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ABSTRACT
The short-form video sharing app TikTok is characterized by content-
based interactions that largely depend on individually customized
video feeds curated by the app’s recommendation algorithm. Algo-
rithms are generally invisible mechanisms within socio-technical
systems that can influence how we perceive online and offline real-
ity, and howwe interact with each other. Based on experiences from
consuming and creating videos, users develop assumptions about
how the TikTok algorithm might work, and about how to trick
and please the algorithm to make their videos trend so it pushes
them to other users’ ‘for you’ pages. We conducted 28 qualitative
interviews with TikTok users and identified three main criteria
they assume influence the platform’s algorithm: video engagement,
posting time, and adding and piling up hashtags. We then collected
300,617 videos from the TikTok trending section and performed a
series of data exploration and analysis to test these user assumption
by determining criteria for trending videos. Our data analysis con-
firms that higher video engagement through comments, likes, and
shares leads to a higher chance of the algorithm pushing a video
to the trending section. We also find that posting videos at cer-
tain times increases the chances of it trending and reaching higher
popularity. In contrast, the highly common assumption that using
trending hashtags, algorithm related hashtags (e.g. #fyp, #foryou),
and piling up trending hashtags would significantly push videos
to the trending section was found not applicable. Our results con-
tribute to existing research on user understanding of social media
algorithms using TikTok as an example for a short-video app that
is explicitly built around algorithmic content recommendation. Our
results provide a broader perspective on user beliefs and behavior
in the context of socio-technical systems and social media content
creation and consumption.
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1 INTRODUCTION
Short-video apps are distinct from video-sharing platforms (e.g.
YouTube) and social networking services (e.g. Facebook, Instagram)
[42] because they are exclusively designed for people to interact
with and through user-generated video content [16] rather than
with each other around it. After the discontinuation of Vine (2013-
2017), the popularity of musical.ly (2014-2018) led to the recent
increase in short-video apps, such as Byte, Triller, Zynn, or Likee,
among which TikTok is undisputed in user numbers and user en-
gagement worldwide1 and in the U.S.2 Sharing photos and videos
online is one of the most popular activities among teenagers and
young adults [41] who constitute the largest group of TikTok users
in the U.S.3 TikTok videos are usually 15 to 60 seconds long and
based on short music or sound files provided through the app [35].
TikTok video content is manifold, ranging from an experimental
audiovisual playground [10], to entertaining dance content [32, 55],
social activism [5, 51], public health information [6], or celebrity
content [1]. TikTok by default presents videos to the user on their
‘for you’ page as an endless [7], hard to anticipate [50] flow of
auto-looped videos to swipe through. Standard social network char-
acteristics (profile with user information, friends lists, tools to com-
municate) [9] are replaced by displaying the user’s video content,

1https://datareportal.com/social-media-users?rq=tiktok [last accessed February 18,
2021]
2https://www.statista.com/statistics/1100836/number-of-us-tiktok-users [last accessed
February 18, 2021]
3https://www.statista.com/statistics/1095186/tiktok-us-users-age [last accessed Febru-
ary 18, 2021]

84

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3447535.3462512
https://doi.org/10.1145/3447535.3462512
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3447535.3462512&domain=pdf&date_stamp=2021-06-22


WebSci ’21, June 21–25, 2021, Virtual Event, United Kingdom Klug, et al.

followers and likes, and by allowing commenting on videos. The
content-based interaction on TikTok largely depends on the video
curation by the app’s recommendation algorithm [7]. Regarding
video sharing platforms and apps, the algorithm of YouTube has
been largely studied, for example, concerning inequalities in select-
ing content for feeds [8], recommendation patterns [2], the ranking
of search results [45], or the catering of problematic content to keep
audiences in a video viewing loop [12]. However, little research has
looked at user experiences with or understanding of social media
algorithms in relation to content creation. This user perspective is
highly relevant for researching short-video apps as they are specif-
ically designed around algorithms to motivate and retain users to
consume and create large volumes of short-form video content.
Because of the novelty of TikTok, research focusing on on users’
understanding of its algorithm is especially scarce. Previously, the
discontinued Vine app has been studied, for example, regarding
popularity and lifetime of videos and follower-following relations
[58]. Vandersmissen et al. (2014) found Vine videos received most
likes and attention shortly after their creation and that sharing Vine
videos on Twitter amassed significantly more likes [54].

In this paper we research assumptions about the TikTok algo-
rithm based on user experiences from consuming and creating
short-form videos and test user assumptions about how the algo-
rithm apparently work against a data analysis of trending TikTok
videos. We ask the following research questions:

• RQ1:What are users’ experiences with and assumptions about
how the TikTok algorithm works?

• RQ2: How do users’ assumptions about the TikTok algorithm
affect their video creation practices?

• RQ3: Do users’ assumptions about the TikTok algorithm cor-
respond with how the algorithm actually behaves?

2 BACKGROUND AND RELATEDWORK
Algorithms are generally invisible mechanisms [24] within socio-
technical systems and digital infrastructures that can influence
how we perceive the reality of everyday life online and offline
[52], and how we interact with and in these realities and with each
other [37, 56]. This concerns, for example, results of search engines
we use [23, 28], information we consume [4], and especially social
interaction and self-presentation on social media platforms [20]. On
social media platforms, algorithms present us with a digital identity
[17] created from our online behavior, our content preferences, and
the personal information we provide. This may appear as beneficial
regarding social connectivity [53], visibility, and social power [13]
in online contexts. However, algorithms can also present inherent
biases by design and, for example, create and potentially reinforce
social, political, or cultural stereotypes in our offline lifeworlds
outside of digitally mediated contexts [14, 29].

2.1 How the TikTok Algorithm Most Likely
Works

Research on user theories about recommendation algorithms cov-
ers, for example, Facebook news feed curation [21, 22, 44], or Spo-
tify music suggestions [49], and how user assumptions influence
user engagement [15]. In contrast, so far only a few research stud-
ies have focused particularly on analyzing the TikTok algorithm

[5, 25, 50] and only some information can be retrieved from blogs,
journalistic resources, or press releases. Unlike Facebook, Insta-
gram, or YouTube, and their short-video versions Instagram Reels
and YouTube Shorts, TikTok does not generate video feeds based on
content from accounts followed [25, 42]. Rather, the TikTok recom-
mendation algorithm customizes video content for the individual
user’s ‘for you’ page [3] based on previous and continuous user
engagement with presented video content through video viewing
time, liking, commenting, and sharing. In addition, the ‘for you’
page feed is generated from videos that use trending hashtags or
sounds [40]. In this way, by constantly learning users’ video content
preferences [50], the output of the TikTok algorithm can become
visible to users [25] through the curated content feed that selects
videos related to their apparent preferences. ByteDance, the com-
pany that owns TikTok, applies natural language processing to
classify text elements and audio components in TikTok videos, and
computer vision technology to automatically locate and categorize
visual objects4. Together with analyzing hashtags and video cap-
tions, this information is seemingly used to evaluate a video for its
selection by the recommendation algorithm [47]. New videos are
initially shown to a small group of users who are likely to interact
with the video and then shown to more users if the initial group
favorably engages with the video [38]. This means, basically any
video of any user may be pushed to a ‘for you’ page [38], and a
‘for you’ page may show very recent and highly popular videos
alongside older ones or videos with only a few likes. According to
TikTok5, the algorithm mostly picks up on the sound, the hashtags,
and the captions used in videos a user engaged with and recom-
mends similar content. More experienced users share advice on
how to take advantage of the TikTok algorithm by, for example,
creating shorter videos, using trending sounds and hashtags, includ-
ing teasers and questions [27], or posting at times when potential
viewers are active [43].

2.2 How Users Actually Experience the TikTok
Algorithm

User-centered qualitative studies of TikTok have mostly applied
content analysis [31, 33, 57] or cognitive walkthrough methods
[7, 30] to reconstruct user experiences with the app. Only very few
studies on TikTok (or its Chinese version, Douyin) have investigated
users’ understanding of or lay theories about the app algorithm.
For example, Lu, Lu & Liu (2020) found that some users stopped
using Douyin because the algorithm apparently only provided ho-
mogenous content [36]. Simpson & Semaan’s (2021) interview study
with LGBTQ+ TikTok users shows that they were aware of how the
algorithm works and able to influence it to construct a desired ‘for
you’ page feed, for example, by engaging with appealing content
through hashtags [50]. Hence, TikTok users can be understood as
produsers [11], meaning they are equally producers and users of
content who observe and experience how the algorithm works for
them.

4https://ailab.bytedance.com [last accessed February 18, 2021]
5https://newsroom.tiktok.com/en-us/how-tiktok-recommends-videos-for-you [last
accessed February 18, 2021]
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3 METHOD
We followed a mixed-method approach to adequately address and
answer [18] our research questions and to generate a complete and
deep understanding of our research subject [19]. First, we conducted
qualitative interviews with TikTok users on their video creation
practices and assumptions about the TikTok algorithm. Second,
based on interview results, we collected video meta data from the
TikTok trending section to examine user assumptions about the
algorithm through quantitative data analysis.

3.1 Data Collection
- Qualitative data collection: With IRB approval, we conducted 28
qualitative semi-structured interviews [34] in August 2020 with Tik-
Tok users in the U.S. We asked participants about general motiva-
tions and routines of consuming and creating TikTok videos, and
specifically about their understanding of and experiences with the
TikTok algorithm, and how these influence their video creation prac-
tices. Participants were aged 18 to 25, and 65% were female. As of
August 2020, they had between 300 and 450k followers, had posted
between 15 and 425 videos, and had in total received between 10k
and 11.5m likes for their TikTok videos. We recruited participants
through location-based and university related hashtags in TikTok
videos (e.g. #pittsburgh, #pitt, #upenn). We then messaged users
who included their Instagram profile on TikTok through Instagram
as TikTok does not allow messaging unless accounts are following
each other. We messaged 192 users out of which 28 users partici-
pated in the interview study (14.5% participation rate). Interviews
were conducted by two experienced researchers and transcribed
and anonymized using an online transcription service.

- Quantitative data collection: We used an open source scrap-
ing tool6 to collect video metadata information from the TikTok
trending section through the TikTok API without logging into the
app. This data collection is common [5] and useful for a general
analysis because it is not based on a certain video phenomenon,
music, or hashtag [48]. We collected 300,617 trending videos (18,788
on average per day) over 16 consecutive days from January 14th to
29th, 2021. The data was stored as csv-files with 34 data categories
given in columns. Figure 1 shows the seven categories we used for
our data analysis and for further data engineering.

- Data preprocessing: Prior to the quantitative data analysis, we
used the Python function ast.literal eval to convert each data entry
in the ‘hashtags’ column from literal data into ‘list’ form so it
could be properly processed by code. We then extracted the ‘name’
information for all hashtags from each list of all data entries and
stored this data in a dictionary as key-value pairs (key = unique
hashtag name; value = number of times the hashtag is being used by
the videos). This dictionary is used for the hashtag hotness analysis
and the unique hashtag analysis (see 4.3). We used a stop words
library7 to remove irrelevant words (e.g. “a”, “is”) from the hashtag
list. In a second preprocess, we sorted and then by convention split
the ‘playCount’ data column into two new groups: videos with the
top 10% of play counts ("Top10%") and videos with the remaining
90% of play counts ("Remaining90%"). This allows to differentiate

6https://github.com/drawrowfly/tiktok-scraper [last accessed February 18, 2021]
7Natural Language Toolkit library: https://gist.github.com/sebleier/554280 [last ac-
cessed February 18, 2021]

our analysis of trending TikTok video data based on video plays on
TikTok as de facto number of video views or video loops [38].

Figure 1: The seven (out of 34) data columns of the generated
csv-file that we used for our quantitative data analysis

3.2 Data Analysis
- Qualitative data analysis: In the qualitative analysis of the inter-
view data, a team of three experienced researchers applied an open
coding approach based on a code book as reference guide for the
coding process. The code book creation followed a deductive ap-
proach in two steps. In the first step, all three researchers coded the
first interview to generate an initial set of codes. All codes were
then compared and showed a high agreement regarding the naming
and description of all codes for similar interview statements and
passages. This established approach for HCI and CSCW research
[39] ensured validity of our qualitative results through agreement.
Codes were then grouped into a system of higher and lower level
codes in relation to what was asked in the interview questions
[46]. Each researcher then used the code book to examine an equal
number of the remaining 27 interviews. After the coding process,
seven codes that were not applied were revisited and subsequently
deleted from the code book. 29 codes that were only applied once
were revisited, 16 codes were merged with more frequently ap-
plied similar codes, and 13 codes were kept as single applied codes.
Following this process, we created 175 codes in 33 categories.

- Quantitative data analysis: In the statistical analysis, we used
the video meta data collected from the TikTok trending section
to examine three main user assumptions about how the TikTok
algorithm picks up and pushes videos to the trending section that
participants described in the interviews. First, we analyzed the video
engagement for the collected TikTok videos by generating normal-
ized pair plots to related number of comments (‘commentCount’),
number of likes (‘diggCount’), and number of shares (‘shareCount’)
to number of video play counts (‘playCount’). Second, we ran a
Two-Sample Kolmogorov-Smirnov test on the ‘createTime’ data to
determine if trending videos with top 10% of play counts and re-
maining 90% significantly differ in their posting times. We converted
the original time stamp from string of integers to Coordinated Uni-
versal Time (UTC±00:00) because the collected data did not include
geographical or time zone data for the videos. Third, to measure the
effects of adding and piling up hashtags, we generated the hashtag
hotness based on the key-pair dictionary from the data preprocess-
ing to describe the relationship between the total popularity of
all hashtags added to a video and the number of play counts the
video received. We used the MinMaxScaler function from Python
scikit-learn library to scale the absolute play count of each hashtag
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per video from 0 to 1 (1 = hashtag with the highest number of play
counts). We paired the scaled play count scores with the respec-
tive hashtags and then created a user defined function that locates
all individual hashtags added to a video, assigns each hashtag the
matching play count score, and sequentially creates an overall score
for the hashtag hotness of a video. For example, a video with more
frequently used hashtags will have a higher score. We then used
the MinMaxScaler function to calculate the relative ‘playCount’
score of each video from 0 to 1 (1 = highest number of play counts).
As a result, each video receives an overall scaled score for hashtag
popularity, and an overall scaled score for play counts. Fourth, we
performed a unique hashtag analysis. We first created two new
key-value pair dictionaries for both trending videos with the top
10% and the remaining 90% of play counts (keys = unique hashtags;
values = number of videos that used the hashtag). We excluded all
algorithm related hashtags (e.g. #fyp, #foryou) and analyzed the re-
maining hashtags added to the videos. We selected the 50 most used
non-algorithm related hashtags, generated a double sided count
ratio bar plot, and ran a Two-Sample Kolmogorov-Smirnov test to
analyze their relative count ratio in the top 10% and the remaining
90% group of trending videos (see Figure 6).

4 RESULTS
From our interview, we identify three main assumptions users think
are decisive for a video to be picked up and pushed to ‘for you’
pages by the TikTok algorithm: video engagement, posting time,
and adding trending and algorithm related hashtags and piling up
hashtags. In each of the following sections (4.1, 4.2, 4.3), we will
first discuss each assumption, and second describe our findings
from testing the assumption through data analysis of a sample of
trending TikTok videos.

In general, we find most participants tried to understand how
the algorithm works to make their videos ‘trend’, and to reach
either a larger or a specific audience’s ‘for you’ pages: "I realized
the algorithm is very interesting and weird. So it [the participants’
video creation] started from like this idea of potential fame or clout or
whatever" (P14). As video consumers, interviewees largely described
favorable experiences with the TikTok algorithm. For example,
they were aware that an algorithm caters to their ‘for you’ page
because it showed and kept showing content they were interested
in. Favorable experiences as TikTok consumers led them to expect
the algorithm to be predictable in a similar way when creating
and sharing videos. However, as video creators, interviewees had
rather confusing experiences and primarily understood the TikTok
algorithm as erratic without observable patterns of distributing
videos: "Maybe a month into me using TikTok, all of my videos started
to get pushed. And then it just dropped off. And so I was confused. I
didn’t know why that had happened" (P27).

4.1 Video Engagement
The first user assumption we identified from interviews is that high
video engagement through comments increases the chances that
the algorithm picks up on a video and helps to make it trend. As
video creators, interviewees observed that high video engagement
through likes, shares, and foremost comments seems to trigger the
algorithm to pick up and push a video to ‘for you’ pages. Participants

observed videos with a high play count tend to also have lots of
comments: "I know like the more comments you get, the more likely
other people already see your video. Cause I’m pretty sure that’s how
the algorithm works" (P4). This understanding is likewise based on
their experience from creating and consuming TikTok videos. As a
result, many interviewees said they try to induce user engagement
in their videos, for example, by asking users to comment, to appeal
to their understanding of video engagement and algorithmic video
selection: "Like how do I get the most engagement out of this? I’m
thinking little things I can do in saying like I have a cool phone case
(...) like someone will comment on it or something like that" (P25).

In order to analyze this assumption for trending videos in general,
we matched the number of comments (‘commentCount’), the num-
ber of likes (‘diggCount’), and the number of shares (‘shareCount’)
for each video to its video plays (‘playCount’). We generated pair
plots and normalized all plotted data to properly display the cor-
relations. We can see that all three measures positively correlate
with each other (Figure 2). The upward correlations in the subplots
indicate TikTok videos with a high number of play counts also
have a high number of comments, likes, and shares, and vice versa.
Therefore, we can validate the user assumption regarding video
engagement across these variables for trending videos in general.

4.2 Posting Times
The second user assumption we found in interviews is that certain
posting times would increase the chances for a higher number of
video plays and hence for videos to become trending. Participants
who were more experienced TikTok users mentioned they strategi-
cally post videos based on their assumption that they receive more
play counts and engagement at certain times: "I will usually post or
do a video the day before I post it. And then I’ll wait till the next day
around a good time that a lot of people are on TikTok and then I’ll
post it" (P5). This indicates the assumption of immediacy because
participants believe algorithm activity directly relates to user activ-
ity and that the algorithm works to meet the content demand of
active users. Therefore they believe posting a video when demand
is apparently higher increases the chances of the algorithm picking
up the video and pushing it to more active users. This can turn
out to be beneficial: "If I filmed it later than like 6pm, I’ll just post
it the next day. Cause it will be too late to post" (P25). In contrast
to the described immediacy, more senior TikTok users observed
that it can take time for a video to gain play counts: "(...) sometimes
the algorithm will work with you like a month later. Even like two
days later off, you will get on the for you page and your video will
start like gaining traction" (P3). This adds to the user experience of
the algorithm being erratic as it is unclear how and when a video
trends or gets pushed to ‘for you’ pages.

In our data analysis, we find a strong difference between posting
times and video play counts from analyzing the ‘createTime’ data for
trending videos within the top 10% of play counts and the remaining
90% (Figure 3). In general, we can see that trending videos within
the remaining 90% of play counts were mostly posted between
midnight to 4am UTC time, while trending videos within the top
10% of play counts were largely posted between 6am and 4pm UTC
time. Most trending videos within the top 10% play counts were
posted almost exactly opposite (11am UTC) to most of the trending
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Figure 2: Correlations between number of video plays (‘playCount’), number of comments (‘commentCount’), number of likes
(‘diggCount’), and number of shares (‘shareCount’). Each variable is crucial for defining the amount of video engagement on
TikTok.

videos in the remaining 90% (1am UTC). We performed a Two-
Sample Kolmogorov-Smirnov test (significance level = 0.05) to see
if the two data samples come from the same distribution. Our result
showed a significantly smaller p-value of 1.779e-41. Therefore, we
can validate this second user assumption and conclude that posting
time played a significant role for a video to place within the top
10% or the remaining 90% of play counts within trending videos on
TikTok.

4.3 Adding and Piling Up Hashtags
The third user assumption was that adding trending and algorithm
related hashtags and piling up hashtags would increase the chance
for a video to trend and to be pushed to ‘for you’ pages. Adding
hashtags to TikTok videos is a common user practice to ensure
visibility and reach within user communities [6, 26, 42, 50]. We find
interviewees assume hashtags are the main feature the algorithm
picks up on to push videos to the trending section and a ‘for you’
page. Most participants added trending hashtags that TikTok sug-
gested when creating a new video no matter if they actually relate
to the video content or message, or themselves: "For the hashtags,
I’ll just do whatever hashtags are trending. So like when you click
the hashtag there’s this that automatically pop up. And normally I

just click on those for my videos" (P4). We see participants assume
trending hashtags to be suggestions by the app for content the
algorithm will favor. Most users try to optimize their videos based
on this assumption of a direct relation between trends and algorith-
mic distribution. The most common practice is adding hashtags,
such as #fyp or #foryou, that are targeted at the TikTok recom-
mendation algorithm and the video feed itself: "I found that using
the hashtag FYP for you page (...) would also get more attention. So I
always tried to use these hashtags in each video just so that it would
pop up on people’s feed" (P5). By adding algorithm related hashtags,
users promote their video as appealing offer to the algorithm and
indicate their goal of wanting to land on any ‘for you’ page: "I
always hashtag for you and for you page, just so you can get more
like attention maybe" (P12). Interviewees also assumed it matters
to pile up trending hashtags when creating a video because more
hashtags would increase the value of a video for the algorithm and
hence increase the chances of trending and being pushed to ‘for
you’ pages: "I don’t know if this is how the algorithm works or not
but it seems like the more hashtags you have the more TikTok puts
you on other people’s screens" (P21).

To test user assumptions about piling up hashtags in our data
analysis, we measured the hashtag hotness, that is, the relationship
between the total popularity of all hashtags added to a video and
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Figure 3: Distribution of trending videos per hour over 24 hours (in UTC time) based on analyzing the ‘createTime’ data. We
can see strong differences between posting times and video play counts for trending videos within the top 10% (blue bars) and
the remaining 90% group (orange bars).

the number of play counts the video received. We can find no obvi-
ous relationship between the total popularity of hashtags used in a
single video and the number of play counts it received (Figure 4).
Rather we see that a few videos with a very high relative hashtag
hotness score received only very low play counts. We can conclude
that the relative total popularity of added hashtags is not a main
contributor to the play count of a video. This demonstrates that pil-
ing up trending hashtags does not automatically result in increased
play counts; therefore, we can disprove this user assumption.

We also collected the 50 most used hashtags (excluding algorithm
related, app related, and nonsense hashtags, such as #xyzbca) to cal-
culate the ratio count for each unique hashtag in the group of videos
with top 10% play counts and remaining 90%. The two-side bar plot
(Figure 5) shows significant differences for the majority of hash-
tags. Many rather general hashtags (e.g. #comedy, #satisfying) are
equally distributed in both groups, while hashtags predominantly
in the top 10% videos seem to be related to seasonal phenomena
(e.g. #bye2020), TikTok stars (e.g. #yzfamily), or recent viral phe-
nomena (e.g. #pudgywoke). To further test if the difference between
the count ratio across all 50 hashtags in the two categories is sig-
nificant, we performed a Two-Sample Kolmogorov-Smirnov test
(significance level = 0.05). The resulting p-value 2.165e-23 is signif-
icantly lower than the proposed significance level, which allows
us to reject the null hypothesis that the two data samples came
from the same distribution and allows to validate that they were
intrinsically different.

Interview participants furthermore assumed that adding trending
and algorithm related hashtagswould increase the chance for a video
to be picked up by the algorithm and to eventually make it to the
trending section. While we cannot say how videos actually are
selected, we found that there is a delay between trending hashtags
suggested by TikTok and videos that are in the trending section on
a certain day. We analyzed how many videos per day in our data set
actually used at least one hashtag that was labeled as trending on
that day to see if adding trending hashtags helps a video to get into
the TikTok trending section. We found that some trending videos
within the top 10% play counts were up to two weeks old at the
time of our last data collection (January 29, 2021) (Figure 6). We

can also see that videos in the top 10% group were generally older
than in the remaining 90% group because the distribution is shifted
left (Figure 6). This explains why almost none of the videos in the
top 10% group used any of the daily trending hashtags.

Therefore, users have no direct way of ensuring that certain
hashtags will make their video trend; they can only in retrospect
assume the success of added hashtags. The strategy to add any
suggested trending hashtag appears reasonable yet uncertain if
users believe the TikTok algorithm recommends possible future
trends.

5 DISCUSSION AND FUTUREWORK
Our interviews demonstrate that TikTok users are aware of the
algorithm’s functionality, both because of favorable experiences as
consumers and rather questionable experiences as creators. They
largely develop ideas and skills to trick and please the algorithm
with the goal to optimize their experience as consumers and cre-
ators. Finding ways to explain and to attribute logical behavior to
the TikTok algorithm is an essential part of consuming and creating
videos.

From participants’ descriptions, we identified three main as-
sumptions (video engagement, posting time, adding and piling up
hashtags) of how users think the TikTok algorithm picks up videos
and pushes them to the trending section and to ‘for you’ pages.
These assumptions influence users’ video creation practices. For
example, addressing viewers in a way that they would likely com-
ment on a video, strategically waiting to post a video at a time
when more users are apparently active, or foremost adding mul-
tiple hashtags that target trends or the algorithm instead of the
video content. From analyzing a data sample of 300,617 trending
TikTok videos, we find the user assumption that a high number
of comments correlates with a high number of play counts (video
engagement) to be true. We also find the assumption that posting
videos at certain times significantly correlates with reaching the top
10% of play counts within the trending video section (posting times)
to be true. However, we find the most common and most followed
assumption that adding trending and algorithm related hashtags
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Figure 4: Relationship between Relative Hashtag Hotness Score and Relative Play Count. Each point represents a single video
from the data set.Wefindno relationship betweenpopularity of hashtags and received play counts. Videoswithmanyhashtags
rather have low play counts.

Figure 5: Distribution of the 50 most used hashtag non algorithm related hashtags based on hashtag count ration comparison.
Blue bars indicate hashtags used by trending videos within top 10% play counts, orange bars indicate hashtags used by trending
videos within the remaining 90%.

and piling up hashtags would result in a video being pushed to the
trending section to be not true.

Our study in general shows that it is quite common for TikTok
users to evaluate app activity in order to estimate the behavior
of the algorithm. Watching videos on their ‘for you’ page makes
the algorithm visible for users through content, while measured
video engagement (views, likes, shares, comments) visualize how
the algorithm works for users as creators. Based on their favor-
able experiences as consumers, interviewees thought the algorithm
should in the same way work for them and in their favor as cre-
ators. Ultimately, they hold the TikTok algorithm responsible for

the success, reach, and virality of a video - rather than the style
or content of a video. The goal of trying to understand the TikTok
algorithm and to detect regularities and patterns in its behavior
primarily serves to utilize the algorithm to optimize their TikTok
experience as creators by either tricking or pleasing the algorithm.
However, this seems to create a loop in which users react to the
behavior of the algorithm, and the algorithm reacts to the behavior
of users.

Interviewees also mentioned less common assumptions of how
to increase the chances for TikTok videos to be picked up by the al-
gorithm, such as choosing trending sounds and background music,
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Figure 6: Comparison of original creation date (Year-Month-Day) for videos in the collected trending video data set on the last
day of data collection (January 29th, 2021).

making shorter videos, speaking in short sentences, directly address-
ing the audience, or to not make videos montages. These criteria
allow for future research on the intersection of user understanding,
user practices, and algorithm analysis from socio-technological per-
spectives. Future qualitative research could focus on interviewing
users about their video creation practices and how their under-
standing of the TikTok algorithm influences their self-presentation
and the video content they create and share on TikTok. Based on
our findings about how users experience the TikTok algorithm as
consumers versus as creators, future research could use video obser-
vations or user diaries to examine how users interact with content
on their individual ‘for you’ pages, and analyze how behavior might
lead to changes in algorithmically generated content feed. TikTok
is originally a music-based app; therefore, sounds and background
music are very likely influencing if a video is trending. The video
data we collected included metadata information on background
music, future research can easily follow our approach to analyze
the role of background music for videos to trend and to be pushed
to ‘for you’ pages by the algorithm. The same applies to the factor
of video length. Mixed-method approaches could also focus on qual-
itative content analysis of videos, added text elements, and video
captions, and apply quantitative data analysis to examine which
components boost the popularity of videos.

6 LIMITATIONS
We do not know exactly how the TikTok algorithm works and how
videos are recommended. We understand ‘trending’ as a type of
popular TikTok videos and as a quality that users aim for their
videos to achieve. We also do not exactly know how videos actually
end up in the trending section, and how many and which videos are
labeled as ‘trending’ each day. Therefore, it is very likely that in our
data collection videos were consistently scraped for consecutive
days and put in the top 10% or the remaining 90% of play counts
groups, and that results may not be generalizable. Collecting and
analyzing other criteria and different types of TikTok videos may
lead to different results.
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