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Abstract

Autonomous sensory meridian response (ASMR) videos use whispered speech, gentle
sounds, and close-up attention to promote relaxation, yet longitudinal, large-scale
descriptions are scarce. We analyse 52,002 ASMR YouTube videos (1 Jan 20086
Feb 2026; metadata updated 15 Feb 2026) from 11,529 channels in 36 languages.
Using title/description text mining with duration, engagement, and growth metrics,
we quantify long-term trends and content niches. Mean growth was 1,791 views/day
(SD 22,271) and varied strongly by format and language. Short videos (under 10
min) grew fastest on average (3,432 views/day), mid-length videos (10-30 min) slower
(917), and very long videos (over 180 min) rebounded (2,024), consistent with spe-
cialised formats such as sleep streams. Common themes included drive (15.9%),
sleep (16.3%), visual /hand triggers (14.8%), and role-play (13.0%), alongside whisper
(10.0%) and binaural audio (7.5%). K-means clustering identified 11 content clus-
ters, separating mainstream English mid-length ASMR from long-form sleep content
and rapid-growth outliers.
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1. Introduction

Autonomous sensory meridian response (ASMR) refers to a tingling, soothing
sensation that some individuals experience in response to specific audio-visual stim-
uli such as whispering, gentle tapping, or simulated close personal attention [T}, 2.
Viewers often describe ASMR as a form of self-care, reporting reductions in stress
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and anxiety, improved mood, and better sleep [3, 4]. Experimental work has increas-
ingly established ASMR as a reproducible psychophysiological phenomenon rather
than a purely anecdotal curiosity. Studies such as Poerio et al. [I] and Engelbregt et
al. [5] document systematic changes in affect, cardiovascular responses, electrodermal
activity, and neural dynamics during exposure to ASMR, while narrative and com-
parative reviews, particularly Mahady et al. [6], emphasise heterogeneity in methods,
stimuli, and results and situate ASMR in relation to neighbouring constructs such
as frisson, synaesthesia, and misophonia.
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Figure 1: Word cloud of the 200 most frequent verb lemmas extracted from the titles of all 52,002
ASMR videos in the dataset. After lemmatisation, removal of a custom stopword list, and filtering
to tokens tagged as verbs, each lemma is shown with font size proportional to its corpus frequency.

From a media and communication perspective, ASMR is also a socio-cultural
practice in which intimacy, care, and affect are mediated through networked screens
and headphones. Early qualitative work highlighted the grassroots “whisper commu-
nity” that formed around online forums and pioneering YouTube channels, showing
how whispered speech and low-fi recording practices foster mediated co-presence and
“non-standard intimacy”. Andersen [7] and Smith and Snider [§] analyse how ASMR
creators and viewers negotiate pleasure, stigma, and shifting boundaries between
public and private life. Later contributions such as Klausen [9] and Gallagher [10]
further theorise ASMR as a mode of sonic and audiovisual intimacy linked to broader



developments in online video culture.

Industry surveys and platform reports suggest that ASMR or ASMR-like con-
tent may be especially important for younger audiences, with trend studies report-
ing high self-reported use among 16-24-year-olds and Generation Z for relaxation,
studying and sleep support [11], 12]. In the peer-reviewed literature, ASMR research
has similarly concentrated on young adults—experimental studies often recruit par-
ticipants in their early 20s—so the strongest empirical evidence currently available
mainly reflects younger, online-active cohorts rather than population-representative
age gradients [2, [5, [13].

In parallel, a growing body of work asks how video length relates to attention and
engagement on digital platforms. Large-scale analyses of YouTube viewing behaviour
show that audience retention generally declines rapidly early in playback and that
view-duration trajectories vary substantially across videos, channels, and contexts,
implying that there is no single universally optimal length [14]. Academic analyses
of YouTube influencers similarly find that medium- and long-form videos tend to
attract more views, likes, and comments than very short clips [I5]. In short-form
environments such as social-media feeds and in-feed advertising, experimental work
instead points to inverted-U effects with optimal lengths on the order of a few tens of
seconds [16]. Educational video research on Massive Open Online Courses (MOOCs)
also documents sharp engagement declines beyond approximately six minutes, while
cautioning against a universal “six minute rule” [I7]. However, these studies focus
on general, promotional or instructional content rather than ASMR, leaving open
whether a relaxation-orientated genre follows similar length—engagement patterns or
displays its own session-length preferences.

Historically, ASMR on YouTube has developed through overlapping phases. Schol-
arly accounts frequently point to WhisperingLife’s early whisper-only upload Whis-
per 1 — hello! (2009) as a landmark in the emergence of intentionally produced
“trigger” content and in consolidating an identifiable whisper/ASMR community
around dedicated channels rather than incidental triggers in other genres (https:
//www.youtube.com/watch?v=IHtgPbfTgKc) [I8, 19]. In the early origins and
niche-community phase (pre-2012), ASMR circulated mainly through small forums
and dedicated whisper or soft-spoken role-play channels, following the coining of the
term “autonomous sensory meridian response” in 2010 [I8],19]. A subsequent phase of
mainstreaming and platform growth (approximately 2012-2018) saw ASMR become
increasingly legible as a distinct YouTube genre, as creators and audiences learnt to
work with platform features (search, tags, recommendation and monetisation sys-
tems) to produce, find, and sustain ASMR content on scale [20, 19]. As the genre
matured, a phase of diversification and professionalisation (roughly 2016-2020) in-
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troduced recognisable sub-genres (e.g. medical role play, sound-focused “no talking”
videos, and eating-trigger content) alongside increasingly sophisticated production
practices, including higher-fidelity and spatial audio recording [19,20]. Most recently,
a phase of commercialisation and platform changes (2020—present) has been marked
by sponsored and branded ASMR content and creator strategy shifts in response to
algorithmic governance and monetisation pressures [21], 22], 20].
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Figure 2: Log-log hexagonal bin plot showing each video’s duration in seconds (x-axis) against its
cumulative view count at the time of data collection in February 2026 (y-axis). The plot includes
51,248 ASMR videos with positive duration and view counts; each hexagon aggregates multiple
videos, with colour intensity indicating the number of videos in that bin.

The growing empirical literature describes different facets of this evolving ASMR
ecosystem on YouTube, but it remains dispersed across disciplinary and methodolog-
ical domains. One strand comprises content-analytic studies that systematically code
the visual, auditory, and interactional features of ASMR videos and relate these to
viewer engagement. Niu et al. [23], for example, examine interaction modalities and



parasocial cues across a large sample of videos, while other studies document trigger
types, performer characteristics, and formal conventions in YouTube ASMR con-
tent. A second strand focusses on comments and everyday uses of ASMR through
netnography and qualitative content analysis. Examples include Triani [24] and
Lapiniska [25], which show how viewers frame ASMR as self-care, negotiate authen-
ticity and intimacy, and articulate the meanings of “tingles” in comment threads and
online discussions.

A third cluster of work approaches ASMR as a multimodal and discursive phe-
nomenon, often concentrating on role-play sub-genres. Studies such as Wang [26],
Klausen [19], and Abdallah [27] combine multimodal discourse analysis with concepts
including haptic audio-visuality, ambient co-presence, and digital intimacy to show
how camera positioning, gaze, voice, gesture, and sound design are orchestrated to
simulate physical closeness and care. Related work on ASMR role play and whis-
pered speech feeds into speech-technology and HCI research: Zarazaga et al. [2§]
and Song et al. [29] treat ASMR as a large-scale resource for whispered speech and
unvoiced language identification. A fourth strand situates ASMR within broader
audience and platform dynamics on YouTube and social media. Studies such as
Maddox [20], 0] investigate how ASMR creators navigate YouTube’s affordances,
monetisation regimes, and community norms, while Portas Ruiz [21] and Feiz et
al. [22] examine the integration of ASMR into influencer marketing and advertising.
More general work on YouTube engagement, such as Liikkanen and Salovaara [31],
offers methodological and conceptual resources to understand ASMR as an instance
of a wider set of native media practices.

1.1. Aim of the study

The aim of this study is to provide a quantitative multilingual characterisation of
ASMR content on YouTube using 52,002 videos uploaded between 2008 and 2026 and
retrieved through a large-scale keyword-based pipeline centred on the query “ASMR”.
We combine video-level metadata, language information, title and description text,
rule-based theme annotations, and behavioural measures such as views per day and
mean engagement. Our analysis asks: (i) how ASMR videos are distributed across
languages, formats, and title styles; (ii) how prevalent major ASMR themes (e.g.
whispering, no talking, sleep, binaural, role-play, mukbang, driving) are and how
they differ in reach and mean engagement; (iii) how duration and other structural
features relate to popularity; (iv) how ASMR content has evolved over time; and (v)
how videos cluster into recurrent content types when represented in a joint feature
space across the full observation period.



2. Method

All data collection and analysis code used in this study is available as supple-
mentary material and in a public GitHub repository (see [section F]). We collect
ASMR-related video data from YouTube (https://www.youtube.com) using a
keyword-based pipeline that combines the official YouTube Data API v3 (https:
//developers.google.com/youtube/v3) with an additional retrieval workflow
implemented in the pytubefix library (https://pytubefix.readthedocs.io).
The analysis is conducted on publicly available, video-level information (e.g. titles,
descriptions, and engagement statistics) and does not reproduce or redistribute au-
diovisual content; where examples are discussed, we cite the original YouTube URL:s.
According to YouTube’s guidance on copyright and fair use, such uses may be permis-
sible for research purposes, noting that fair use determinations are context-specific
and that applicable copyright exceptions vary between jurisdictions E] In all exper-
iments, we use a single English query keyword, “ASMR”, which we pass identically
to both the YouTube Data API search endpoint and the pytubefiz search interface;
in both cases, we restrict the results to standard videos (excluding non-video items
such as channels and playlists).

To increase coverage beyond what the API alone returns and to obtain a richer
set of metadata, the pipeline comprises two discovery branches. In the API-based
branch, we use the YouTube Data API to perform paginated searches for the query
“ASMR”] restricted to standard videos. Each search retrieves up to 50 results per
page and up to 100 pages (up to 5,000 candidates per search). To mitigate this
per-search cap while covering the full history of ASMR content, we partition the
study period into consecutive three-month upload windows and run separate API
searches for each window, starting on 1 January 2008 and ending on 6 February 2026.
In the scraping-based branch, we use pytubefix to issue the same keyword query
against the public YouTube search interface, again restricted to videos and using
YouTube’s default ranking. For each video identifier discovered by either branch,
we request the corresponding watch page using pytubefix and parse it to extract
extended metadata, including title, description, duration in seconds, view and like
counts, channel identifier, author name, upload date, and an initial language estimate
based on the combined title-description text. When both API- and scraping-based
metadata are available for the same video, we merge them into a single record;
where fields are missing, we fall back to whichever source provides the information. If

"https://support.google.com/youtube/answer/97831487hl=en&sjid=15816069292466875
886-EU
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Figure 3: Visualisation of the 30 most frequent lemmatised content words in the combined titles
and description of all 52,002 ASMR videos. The x-axis lists lemmas, and the y-axis shows the
number of distinct videos in which each lemma appears at least once (document frequency).

neither source provides a language label, we apply automatic language detection over
the concatenated title and description using an off-the-shelf language-identification
package.

All discovered videos are subjected to a uniform set of inclusion criteria. First,
to enforce topical relevance, we require that the lowercase query keyword “asmr”
appear in the video title (case-insensitive substring match); videos whose titles do
not contain this token are discarded, even if they were retrieved by the API or the
scraper. Second, to exclude YouTube Shorts and extremely brief clips, we require
an estimated duration of at least 59 seconds. Videos with missing or non-parsable
durations are conservatively treated as short and removed. After filtering, videos
discovered through the two branches are deduplicated by video identifier, resulting
in a unique set of ASMR-related videos for subsequent analysis.

For each video that passed these inclusion criteria, we constructed a structured
record with the following per-video fields:

1. Identifiers and channel metadata: the unique video identifier, the associ-
ated channel identifier, and the channel’s display name or author field.
2. Textual fields: the video title and description, as returned by YouTube at
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the time of collection. In all subsequent text-based analyses, we treat the
concatenation of title and description as a single document.

. Temporal information: the upload timestamp in UTC, the derived calendar
date, and the upload year and month. For each video we also compute the
number of days since upload relative to a fixed reference date, used in growth-
related measures.

. Duration: the video duration in seconds and minutes, obtained by parsing
ISO 8601 duration (https://www.iso.org/iso-8601-date-and-time-for
mat.html) strings and/or watch-page metadata. We further discretise dura-
tion into coarse buckets with five levels: under 10 min, 10-30 min, 30-60 min,
60-180 min, and over 180 min, plus an unknown category for rare cases with
missing values.

. Engagement statistics: the total number of views and likes at the time of
collection. From these we derive (i) the number of views per day since upload,

views,,

(1)

iews per day(v) = ,
VIEWS P y(v) days since upload,,

and (ii) a per-video engagement rate defined as the ratio of likes to views
whenever view counts are strictly positive,

likes,
engagement(v) = %es ) (2)
views,

Videos with zero or missing view counts are assigned a missing engagement
value. When reporting aggregate results for a subset of videos S (e.g. videos
in a given language, duration bucket, or cluster), we use the arithmetic mean
of this per-video engagement rate,

1
mean engagement(S) = E Z engagement(v) , (3)

veS

and refer to this quantity as mean engagement. As auxiliary context, we also
obtain channel-level statistics from the YouTube Data API (total view count
and total number of uploaded videos per channel) and compute an average
number of views per uploaded video; this channel-average statistic is used to
form a relative-views measure for some descriptive analyses but is not a primary
focus of the present study.

. Language: a normalised language code inferred from a combination of plat-
form metadata (default audio or interface language) and automatic language
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detection on the concatenated title—description text, performed using the langde-
tect Python package (https://pypi.org/project/langdetect/). Where
platform metadata and automatic detection disagree, we manually normalised
obvious aliases (e.g. different codes for English) and treated the remainder as
distinct categories.

7. Title style features: automatically derived indicators that characterise title
formatting. These include the number of words and characters in the title and
binary flags for stylistic devices: presence of brackets or parentheses, all-caps
words of length at least three, exclamation marks, question marks, hashtags,
and explicit “no talking” tags (e.g. “no talking”, “no-talk”). These features are
used in analyses relating title style to views and engagement.

8. Content themes: ten Boolean indicators capturing broad ASMR themes
derived from the lemmatised title—description text: whisper-focused content,
no-talking or speech-free content, sleep-related content, binaural or 3D audio,
role-play scenarios, ear-focused treatments, eating and mukbang-style content,
keyboard and typing sounds, visually emphasised triggers, and driving-related
content. Each indicator is set to true if the video’s text matches a rule-based
pattern for that theme and false otherwise.

9. Growth category: a categorical label that discretises the views-per-day mea-
sure into four levels: slow, medium, and fast for increasing ranges of views per
day, and unknown for missing or non-positive values.

For text-based analyses, word clouds were generated from concatenated titles
and descriptions of all 52,002 videos. A spaCy-based lemma analysis over all videos
yielded a table of the 30 most frequent lemmas, with each lemma counted at most
once per video. The most frequent lemmas included relax, sound, hope, whisper,
sleep, today, tingle, love, time, and soft (see .

Automatic theme detection was performed using a rule-based pipeline on the
lemmatised titles and descriptions. Theme-specific lemmas (e.g. whisper, sleep,
roleplay, mukbang, keyboard, drive) and surface-pattern expressions (e.g. “no talk-
ing”, “3D audio”, “ear cleaning”, “hand movements”, “visual triggers”) were matched.
This procedure yielded ten theme labels. The number (and proportion) of videos
with each theme were: whisper (n=>5,179; 9.96%), no-talking (n=2,706; 5.20%),
sleep-related (n=8,491; 16.33%), binaural or 3D-audio (n=3,909; 7.52%), role-play
(n=6,766; 13.01%), ear-cleaning or ear-focused (n=1,466; 2.82%), mukbang or eating
(n=3,868; 7.44%), keyboard or typing (n=2,428; 4.67%), visual or hand-movement
triggers (n=7,714; 14.83%), and drive-themed content (n=8,262; 15.89%). Growth
categories were derived using fixed thresholds on views per day: videos with fewer
than 1,000 views/day were labelled slow-growth, those with 1,000-10,000 views/day
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medium-growth, and those exceeding 10,000 views/day fast-growth. Videos with
zero or missing values were assigned an unknown category.
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Figure 4: Yearly count of “driving”™-themed ASMR videos, where the driving theme is defined via
titles or descriptions containing the lemma drive or related phrases (e.g. “driving”, “drive with me”,

[ 97 Ll

car”, “road trip”).

Videos were stratified into duration buckets. Short form videos under 10 min ac-
counted for 17,571 videos (33.79%), medium length videos between 10 and 30 min for
22,771 videos (43.79%), upper medium videos between 30 and 60 min for 8,349 videos
(16.06%), long form videos between 60 and 180 min for 2,624 videos (5.05%), and
very long videos exceeding 180 min for 687 videos (1.32%); no videos had unknown
duration. Mean views and engagement rates for each duration bucket are summarised
in [Table 3| For example, videos longer than 180 min averaged 2,143,110 views with
an engagement rate of 0.03, whereas videos under 10 min averaged 1,189,933 views
with an engagement rate of 0.04. Language level summaries appear in {lTable 1|, and
title length statistics in [Table 2

The relationship between duration and popularity was examined for the subset
of 51,248 videos with positive duration and non-zero views . The duration
ranged from 59 s to 244,211 s (median = 936 s, IQR = 400 to 1,686 s), with a mean
of 1,483.23 s (SD = 3,109.04). The views ranged from 1 to 3.40 x 10® (median =
54,929; IQR = 2,395 to 382,892), with a mean of 1,080,471.57 (SD = 6,807,458.65).
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For the 51,248 videos with positive views, log,,(views) had a mean of 4.477 and a
standard deviation of 1.491. The D’Agostino Pearson normality test yielded k2 =
2520.504 and p = 0. The Shapiro-Wilk test (on a subsample) yielded W = 0.970
and p = 2.88 x 10731,

60
40

20

Figure 5: Two-dimensional t-SNE projection of all videos in a joint feature space combining text
(TF-IDF over titles and descriptions), duration, engagement rate, views per day, and language.
Each point is a video, coloured by its k-means cluster assignment, with faint ellipses indicating the
approximate spatial extent of clusters.

The descriptive statistics of views per day for the focal themes are summarised
in [Table 4 Among videos with non-missing views-per-day values, whisper-labelled
videos (n=5,156) had a mean of 693.83 views/day, drive-themed videos (n=8,231)
had 1,796.39 views/day, no-talking videos (n=2,693) had 1,576.09 views/day, sleep-
related videos (n=8,424) had 1,189.36 views/day, and binaural/3D-audio videos
(n=3,897) had 454.90 views/day.

Theme trends were computed for all years with valid upload dates (2008 to 2026).
For no-talking content, the overall trend comprised 19 yearly observations (2,704
videos), with 465 language—year combinations included in the by-language break-
down; however, no languages met the minimum data threshold for a by-language
trend plot. For binaural/3D-audio content, the overall trend also included 19 yearly
observations (3,906 videos), again without sufficient per-language coverage for a
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by-language plot. Drive-themed content comprised 19 yearly observations (8,255
videos). A lemma-based temporal trend was also computed for the lemma “drive”
(Figure 3).

Finally, we use a t-SNE embedding to visualise the 11-cluster solution in two di-
mensions . Cluster sizes range from 1 to 34,805 videos. The largest cluster
(34,805 videos) is predominantly English and represents typical mid-length ASMR
with a mix of common triggers, while a second large, multilingual cluster (11,029
videos) is dominated by Korean, Japanese, Spanish, Dutch, and French content and
shows higher mean growth . Beyond these, medium-sized clusters cap-
ture distinct format logics, including long-duration sleep content and mixed-trigger
visual /role-play content. Several small clusters reflect very low-growth videos with
minimal views per day, whereas a handful of small clusters consist of hyper-viral
short-form outliers with exceptionally high growth. Taken together, the embedding
and cluster-level statistics show that the ASMR ecosystem is structured around a few
large, general-purpose clusters, complemented by non-English and theme-specialised
clusters that differ systematically in language mix and audience growth.

3. Discussion

This study provides an ecosystem-level account of ASMR video production on
YouTube by combining large-scale metadata analysis with lexical modelling, rule-
based theme detection, and unsupervised clustering. Whereas much prior research
has focused on individual creators, specific triggers, or comment-based ethnographies,
our dataset captures 52,002 videos uploaded between 2008 and 2026 from 11,529
channels across 36 languages. This scale and temporal range allow us to situate
familiar ASMR formats within a broader and more heterogeneous media ecology
and to examine how subgenres emerge, expand, and stabilise over time.

Lexical analysis indicates that ASMR titles and descriptions are or-
ganised around a stable vocabulary of relaxation, sensory experience, and affective
orientation. The most frequent lemmas include relazx, sound, sleep, tingle, whis-
per, soft, love, hope, today, and time. This lexicon aligns with experimental and
ethnographic accounts that frame ASMR as a practice used for relaxation and sleep
support [19, 1, 9]. At the same time, the prominence of affectively directed language
(e.g., hope, love) and high-frequency interpersonal verbs in descriptions (e.g., feel,
want, find, know, check) supports interpretations of ASMR as a technologically me-
diated form of comfort, care, and interpersonal address [7, 22, 8 24]. Crucially, these
patterns are visible at corpus scale, suggesting that such framing is not limited to a
small set of highly visible channels.
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Engagement

Language n Views Views/day Likes Likes/day  (x1072)

English 38732 1,017,697 (6,558,090)  1,678.29 (24,111.53) 18,237 (127,094)  38.31 (405.47) 2.70
Korean 1769 2,874,122 (8,763,579)  2,971.19 (8,831.80) 33,101 (76,182) 36.47 (87.54) 2.32
Spanish 1677 676,709 (2,302,083) 1,352.12 (4,522.13) 19,856 (87,534) 45.96 (123.78) 4.40
Japanese 1603 1,525,408 (5,583,796) 2,932.16 (8,408.61) 24,819 (84,135) 60.11 (191.45) 1.88
Portuguese 1279 1,251,429 (5,295,715) 4,288.68 (21,141.98) 38,933 (139,513) 140.03 (543.52) 6.76
Dutch 1013 78,160 (695,178) 99.10 (2,081.25) 1,905 (22,030) 2.79 (67.23) 2.24
French 928 430,510 (5,747,851)  1,994.04 (36,799.81) 8,879 (81,720)  49.56 (608.33) 3.60
Russian 819 307,138 (1,194,556) 326.09 (1,420.23) 7,679 (32,609) 8.50 (36.98) 3.07
German 604 595,946 (6,246,595)  1,149.81 (9,978.13) 13,280 (151,942)  26.73 (206.90) 3.79
Indonesian 528 1,219,777 (7,200,256)  3,225.49 (17,988.43) 20,858 (135,774) 54.37 (315.93) 8.17
Filipino 403 440,086 (4,067,124)  2,478.33 (30,722.86) 9,027 (75,955) 42.73 (440.72) 6.26
Estonian 387 1,195,299 (10,070,470) 850.28 (5,689.91) 16,158 (71,508) 16.55 (69.96) 7.74
Turkish 364 300,706 (1,295,511) 490.23 (1,334.52) 5,141 (27,345) 12.86 (38.00) 3.52
Italian 293 763,905 (4,157,423)  2,158.33 (10,110.12) 22,001 (122,749)  68.65 (315.63) 3.52
Unknown 278 325,541 (1,827,792) 749.76 (4,755.46) 9,267 (45,240)  20.98 (105.31) 7.22
Vietnamese 260 11,329,980 (33,340,530) 6,840.72 (18,558.06) 106,608 (272,540) 61.33 (144.67) 1.88
Danish 127 854,953 (4,914,152)  2,420.77 (9,842.69) 24,055 (139,315)  67.64 (236.14) 4.89
Arabic 124 443,154 (2,094,114) 2,267.48 (11,221.01) 11,791 (59,577) 71.62 (358.40) 4.97
Norwegian 108 198,381 (765,072) 650.90 (2,341.76) 9,011 (39,171) 28.28 (94.97) 4.22
Thai 106 719,754 (1,834,603) 593.45 (2,026.31) 14,047 (31,803) 13.57 (49.69) 487
Polish 90 240,051 (577,431) 226.28 (505.05) 6,258 (18,549) 8.77 (24.94) 3.13
Afrikaans 80 166,976 (593,337) 479.39 (1,634.50) 5,611 (21,697) 22.85 (81.13) 5.65
Catalan 73 619,840 (1,984,805)  1,530.13 (4,709.53) 18,291 (47,339)  61.52 (186.13) 455
Swahili 71 97,467 (608,350) 420.12 (2,646.22) 12,181 (32,416)  52.78 (141.21) 8.29
Bulgarian 67 250,085 (600,841) 436.49 (1,296.55) 6,150 (15,830) 9.65 (25.77) 2.93
Hungarian 48 143,370 (766,407) 53.86 (241.02) 6,198 (21,941) 2.67 (7.80) 5.35
Romanian 45 2,057,839 (11,274,360) 2,810.33 (16,117.59) 55,380 (313,503) 82.05 (450.14) 6.64
Swedish 41 5,386,487 (31,548,860) 14,989.20 (89,022.63) 112,160 (575,235) 311.17 (1,622.12) 4.91
Chinese (Simplified) 29 18,801 (81,919) 38.16 (177.17) 244 (1,047) 0.50 (2.26) 1.79
Finnish 24 112,393 (150,128) 158.09 (350.91) 2,110 (2,767) 2.56 (6.38) 7.46
Czech 15 90,819 (159,767) 92.00 (138.03) 2,960 (5,194) 3.07 (4.03) 6.39
Ukrainian 9 199,311 (345,170) 398.73 (616.90) 9,367 (16,025) 17.53 (26.22) 3.57
Greek 4 66,948 (76,478) 58.83 (80.20) 1,523 (1,737) 1.54 (2.36) 3.58
Chinese (Traditional) 2 178 (33) 0.08 (0.03) 3 (NA) 0.00 (NA) 1.94
Hindi 1 56 (NA) 0.03 (NA) 11 (NA) 0.01 (NA) 19.64
Hebrew 1 40 (NA) 0.14 (NA) NA NA NA
Table 1: Language-level statistics: means (with SD in brackets) for views, views/day, likes,

likes/day, and engagement.

The distribution of verb lemmas further reflects diversification in ASMR produc-

tion. Title verbs such as tap, scratch, talk, eat, and unboxr map onto established
trigger families and hybrid formats that merge ASMR with adjacent genres such as
product interaction and eating content |23 ©]. In parallel, the prominence of the
lemma drive in the temporal analysis and the high prevalence of drive-
themed content (n=8,262; 15.89%) indicate that car- and travel-adjacent sound-
scapes are no longer marginal within the explicitly labelled ASMR corpus. One
plausible interpretation is that creators increasingly treat everyday infrastructures
and ambient mobility as reliable sources of continuous sound, enabled by accessible
recording hardware and reinforced by platform incentives that may reward longer
sessions in some contexts. While this interpretation remains speculative, the ob-
served prevalence suggests that driving-oriented ASMR should be treated as a major
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Engagement

Title length bucket n Views (SD) Views/day (SD) Likes (SD) Likes/day (SD)  (x1072)

< 5 words 9185 619,183 (3,509,513) 1,105.63 (9,226.59) 13,692 (88,623) 29.52 (203.59) 3.90
6 to 10 words 23876 799,630 (5,322,752) 1,513.87 (21,467.24) 16,854 (117,792) 39.16 (363.37) 2.84
11 to 20 words 18782 1,611,530 (9,075,732) 2,448.06 (27,277.18) 23,954 (137,134) 48.44 (457.52) 2.83
> 20 words 159 7,178,418 (19,258,660) 5,542.49 (15,227.33) 74,992 (165,824) 51.55 (114.41) 3.61

Table 2: Summary statistics for ASMR videos by title length bucket.

Engagement
Duration bucket n Views (SD) Views/day (SD) Likes (SD) Likes/day (SD)  (x1072)

Under 10 min 17571 1,189,933 (8,481,747) 3,431.82 (37,830.70) 30,798 (206,604) 95.92 (696.71)  4.20 (6.80)
10 to 30 min 22771 1,067,493 (6,728,514)  916.74 (5,070.65) 14,897 (64,320)  16.70 (55.19)  2.72 (4.43)

30 to 60 min 8349 778,647 (2,356,602)  834.78 (2,069.67) 11,791 (31,926)  19.20 (50.88)  2.14 (2.36)
60 to 180 min 2624 1,150,875 (3,382,249) 1,437.42 (3,468.69) 15,219 (34,534)  27.53 (61.34)  2.32 (2.82)
Over 180 min 687 2,143,110 (7,695,491) 2,023.88 (4,596.53) 24,345 (82,880)  30.42 (60.57) 3.05 (4.88)

Table 3: Summary statistics by duration bucket.

format alongside sleep framing and whisper-centred production.

Language-level results (Table 1)) underscore the globalisation of ASMR produc-
tion. English remains dominant (74.48%), but substantial activity is evident in
Korean, Japanese, Spanish, Portuguese, French, Russian, and other language com-
munities. Swedish exhibits the highest mean views per day among languages with
at least 20 videos, although this estimate is based on a relatively small sample and
should be interpreted cautiously. Engagement rates show a different pattern, with
Swahili exhibiting the highest mean engagement and comparatively elevated engage-
ment also observed for Portuguese and Arabic. Together, these differences suggest
that ASMR is not merely replicated across languages but is actively reshaped within
local creative cultures, consistent with arguments that ASMR practices are culturally
situated rather than uniform across linguistic contexts |25, 24]. The present findings
therefore support a shift from English-centric descriptions towards comparative work
that attends to platform-native performance metrics across linguistic communities.

Duration-based patterns point to a mixed ecology of ASMR formats. Short videos
under 10 minutes account for a substantial share of production (33.79%) and show
the highest mean views per day, consistent with quick-access trigger content em-
bedded in everyday routines. Very long videos exceeding 180 minutes remain rare
(1.32%) but accumulate comparatively high mean total views and relatively high
mean views per day, consistent with uses as background ambience and sleep sup-
port. Across the corpus, the heavy-tailed distribution of views and strong deviations
from normality in log;,(views) confirm that ASMR, like other YouTube genres [31],
exhibits pronounced inequality: a small number of highly successful videos capture
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Engagement

Theme Ntheme Mvpd Views (SD) Views/day (SD) Likes (SD) Likes/day (SD) (x1072)

Binaural / 3D audio 3909 3897 750,819 (2,717,919) 454.90 (1,431.66) 9,876 (33,304) 9.59 (33.64)  1.73 (1.46)
Drive 8262 8231 1,159,978 (8,035,801) 1,796.39 (32,869.27) 18,758 (135,668) 39.91 (555.77)  2.58 (3.63)
No talking 2706 2693 2,136,568 (10,291,530) 1,576.00 (5,554.19) 27,139 (89,182)  24.66 (74.58)  2.84 (7.39)
Sleep related 8491 8424 973,373 (4,324,136)  1,189.36 (4,715.96) 15,790 (91,606) 27.83 (125.34)  2.42 (3.19)
Whisper 5179 5156 592,322 (2,653,653)  693.83 (3,465.36) 9,565 (41,145)  17.69 (85.05) 2.08 (1.64)

Table 4: Summary statistics for videos containing each thematic category (theme present only).
Ntheme 15 the number of videos flagged with the theme. nypq is the subset with non-missing
views/day used for views/day and likes/day.

disproportionate attention, while the majority attract modest audiences.

Theme-based indicators further nuance common assumptions about which for-
mats “perform best.” When views/day is computed over videos with valid growth
values, no-talking videos (n=2,693; 1,576.09 views/day) and drive-themed videos
(n=8,231; 1,796.39 views/day) show higher mean growth than whisper videos (n=>5,156;
693.83 views/day), and sleep-related videos also outperform whisper on average
(n=8,424; 1,189.36 views/day). Binaural or 3D-audio content remains the lowest-
growth category among the focal themes (n=3,897; 454.90 views/day). These pat-
terns suggest that contemporary visibility is not driven solely by canonical whisper-
based presentation or by technically sophisticated audio setups. Instead, growth ap-
pears to reflect an interplay of creative choices, audience use cases, and recommender
dynamics, with particular advantage for formats that reduce linguistic dependence
(no talking) or supply continuous ambience (drive, sleep).

Clustering analysis provides an additional lens on ASMR’s internal heterogeneity.
Using an eleven-cluster solution in a joint feature space combining text, behavioural
metrics, and language, we identify groups that differ markedly in typical duration,
language composition, views per day, and mean engagement. A very large, pre-
dominantly English cluster (34,805 videos) shows moderate mean growth (994.87
views/day), consistent with a broad, general-purpose ASMR, core. A second large
cluster (11,029 videos) is multilingual and dominated by Korean, Japanese, Spanish,
Dutch, and French content, with higher mean growth (1,671.96 views/day), indicat-
ing a substantial non-English production regime that is not simply peripheral to the
English core. Additional medium-sized clusters capture distinct format logics, includ-
ing a long-duration, sleep-heavy cluster (1,067 videos; mean duration 162.85 minutes;
mean growth 2,065.44 views/day) and an extreme long-form sleep-oriented cluster
with lower growth (233 videos; mean duration 591.27 minutes; mean growth 862.26
views/day). The clustering results also reveal very low-growth clusters with mini-
mal mean views/day (e.g., 407 videos averaging 2.96 views/day), alongside several
hyper-viral clusters with exceptionally high mean growth, including a short-clip clus-
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ter (109 videos; 176,252.40 views/day) and tiny outlier clusters (11 videos; 858,077.70
views/day; and 2 videos; 2,369,900 views/day). The coexistence of extreme high- and
low-growth clusters reinforces that engagement metrics can be unstable in sparse or
low-view regimes and that growth and engagement should be interpreted jointly
rather than in isolation.

Finally, the t-SNE visualisation of the clustering solution suggests multiple dense
regions separated by low-density transition zones, consistent with a genre organ-
ised around several semi-independent creative strategies rather than a single contin-
uum. Dense regions plausibly correspond to widely shared production formulae (e.g.,
general-purpose whisper/talk mixes or sleep-support conventions), whereas smaller
clusters and isolated points reflect unusual combinations of themes, languages, and
presentation styles, including niche high-growth configurations. Overall, the results
portray YouTube ASMR as a multipolar field structured by overlapping stylistic and
functional logics, shaped both by long-standing genre conventions and by the grow-
ing prominence of non-verbal, ambience-oriented, and clip-like formats that can scale
rapidly under platform distribution dynamics.

4. Limitations and future work

This study has several important limitations that also suggest concrete direc-
tions for future research. Our corpus is restricted to YouTube videos longer than
60 s and retrieved via a keyword based pipeline centred on the query “ASMR”. In
practice, this means that we focus on ASMR as it is explicitly labelled by creators
and surfaced through keyword search, rather than on the full universe of ASMR
adjacent or implicitly soothing content. This constraint is especially salient given
the scale of the contemporary corpus and the increased prominence of shorter, clip
like, and hybrid formats that may not use the label consistently. Short form variants
of soothing or ASMR like content have become more visible on TikTok, Instagram
Reels, Facebook, and YouTube Shorts, but such materials fall largely outside our
sampling frame. The present findings therefore characterise patterns in explicitly
labelled YouTube ASMR rather than the full cross platform ecosystem. Future work
could extend the corpus by combining richer query sets (for example, sleep, no talk-
ing, whisper, binaural, roleplay, tapping, or trigger related terms) with short form
data from multiple platforms and explicitly compare stylistic patterns, trigger types,
and engagement dynamics across duration regimes and ecosystems.

A further limitation is that our analysis is entirely based on platform metadata
and textual information (titles, descriptions, and related fields). Such metadata is
creator dependent, often incomplete, and not standardised, which can lead to under
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detection or misclassification of ASMR themes. Many core ASMR triggers, especially
auditory triggers such as tapping, scratching, mouth sounds, or brushing, cannot
be reliably inferred from text alone, and nuanced differences in performance style
(for example, microphone technique, pacing, or camera work) remain opaque at the
metadata level. This limitation is amplified by the expanded multilingual coverage,
because theme keywords and idiomatic trigger descriptions vary across languages and
communities. Subsequent studies should incorporate multimodal features, including
audio and video based descriptors (for example, spectrogram features, spatial audio
cues, visual trigger detection, gesture and camera movement analysis), to obtain a
more faithful representation of the sensory content of ASMR videos and to reduce
reliance on language specific surface patterns.

The focus on a single platform also introduces platform specific biases. YouTube
has its own recommendation algorithms, audience composition, and production norms,
which shape how ASMR content is produced, surfaced, and engaged with. As aresult,
the engagement metrics, language distributions, and temporal trends observed here
may not generalise to other platforms where ASMR culture, audience behaviour,
and content curation differ. Moreover, growth metrics such as views per day can
reflect both audience demand and platform distribution effects, which may vary sub-
stantially across platforms and between long form and short form regimes. A cross
platform perspective that combines data from ecosystems such as TikTok, Instagram,
and Facebook would allow researchers to examine how platform design, affordances,
and recommendation logic influence ASMR production and consumption, and to test
whether the length and theme patterns observed here extend beyond YouTube.

Methodologically, the use of t-SNE as a non linear embedding for visualising sim-
ilarities among videos comes with well known constraints: it is sensitive to hyperpa-
rameters, initialisation, and random seeds, and it does not provide a straightforward
global notion of distance. The resulting two dimensional maps should therefore be
interpreted as exploratory visualisations rather than as a definitive taxonomy of
ASMR subgenres. This caution is particularly important given the extreme cluster
size imbalance in the updated dataset, where a small number of very large clus-
ters coexist with tiny outlier clusters that can be visually emphasised. Future work
could explore more interpretable and reproducible embedding strategies, such as
transformer based text embeddings, multimodal audio visual representations, or su-
pervised embeddings aligned with manually annotated ASMR categories, and then
revisit clustering or community detection using these representations.

Finally, even though our sampling strategy spans the period from January 2008
to February 2026 and partitions searches into three month upload windows, the
temporal and linguistic coverage of the dataset remains uneven. Some years and
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some languages are sparsely represented, and keyword plus date bounded retrieval
cannot guarantee complete recall for high volume periods. This imbalance can make
longitudinal interpretations less stable for early years or low sample languages and
can inflate the apparent importance of heavily represented recent periods. Future
studies should explicitly model such imbalances, for example, using hierarchical or
time series models that account for varying data density, constructing more balanced
sampling schemes across time, language, and platform, or combining keyword based
retrieval with channel centric sampling. Together, these extensions, short form and
cross platform data, multimodal content analysis, more robust embeddings, and
temporally aware modelling, would provide a more comprehensive picture of how
ASMR is produced, experienced, and transformed across the contemporary media
landscape.

5. Supplementary Material

In line with current open science practices and recommendations for transparency
in user research [32], the authors openly provide these research artefacts to support
reproducibility, collaboration and further advancements in the field. The full dataset
collected during the study, together with all analysis and visualisation code, is avail-
able at https://www.dropbox.com/scl/fo/7fyidsyvs059bctagj8ix/A0yIQjQ
rfQBCGgTpqONHQC47rlkey=rol3uemf57ownq2gmparfoxw8&st=tj5jlorh&d1=0. A
mentioned verison of code is available at https://github.com/Shaadalam9/ASMR
-analysis.
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