0.61*** 0.62*** 0.64*** 0.71%** 0.72%** 0.78***
TikTok Chart
(0.04) (0.04) (0.05) (0.05) (0.05) (0.06)
1.32%** 1.34%** 1.14 1.31 1.39%* 1.05
TikTok Reach
(0.12) (0.12) (0.15) (0.26) (0.28) (0.29)
TikTok Chart x TikTok  0.42*** 0.42%** 0.32%** 0.42%** 0.43*** 0.30***
Reach (0.07) (0.07) (0.07) (0.07) (0.07) (0.06)
1.01%** 1.01%** 1.01%** 1.01%** 1.01%** 1.01%**
Initial Rank
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
0.91%** 0.85%**
New Song (<1y)
(0.01) (0.02)
Observations 221,277 221,277 133,169 109,241 109,241 73,320
Subjects 60354 60354 31880 14078 14078 8845
Failures 59520 59520 31195 13658 13658 8481

Note: Cox proportional hazards models. Reported coefficients are hazard ratios. Standard errors clustered at the
song level in parentheses. All models include country and time fixed effects. Dependent variable: time (in weeks)
until a song exits the Top Chart of the respective platform. Independent variables: TikTok Chart — 1 if a song appeared
on the TikTok Top Chart; TikTok Reach — country-level TikTok advertising reach; Initial Rank — a rank of a song at first
appearance in the platform’s Top Chart; New Song (<1y) - 1 if a song is less than one year old.; All - full sample, PSM
- restricted sample. *** p<0.01, ** p<0.05, * p<0.1.
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Table A4. Survival regression estimates of the effect of TikTok exposure on song survival on YouTube -
robustness checks

All PSM
(1) (2) (3) (4) (5) (6)
Baseline  +Song Age  Post-sample start | Baseline +Song Age Post-sample
Control releases Control start releases
0.41*** 0.41*** 0.35%*** 0.45*** 0.45*** 0.38***
TikTok Chart
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
1.12 1.13 1.37% 0.99 0.99 1.39
TikTok Reach
(0.14) (0.14) (0.22) (0.19) (0.19) (0.33)
TikTok Chart x TikTok ~ 0.72** 0.73** 0.83 0.68** 0.70** 0.77
Reach (0.11) (0.11) (0.15) (0.11) (0.12) (0.15)
1.01%** 1.01%** 1.01%** 1.01%%** 1.01%%** 1.01%**
Initial Rank
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
0.93%** 0.84%**
New Song (<1y)
(0.01) (0.02)
Observations 171,473 171,473 124,767 102,222 102,222 77,990
Subjects 36859 36859 24181 16774 16774 11589
Failures 35787 35787 23291 16085 16085 10978

Note: Cox proportional hazards models. Reported coefficients are hazard ratios. Standard errors clustered at the
song level in parentheses. All models include country and time fixed effects. Dependent variable: time (in weeks)
until a song exits the Top Chart of the respective platform. Independent variables: TikTok Chart — 1 if a song appeared
on the TikTok Top Chart; TikTok Reach — country-level TikTok advertising reach; Initial Rank — a rank of a song at first
appearance in the platform’s Top Chart; New Song (<1y) - 1 if a song is less than one year old.; All - full sample, PSM

- restricted sample. *** p<0.01, ** p<0.05, * p<0.1.
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Table AS. Survival regression estimates of the effect of TikTok exposure on song survival on Shazam -

robustness checks

All PSM
(1) (2) (3) (4) (5) (6)
Baseline +Song Age Post-sample Baseline +Song Age Post-sample
Control start releases Control start releases
TikTok Chart 0.48*** 0.47*** 0.44*** 0.57*** 0.54*** 0.50***
(0.03) (0.02) (0.03) (0.03) (0.03) (0.04)
TikTok Reach 0.94 1.05 0.90 0.98 1.08 0.97
(0.09) (0.10) (0.16) (0.19) (0.20) (0.30)
TikTok Chart x 0.84 1.01 0.92 0.73** 0.84 0.90
TikTok Reach
(0.10) (0.11) (0.14) (0.09) (0.12) (0.16)
Initial Rank 1.00%** 1.00%** 1.00%** 1.01%** 1.01%** 1.00%**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
New Song (<1y) 0.67*** 0.74***
(0.01) (0.02)
Observations 271,019 271,019 134,158 98,976 98,976 48,609
Subjects 65569 65569 27064 18281 18281 7990
Failures 63189 63189 25425 17271 17271 7252

Note: Cox proportional hazards models. Reported coefficients are hazard ratios. Standard errors clustered at the
song level in parentheses. All models include country and time fixed effects. Dependent variable: time (in weeks)
until a song exits the Top Chart of the respective platform. Independent variables: TikTok Chart — 1 if a song appeared
on the TikTok Top Chart; TikTok Reach — country-level TikTok advertising reach; Initial Rank — a rank of a song at first

appearance in the platform’s Top Chart; New Song (<1y) - 1 if a song is less than one year old.; All - full sample, PSM

- restricted sample. *** p<0.01, ** p<0.05, * p<0.1.
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