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A B S T R A C T

TikTok employs sophisticated algorithms to deliver users increasingly personalised content over time. We 
investigated the potential for these algorithms to exacerbate eating disorder symptoms by analysing 1.03 million 
TikTok videos delivered to 42 individuals with eating disorders (76 % anorexia nervosa) and 49 healthy controls 
over one month. Within this video corpus, we identified four video categories relevant to eating disorder psy
chopathology: appearance-oriented videos, dieting videos, exercise videos, and toxic eating disorder (akin to 
“pro-anorexia”) videos. Multi-level models predicted the likelihood of users’ algorithms delivering these videos 
and the likelihood of users “liking” (i.e., volitionally engaging with) these videos. Algorithms belonging to users 
with eating disorders delivered more appearance-oriented (+146 %), dieting (+335 %), exercise (+142 %), and 
toxic eating disorder videos (+4343 %). Stronger biases in users’ algorithms toward these videos were associated 
with more severe eating disorder symptoms. Whilst users with eating disorders were slightly more likely to “like” 
these problematic video categories (e.g., dieting videos: +23 % versus controls), their algorithms were far more 
likely to deliver these videos in the first place (dieting videos: +335 % versus controls). Our results provide 
preliminary evidence that the TikTok algorithm might exacerbate eating disorder symptoms via content per
sonalisation processes that are desensitised to volitional user actions (i.e., “liking” videos).

1. Introduction

1.1. Social media algorithms

Social media content recommendation algorithms (hereafter: algo
rithms) are sets of rules and calculations that determine what content is 
delivered to social media users. Early algorithms were relatively simple 
and straightforward. For example, Facebook’s “EdgeRank”, introduced 
in the late 2000s, considered users’ “affinity” (relationships with other 
users), “weight” (the type of post), and “time decay” (how old the post 
was) to decide what content to deliver. Similarly, Twitter’s “What’s 
Happening” feature considered a tweet’s popularity and other users’ 
interactions with the tweet. Prior to the implementation of these algo
rithms, content on Facebook and Twitter was displayed to users in 
reverse chronological order. For instance, in 2005, the Facebook post 
that appeared at the top of users’ feeds was reliably the most recent post 

and scrolling down revealed progressively older posts, with little-to-no 
intervention beyond this.

By contrast, modern social media algorithms analyse vast amounts of 
user data using various machine learning and deep learning techniques 
to deliver personalised content recommendations. Algorithms of this 
kind make use of any and all available user data and iteratively improve 
upon themselves (a process called reinforcement learning) to optimise 
the end-goal of user engagement. In this context, engagement is 
straightforwardly interpreted as more time spent on the platform and is 
a key evaluation metric in the financial performance reports of social 
media companies (Chayka, 2024). Data used by modern social media 
algorithms can include content type (e.g., video, photo, text), user in
teractions (e.g., likes, shares, comments, saves), users’ content browsing 
histories and past behaviours, connections and interactions between 
users, user demographics, the behaviour of demographically and 
behaviourally similar users, time spent watching, whether the content 
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was replayed or not, scroll speed, device information (e.g., operating 
system and device model), location data, time data, patterns of exit and 
re-entry to the platform (e.g., switching to another platform) 
cross-platform data obtained via social sign-ins (e.g., using Google to 
log-in via TikTok), third-party app integrations, session length, and 
much else. The breadth and depth of data used by modern social media 
algorithms are industry secrets, as are the algorithms themselves. 
Furthermore, as the volume of user data grows and the algorithms’ 
handling of these data becomes more complex through the evaluation of 
repeated content recommendations, algorithms may acquire “black box” 
properties and be referred to as “black box algorithms”. In brief, black 
box algorithms have evolved to a level of complexity such that even their 
developers may not fully understand how the algorithms arrive at their 
content recommendations – they are black boxes that humans cannot 
peer inside of.

1.2. TikTok

1.2.1. Origins and business structure
In August 2014, a Chinese social media company called “Musical.ly” 

launched a social media platform of the same name in China and the 
United States. Pivoting from its original purpose as an education-focused 
platform, Musical.ly gained traction among teenagers in the United 
States who used it to create short videos of themselves lip-syncing and 
dancing to popular songs. Two years later in September 2016, the Chi
nese technology company Bytedance launched “Douyin” in China, a 
social media platform that allowed users to create and share short-form 
videos and which, notably, was powered by an algorithm that impressed 
users with its ability to deliver videos aligned with their interests. 
Seeking to expand their audience beyond China, ByteDance acquired 
Musical.ly and its userbase in November 2017, re-branded Musical.ly as 
TikTok, and incorporated into TikTok the algorithm developed for 
Douyin. The acquisition and re-branding of Musical.ly into TikTok ex
plains why media reporting published between 2017 and 2022 often 
referred to TikTok as a “singing and dancing app”. As of July 2024, 
Douyin and TikTok operate in parallel but are geo-restricted – Douyin is 
only available to users located in China whilst TikTok is only available to 
users located outside of China. Whilst Douyin (sometimes called “Chi
nese TikTok”) and TikTok are ostensibly the same social media platform, 
our investigation only pertains to the latter. TikTok is headquartered in 
Singapore and according to the company is run independently from 
ByteDance, which is headquartered in China – a business arrangement 
that has attracted political scrutiny from the United States in particular. 
TikTok’s financial performance during this time has been explosive: The 
150 million United States Dollars (USD) in revenue it made in 2018 grew 
more than 100-fold to 16 billion USD in 2023, with a reported profit of 6 
billion USD (Business of Apps, 2014), mostly from selling advertising.

1.2.2. User experience
The typical user experience of TikTok involves installing and 

accessing the TikTok smartphone application (“app”). Upon first 
accessing the app, users sign-up and create an account using their phone 
number, email address, or a third-party service such as Google or 
Facebook (called a “social sign-in” or “social login” – TikTok uses a 
protocol called “OAuth Authentication” to facilitate this). Users then 
provide their date of birth (the global minimum age requirement is 13 
years), create a unique username and password, and are asked to upload 
a profile picture and write a short biography (“bio”). Users are prompted 
to select their interests, which is used by the algorithm to curate an 
initial “For You” page (often colloquially abbreviated by users to “fyp”). 
Selectable interests include “comedy”, “gaming”, “beauty and fashion”, 
and “fitness and health”, among many others. TikTok’s algorithm then 
delivers a single full-screen video for the user to watch and interact with. 
If users scroll up, the algorithm will deliver them another video, and 
then another, and so on, amounting to an endless scroll of algorithmi
cally delivered videos. Users may interact with videos in a variety of 

ways, including “liking”, commenting, sharing, and saving. TikTok 
videos are typically appended with hashtags – words or phrases pre
ceded by the hash symbol (#) that are chosen by the user and searchable 
by other users. Users may also create their own videos, making use of a 
variety of music and audio-visual effects. Our study focuses on the For 
You page, which is the primary way users experience and interact with 
TikTok. We do not focus on other elements of TikTok, such as live- 
streaming and content creation.

1.2.3. User base
TikTok has an estimated 1.6 billion users (Business of Apps, 2024) 

and in technology circles is considered the new globally dominant social 
media platform, having displaced its main competitor Instagram among 
the highly prized younger demographics (Chayka, 2024). Whilst Insta
gram has more users overall (~2 billion), approximately 45 % of TikTok 
users are between the ages of 18 and 24 compared to just 29 % for 
Instagram and 22 % for Facebook – statistics that foretell the usurp of 
Instagram by TikTok, just as Instagram usurped Facebook with its pro
gressive capture of young users throughout the 2010s. TikTok’s userbase 
includes slightly more females (54 %) than males (46 %), which mirrors 
the gender ratio for Instagram. Statistics describing the amount of time 
users spend on TikTok vary widely depending on their source and 
method-of-aggregation (e.g., Business of Apps, 2024, DataReportal, 
2024; Pew Research Center, 2024). Excluding China and Douyin, the 
average amount of time users spend on TikTok per day is around 
56 minutes, and is typically higher in Asian countries (e.g., Indonesia, 
74 minutes) than Western countries (e.g, Australia, 60 minutes; United 
States, 54 minutes). Douyin usage in China is particularly high 
(120 minutes), which skews global estimates upward when incorporated 
into TikTok usage statistics. Time spent on TikTok is considerably higher 
for younger users (e.g., Australia, 84 minutes; United States, 113 mi
nutes) – a trend consistent with younger users of social media in general. 
For younger users, time spent on TikTok is greater than all other social 
media platforms and video streaming services (e.g., Netflix). We caution 
readers that the above statistics are estimates and should not be un
critically reproduced. Social media companies have a vested interest in 
their usage statistics and third-party research firms have limited access 
to user data. We consider the above statistics to be sufficiently credible 
for our purposes.

1.2.4. The algorithm
The algorithm that drives the For You page has given rise to the 

popular maxim: “The TikTok algorithm knows me better than I know 
myself” (e.g., Hanson, 2021). Generally speaking, in 2020, when TikTok 
was rising to prominence, it was believed the algorithm was driven by 
volitional user actions including users’ decisions to “like”, share, and 
comment on some videos and not others, akin to Instagram and Face
book. However, an investigation by the Wall Street Journal (2021)
shifted this understanding. The Wall Street Journal investigators created 
bot accounts and programmed them to scroll through the For You page 
and watch certain types of videos for longer than others. For instance, 
one bot was programmed to watch sad content with hashtags like 
‘#depression’ for longer than other videos, but not to “like” #depression 
videos. After just 36 minutes, 93 % of the videos delivered to the bot 
comprised videos relating to depression. Whilst not a peer-reviewed 
academic study, the implication was that the TikTok algorithm was 
sensitised to the amount of time users spent watching a video – a more 
passive, less volitional action than “liking”.

It is important to note that social media companies other than 
ByteDance, including Meta (the owner of Facebook and Instagram), 
were developing and using algorithms around this time. Whilst TikTok’s 
algorithm is probably superior in a technical sense, an overlooked fact is 
that TikTok was the first to make algorithm-driven content recommen
dations the default and primary mode of content delivery, as opposed to 
prioritising content from friends, family, and followers. By contrast, at 
this time, algorithm recommendations for other platforms were 
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secondary and “off to the side”, like Instagram with its “Explore Page”, 
which is secondary to the default and primary “Home/Main Feed”. In 
making the algorithm the centerpiece of the social media user experi
ence, TikTok created, in the words of Intelligencer columnist John 
Herrman: “a product unapologetic about its intention to make users tap, 
scroll, post, and watch as much as possible, for as long as possible, by 
any means necessary” (Herrman, 2024).

1.3. Existing research on TikTok and eating disorders

A small body of quantitative research has investigated the connec
tion between TikTok and eating disorders. A study of 78 children and 
adolescents with eating disorders living in Italy found that TikTok was 
their most used social media platform with an average of 84 minutes of 
self-reported use per day (Pruccoli et al., 2022). Participants reported 
“diet and food” to be the category they most frequently watched, and 
59 % of those who used TikTok reported that watching these diet and 
food videos made them feel more insecure. Another study had 230 
young people living in the United States of America access their TikTok 
“watch history” and self-report whether the last 20 videos they watched 
contained themes oriented around physical appearance or eating 
(Dondzilo et al., 2024). The authors found modest correlations between 
the proportion of algorithm-recommended videos that contained phys
ical appearance and eating content videos and eating disorder symp
toms, and between user engagement (“liking”, commenting, or “saving”) 
with these videos and eating disorder symptoms (rs ranged from 
.12–.16). An experimental study exposed 120 young women living in 
Australia to body-idealising TikTok videos and found these exposures 
increased state appearance comparison and negative mood relative to 
controls (Pryde & Prichard, 2022). Another study examined TikTok use 
and body image among 229 girls living in Belgium and used 
random-intercept cross-lagged panel models (RI-CLPMs) to analyse 
change across three time-points spanning approximately 9 months 
(Maes & Vandenbosch, 2022). The authors reported no significant pre
dictions over time between self-reported TikTok use and body image 
outcomes; however, in our opinion, this study was fatally 
under-powered to detect change over time (see Austen & Griffiths, 
(2022) for sample size considerations with RI-CLPMs). We have not 
reviewed the relatively larger body of qualitative research on TikTok 
and eating disorders – our summary of this research is that the broad 
spectrum of eating disorder-related content found on Facebook and 
especially Instagram has successfully migrated to TikTok (e.g., Harriger 
et al., 2023; Herrick et al., 2021; Raiter et al., 2023).

1.3.1. Limitations of existing research
Existing research on social media and eating disorders is limited 

because we have struggled to achieve a fulsome capture of users’ social 
media experience. As noted in a recent review of social media research 
methods by Jarman et al. (2022), research has typically relied on: (i) 
self-report survey questions about general social media use, with most 
predicating their main analyses on aggregated frequency of use (i.e., 
“how often do you use social media?”); (ii) experimental exposure 
studies in which researchers pre-select social media content and display 
this to participants – typically university undergraduates – under 
controlled settings; and (iii) content analyses, in which researchers 
analyse qualitative aspects of social media content. The above study 
designs are undoubtedly useful and necessary. Nonetheless, in our 
opinion, for the eating disorder and body image fields to offer the precise 
and actionable recommendations that policy makers, social media 
companies, and the general public ask of us, we must seek data captures 
of users’ actual social media experiences that are as fulsome as possible. 
By fulsome, we mean data inclusive of specific social media behaviours 
and specific types of social media content, and importantly, as much of 
this data as possible (ideally, in quantities commensurate with “big 
data”). In this vein, we applaud researchers like Dondzilo et al. (2024)
who collected participants’ in-app TikTok data and examined specific 

user actions (e.g., “liking” and “saving”) and specific video attributes in 
relation to eating disorder symptoms, sophisticiating what can be 
learned beyond general self-reports of TikTok use that aggregate all user 
actions and all social media content into a single variable (e.g., “fre
quency of using TikTok”). For interested readers, we recommend recent 
in-field review papers by Jarman et al. (2022) and Harriger et al. (2023)
and point to efforts outside our field using novel methods that may be 
usefully leveraged (e.g., Vombatkere et al., 2024).

1.4. Study aim and hypotheses

Sophisticated algorithms designed to maximize engagement deter
mine most of the content users see on modern social media platforms 
like TikTok. In the context of eating disorders, we are concerned that 
modern social media algorithms have potential to exacerbate eating 
disorder symptoms by subjecting vulnerable users to increasing amounts 
of content oriented on physical appearance, dieting, and exercise over 
time. In a sample of individuals with eating disorders and healthy con
trols, we captured and analysed every video sent by their TikTok algo
rithms together with every video they “liked” (i.e., volitionally engaged 
with) over a one month period and then linked these parameters to 
users’ diagnostic statuses and symptoms. We focused our efforts on 
TikTok because of its powerful machine-learning algorithm, its young 
userbase of ~1.6 billion that overlaps with the typical age-of-onset for 
eating disorders (Volpe et al., 2016), and its status as a key driver of 
contemporary youth culture (Chayka, 2024).

Our study aim was to provide evidence of the potential for the Tik
Tok algorithm to exacerbate eating disorder symptoms. In writing this 
manuscript, we also sought to give readers a useful primer about algo
rithms and TikTok, including its origins and basic user experience. Our 
confirmatory hypotheses were: (i) that TikTok users with eating disor
ders would be delivered more appearance-oriented videos, dieting 
videos, exercise videos, and toxic eating disorder videos than users 
without eating disorders, and (ii) that biases in TikTok users algorithms 
toward these types of videos would be positively correlated with eating 
disorder symptoms. Our exploratory hypothesis was that users’ “liking” 
behaviour would contribute to the likelihood of their algorithm deliv
ering these types of videos.

2. Method

2.1. Participants

2.1.1. Participant characteristics
Our participants (N = 112) included 42 individuals currently diag

nosed with an eating disorder (the eating disorders group) and 49 in
dividuals with no current or former eating disorder diagnosis or 
suspicion of an eating disorder (the healthy control group). Within the 
eating disorders group, most had anorexia nervosa (76.2 %), and of 
those with anorexia nervosa, most had the restriction sub-type (84.4 %). 
Our sample also included 21 individuals who suspected they had a 
current or past eating disorder, but who had not sought out a formal 
eating disorder diagnosis. We excluded these individuals from our 
group-based analyses (eating disorders versus healthy controls) but 
retained them for our analyses focused on eating disorder symptoms. 
This decision maintained the integrity of our group-based analyses 
whilst improving the statistical power available to us for our symptom- 
based analyses. All participants reported living in Australia and using 
TikTok for at least the past month. Participants were mostly young (Mage 
= 20.63 years) and female (88 %). The eating disorder group was 
significantly older than the control group (p =.002) and men were 
significantly under-represented in the eating disorder group (p <.001). 
To enhance rig our, we conducted two parallel sets of analyses: one 
unadjusted for co-variates and the other adjusted for co-variates (see 
Data Analyses for more detail).
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2.1.2. Study inclusion and exclusion criteria
Our study inclusion criteria required participants who: were >15 

years of age, owned a smartphone, used TikTok (not Douyin), used 
English as their main language on TikTok, and were fluent in English. 
We did not include Douyin users because of potential complications with 
the aforementioned geo-restriction of Douyin to China and potential 
differences in the software architectures of the two platforms. Our sole 
exclusion criterion was that participants must have viewed at least 50 
TikTok videos in the past month – two participants were excluded on 
this basis. We did this to ensure a sufficient amount of data per partic
ipant and to hedge against fraudulent participation.

2.1.3. Participant recruitment
We recruited our participants via (i) Australia-based organisations 

and services that cater to individuals with eating disorders, such as the 
Butterfly Foundation, and (ii) study advertisements delivered to psy
chology undergraduates at the University of Melbourne. Participants 
received remuneration or course credit, respectively. The study was 
advertised to potential participants as “a study of TikTok use” – the 
study aim and hypotheses were not disclosed. All participants were 
recruited between June 2022 and August 2023.

2.2. Procedure

2.2.1. Retrieval of users’ TikTok data
Participants were instructed to request their user data from TikTok. 

In Australia, the 1988 Privacy Act is the primary legislation that governs 
data privacy and protection, and more specifically, Australian Privacy 
Principle 12 (Office of the Australian Information Commissioner, 2024). 
This Principle obliges companies operating in Australia to provide users 
with their data upon request. The length of time taken for TikTok to 
provide these data varied, ranging from 2 to 14 days with an average of 
4–5 days. Data files provided by TikTok were in JSON format (Java
Script Object Notation) and contained no meta-data (e.g., no video 
hashtags) and were not immediately usable for our purposes. Impor
tantly, the TikTok files contained unique video URLs (web links) for each 
video delivered by the algorithm.

2.2.2. Scraping metadata from TikTok
We used these video URLs to “scrape” the meta-data for the previous 

one month of TikTok videos contained within participants’ datafiles. In 
this context, scraping means using programs or scripts to extract large 
amounts of data from the Internet. Our scraping script incorporated a 
dynamic set of IP addresses that mimicked human behaviour to avoid 
detection from TikTok’s anti-scraping algorithms. We successfully 
scraped the following meta-data for each video contained in partici
pants’ TikTok data files: the timestamp for when it was delivered by the 
algorithm, whether the video was liked or not, the hashtags, and the 
number of likes for each video. We were unsuccessful in our attempts to 
consistently retrieve other potentially useful data, such as “saves”.

2.2.3. Data linkage and preparation
We linked participants scraped TikTok data to their self-reported 

data (demographics, diagnostic history, and eating disorder symp
toms). Subsequently, we ran a script to classify whether each video 
belonged to one of our classes of content (see Measures for detail). The 
script checked the hashtags for each video and assigned it to one or more 
of these categories. Finally, we calculated the variables that would be 
used in our descriptive and inferential data analyses. For each video 
category, we calculated (i) the number of videos delivered by the al
gorithm, (ii) the number of videos liked by the user, (iii) the proportion 
of videos delivered by the algorithm, and the (iv) proportion of videos 
delivered by the algorithm that were liked. Our main analyses con
ducted to provide support for our hypotheses focused on the proportion 
variables [(iii) and (iv)].

2.2.4. Ethics and conflict of interest statement
All procedures involving human participants were approved by the 

Human Research Ethics Committee at the University of Melbourne: 
ethics ID #23072. Informed consent was obtained from all participants. 
The following conflicts of interest are disclosed: In relation to this study 
and subsequent to all data collection, the first author has provided (i) 
unpaid expertise to the Australian and Singaporean Governments, (ii) 
paid expertise to ByteDance (the developer of TikTok), and (iii) both 
paid and unpaid expertise to various education- and mental health- 
related organisations located in Australia. The authors affirm that no 
external parties or organisations had input into the design, conduct, 
analysis, or interpretation of the study, including the content of this 
manuscript.

2.3. Measures

2.3.1. Participants’ TikTok data
We examined four categories of videos relevant to eating disorder 

psychopathology: videos focused on physical appearance (i.e., 
appearance-oriented videos), dieting videos, exercise videos, and “toxic 
eating disorder” videos. We used the term toxic eating disorder videos to 
refer to content that explicitly and unequivocally glorified and encour
aged eating disorders and extreme dieting (e.g., “thinspo” and “ProANA” 
content) (Sukunesan et al., 2021). For each video type, we created a data 
frame of hashtags based both on previous research investigating hash
tags relevant to eating disorders (Griffiths et al., 2022; Sukunesan et al., 
2021; Zhou et al., 2020) and our own expertise on Internet-based eating 
disorder communities. Example hashtags for each video category 
included: (i) appearance-oriented: #makeuptips, #injectables, #beauty 
challenge; (ii) dieting: #lowcarb, #paleo, #cleaneating; (iii) exercise: 
#workout, #gymmotivation, #fitspo; and (iv) toxic eating disorder 
videos: #thinspire, #meanspo, #proaana. We ensured that eating dis
order recovery hashtags (e.g., #edrecovery) were not inadvertently 
included amongst our toxic eating disorder hashtags.

2.3.2. Participants’ self-report data
Participants self-reported their demographics, diagnostic status, 

eating disorder symptoms, appearance comparisons, and other TikTok 
user experience data. For diagnostic status, participants were asked: “In 
your lifetime, have you ever been diagnosed with an eating disorder?” 
To maximise the integrity of these self-reports, we provided participants 
with the following definition used in previous research (Griffiths et al., 
2015): “By “diagnosed”, we mean that a health professional (e.g., a 
general practitioner or a psychologist) has told you that you have an 
eating disorder”. Participants who answered “yes” to this question were 
subsequently asked: “Are you currently diagnosed with an eating dis
order?” For eating disorder symptoms, participants completed the 
Eating Pathology Symptom Inventory (EPSI), which has reliable psy
chometric properties (Forbush et al., 2013). The response timeframe of 
the EPSI is the past month (matching our past month analysis of users’ 
TikTok videos), with higher scores indicative of greater symptom 
severity. Our analyses focussed on the global score of the EPSI, hereafter 
called “eating disorder symptoms”. Cronbach’s α and McDonald’s ω for 
the EPSI were .85 and.81 respectively; the former is within the range of 
Cronbach α estimates from the original EPSI validation study (αs 
=.84–.89).

For TikTok-specific appearance comparisons, we adapted four items 
from the Physical Appearance Comparisons Scale – Revised (Schaefer 
and Thompson, 2014). The response timeframe of the appearance 
comparisons questions was the past month, with higher scores indicative 
of more frequent appearance comparisons. Items were: (i) “When I’m 
watching TikTok videos, I compare my physical appearance to the 
appearance of others”; (ii) When I see someone of the same gender on 
TikTok, I compare my body size to their body size; (iii) When I’m 
watching TikTok videos, I compare my body shape to the body shape of 
others, and (iv) When I’m watching TikTok videos, I compare my body 
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fat to the body fat of others. Cronbach’s α and McDonald’s ω were both 
.95.

Finally, we created a set of items asking participants to self-report 
different aspects of their TikTok user experience. Exemplar items 
were: (i) “How often do you read the comments that other people post on 
TikTok videos?” (ii) “How well do you feel the videos on your “For You” 
page match your interests?” and (iii) “Do you find it difficult to stop 
using TikTok?” The complete list of items can be found on the Open 
Science Framework page for the study. We examined potential group 
differences in participants’ self-report data as a complement to our 
analysis of group differences in participants’ in-app data (i.e., data 
derived from participants’ actual TikTok use).

2.4. Data analyses

Our analyses are separated into (i) primary analyses intended to 
provide support for our confirmatory and exploratory hypotheses, and 
(ii) secondary analyses intended to investigate other ideas and data 
patterns observed subsequent to our primary analyses.

2.4.1. Primary analyses
Our primary analyses were multi-level linear and logistic re

gressions, some of which included interaction terms. For all our multi- 
level regression analyses, we ran two models in parallel, one without 
covariates and one with covariates including age (in years), gender 
(female = 0, male = 1), and the aggregate number of TikTok videos 
delivered. These analyses took place in four stages: First, to test our 
confirmatory hypothesis that TikTok users with eating disorders would 
be delivered more videos oriented on appearance, dieting, exercise, and 
toxic eating disorders than users without eating disorders, we ran multi- 
level logistic regression models predicting whether a video delivered by 
the TikTok algorithm belonged to one of our target categories (no = 0, 
yes = 1). Second, to test our confirmatory hypothesis that biases in 
TikTok users’ algorithms toward appearance, dieting, exercise, and toxic 
eating disorder videos would be positively correlated with self-reported 
eating disorder symptoms, we ran multi-level regression models pre
dicting participants’ self-reported eating disorder symptoms. Third, to 
test whether users with eating disorders would be more likely to “like” 
appearance-oriented, dieting, exercise, and toxic eating disorder videos 
than users without eating disorders, we ran multi-level regression 
models predicting whether or not a video was “liked” by participants (no 
= 0, yes = 1). An interaction term was included in these models: the 
product of type of video (e.g., appearance-oriented versus all other video 
types) and eating disorder symptoms. Fourth, we ran these regression 
models using eating disorder diagnosis (no = 0, yes = 1) rather than 
eating disorder symptoms in our interaction term. The Type I error rate 
was controlled for in all analyses using the Bonferroni–Holm method.

We ran a sensitivity power analysis to determine the minimum 
possible effect size we could detect given our sample size and model 
specification (Lakens, 2022). Given the computational challenges of 
estimating power for a multi-level analysis of big data, we estimated 
power for single-level models. We estimated 80 % power to detect small- 
medium effect sizes of f2 =.09 for group differences in appearance 
content (N = 92), and f2 =.08 for correlations between eating disorder 
symptoms and appearance content (N = 112, Cohen, 1988). These es
timates are likely conservative since they do not account for the high 
volume of data points at the within-participant level. In summary, we 
are confident we were statistically powered to detect medium through 
large size effects and somewhat uncertain about our power to detect 
small effects.

2.4.2. Secondary analyses
We ran a series of independent samples t-tests and ANOVA F-tests 

examining differences between users with and without eating disorders 
on various self-reported TikTok variables, such as frequency of TikTok 
use and frequency of skipping videos. In addition, we ran single-level 

correlational analyses examining TikTok-specific appearance compari
sons and eating disorder symptoms. Finally, to contribute to emerging 
discussions about the formation of eating disorder echo chambers, we 
identified users who we thought – according to their TikTok data – may 
be inside an eating disorder echo chamber. In this context, we define an 
eating disorder echo chamber as a situation where users are repeatedly 
shown content relating to eating disorders because the algorithm iden
tifies it as content they engage with either actively or passively. To start, 
we tentatively operationalised a participant as being inside an echo 
chamber if they had an algorithm that delivered a high frequency of 
problematic videos (>1000). Among these users, we subsequently 
examined on a case-by-case basis the proportion of videos delivered by 
the algorithm that belonged to problematic categories.

2.5. Open science commitment

Our data, code, and materials are available on the Open Science 
Framework: https://osf.io/vz28u/. To protect our participants from re- 
identification, these data are aggregated at the person-level. Please 
contact the corresponding author if you are interested in our video-level 
data.

3. Results

Descriptives for our participants’ TikTok data are provided in 
Table 1. In total, our participants’ algorithms delivered 1,027,757 Tik
Tok videos during the one month study period. Of these delivered 
videos, our participants “liked” 354,017 of them (34.46 %). The median 
participant was delivered 8353 videos and “liked” 1019 (13.1 %). As 
anticipated, the variance in users’ TikTok data was considerable. For 
example, the number of TikTok videos delivered by users’ algorithms 
ranged from 132 to 44,600 and the proportion of videos that users liked 
ranged from 0 % to 98 %. Our multi-level models were well-suited to 
extreme variance of this kind and we were cognizant throughout of the 
potential for unduly influential outliers. All results were substantively 
identical across unadjusted and adjusted models. Results provided in- 
text are from our adjusted models.

3.1. Primary analyses

3.1.1. Algorithm bias
As shown in Fig. 1 and Table 2, the algorithms of participants with 

eating disorders delivered more appearance-oriented videos (+146 %), 
dieting videos (+335 %), exercise videos (+142 %), and toxic eating 
disorder videos (+4343 %). As shown in Table 3, participants with more 
severe eating disorder symptoms had TikTok algorithms that were more 
biased toward appearance-oriented videos, dieting videos, exercise 
videos, and toxic eating disorder videos.

3.1.2. Active user engagement (“liking”)
As shown in Fig. 2 and supported by test statistics in Table 4, par

ticipants were less likely to “like” appearance-oriented videos (-39 %), 
exercise videos (-31 %), and toxic eating disorder videos (-18 %) relative 
to unrelated videos. By contrast, participants were equally likely (+0 %) 
to “like” dieting videos versus unrelated videos. Importantly, partici
pants’ liking behaviour was interactive with eating disorder symptoms 
in that, as eating disorder symptom severity increased, the lesser ten
dency of individuals to “like” appearance-oriented videos, exercise 
videos, and toxic eating disorder videos was progressively diminished 
and approached zero. This interactive trend was particularly pro
nounced for dieting and toxic eating disorder videos. As eating disorder 
symptom severity increased, the tendency to “like” dieting and toxic 
eating disorder videos less than unrelated videos flipped to a greater 
likelihood, indicating preferential engagement with these types of 
videos over unrelated videos. Findings were broadly similar when 
examining eating disorder diagnosis eating disorder symptoms (see 
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Table 5). We noted that the higher rates of “liking” by participants with 
eating disorders (e.g., dieting videos: +23 % versus healthy controls) 
were eclipsed by far higher rates of video delivery by their algorithms 
(dieting videos: +335 % versus healthy controls).

3.2. Secondary analyses

3.2.1. Self-reported TikTok user behaviour
As supported by test statistics in Table 6, compared to healthy con

trols, individuals with eating disorders reported (i) that a significantly 
higher percentage of the videos they watched on TikTok contained 

Table 1 
Descriptive statistics for the variables representing participants’ TikTok user experiences.

Eating disorders Healthy controls

Variable M Mdn SD Range M Mdn SD Range

Total videos delivered 8889.26 8994.50 5872.13 182–17787 9417.61 6611.00 9175.63 132–44600
Total videos liked 3017.71 1039.50 3585.03 0–11308 3551.69 668 6353.62 0–32318
Proportion of videos that were liked 0.36 0.35 0.31 0–0.98 0.27 0.14 0.29 0–0.92
Total appearance-oriented videos delivered 1027.19 801.50 1052.33 4–4685 483.73 413 461.35 0–1824
Total appearance-oriented videos liked 387.90 97.50 863.91 0–4300 139.53 23 259.34 0–1166
Proportion of delivered videos that were appearance-oriented 0.14 0.08 0.13 0.02–0.69 0.05 0.04 0.05 0–0.28
Proportion of appearance-oriented videos that were liked 0.30 0.21 0.30 0.00–0.95 0.23 0.08 0.28 0–0.93
Total dieting videos delivered 308.48 90 549.86 0–2502 41.08 29 49.91 0–291
Total dieting videos liked 149.64 15.50 455.33 0–2303 14.59 2.00 36.50 0–239
Proportion of delivered videos that were about dieting 0.05 0.01 0.08 0–0.37 0.01 < 0.01 0.01 0–0.06
Proportion of dieting videos that were liked 0.32 0.22 0.33 0–1.00 0.26 0.09 0.31 0–1.00
Total exercise videos delivered 235.07 141 296.80 1–1601 137.98 62 194.29 0–795
Total exercise videos liked 89.31 23 220.40 0–1143 40.35 5 101.18 0–543
Proportion of delivered videos that were about exercise 0.03 0.02 0.04 0–0.19 0.02 0.01 0.04 0–0.24
Proportion of exercise videos that were liked 0.32 0.27 0.32 0–1.00 0.24 0.12 0.28 0–0.81
Total toxic eating disorder videos delivered 230.12 81 422.56 0–2570 4.20 2 5.85 0–22
Total toxic eating disorder videos liked 118.36 10 365.55 0–2281 1.22 0 3.14 0–15
Proportion of delivered videos that were eating disorders 0.03 0.01 0.06 0–0.38 < 0.01 < 0.01 < 0.01 0–0.01
Proportion of toxic eating disorder videos that were liked 0.38 0.26 0.36 0–1.00 0.15 0 0.30 0–1

Fig. 1. Split-half violin plots showing that the algorithms of TikTok users with eating disorders (blue, lefthand side) deliver significantly more appearance-oriented 
videos, toxic eating disorder videos, dieting videos, and exercise videos than TikTok users without eating disorders (orange, righthand side) (ps <.0001). The white 
diamonds with a red outline represent the median for each group. Individual data points are jittered to improve visibility.

Table 2 
Summary statistics for the multi-level logistic regression models comparing the TikTok algorithms of individuals with eating disorders to healthy controls.

Multi-level logistic regression model

Unadjusted Adjusted for age and gender

Type of video OR SEB Z p OR SEB Z p
Appearance 2.47 (2.07, 2.95) 0.23 9.95 <.0001 2.46 (1.93, 3.13) 0.30 7.31 <.0001
Dieting 4.59 (3.61, 5.82) 0.56 12.52 <.0001 4.35 (2.34, 8.10) 1.38 4.64 <.0001
Exercise 1.94 (1.41, 2.66) 0.31 4.09 <.0001 2.42 (1.56, 3.75) 0.54 3.95 <.0001
Toxic eating disorder 47.33 (31.41, 71.32) 9.90 18.44 <.0001 44.43 (26.10, 75.63) 12.06 13.98 <.0001
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content about diets; (ii) a greater likelihood of skipping TikTok videos 
because the content made them feel bad about their appearance; (iii) 
significantly greater difficulties stopping themselves from using TikTok; 
(iv) a lower likelihood of skipping videos because the content made 
them feel bored; and (v) a lower likelihood of skipping videos because 
the content did not match their interests. All other group differences 
were non-significant after controlling for Type I error.

3.2.2. Appearance comparisons
Individuals with eating disorders made more frequent TikTok- 

specific appearance comparisons than healthy controls, MD = 0.84, t 
(89) = 4.09, p <.001, d = 0.86. In our single-level analyses, more 

frequent TikTok-specific appearance comparisons were positively 
correlated with eating disorder symptoms (r =.54, p <.001). We caution 
readers that these appearance comparison analyses are secondary and 
preliminary – a subsequent study will focus on appearance comparisons 
in detail.

3.2.3. Eating disorder echo chambers
We identified 24 participants whose algorithms delivered >1000 

appearance-oriented videos during the one month study period. Of these 
24 participants, 19 (79 %) had confirmed or suspected eating disorders 
and 5 (21 %) did not have eating disorders. The proportion of all videos 
delivered to these participants that were appearance-oriented ranged 

Table 3 
Summary statistics for the multi-level models examining whether the degree-of-bias in participants’ TikTok algorithms is associated with the self-reported intensity of 
their eating disorder symptoms.

Multi-level logistic regression model

Unadjusted Adjusted for age and gender

Type of video OR (95 % CI) SEB Z p OR (95 % CI) SEB Z p
Appearance 1.26 (1.16, 1.38) 0.06 5.41 <.0001 1.23 (1.11, 1.36) 0.07 3.99 <.0001
Dieting 1.32 (1.09, 1.58) 0.12 2.93 .0034 1.24 (1.05, 1.46) 0.10 2.59 .0095
Excercise 1.33 (1.16, 1.52) 0.09 4.12 <.0001 1.34 (1.20, 1.49) 0.08 5.27 <.0001
Toxic eating disorder 2.42 (1.91, 3.07) 0.29 7.36 <.0001 2.16 (1.81, 2.59) 0.20 8.45 <.0001

Fig. 2. Line plots showing the interaction of the category of video content (e.g., appearance-oriented videos versus not unrelated videos) with participants’ self- 
reported eating disorder symptoms on the likelihood of them "liking" the content. The hashes on the X-axis represent eating disorder symptom scores that are − 1 
standard deviation, 0 standard deviations and +1 standard deviations from the mean, respectively (i.e., eating disorder symptoms intensify as one moves from left to 
right). The shaded areas surrounding each line represent 95 % confidence intervals.

Table 4 
Summary statistics for the multi-level models examining whether participants propensity to like certain types of videos is assosciated with their eating disorder 
diagnosis.

Multi-level logistic regression model

Unadjusted model Adjusted model

Type of video Predictor OR (95 % CI) SEB Z p OR (95 % CI) SEB Z p
Appearance Diagnosis 2.42 (2.01, 2.91) 0.23 9.44 <.0001 2.15 (1.55, 2.98) 0.36 4.61 <.0001

Video 0.61 (0.59, 0.63) 0.01 − 28.87 <.0001 0.61 (0.59, 0.63) 0.01 − 29.85 <.0001
Interaction 1.20 (1.15, 1.25) 0.03 8.04 <.0001 1.20 (1.15, 1.25) 0.03 8.26 <.0001

Dieting Diagnosis 2.49 (2.04, 3.04) 0.25 8.94 <.0001 2.20 (1.60, 3.03) 0.36 4.87 <.0001
Video 1.00 (0.92, 1.09) 0.04 0.01 .9889 1.00 (0.93,1.08) 0.04 < 0.01 .9975
Interaction 0.90 (0.82, 0.99) 0.05 − 2.10 .0362 0.91 (0.83, 0.99) 0.04 − 2.25 .0243

Exercise Diagnosis 2.43 (2.03, 2.90) 0.22 9.72 <.0001 2.23 (0.52, 9.65) .2838 1.08 .2838
Video 0.69 (0.65, 0.73) 0.02 − 12.96 <.0001 0.69 (0.65, 0.74) 0.02 − 10.46 <.0001
Interaction 1.17 (1.09, 1.26) 0.04 4.44 <.0001 1.18 (1.08, 1.30) 0.05 3.75 .0002

Toxic Eating disorder Diagnosis 2.39 (1.99, 2.87) 0.05 7.40 <.0001 2.24 (1.56, 3.22) 0.42 4.36 <.0001
Video 0.82 (0.76, 0.89) 0.03 − 4.80 <.0001 0.82 (0.75, 0.89) 0.04 − 4.53 <.0001
Interaction 1.16 (1.06, 1.27) 0.05 3.30 .0010 1.17 (1.06, 1.29) 0.06 3.11 .0019

Note: Video is a categorical variable (No/Yes) with No as the reference point. A value less than 1 indicates that participants were less likely to “like” a video if it 
belonged to the target video type (e.g., Dieting).
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from 4 % to 69 % with a median of 11 %. We determined these 24 
participants as possibly being in eating disorder echo chambers. 
Reviewing these participants on a case-by-case basis, we identified 6 
with particularly concerning data – all of whom had confirmed eating 
disorders – whose algorithms delivered the following numbers of 
appearance-oriented videos: (P1) N = 4685, 69 % of all videos; (P2) N =
4196, 33 % of all videos; (P3) N = 3083, 22 % of all videos; (P4) N =

2596, 19 % of all videos; (P5) N = 2231, 13 % of all videos; (P6) N =
2180, 30 % of all videos. We determined these participants to 
convincingly be inside eating disorder echo chambers. As with our 
appearance comparison analyses, a subsequent study will focus on 
eating disorder echo chambers in detail.

Table 5 
Summary statistics for the multi-level models examining whether participants propensity to like certain types of videos is assosciated with the self-reported intensity of 
their eating disorder symptoms.

Multi-level logistic regression model

Unadjusted Adjusted for age and gender

Type of video Predictor OR (95 % CI) SEB Z p OR (95 % CI) SEB Z p
Appearance Symptoms 1.34 (1.23, 1.45) 0.06 6.76 <.0001 1.26 (1.11, 1.43) 0.08 3.64 <.0001

Video 0.67 (0.66, 0.69) 0.01 − 37.77 <.0001 0.67 (0.66, 0.68) 0.01 − 37.89 <.0001
Interaction 1.11 (1.09, 1.13) 0.02 9.82 <.0001 1.12 (1.10, 1.14) 0.01 10.53 <.0001

Dieting Symptoms 1.33 (1.25, 1.42) 0.05 8.47 <.0001 1.26 (1.16, 1.36) 0.05 5.69 <.0001
Video 0.82 (0.79, 0.86) 0.02 − 9.30 <.0001 0.81 (0.78, 0.85) 0.02 − 9.43 <.0001
Interaction 1.46 (1.39, 1.52) 0.03 15.93 <.0001 1.55 (1.49, 1.62) 0.04 19.48 <.0001

Exercise Symptoms 1.34 (1.24, 1.44) 0.05 7.70 <.0001 1.26 (1.16, 1.37) 0.05 5.54 <.0001
Video 0.73 (0.70, 0.76) 0.02 − 16.86 <.0001 0.73 (0.71, 0.76) 0.01 − 16.39 <.0001
Interaction 1.14 (1.09, 1.18) 0.04 7.70 <.0001 1.14 (1.10, 1.19) 0.02 6.81 <.0001

Eating disorder Symptoms 1.34 (1.24, 1.44) 0.05 7.40 <.0001 1.26 (1.12, 1.42) 0.08 3.80 <.0001
Video 0.90 (0.85, 0.94) 0.03 − 4.17 <.0001 0.89 (0.85, 0.95) 0.03 − 3.97 <.0001
Interaction 1.23 (1.17, 1.30) 0.03 7.79 <.0001 1.28 (1.21, 1.36) 0.04 8.14 <.0001

Note: Video is a categorical variable (No/Yes) with No as the reference point. A value less than 1 indicates that participants were less likely to “like” a video if it 
belonged to the target video type (e.g., Dieting).

Table 6 
Summary statistics for the independent samples t-tests and ANOVA F-tests comparing the self-reported user experiences of individuals with eating disorders versus 
healthy controls.

Between-groups significance test

Unadjusted Adjusted for age and gender

Item MD SEMD t (92) p d MD SEMD F(1, 
87)

p ηp
2

How frequently they use TikTok 0.21 0.18 1.16 .249 0.25 − 0.05 0.19 0.08 .784 <

0.01
Feeling that the TikTok videos on their For You page were matched to their 
interests

0.20 0.21 0.93 .357 0.20 0.18 0.24 0.59 .444 0.01

Perception of how attractive the people they saw on TikTok were 0.15 0.19 0.80 .426 0.17 0.16 0.21 0.54 .463 0.01
Perception of whether the people they saw on TikTok were better or worse 
looking than the average person

− 0.15 0.15 − 1.03 .305 − 0.22 0.00 0.16 < 0.01 .995 <

0.01
How often they skip TikTok videos in general 0.05 0.14 0.36 .723 0.08 0.06 0.16 0.14 .714 <

0.01
How often they skip TikTok videos because the content is boring − 0.37 0.16 − 2.38 .020 − 0.50 − 0.53 0.18 8.90 .004 0.10
How often they skip TikTok videos because the content did not match their 
interests

− 0.24 0.16 − 1.53 .129 − 0.32 − 0.42 0.17 5.81 .018 0.07

How often they skip TikTok videos because the content is upsetting 0.17 0.29 0.60 .549 0.13 − 0.27 0.31 0.78 .381 0.01
How often they skip TikTok videos because the content makes them anxious 0.33 0.29 1.14 .257 0.24 − 0.10 0.30 0.11 .745 <

0.01
How often they skip TikTok videos is offensive − 0.31 0.31 − 1.00 .319 − 0.21 − 0.66 0.32 4.19 .048 0.05
How often they skip TikTok videos because the content makes them feel bad 
about their appearance

1.22 0.27 4.45 <.001 0.94 1.04 0.31 11.15 .001 0.12

How often they read the comments that other people post on TikTok videos − 0.08 0.25 − 0.30 .763 − 0.06 − 0.52 0.27 0.04 .850 < .01
How often they watch a TikTok video to the end 0.24 0.15 1.57 .121 0.33 0.16 0.17 0.86 .356 0.01
How often they watch at least 10 seconds of a TikTik video 0.11 0.15 0.69 .494 0.14 3.67 0.12 < 0.01 .963 <

0.01
What proportion of videos they watch contain content related to diets 26.18 4.86 5.39 <.001 1.13 24.98 5.49 20.73 <.001 0.20
What proportion of videos they watch contain content related to exercise 20.19 5.32 3.79 <.001 0.83 25.44 4.11 17.95 <.001 0.19
What proportion of videos they watch contain content related to photo/ 
video editing for appearance enhancement

3.27 4.71 0.69 .490 0.15 3.22 5.39 0.36 .552 0.01

What proportion of videos they watch contain content related to how to be 
more attractive

5.45 5.94 0.92 .362 0.20 2.31 6.65 0.12 .729 <

0.01
Perceived change in the frequency of seeing content focused on appearance 
since first starting to use TikTok

0.48 0.25 1.93 .057 0.41 0.58 0.28 4.27 .042 0.05

Wanting to see more or less content focused on appearance − 0.37 0.22 − 1.72 .089 − 0.36 − 0.26 0.25 1.15 .287 0.01
What proportion of videos they watch contain physically attractive people 7.35 4.21 1.75 .084 0.37 6.55 4.79 1.87 .175 0.02
How difficult it is to stop themselves from using TikTok 0.70 0.22 3.19 .002 0.67 0.58 0.25 5.59 .020 0.06
How likely they are to keep using TikTok in the future 0.17 0.22 0.77 .445 0.16 0.03 0.25 0.01 .915 <

0.01
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4. Discussion

The aim of our study was to provide evidence of the potential for the 
TikTok algorithm to exacerbate eating disorder symptoms. Our confir
matory hypotheses were: (i) that algorithms belonging to TikTok users 
with eating disorders would deliver more appearance-oriented videos, 
dieting videos, exercise videos, and toxic eating disorder videos than 
algorithms belonging to users without eating disorders, and (ii) that 
biases in TikTok users’ algorithms towards these types of videos would 
be positively correlated with eating disorder symptoms.

4.1. Confirmatory hypotheses

Both confirmatory hypotheses were supported. For participants who 
were currently diagnosed with an eating disorder, it was 146 % more 
likely that the next video delivered to them would be appearance- 
oriented, 335 % more likely it would be about dieting, 142 % more 
likely that it would be about exercise, and 4343 % more likely that it 
would be a toxic eating disorder video. TikTok algorithms that were 
more biased toward appearance-oriented videos, dieting videos, exer
cise videos, and toxic eating disorder videos were positively correlated 
with participants’ eating disorder symptoms.

4.2. Exploratory hypothesis

Our exploratory hypothesis was that users’ “liking” behaviour would 
contribute to the likelihood of their algorithm delivering these types of 
videos. Overall, and without taking eating disorder status or symptoms 
into account, our participants “liked” appearance-oriented, exercise 
videos, and toxic eating disorder videos less than unrelated videos, and 
“liked” dieting videos at the same rate as unrelated videos. Importantly, 
however, users’ liking behaviour was interactive with eating disorder 
symptoms. Fig. 2 shows that participants with lower levels of eating 
disorder symptom severity tended to like appearance-oriented videos, 
dieting videos, exercise videos, and toxic eating disorder videos less than 
unrelated videos. However, this tendency progressively diminished for 
participants with higher levels of eating disorder symptoms, and espe
cially for dieting and toxic eating disorder videos. For participants with 
high levels of eating disorder symptom severity, there was a tendency to 
“like” dieting and toxic eating disorder videos more than unrelated 
videos – a reversal of the effect observed at low levels of symptom 
severity. Our results corroborate published research relying on self- 
reported TikTok use and in-app TikTok data suggesting that actively 
engaging with dieting content (including via “liking”) is associated with 
greater eating disorder symptoms (Dondzilo et al., 2024; Pruccoli et al., 
2022).

We noted that although participants with eating disorders were more 
likely to “like” our four target video categories (e.g., dieting videos: 
+23 % versus healthy controls), these likelihoods were eclipsed by far 
higher rates of video delivery by their algorithms (dieting videos: 
+335 % versus healthy controls). The implication is that users’ primary 
means of actively engaging with content – “liking” a video – has less 
influence over the TikTok algorithm than seems intuitive. Our study 
corroborates claims made in the Wall Street Journal (2021) and else
where (Chayka, 2024) that the TikTok algorithm may be preferencing 
less volitional, more passive user actions, such as time spent watching a 
video and delays in skipping videos (i.e., lingering). In the context of 
eating disorders, our concern is that a vulnerable person may spend 
slightly more time watching a problematic video, or delay skipping over 
a problematic video, because it touches upon insecurities and briefly 
intensifies anxiety or other negative mood states (e.g., guilt) and/or 
induces an unfavourable appearance comparison. If the algorithm is 
sensitised toward less volitional, more passive user actions like slightly 
longer video watch times, and desensitised toward more volitional, 
more active user actions like “liking” a video, then a user with an eating 
disorder may consequently be delivered more of the videos that intensify 

their eating disorder psychopathology despite not having “liked” them. 
Relatedly, in our study, users with eating disorders reported much more 
frequently skipping TikTok videos because the content they were seeing 
made them feel bad about their appearance – an effect that was very 
large in size (Cohen’s d =1.04) In summary, for our exploratory hy
pothesis that users’ “liking” behaviour would contribute to the likeli
hood of their algorithm delivering these types of videos, we find 
evidence in support of this, but the degree-of-contribution seems to be 
considerably less than one would expect if “liking” behaviour were a 
primary determinant of the algorithms’ recommendations. We caution 
the reader that these are speculations requiring further thought and 
research.

4.3. Other findings

An unexpected but striking result was that individuals with greater 
eating disorder symptoms were much more likely to “like” TikTok 
videos in general. The steep upward trajectory of the lines in Fig. 2
shows these strong relationships between symptom severity and active 
user engagement with all four target video categories. To put these re
sults into perspective, a user with a level of eating disorder symptoms 1 
standard deviation below average “liked” about 7 % of the non- 
appearance-oriented videos and 3 % of the appearance-oriented videos 
delivered to them by their TikTok algorithm, but a user with a level of 
eating disorder symptoms 1 standard deviation above average liked 
about 22 % of non-appearance-oriented videos and 18 % of appearance- 
oriented videos – a very large difference in engagement. Heightened 
social media user engagement in general among individuals with eating 
disorders is an important avenue for future research. Notably, we found 
no associations between the number of TikTok videos delivered and 
eating disorder symptoms, and no difference in self-reported frequency 
of TikTok use between users with eating disorders and healthy controls. 
Ergo, the social media experiences of individuals with eating disorders 
differed from healthy controls in terms of specific user behaviour and not 
in terms of duration/frequency of use – a pattern of results in accordance 
with the findings of Dondzilo et al. (2024) that emphasises the need to 
move beyond measures of aggregated frequency of social media use, per 
recommendations by Jarman et al. (2022) and Harriger et al. (2023).

4.4. Clinical implications

Our findings suggest that eating disorder echo chambers and biased 
social media algorithms might constitute hidden barriers to treatment 
for users with eating disorders. In our study, we tentatively defined an 
eating disorder echo chamber as a situation where users are repeatedly 
shown content relating to eating disorders because an algorithm iden
tifies it as content they engage with either actively or passively. Com
pounding this further, the presence of an eating disorder echo chamber 
and the severity of algorithm bias may be unknown or underestimated 
by both the sufferer and their clinician. Per Table 1, the median number 
of videos delivered over one month by the TikTok algorithms of users 
with eating disorders was high: 802 appearance-oriented videos, 90 
dieting videos, 141 exercise videos, and 81 toxic eating disorder videos. 
Figures for some participants were even higher: 24 participants (19 of 
whom had eating disorders) were delivered >1000 problematic videos. 
Considering not just the frequency of videos but also the proportion of 
videos delivered to them that belonged to problematic categories, we 
identified 6 participants (all of whom had eating disorders) who 
convincingly seemed to be inside eating disorder echo chambers (see 
Results for statistics). One of the worst echo chambers belonged to a user 
with an eating disorder who was delivered 4685 problematic videos, 
representing 69 % of all videos sent to them. However, this participant 
also “liked” 91 % of these problematic videos. Compare this to another 
participant, also with an eating disorder, who was delivered 2180 
problematic videos, representing 30 % of all videos sent, but who 
“liked” only 5 % of these problematic videos. Clearly, these two eating 

S. Griffiths et al.                                                                                                                                                                                                                                Body Image 51 (2024) 101807 

9 



disorder echo chambers differ in the degree to which the user seems to 
be actively contributing to their maintenance (via “liking” at least). 
Nonetheless, it seems reasonable to speculate that these eating disorder 
echo chambers are likely maintaining eating disorder symptoms and/or 
impeding eating disorder recovery. Relatedly, an inquest into the 2017 
suicide of 14-year-old Molly Russel in the United Kingdom revealed that 
her Instagram algorithm prior to her death was delivering ~350 prob
lematic pieces of content per month relating to suicide, self-harm, and 
depression. Coroner Andrew Walker concluded that “she died from an 
act of self-harm while suffering from depression and the negative effects 
of online content”, implicating the social media echo chamber she found 
herself in (Dyer, 2022). By comparison, in our study of 112 individuals 
(our total N including individuals who were diagnosed, healthy controls, 
and those who suspected they had an eating disorder), the majority (N =
73, 65 %) were delivered >350 problematic videos over the one month 
study period.

Clinicians may wish to consider discussing eating disorder clients’ 
use of TikTok and ascertain whether it is acting as a treatment barrier. 
Abstinence from TikTok may be impractical for young clients, and ac
cording to our data, may be particularly hard for young clients with 
eating disorders. Per Table 5, individuals with eating disorders in our 
study reported much greater difficulties stopping themselves from using 
TikTok compared to healthy controls – an effect that was medium-to- 
large in size (Cohen’s d = 0.67). Abstinence notwithstanding, useful 
short-term strategies include regularly “refreshing” the algorithm from 
within the TikTok app, a feature added by the company in mid-2023. We 
caution, however, that the “refresh” feature is not a genuine reset of the 
algorithm – it is a temporary relaxation and all user data is retained. In 
addition, clinicians should be aware that “refreshing” the algorithm will 
not prevent it from re-training on their client and becoming biased again 
over time. Finally, clinicians may wish to discuss with their clients the 
possibility that simply not “liking” problematic content may be unlikely 
to send a sufficiently strong signal to the algorithm to deprioritise this 
content in their clients’ feeds. Instead, clinicians should advise clients to 
make consistent use of features that explicitly signal not wanting to see 
problematic content (e.g., the “Not interested” button on TikTok). More 
broadly, clinicians may wish to foster the development of “social media 
literacy”, which refers to critical thinking skills aimed at critiquing the 
motivations behind appearance-oriented social media posts. Pre
liminary evidence suggests that cultivating social media literacy may 
play a protective role among young women and girls especially (Paxton 
et al., 2022). Finally, we recommend clinicians have their clients watch 
the Wall Street Journal’s video report of their TikTok algorithm inves
tigation – “How TikTok’s Algorithm Figures You Out” – which is freely 
available on YouTube and is an accessible and entertaining resource that 
does not presuppose technical knowledge about algorithms. Finally, we 
note that these clinical implications require further research to deter
mine their credibility.

4.5. Other implications

We agree with researchers who believe TikTok should not be 
demonised (e.g., Pruccoli et al., 2022) and instead advocate for a harm 
minimisation approach that reflects the ongoing shift of the entire social 
media environment toward algorithms. It is important to keep in mind 
that whilst social media is of great concern to parents and caregivers 
(and eating disorders researchers), it barely registers as a concern among 
young people themselves. In a general population study conducted in 
Australia of 631 parents and caregivers and 921 young people ages 
12–18 years, social media was the #1 ranked concern among parents 
and caregivers and the #24 ranked concern among young people (i.e., 
not a concern in the slightest) (ReachOut Australia, 2024). Given this 
discrepancy and the ubiquity of social media, a prudent way forward 
may be to focus on pragmatic, harm minimisation strategies for 
vulnerable social media users rather than reflexively encouraging 
abstinence (which is exceedingly unlikely to succeed), whilst also 

advocating for systemic changes at the legislative and policy levels 
(which is more likely to succeed if armed with focused, fulsome social 
media research).

4.6. Study limitations

We note 11 limitations of our study. First, a minority of the TikTok 
videos contained no hashtags and could not be analysed. Second, 
hashtags are imperfect indicators of the content contained in the videos. 
In future research, video classification deep learning algorithms and/or 
video-based large language models may help classify non-hashtagged 
videos and corroborate hashtagged videos. Third, our study is cross- 
sectional and non-experimental and therefore does not permit causal 
claims. We are hopeful that a statistical technique called convergent 
cross mapping, developed by ecologists Sugihara et al. (2012), will help 
solve this, insofar as it is designed to identify causal relationships in 
dynamic and interdependent systems. Fourth, a user “liking” a video is 
not strictly indicative of positive regard for the video per se (Chayka, 
2024). Fifth, our study is specific to the version of TikTok that was active 
during our window of data collection. TikTok, like all social media, is 
regularly updated and algorithms can be modified at anytime. Sixth, our 
study relied on self-reported eating disorder diagnoses, and whilst this 
approach has validity, interviewer-confirmed eating disorder diagnoses 
are preferable. Seventh, most participants in our eating disorders group 
were diagnosed with anorexia nervosa and our findings may not 
generalise to other eating disorders, particularly those that do not 
involve body image concerns (e.g., Avoidant and Restrictive Food Intake 
Disorder). Eighth, our study did not include other types of 
user-generated and systems-level data that were inaccessible or unre
trievable using our methods (e.g., video comments, search bar inputs, 
system preferences, saves, and initial “interest” selections – progress is 
being made on retrieveving the two latter data sources). Some of these 
data, like “saves”, were wholly unretrieveable at the time of this study, 
whilst other data, such as initial interest selections, were inconsistently 
retrieved for a rigorous analysis (only 25 % of participants had 
retrievable interests data). Ninth, whilst our study sought to identify and 
discuss eating disorder echo chambers, there is no consensus on the 
quantitative properties that definitively indicate the presence of an echo 
chamber, necessitating a commensurate degree of caution from readers. 
Tenth, our clinical and healthy control samples were (mostly) recruited 
from distinct sources and a superior research design would involve a 
common recruitment method. Eleventh, our study did not directly 
examine users’ TikTok algorithms in a computer science or program
ming sense: We are not looking at the code (and even if we were, would 
be unlikely to understand it – a dilemma perhaps also faced by its de
velopers). Rather, we have examined the algorithm in terms of its 
manifestation as delivered videos. Your algorithm is whatever videos it 
sends to you, and by examining these videos, we can infer properties and 
biases of the algorithm. Thinking of the algorithm as “what it sends you” 
is consistent with how young people discuss their algorithms (the term 
“algorithm” is now common vernacular) and how the media and policy 
makers understand them, too.

5. Conclusion

Our aim was to provide evidence of the potential for the TikTok al
gorithm to exacerbate eating disorder symptoms. Our results showed 
that TikTok algorithms belonging to users with eating disorders deliv
ered more appearance-oriented, dieting, exercise, and toxic eating dis
order videos than algorithms belonging to healtly controls. Stronger 
biases in users’ algorithms toward these videos were associated with 
more severe eating disorder symptoms. Users were overall less likely to 
“like” appearance-oriented, dieting, exercise, and toxic eating disorder 
videos than unrelated videos, but as symptoms increased these gaps 
diminished and approached zero or flipped. Nonetheless, whilst users 
with eating disorders were slightly more likely to “like” these video 
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types (e.g., dieting videos: +23 % versus controls), their algorithms 
were far more likely to deliver these videos in the first place (dieting 
videos: +335 % versus controls). The presence and severity of eating 
disorder echo chambers and algorithm bias may be unknown to both the 
clinician and their client, necessitating a conversation on social media 
use and the proactive use of methods to guard against algorithm-driven 
exposure to content that works against treatment goals.
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