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Abstract

Video content creators on social media often modify their
caption text to bypass algorithmic moderation as they per-
ceive it — a practice known as algospeak. This behavior of
adjusting expressions online could become especially com-
plicated in Chinese online space where both moderation and
censorship overlap, and where certain types of expression are
explicitly restricted. In this study, we conduct a large-scale
analysis of algospeak by examining over 200,000 movie-
recap videos from 96 YouTube channels, most of whom are
also prominent on Douyin (the domestic implementation of
TikTok in China). We extract the video’s hard-coded cap-
tions and employed Al to detect altered terms. We then ex-
amine the prevalence and characteristics of these alterations,
and leverage two commercial text-sensitivity detectors to in-
fer the potential motivations and policies driving these algos-
peak behaviors. We also explore whether factors such as con-
tent reach and monetization strategies correlate with creators’
propensity to modify captions. We find that the presence of
embedded ads in videos as a form of brand deals was neg-
atively associated with overall alteration rates: content cre-
ators increased alterations for a few explicitly warned topics
while reducing them for other topics. Overall, we argue that
algospeak in Chinese videos represents a collectively adopted
strategy that both evades perceived moderation and reinforces
restrictive norms within online communities, and is partly at-
tributable to a trust gap between users and the platform on the
matter of moderation.

Introduction

Many social media platforms rely on complex algorithms
to both recommend and moderate contents. However, these
systems are usually not transparent enough for ordinary
users without technical backgrounds to understand (Felaco
2025). Many users believe that the algorithms could restrict
certain topics in unpredictable ways (Lorenz 2022). To avoid
undesired moderation, some users will tweak their expres-
sions or use euphemisms—a phenomenon referred to as al-
gospeak (Klug, Steen, and Yurechko 2023; Felaco, Pelliccia
et al. 2024). In social media videos, a common algospeak
strategy is to alter the caption text, rather than the spoken au-
dio, by replacing some characters with semantically or pho-
netically comprehensible variants, such as changing “die”
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to “unalive” or “sex” to “seggs” (Steen, Yurechko, and Klug
2023). This strategy is perceived as a linguistic innovation to
adapt the algorithmic moderation on audiovisual platforms
like TikTok (Calhoun and Fawcett 2023).

In Chinese digital space, using algospeak to evade the
moderation is further complicated by censorship practice
in China that employs strict keyword-based restriction,
particularly on political expressions (Fu, Chan, and Chau
2013). Chinese netizens long ago developed a rich corpus
of euphemisms to circumvent censorship decades ago (Lee
2016). Nowadays, these historical practices of circumvent-
ing keyword-based censorship encountered with algorithmic
moderation on social media, creating a hybrid landscape in
which platform governance and government regulations op-
erate together. As a result, using coded words on the Inter-
net has shifted from a resistance tactic of the few to a com-
mon and routine behavior adopted by more people that ex-
tends well beyond politically sensitive topics (Bao 2025).
This evolution raises new questions about the Chinese al-
gospeak in terms of its prevalence, characteristics, and as-
sociated or driving factors, particularly given the distinctive
context in China. Answering these questions could reveal
how platform norms and sociopolitical contexts contribute
to diverse and nuanced digital behaviors, even when similar
behaviors emerge across global online spaces.

While earlier studies have relied on qualitative methods
such as interviews to explore algospeak practices, quantita-
tive analysis of algospeak has proven challenging. The dif-
ficulty largely comes from the complexity of identifying the
nuanced linguistic modifications across different media for-
mats, as well as the lack of large-scale video datasets. How-
ever, with the rise of cross-posting behaviors on social media
platforms such as Douyin and YouTube (Meng and Nansen
2022), there is now an opportunity for large-scale, system-
atic analysis of algospeak, both in terms of its prevalence
and its nuances, within the more restrictive regulatory and
linguistic environment of the Chinese online space.

In this study, we collected over 200,000 videos about
“movie-recap” from YouTube channels, most of whom also
posted on Douyin, and extracted hard-coded captions us-
ing computer vision techniques.! Figure 2 in the Appendix

'"While we could not provide a statistical description about
cross-posting behaviors given the data access restriction on



presents an example of word alteration in a movie-recap
video caption, where the word 4§ & (“elf”) was altered into
F5L. We then leveraged Al to detect possible word alteration
in the captions and built a dictionary of algospeak terms to
facilitate our analysis. To understand the algospeak in the
Chinese digital space, we aim to address three key research
questions:

* RQI: How prevalent is word alteration in the captions
of Chinese social media videos, and what characteristics
define this phenomenon?

* RQ2: What exogenous concerns drive content creators’
decisions to modify their content?

* RQ3: Are content creators’ decisions to adjust their own
works associated with factors such as creator reach and
monetization strategies?

In this paper, we find that (RQ1) word alteration is a com-
mon practice for around 80% of video content creators. The
terms associated with violence or crime are usually heav-
ily altered, and superlative and absolutist expressions, like
“first” or “most”, are often intentionally avoided. We then
leverage third-party commercial tools, which were designed
to flag sensitive terms with explanations, to infer that (RQ2)
the altered expressions are discouraged because they usu-
ally contain uncivil and violent languages, or violate the ad-
vertising law (a law in China that explicitly prohibits ab-
solute expressions).We also find that (RQ3) monetization
through embedded ads is surprisingly negatively associated
with video alteration rates, instead of incentivizing creators
to adopt more cautious or risk-averse content strategies.
Specifically, content creators increased the alteration rates in
the explicitly-warned topics while altered less in other cate-
gories in the videos with embedded ads, as a form of brand
deals, compared to other videos.

Overall, we argue that what is important in shaping al-
gospeak behavior is what users believe about moderation,
rather than what is actually moderated, and a trust gap be-
tween users and the platform make the content creators to
continue altering their expressions regardless of the platform
assurances. Our findings suggest that the platform design in-
fluences not only what content remain online, but also how
users learn to communicate, with long-term implication for
trust, norms, and creation. We interpret the algospeak as a
collective strategy of users, extending beyond the specific
context of Chinese social media, to evade moderation and
reclaim control over works but also reinforce a restrictive
norm in the online communities.

Related Work

This work builds on the previous studies from multiple do-
mains. We first introduce the studies about algorithmic mod-
eration on social media which sets the background of user
perception and behaviors. Next, we introduce the works
about existing algospeak behaviors, which are most rele-
vant to our topic. Last, we introduce the researches about the

Douyin, we have an example to illustrate this common phe-
nomenon in Appendix.
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censorship and moderation on Chinese audiovisual contents,
which provides a background about Chinese online space.

Algorithmic Moderation

Social media platforms rely heavily on machine-learning
and neural-network algorithms for governance and feed cu-
ration (Kim 2017). These automated moderation systems
can make seemingly arbitrary decisions that largely shape
user experiences and welfare (Gomez et al. 2024). Because
these powerful algorithms operate as opaque “black boxes,”
their lack of transparency only deepens concerns about an
already secretive moderation regime (Roberts 2019; Suzor
et al. 2019). In the eyes of many users, algorithmic mod-
eration, the fundamental architecture on these platforms, is
opaque and difficult to comprehend or audit (Gorwa, Binns,
and Katzenbach 2020; Cotter 2023). Many studies suggested
that social media users often find themselves in a vulnerable
position, feeling confused and frustrated by the absence of
clear explanations, accountability mechanisms, and appeal-
ing channels, and experiencing unfair or inconsistent treat-
ments (Vaccaro, Sandvig, and Karahalios 2020; Zeng and
Kaye 2022; Ma et al. 2023; Abokhodair et al. 2024).

The lack of transparency and the agency in governance
erodes users’ trust about social media and its algorithmic
moderation (Brunk, Mattern, and Riehle 2019; Molina and
Sundar 2022). A sense of control over their content is impor-
tant for users to main their autonomy and form their trust on
the platform, but the arbitrary moderation decisions could
undermine that confidence and leave users feeling power-
less (Naher, An, and Kim 2019; Vaccaro, Sandvig, and Kara-
halios 2020; Hodl and Myrach 2023; Ma et al. 2023).In the
face of huge uncertainty, users often struggle to get a sense
of the system and consequently develop their informal folk
theories about how the algorithm works, though these be-
liefs are usually not validated (Eslami et al. 2016; DeVito
et al. 2018; Savolainen 2022). Many folk theories attempt
to explain content removals or income decreases, especially
among users who feel targeted or belong to marginalized
groups (Mayworm et al. 2024).Based on these beliefs, users
will start to either adapt their language and behaviors to ap-
pease the algorithm to gain more viewership, or they ques-
tion and resist the algorithmic curation (Vaccaro, Sandvig,
and Karahalios 2020; Lin 2025).

Algospeak

Algospeak is a prominent way that users take to contest
the algorithmic moderation and widely adopted by users on
different platforms (Lorenz 2022). Chancellor et al. (2016)
found that Instagram users would use different lexical vari-
ations to avoid the algorithmic restriction on the discussion
about eating disorders, and the online communities adapted
such strategies grew even stronger. TikTok is another pri-
mary field associated with algospeak since content creators
greatly relies on the algorithmic curation on this audiovisual
platform (Guinaudeau, Munger, and Votta 2022). Steen,
Yurechko, and Klug (2023) interviewed TikTok content cre-
ators and found that the primary motivation of algospeak
was to evade algorithmic moderation, which they perceived
as inconsistent and biased, and reach their audience.



Dawson (2024) examined the exact strategies that users
take in algospeak and categorized different euphemism
strategies in algospeak into three categories: tactical mis-
spellings in the words, using the emojis as substitutions in
the text, and a performative word evasion which completely
use another term to refer a more sensitive topic (like “un-
alived” for “death” in a Orwellian Newspeak way).

The algospeak behavior does not evenly impact all topics.
Content creators’ moderation evasion behaviors were usu-
ally related to the topics like sex and sexuality, or some-
times offensive dog whistle words (Calhoun and Fawcett
2023; Dawson 2024), and could backfire on the quality of
contents (Klug, Steen, and Yurechko 2023).

Some studies attempted to investigate how the algo-
rithm awareness could impact algospeak (Klug, Steen, and
Yurechko 2023; Felaco, Pelliccia et al. 2024). Though not
conclusive, Felaco, Pelliccia et al. (2024) still indicate that
the algospeak is closely tied to users’ algorithm literacy and
experience with algorithmic moderation.

Censorship and Moderation on Chinese
Audiovisual Contents

Chinese digital space is infamous for its strict information
control and various methods of censorship, and netizens
adapt to this environment with various of self-censorship
or censorship circumvention behaviors (Lee 2016; Chang
et al. 2022; Chen et al. 2023). Self-censorship and proactive
manipulation in audiovisual contents from users, especially
the subtitles or captions like our subjects, are very preva-
lent in Chinese cyberspace (Wang 2020). Yan (2025) found
that grass-root movie translators would use their taken-for-
granted beliefs about sensitivities, even without direct gov-
ernmental control or explicit policies, to adjust their works,
often with varying levels of self-censorship across different
teams. She suggested that productive censorship, the artful
evasion of content restriction (Baer 2011), could benefit the
marketability of audiovisual content.

Moreover, it is noteworthy that content moderation is still
an organic part of Chinese social media platforms, even
though it could be intertwined with the censorship (Li and
Zhou 2024; Zhao and Hu 2025). Douyin, as one of the most
popular audiovisual platforms in China, even attempt to
leverage the power of voluntary users to improve its platform
governance in a more participatory way (Ye, Huang, and
Krijnen 2025).Content moderation on Chinese platforms is
a practice as vigorous as their Western counterparts (Zhao
and Hu 2025). Although it is true that social media platforms
have to enforce the governmental policies on the online con-
tents and take more proactive actions to restrict various ex-
pressions (China Media Project 2021).

Methods and Data

In this section, we first explain how we collected the video
data from social media and extract their hard-coded cap-
tions. Then, we introduce the process to build the dictionary
of altered terms, which is essential to identify all word al-
teration cases. Next, we talk about how we categorize the
words in our dictionary of altered terms, and then the movie
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caption text. Last, we explain the process to detect the em-
bedded ads in the movie captions.

Data Collection and Captions Extraction

To begin with, we want to collect the videos from social
media, where algospeak usually happens. We searched all
videos that contains the Chinese word “movie-recap” (Fi
. f# V1) on YouTube and identified 96 channels that had
posted such videos and had at least 1000 videos in total.
We focused on “movie-recap” videos for several reasons.
First, they are highly text-rich, because creators need to nar-
rate and usually caption the videos. Their untouched audio
data and altered caption text serve a good dataset to iden-
tify algospeak behaviors. Second, movie recaps videos usu-
ally have contents about violence and sexuality that are more
likely to trigger automated moderation than genuine topics,
and increase the chance for algospeak use. While caption
contents are centered on movies, their thematic focus nev-
ertheless covers a wide range of topics that are relevant to
social media moderation. Such topic focuses indicate that
“movie-recap” videos would cover a wide range of sensi-
tive topics, though heavily movie-themed. At the same time,
these “movie-recap” videos are popular on Chinese inter-
net because the recapped movies are usually not licensed in
China, so they serve as a popular channel for social media
users to know about those unlicensed movies. This structural
constraint may further raise creators’ awareness of moder-
ation risks and may amplify algospeak strategies. By con-
trast, other popular genres, such as comedy clips, pet, and
education videos, tend to feature less extensive caption text
and are less likely to use sensitive terms. As a result, algos-
peak in these genres may be less frequent or more narrowly
distributed compared to “movie-recap” videos. Therefore,
we believe that movie-recap videos are especially likely to
exhibit both stronger and more diverse forms of algospeak
among various content genres, making them a great fit for
our empirical analysis of the algospeak phenomenon.

Also, we chose YouTube instead of other short-video plat-
forms like TikTok or Chinese platforms like Bilibili because
YouTube is more friendly to video data collection. In ad-
dition, many Chinese content creators would upload their
works in multiple platforms, even outside the Great Firewall.
In fact, we identified 73 of 96 YouTube channels also oper-
ated on Douyin with the same name and the same contents
but a much popular base. Only 27.6% of these channels on
YouTube were created before 2024. It is also noteworthy that
these accounts have simplified Chinese captions, but many
of their titles or descriptions on YouTube are in traditional
Chinese. This existence of multi-Chinese contents indicates
that the creators of these movie-recap are probably main-
land Chinese but the audience are likely overseas Chinese-
speaking users, and these content creators were re-posting
their works from other platforms.

Next, we retrieved all videos from 96 channels, and iden-
tified all videos posted before 2025 that contain the simpli-
fied or traditional Chinese term “recap” (fi# i) in the title
or description. We eventually obtained 200,913 videos and
downloaded them with Python package "yt _dlp”.

Then, we leveraged an open-sourced computer vision tool



called video-subtitle-extractor > to automatically extract the
hard-coded captions from these movie-recap videos. This
tool is primarily built on the library OpenCV for caption
detection. We optimized this tool for speed and also cus-
tomized it to adjust the videos of different frame sizes.

Build the Dictionary of Altered Terms (DAT)

There are multiple algospeak practices in Chinese online
space, similar to TikTok algospeak (Dawson 2024). First,
content creators could replace the Chinese character with
Latin alphabets in Pinyin (a Romanization pronunciation
system), which could be treated as a tactical misspelling. In a
similar English example, the term “police” could be changed
to “pOllce” in the text to avoid algorithmic detection. Sec-
ond, content creators could intentionally split or even skip
the perceived sensitive terms in the caption in a way that
does not affect the comprehension. Third, content creators
could replace some common terms with emojis or other ex-
pressions that may be comprehensible to most audience (re-
ferring to the police as the Uncle Hat). Given the difficulty
to detect the other two cases in a clean way, our study only
focuses the first condition. The Chinese algospeak cases are
operationally defined as scenarios in which Chinese charac-
ters are replaced by Latin (Pinyin) alphabets in a way that
is not linguistically necessary. Thus, our findings represent a
lower bound of Chinese algospeak phenomenon.

To trace and identify the potential altered terms, we built
a dictionary of altered terms (DAT) to record the relations
between altered terms and their original terms. In our dic-
tionary, we only considered altered Chinese terms that meet
at least one of the following criterion: at least one Chinese
character remained after alteration (eg. Ji£%] and Jffy), or at
least three alphabets in the altered form (/455 i1 and gwy),
or full Pinyin spelling instead of just initials (eg. Bf%¥ and
xianyi). These three criterion provides a relative high confi-
dence to anchor the original terms without manually check-
ing the videos all the time. By cataloging which words get
altered, we essentially aimed to reverse-engineer the block-
list the content creators have in mind.

Our dictionary was built with the assistance of GPT-4o,
because manually going through all captions is too demand-
ing and LLM is proven to perform in understanding the al-
gospeak (Fillies and Paschke 2024). We employed a GPT-40
model with few-shot prompting (shown in the Appendix),
using manually curated examples in real video captions to
illustrate the inference of algospeak terms in Chinese, and
then fine-tuned this model with 20 more different algospeak
examples and expected answers. Given a raw caption text as
input, our model was instructed to identify potential algos-
peak terms with Pinyin alphabets and infer their most likely
original terms. For each caption, our fine-turned model re-
turned structured inference results consisting of the identi-
fied algospeak terms present in the caption and correspond-
ing inferred original terms. We then carefully examined all
responses generated by the GPT-40 model and kept only
those plausible altered terms for which we could confidently

“https://github.com/YaoFANGUK/video-subtitle-
extractor/tree/main
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verify the inference results, either directly when the interpre-
tation was unambiguous or by validating them against the
original context when multiple interpretations were possi-
ble. This manual step involved retrieving the highly possi-
ble combination of Chinese characters and words based on
the Pinyin hints and cross-checking some suggested altered
terms against the original full caption text or video content
to assess their plausibility. While we could not fully exclude
cases where a single algospeak term plausibly corresponded
to multiple original terms (e.g., s A could plausibly refer to
both 7% A(kill a person) and 4t A (dead person)), our man-
ual examination of every entry guarantees high precision.
Because our goal is to characterize norms rather than ex-
haustively enumerate all algospeak examples, we prioritize
precision over recall (which we could not provide a robust
estimation). Eventually, our approach eventually resulted in
a dictionary of 2,067 algospeak terms.

Categorizing the Altered Terms and Movie
Captions

To reveal the topic focus of Chinese algospeak and facili-
tate our analysis, we planned to identify the topics among
altered terms. We first embedded all unique original terms
in our dictionary into vectors in a 1536-dimensional space
with OpenAlT’s text-embedding-3-small model.

Next, rather than relying on fully unsupervised cluster-
ing, we chose a semi-supervised, centroid-based assignment
procedure. In preliminary analyses, we experimented ex-
tensively with K-means clustering using a range of cluster
numbers. Although several topical groupings consistently
emerged across runs, the resulting clusters were unstable in
size and sensitive to hyperparameter choices, making it dif-
ficult to obtain a robust and interpretable result.

Therefore, we leveraged the recurring topic from our K-
means runs as the centroids in each topic group. For each
theme, we selected a representative keyword to serve as a
semantic proxy for the cluster centroid. All terms in DAT
were then assigned to the topic whose centroid keyword was
closest in embedding space, using cosine similarity. This ap-
proach kept the recurring topical structure observed in un-
supervised clustering and ensured stable, interpretable, and
balanced topic categories.

Our topic keyword selection was consistent with what
commercial detector suggested, which we will show later.
The topics and the number of unique terms in each topic
category are shown in Table 1.

Additionally, there are two special groups in our result.
The first group is “Most”. We found that many terms like
“most” or “first” got altered in the captions (which we will
explain in our results) but the meanings of these terms vary
too much. So we excluded these terms in the clustering
step and assigned them into a single group called “Most”.
The second group is “Others”. Because some miscellaneous
terms could not be clustered in any group appropriately. We
calculated the average distance between all words and their
closest centroids, along with the standard deviation of these
distances. Terms whose shortest distance to any centroid ex-
ceeded the sum of the average distance plus one standard
deviation were assigned to this “Others” group.



Topic DAT words | Altered | Not Alt. | Alt. Rate (%)
Kill 206 20802 | 356856 5.51
Death 226 18097 | 542289 3.23
Most 99 10082 | 554101 1.79
Police 125 8391 255548 3.18
‘Weapon 92 6022 167343 3.47
Poison/Drug 112 4693 105741 4.25
Blood 140 3495 140017 2.44
Ghost 131 3353 104972 3.10
Crime 143 3241 211921 1.51
Others 174 2783 243936 1.13
Money 130 2677 240813 1.10
Luxury 80 1898 65250 2.83
State 38 1599 89141 1.76
Sex 59 1586 58269 2.65
Medical 46 1046 87713 1.18

Table 1: Alteration by Topic: this table presents, for each
topic group, the number of altered versus non-altered cases,
and the number of DAT words in each topic.

Detect the Embedded Ads

One research question involves the monetization of content
creators, and one monetization strategy is to insert an adver-
tisement clip in the middle of a video. These advertisement
clips are not associated with the platforms like YouTube,
which may inject the ads anywhere in the videos. Rather,
these ads are brand deals made by the creators and embed-
ded within the movie-recap contents, recited by the creators
themselves and displayed in the captions. For instance, while
describing a car chase scene, the video presenter suddenly
shifts to promoting a pre-owned car marketplace. Figure 3
in the Appendix displays an example of embedded ad.

However, there are all kinds of advertisements and they do
not follow a fixed pattern of exclusive keywords. To iden-
tify these embedded ads, we need to build our own com-
prehensive list of keywords or expressions for our movie-
recap videos. We started with the keywords like “download”,
“link”, “comment section”, “left bottom corner”, and “rec-
ommend”, and some common brand names. We detected
some ads in the captions and constructed exclusive expres-
sions to retrieve these ads. Then we randomly examined
50 more videos from each channel that had embedded ads,
which returns more distinctive ads in other videos and their
corresponding exclusive expressions. With new ads-related
expressions and variations of brand names in the ads, we re-
peated the above steps for multiple rounds, till we could not
find more ads in a new round of two hundreds of randomly-
retrieved videos in all channels. In the end, we created a list
of 23 different expressions of ads, and found 26 channels
ever inserted ads in their videos, though only 498 (0.3%) of
all videos have embedded ads.

Results

We first present descriptive results about the word alteration
in Chinese movie-recap videos, which provides a compre-
hensive understanding in terms of topics, frequencies and
trends about this phenomenon. Next, we present the re-
sponse results from commercial sensitivity detectors and
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combine their proposed reasons with our alteration data. We
then infer the possible reasons that could convince the con-
tent creators to alter words in the captions. Last, by crossing
the collected YouTube channels with Douyin account data
and retrieving channel-level followers and likes information,
we examined whether the word alteration in the videos are
associated with reach and monetization of content creators.
We specifically explored the impact of the first embedded
ads and the uniqueness of the videos with embedded ads in
algospeak practices.

Prevalence and Characteristics of Algospeak in
Chinese Movie-recap Videos

We investigate the prevalence of algospeak in Chinese
movie-recap videos based on over two thousand words in
our dictionary. 79.83% of all channels have algospeak prac-
tice, and 15.14% videos have altered terms in their videos.
We computed the word alteration rates on both video-level
and channel level. This alteration rate is defined as, out of all
words in our dictionary, how many of them were used in an
altered format, compared to all occurrences of these words
in any format in the video captions. We find around 9.3% of
all videos and 30.3% of all channels had over 10% alteration
rates (Figure 5 in Appendix), suggesting that word alteration
behaviors were concentrated in a small group of all content
creators of movie-recap videos.

Because the word usage of different topics are not uni-
form in the movie-related videos, we present the word al-
teration by topics and the word occurrences in the original
forms in Table 1. The topic-level alteration rate is defined
as all words of a certain topic appeared in an altered form
divided by the all words of this topic appeared in any form.
Table 1 indicates that the most altered group is “Kill”, which
has the highest alteration rate as 5.51% and have the most
alteration cases (20,802) in our dataset. The next two most
altered groups are ‘“Poison/Drug” (4.25%) and “Weapon”
(3.47%). The words about “Death” have the second largest
alteration cases (18,097), but their alteration rate only ranked
fourth (3.23%). The group “Most”, which contains superla-
tive and absolutist expressions like “first” or “most”, does
not necessarily have a high alteration rate (1.79%) even
though it has the third largest alteration cases (10,082).

To further explore the pattern of most altered words in
the movie-recap video captions, we dive into the top 100
most altered words. Figure 1 presents these words in terms
of their word-level alteration rates (Y-axis) and total occur-
rence numbers in log scale (X-axis). Each dot represents a
word and the dot color represents their topic categories, and
some dots are associated with their original term for better
interpretation. Some orange or brown dots, which represent
the words about drugs and violent scenes, locate on the top
left corner of Figure 1, suggesting that they were heavily al-
tered even though their total occurrences are relatively low..
On the other hand, the ordinal terms like “first” and “last”
(green dots) stay in the right bottom corner of Figure 1, in-
dicating that they have low alteration rates even though the
total occurrence numbers are high.

Additionally, we find that over 75% channels altered
terms in most topic groups, only with three groups as excep-



Top 100 Most Altered Words
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Figure 1: Scatterplot of top 100 alter words. The x-axis represents the total occurrence of each word in any form (original or
altered) and the y-axis represents the alteration ratio of each word (altered occurrence divided by the total occurrence). The dot
color represents the topic category and some prominent dots are also labeled with their word text.

tions of low consensus for alteration: Ghost, Medical, and
Luxury topics. These collective and nearly unanimous alter-
ations suggest that video creators may hold a shared belief
that certain topics are heavily targeted by platform modera-
tion and therefore require extra caution.

Inferring the Concerns Behind Chinese Algospeak

TikTok users suggested that their algospeak behaviors re-
sulted from their anticipation about algorithmic modera-
tion bias (Steen, Yurechko, and Klug 2023), and we ex-
tend this insight by leveraging third-party resources to in-
fer content creators’ potential motives. We take advantages
of two popular commercial text sensitivity detectors (Cizhua
and Check51), which were used by content creators to iden-
tify the phrases that might trigger moderation before posting
their works. We reversed our caption text with our dictionary
into their original text, randomly sampled 5% text from all
data, and prompted these two tools to flag terms in the cap-
tions. Both tools responded with not only the flagged terms
but their assumed reasons to discourage the use of these
terms. We do not claim that these flagged terms are necessar-
ily altered in real captions; rather, we use detector responses
as a proxy for creators’ beliefs about moderation sensitivity.
Also, we acknowledge that commercial detectors may over-
state the severity of certain terms in order to demonstrate
their usefulness and reduce the risk of missed detections, or
may fail to identify relevant cases due to their limits in de-
tection algorithms. Most suggestions across various warning
levels, 947 flags from Cizhua and 3116 flags from Check51,
were not really altered by content creators. In comparison,
among the 171 real algospeak cases in these sampled cap-
tions, only 61 altered words (35.7%) were detected by at
least one of the two detectors, while the remaining 64.3%
(110 altered words) were not detected. So, we only carefully
use the responses of commercial detectors as a third-party
reference instead of a golden rule, and the reasons of these
two tools are often different even for the same term.

2694

Table 2 presents the top five reasons content cre-
ators altered their video captions from the perspectives
of both Cizhua and Check51. The most common reason
from Cizhua is about the uncivilized and violent language
(21.21%) and the most common reason from Check 51
is about the advertising law (in China) or precedent cases
(32.74%). We also associated the real alteration in captions
with Cizhua and Check51’s reasons and presented a more
comprehensive result in the Table 6 in Appendix. While Ta-
ble 2 and Table 6 do not represent the true thoughts from
the content creators, the reasons behind altered terms from
both tools are largely consistent and converge on a com-
mon “forbidden zone” in video content: no absolute expres-
sion, no uncivil or overtly negative expressions. This con-
sensus between commercial sensitivity detectors reflects the
shared knowledge within the content creation community
about what could be allowed and what are discouraged.

As a matter of fact, video platforms like Douyin are aware
of the existence of algospeak and not supportive of such be-
haviors. Douyin have explicitly gave public instructions to
their e-commerce users about the allowed and forbidden lan-
guage usage, and even provided a list of discouraged algos-
peak examples (Douyin Blackboard 2022). Many instruc-
tions from Douyin were actually consistent with the rea-
sons mentioned by Cizhua and Check51, especially avoiding
the absolutist expressions and being careful about medical-
related contents. In addition, Douyin’s vice president Liang
Li informally explained that the restriction is only limited to
e-commerce context and not imposed on the ordinary users,
and he also said:

Terms like K (mi)® are just rumors being spread
around. There are many so-called “Douyin operation
guides” on the market that list numerous supposed
sensitive words, which people believe without ques-
tion. We’ve debunked these rumors before, but many
people remain unaware.

3K (mi) is commonly used to refer “money”.



| Cizhua I Checks1 |
| Reason Percent | Example ” Reason Percent | Example |
1 Uncivilized and violent language 21.21% Kidnap This term may violate advertis- 32.74% Call the Police
ing law or has appeared in known
penalty cases, please make your
own judgment.
2 | Involving politics, religion, race, 7.57% White House Suspected of Containing Insulting, 10.44% Revenge
gender, terrorism, etc., affecting so- Obscene, Pornographic, Gambling,
cial stability Superstitious, Terroristic, Violent,
and Similar Content
3 Suspected of Containing Insulting, 6.95% Underwear Words suspected of being absolute, 10.34% Only
Obscene, Pornographic, Gambling, extreme, and impossible to verify
Superstitious, Terroristic, Violent,
and Similar Content
4 | Involves violence, endangers per- 6.54% Domestic Vio- Feudal (reactionary), superstitious, 9.25% God
sonal safety lence pseudo-scientific words
5 | Extreme Words/Absolutist Lan- 5.74% Famous Exaggeration Terms, when Used in 5.49% First
guage; Evidence Must Be Provided Advertisements, One Cannot Exag-
to Prove Conformity with Facts, gerate a Product’s Leading Position
Otherwise It Is Considered an or Superiority to Avoid Misleading
Absolute Statement Consumers

Table 2: Top Five Reasons Proposed by Cizhua and Check51 for the Terms Altered in Video Captions. The “Percent” column
shows how frequently each tool identified this particular reason out of all its responses. The ’Example’ column provides a

common example that falls under this category.

Assessing the Relationship Between Algospeak,
Creator Reach, and Monetization

Most creators of movie-recap videos are driven by business
interests and are therefore expected to be risk-averse toward
factors that may impede video reach or audience growth. As
a result, algospeak behaviors, which could be understood as
strategic responses to perceived moderation risks, may be
associated with creators’ monetization status and audience
reach. To examine this potential association between cre-
ators’ endogenous attributes and their algospeak behavior,
we focus on factors such as creator reach and monetization.
We hypothesize that creators who have profited from their
videos have more to lose from unfavorable moderation deci-
sions and therefore have stronger incentives to adopt word-
alteration strategies.

Meanwhile, we noticed that the YouTube channels which
also existed on Douyin usually have much more followers
and videos, and also longer operation time on the latter plat-
form than those of their YouTube accounts. So, we believe
that YouTube is not the primary field of many content cre-
ators, and we choose to use the channel information (to-
tal likes and followers) of the matched content creators on
Douyin as a more accurate description about these creators
(thus with a smaller sample than the previous analysis). Re-
garding to the monetization, creators could earn compensa-
tion through the views of their videos from the Douyin or
YouTube. Since monetization is already correlated with the
content reach to some degree, the total likes and followers of
these creators can function as a proxy of monetization. How-
ever, we have included another variable of monetization in
our analysis: the embedded ads, because it is not uncom-
mon for content creators to insert an advertisement clip into
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their video and prompt a product. We have explained how
we identified the videos with embedded ads in the section .

With our YouTube caption and Douyin data, we prepared
channel-level data — total likes and follower numbers — and
video-level variables: a binary variable of “embedded ads”,
the length of video captions, and the alteration rate. For-
mally, we estimated a hierarchical regression with the alter-
ation rate as the dependent variable. Video-level alteration
rate was regressed on both video-level predictors (embed-
ded ads, caption length) and channel-level predictors (num-
ber of followers and likes) were included as fixed effects,
with a random intercept specified for each channel. This
model specification allows baseline alteration rates to vary
across channels while assuming common slopes for the co-
variates. All continuous predictors were log-transformed to
reduce skewness and improve interpretability.

The model was estimated using maximum likelihood, as
implemented in the MixedLM function in statsmodels in
Python. By replacing channel fixed-effect dummies with
random intercepts, the model avoids perfect collinearity that
would otherwise arise when time-invariant channel-level
variables (e.g., followers and likes) are absorbed. Moreover,
partial pooling improves estimation efficiency by reducing
the influence of random noise from channels with few obser-
vations by shrinking their estimates toward the overall mean.
We report coefficient estimates in percentage-point terms for
ease of interpretation, holding other variables constant.

Table 3 presents the regression results, where Model 1
uses the alteration rate of all terms as the dependent vari-
able. Surprisingly, our result suggests that whether a video
contains an embedded ads has a significantly negative, not
positive, correlation with the video alteration rates, which is



the opposite of our hypothesis. On average, having an em-
bedded ad in the video will decrease the alteration rate by
1.26%, holding other variables constant. The length of cap-
tions (logged form) has a significantly positive correlation
with the alteration rate, suggesting that, for example, dou-
bling the length of a caption of 1,000 characters will increase
the alteration rate slightly by around 0.25%. The number
of likes and followers (logged form) both have no signifi-
cant correlation with the video alteration rates, since their
p-values are bigger than 0.05. We then narrow our analysis
down by using the alteration rates of 189 terms that were al-
tered at least 100 times in all videos. Model 2 in Table 3 rep-
resents our analysis with the alteration rate of only frequent
terms as the dependent variable. Compared to Model 1, the
general trend of our result does not change but the coeffi-
cient of “ads” increased greatly. Controlling other variables,
the alteration rates of those 189 frequent terms in the videos
will increase by 3.11% with an embedded ad compare to
a video without ads. The effect of the caption length also
raises by a little — for a 1,000-character caption, doubling its
length increases the alteration rate by about 0.68%.

Statistic Model 1 Model 2
Dependent Variable Alter Rate Alter Rate (frequent terms)
No. Observations 142,036 142,036
No. Groups 70 70
Scale 64.0003 246.8880
Min. group size 140 140
Log-Likelihood -497130.8950 -593005.9704
Max. group size 4115 4115
Mean group size 2029.1 2029.1

Model 1 Model 2
Variable Coef (SE) z P> [z Coef (SE) z P>z
Intercept -1.260 (2.610) -0.483 0.629  -4.930 (5.186) -0.951 0.342
Ads -1.262 (0.374) -3.371 0.001 -3.109 (0.735) -4.229 0.000
Length (log) 0.353 (0.019) 18.505 0.000 0.978 (0.037)  26.097 0.000
Followers (log) ~ -0.183 (1.068) -0.171 0.864  -0.287 (2.123) -0.135 0.892
Likes (log) 0.427 (0.833) 0.512 0.608 0.847 (1.655) 0.512 0.609
Group Var 28.805 113.746

Table 3: Regression Results of Two Mixed Linear Models
on the Alter Rates. Model 1 has alteration rate of all terms as
the dependent variable, and the Model 2 has alteration rate of
only the frequently altered terms as the dependent variable.
Both models suggest that only the existence of embedded
ads in the videos and the caption length have significant im-
plication on the video-level alteration rates.

We have also attempted to explore whether the introduc-
tion of the very first embedded ads had changed the channel-
level alteration patterns, but our analysis received null re-
sults (as shown in the Appendix). Therefore, to gain more
insights about the unique relation of embedded ads and word
alteration, we investigate the alteration rates and word oc-
currence across various topics and video types. We compare
three types of videos in our dataset: videos with embedded
ads (the group “Ad”), non-ad videos posted on the same day
as ad videos (the group “Same-day”), and all videos (the
group “All). Topic occurrence ratio was defined as the num-
ber of DAT words used in each topic’s captions divided by
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the total number of DAT words used across all topics (so the
sum of occurrence ratio over all topics is 100%).

Table 4 displays the alteration rates and the occurrence
ratios of different topics in different types of videos. This
result provides two important insights about the videos with
embedded ads and other videos. First, in videos with em-
bedded ads, two contrasting trends emerged across top-
ics. Highly altered topics, such as Poison/Drug and Police,
showed surprisingly lower alteration rates in “Ad” com-
pared to “Same-day”, decreasing from 5.41% to 2.56% and
from 3.33% to 1.33%, shown in the first and the third rows.
However, topics like “Most” and “Blood” experienced much
stronger alteration in “Ad” compared to “Same-day”, in-
creasing from 2.21% to 3.02% and from 2.91% to 3.40%.
Second, the divergences in topic occurrence between videos
with ads and those without were relatively minimal across
all content categories, shown in the last three columns in
Table 4, suggesting that the videos with ads have no sub-
stantial topical difference than other videos. This nuanced
finding shows that embedded ads did not uniformly reduce
alteration rates; instead, they appeared to be associated with
higher alterations for platform-warned topics while simulta-
neously lowering alterations for other topics.

Content Alteration Rate (%) Occurrence Ratio(%)
Ad Same-day All Ad Same-day All

Poison/Drug  2.555 5.408 10.712  3.387 3.507 0.776
Death 2.552 2.558 7.991 17.190 16.082 8.932
Police 1.331 3.332 4475  8.524 9.193 3.805
Weapon 2.449 5.776 4.187  5.727 5.505 6.363
Kill 3.614 6.547 2.898 13.376 12.388 8.757
Crime 1.855 2.280 2.884  8.043 7.807 4.802
Sex 2.642 5.566 2.827 1.582 1.625 3.725
Blood 3.398 2.907 2451 4304 4.015 2.133
State 1.823 1.615 1.797  2.292 2.710 7.457
Most 3.020 2.210 1.787 14.328 15.180 17.035
Others 0.643 1.379 1.773  6.500 7.195 5.310
Luxury 4.354 4.923 1.749  2.125 2.074 1.949
Medical 0.958 0914 1.624 2492 2.235 2.482
Ghost 1.456 2.235 1.581  3.280 3.133 2.756
Money 0.915 1.786 1.166  6.849 7.349 23.721

Table 4: Alteration Rate and Occurrence Ratio by Content
Topics in Three Types of Videos: alteration rate is calculated
by how many of used DAT terms were in altered forms, and
occurrence ratio is defined as the use of DAT terms from
each topic out of all used DAT terms. “Ad” refers to the
videos with embedded ads, “Same-day” refers to the videos
without embedded ads but posted on the same day of ad
videos from the same channels, and “All” refers to all videos.

In summary, embedded ads are associated with selective
and topic-dependent patterns of algospeak rather than a uni-
form increase or decrease in word alteration. This pattern
is broadly consistent with our initial intuition about creator
motivation, but points to an unexpected direction: monetized
creators appear to respond to perceived moderation risks in
a more nuanced and strategic way, rather than by broadly
restricting their word usage.



Discussion

In this section, we first situate our findings in the context of
Chinese online space and discuss how different factors im-
pact the Chinese users’ perception and their algospeak be-
haviors. Next, we generalize our insights into a more global
setting and discuss the relation between algospeak, self-
censorship and moderation circumvention as well as the cul-
tural implication of this phenomenon.

Algospeak in the context of Chinese Internet

Our study examines the word alteration practices in a large
set of Chinese movie-recap video captions. We find that al-
gospeak is a prevalent phenomenon in the Chinese digital
space, but users do not always have a consensus on what
terms to alter. This is similar to the qualitative findings that
translators having different levels of self-censorship based
on their own taken-for-granted in the lack of explicit guid-
ance (Yan 2025). In general, Chinese content creators of
movie-recap videos tend to restrain the expressions of neg-
ative, violent or absolute meanings. This finding is partially
consistent with what Steen, Yurechko, and Klug (2023)
and Dawson (2024) described about the TikTok algospeak,
where, for example, users would use “unalive” instead of
“die”. Our dictionary also closely mirrors the YouTube de-
monetization English vocabulary that users discovered in
terms of many topic focuses (Platt 2019).

Next, the user motivation behind algospeak puzzles us be-
cause content creators must have a strong reason to “sab-
otage” their works. We connect the grassroots behavior of
video content creators with top-down rules on social me-
dia platforms by prompting the two commercial sensitivity
detectors. Based on the variation of algospeak preference
and proposed reasons from Cizhua and Check51, we argue
that the topic alteration tendency in Chinese algospeak was
largely resulted from the platform preference, which may be
formally written into platform policy or informally demon-
strated in moderation actions, and the advertising law in
China (King, Keohane, and Verba 1994). Enacted in 2015
and revised in 2018 and 2021, this advertising law explicitly
prohibits absolute claims on the Internet such as “the best”
or “the first”. Because numerous online merchants have been
penalized under this law, many Chinese platforms have codi-
fied it into their policies and then enforced it strictly through
their moderation processes (Douyin E-Commerce 2025).
Both the flag reasons from two commercial tools and the fre-
quent alteration in the “Most” terms suggest that the enforce-
ment of the advertising enforcement is an important reason
driving Chinese content creators to modify their expressions,
which often extends well beyond commercial contexts.

In the meantime, it is noteworthy that our dictionary rarely
contains explicit forbidden terms like the variations of Xi
Jinping or culturally sensitive topics like LGBTQ. We do not
find clear evidence of minority-targeting algospeak exam-
ples like what users perceived about the TikTok moderation
algorithm (Steen, Yurechko, and Klug 2023; Dawson 2024).
We assume this fact reflects the inherent selection bias from
content creators: they may already anticipate severe censor-
ship around these topics and the risk of account penalties
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or audience loss could outweighs the potential benefits of
more engagements. As a result of censorship preempting
algospeak, politically or culturally sensitive topics may be
avoided altogether by content creators and thus be systemat-
ically underrepresented in our corpus of movie-recap videos.

Next, we find that monetization through embedded ads
in the videos was negatively associated with the alteration
rates in the video captions, and there was no evidence that
the embedded ads significantly changed the alteration rates
in other videos of corresponding channels. However, we do
notice that videos with embedded ads usually had a higher
alteration rate for the keywords in the “Blood” and “Most”
categories. These categories represent the contents that ex-
plicitly warned by the platforms like Douyin and the ad-
vertising law. These nuanced findings suggest that content
creators indeed increased their alteration, though not for all
topics, in the videos with commercial interests to prevent
being moderated by the platforms. Nevertheless, it remains
unclear why content creators relaxed their restrictions on
other commonly-altered topics, which ultimately reduced
the overall alteration rates for videos with embedded ads.
The low correlation between the categories like Most and
Police (shown in Appendix) may indicate that users might
have different understandings on these topics.

While our videos were collected from YouTube, the
prominent existence and high popularity of these content
creators on Douyin, as well as their simplified Chinese cap-
tions, suggest that their algospeak could be more associated
with domestic social media in China instead of other plat-
forms. We are unaware of whether YouTube has such algo-
rithm repression in its recommendation or not, or cannot ver-
ify which Chinese video platform has incorporated such al-
gorithmic moderation. However, when creators find content
customization too demanding and upload the same video to
multiple platforms, the strictest platform exerts the strongest
influence on their algospeak behaviors. This phenomenon
of cross-posting suggests that creators could unintention-
ally export the moderation, or censorship, across the plat-
form or the border. In this sense, platform norms, local poli-
cies, or laws of dominant groups may extend beyond their
original jurisdictions through the cross-regional and cross-
platform circulation of content in the online space, inadver-
tently shaping information environments far beyond their in-
tended scope. (Interestingly, the movies recapped were often
not licensed in the mainland China, highlighting an import
dynamic from another direction.) This cross-platform con-
tent creation behavior also complicates questions of attribu-
tion when trying to determine which platform’s moderation
practices primarily shape creators’ behaviors.

Furthermore, Douyin officials repeatedly said that many
frequently-altered terms are actually allowed on their plat-
forms and claimed to have the ability to moderate sensitive
words even altered. While the Douyin’s instruction to avoid
absolute expressions is specifically designed for merchants
on their platforms, content creators who created movie-
recap videos still choose to abide these rules. Objectively
speaking, content creators may be convinced by these plat-
form statements to some degree, so they choose to increase
their alteration on the clearly-warned topics like medical in-



formation and absolute terms in the videos with commercial
contents. But their alterations in non-commercial contents
indicate that users still anticipate the algorithmic moderation
of these platforms will go beyond just the adverting context
and target the seemingly harmless contents. This fact of non-
compliance suggests that platform does not earn users’ trust
enough on the matter of moderation (Lin 2025). Because
creators observed what happened to others who got penal-
ized for the terms violating the perceived norms or the ad-
vertising law, or themselves experienced unpredictable fluc-
tuations in viewership. Lack confidence in the precision of
algorithmic moderation, users will rely on their own belief
and adopt algospeak in their works.

Therefore, we argue that what matters in algospeak is not
what platforms really moderate but what users perceived
about the bias or the preference in the moderation algo-
rithm. Algospeak reflects that users reclaim agency over
their expressions and restore a sense of order, even illu-
sional, in a complex system that they do not fully com-
prehend. As platform algorithms grew more opaque, users
inevitably resorted to folk theories or seemingly plausible
suggestions—much like people turn to religion or supernat-
ural beliefs when confronted with deep uncertainty (Wal-
lace 2013; Savolainen 2022). Amid the trust gap between
the platform and the users, altering the words in the video
captions may be annoying, but it at least reassures the con-
tent creators that they can evade the algorithmic moderation
and take control of their works again.

(Chinese) Algospeak as a new Newspeak

Algospeak is a complicated behavior sits between the self-
censorship and moderation evasion. While altering the text
is an individual action with strong heterogeneity, content
creators and their audience implicitly created a codebook
of euphemistic terms together, which our dictionary par-
tially revealed. As a collective cultural development on the
Internet, algospeak reflects a novel and shared understand-
ing in response to a restrictive environment. On the one
hand, this practice of altering the text allows individuals to
still communicate their key messages or talk about a topic
that is formally or informally prohibited. In contrast to the
self-censorship of “not say something”, algospeak aligns
closer to moderation evasion or censorship circumvention
that “manages to say something”.

On the other hand, algospeak essentially reinforces a
norm where users (voluntarily) conform to imposed stan-
dards of content restriction. Compared to the real censorship
circumvention behaviors (Hobbs and Roberts 2018; Chang
et al. 2022), sidestepping the algorithmic moderation is as
much a sign of safer and subtler resistance as it is a sign of
constrained user autonomy and effective control, or dancing
with chains. Even though the content restriction is believed
to be imposed from above, how users adapt contributes to
the overall environment of restricted expression. Over time,
when a majority of users adopt these alterations of terms
in their expressions on social media, it could lead to a self-
reinforcing norm where the community collectively shapes
what is considered acceptable and then develops a collective
unconsciousness about how to express on the Internet. Indi-
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vidual content creators and third party sensitivity detection
tools, knowingly or not, proactive or not, internalized the red
lines to avoid troubles and participated in the broader infor-
mation manipulation ecosystem that mimics centralized cen-
sorship in its outcomes. Accordingly, algospeak is a sponta-
neous Orwellian Newspeak fueled by the algorithms.

The impact of algospeak is also culturally profound be-
cause the mass media or social media has the power to re-
shape the culture and language (McLuhan 1994; Androut-
sopoulos 2006; Van Dijck 2013; Lorenz 2022). Even though
we only studied the altered expression in video captions, the
twisted audio expression is not uncommon on social media.
Users complained about the content restrictions on Douyin
and how algospeak manipulated the language and is detri-
mental to the next generation, and such implication is not
limited to Chinese cyberspace (Lorenz 2022).

In addition, we acknowledge the selective bias in our data
sampling, because Douyin content creators who chose to
cross-post their works on YouTube could be inherently dis-
tinctive than the creators who did not. We also acknowl-
edge the limitation that our empirical analysis only focuses
on Chinese creators of movie-recap videos, and the specific
topical patterns of algospeak may vary across cultures, plat-
forms, and content genres. However, we argue that the core
mechanisms identified in this study extend beyond this par-
ticular platform—genre pairing. Algospeak is neither unique
to Chinese creators nor limited to TikTok- or YouTube-like
platforms; rather, it represents a broadly observable form of
user adaptation that emerges wherever creators want to re-
gain their agency under complex and opaque moderation
regimes. Our findings therefore speak to general dynamics
of how creators learn, internalize, and strategically respond
to perceived moderation on the platform, even if the surface
forms of algospeak differ across contexts. At the same time,
we do acknowledge that platforms and content genres dif-
fer in affordances, audience expectations, economic incen-
tives, and moderation policies, all of which can affect how
algospeak happen in practice. Future work should extend our
analysis to other genres and platforms to further understand
how users adapt to complicated digital spaces with algos-
peak or other strategical behaviors.

Taken together, our findings have several implications for
digital governance and online ecosystems. First, the topic-
selective and incentive-dependent nature of algospeak sug-
gests that content creators are not passive recipients of mod-
eration, but would instead strategically act in response to
perceived norms for their own interests. For platform de-
sign, this fact brings a significant insight: opaque, strict, or
even algorithmic moderation that users do not understand
may inadvertently encourage users to adopt distorted expres-
sions even in benign domains, and then impede user expe-
rience on the platform. Greater transparency in moderation
policies, along with better calibration of moderation algo-
rithms, should help restore user trust, reduce unnecessary
algospeak behaviors, and mitigate the decrease of content
quality. Second, our results highlight a collective dynamic in
which widespread algospeak use reinforces restrictive norms
on the platform, even in the absence of direct enforcement.
This phenomenon is also important for platform designers



who want to foster healthier digital spaces because it sug-
gests that moderation practices shape not only what content
is removed, but how communities learn to speak. By empiri-
cally examining these user dynamics, our study provides ev-
idence that content moderation should be evaluated not only
by accuracy and effectiveness, but also on their longer-term
impacts on social norms, trust, and creation.

Conclusion

Our work contributes to the empirical knowledge about user
behaviors under algorithmic moderation on social media
platforms. We illustrate how they evaded their perceived
moderation and what reasons drive their actions. Neverthe-
less, our study is limited in the scenario of Chinese movie-
recap videos and only examines one type of algospeak. Fu-
ture works could go beyond and examine more algospeak
behaviors in different scenarios. Moreover, it is important
to investigate the implication of algospeak and algorithmic
moderation on our culture outside of the social media world.

In summary, we think algospeak is a concerning phe-
nomenon online. We do not think algospeak could be pre-
vented by educating the users about language usage norms,
especially when the governmental restrictions on expres-
sions are still enforced. However, we do believe that narrow-
ing the trust gap between the users and the platform could
be beneficial. Fairly speaking, Douyin actually attempts to
regain user trust by being more transparent about their al-
gorithm and work process *. We would like to see more
platforms taking up such responsibilities to build a more
trustworthy ecosystem of information. We believe our ex-
pressions should be free from both top-down and bottom-up
manipulation, and a responsible and reliable platform is es-
sential to this goal.
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11.

12.

Ethical Checklist

. Would answering this research question advance science

without violating social contracts, such as violating pri-
vacy norms, perpetuating unfair profiling, exacerbating
the socio-economic divide, or implying disrespect to so-
cieties or cultures?

Yes, and the study advances understanding of user strate-
gies around algorithmic moderation, particularly in Chi-
nese online spaces, without collecting any private user
data. We focus on aggregate patterns of text alterations.

. Do your main claims in the abstract and introduction ac-

curately reflect the paper’s contributions and scope?
Yes, and the abstract clearly summarizes our main find-
ings.

. Do you clarify how the proposed methodological ap-

proach is appropriate for the claims made?

Yes, and we clearly describe and justify our methods in
Section “Methods and Data”, linking them to the re-
search questions.

. Do you clarify what are possible artifacts in the data used,

given population-specific distributions?

Yes, and we acknowledge that movie-recap content and
language usage are shaped by Chinese social media cul-
ture and moderation expectations.

. Did you describe the limitations of your work?

Yes, as we did in our Discussion section.

. Did you discuss any potential negative societal impacts

of your work?
No, because there is no visible negative societal impact
of this work.

. Did you discuss any potential misuse of your work?

No, because there is no misuse cases of this work.

. Did you describe steps taken to prevent or mitigate po-

tential negative outcomes of the research, such as data
and model documentation, data anonymization, respon-
sible release, access control, and the reproducibility of
findings?

NA

. Have you read the ethics review guidelines and ensured

that your paper conforms to them?

Yes, and we adhered to the ethical guidelines for data col-
lection, anonymization, and impact awareness through-
out the project.

Did you clearly state the assumptions underlying all the-
oretical results?

NA, our study is primarily empirical and descriptive
rather than based on formal theoretical modeling.

Have you provided justifications for all theoretical re-
sults?
NA

Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical results?
Yes, and we consider both compliance and strategic be-
havior theories in interpreting users’ alteration decisions
in Section 5.1.
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13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Have you considered alternative mechanisms or explana-
tions that might account for the same outcomes observed
in your study?

Yes, and we discuss that both platform moderation and
user monetization strategies may jointly influence alter-
ation behavior. See Section 5.2.

Did you address potential biases or limitations in your
theoretical framework?
NA, no formal theoretical framework is presented.

Have you related your theoretical results to the existing
literature in social science?

Yes, and we reference prior work on content moderation,
algospeak, and Chinese internet governance in both Re-
lated Work and Discussion sections.

Did you discuss the implications of your theoretical re-
sults for policy, practice, or further research in the social
science domain?

Yes, and we discuss how findings may inform future plat-
form transparency and user education policies in Discus-
sion.

If your work uses existing assets, did you cite the cre-
ators?

Yes, and we credited the Github repo and the commercial
moderation APIs and video platforms in the Methods and
Data section.

Did you mention the license of the assets?

Yes, and all video captions were scraped from publicly
available content under fair use; commercial APIs are
used under their terms of service.

Did you include any new assets in the supplemental ma-
terial or as a URL?

No, because the video dataset includes platform- and
channel-level information that could potentially be de-
anonymized.

Did you discuss whether and how consent was obtained
from people whose data you’re using/curating?

Yes, and the data consists of public content posted by cre-
ators on YouTube, which is accessible without login or
subscription. We do not analyze user comments or pro-
file data.

Did you discuss whether the data you are using/curating
contains personally identifiable information or offensive
content?

No, but we verify that our dataset does not contain any

PII

If you are curating or releasing new datasets, did you dis-
cuss how you intend to make your datasets FAIR?

NA

If you are curating or releasing new datasets, did you cre-

ate a Datasheet for the Dataset?
NA



An example of Algospeak

L et (1°F 7
(/‘

Figure 2: This is a screenshot taken from a movie-recap video about The Hobbit. The word #§ & (“elf”), which pronounced as
Jing Ling in the caption was altered into ¥5L. This term is likely to be altered because of its superstitious nature instead of other
positive or negative meaning. The red rectangle approximately represents the area we searched for and extracted the hard-coded
caption text.

An example of Embedded Ad

(RRZF)
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AL LE B
Figure 3: This is a screenshot taken from a movie-recap video with an embedded advertisement. The creator inserted a clip of

advertisement for a vehicle information platform. Not only the video frame is covered partly by this ad, the narrative caption is
also replaced by this ad.
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An example of cross-posting

B2
KR
(@XiaoKMovies - 6.87K subscribers - 7.1K videos
ARIF, BER [)KHH] H55E ...more

Home Videos Shorts ()

Oldest

o

#EEAEER IR #‘ré'H HREHBIH.

94 views + 9 hours ago

TROVOTRIF? #B1 #5 #GR AR+

49 views + 1 day ago

PP

i BO-EERER, RREEZR! B—BE

B ABSRRL
R? REAIRRE.. 7R #R25 #1064 #8..

175 views + 1 day ago

€0) B (—) BRRHNE § —#0—85, MEUBRENEE! RS
B? #BR #RF 4T 5 #RMRIR

61views « 1 day ago

—EBE AT, EWEMASSS FMEEER [
NE! BAMBREER #BH 425 48

35 views - 1 day ago 25 views - 1day ago

H SCE S
ARRRTET 484 $RF #BH 458,

i
Bt

35 views - 1day ago

, MIRRRELEEH
#HBE #RR #BWF R R

BE-EO—BNEREE, BEEAESE
B #BR #RK HRWF #R5 FREARR

73 views - 1 day ago

(a) YouTube Account

KEAR
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{Ed 147
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Ll 2

EEFRBRENT 2RERME"

BB BOSIES ., HIEF

Figure 4: This is an example of one content creator cross-posting contents on both YouTube and Douyin (TikTok).

Prompts to build DAT

System Content

You are a helpful assistant that can help me detect the ab-
normal words in Chinese subtitles and infer the censored
terms. You should find the abnormal terms in Chinese sub-
titles. These terms usually have one or multiple English let-
ters, which are the initials of Chinese Pinyin of the original
Chinese characters. For example, ‘[iiilg’ is the censored term
of *[ifi] %’, because 52has pinyin as ‘gui’ and the initial is ‘g’.
You should identify these terms and then infer the original
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Chinese terms. You should output the all detected results of a
sentence in a dictionary, with the abnormal terms as the keys
and the inferred terms as the values. Each abnormal term has
the minimal length as 2, at least one English letter, and only
one correct inferred term. If there is no abnormal term in the
text or you cannot confidently infer the original term, you
should respond an empty dictionary as “{}”. The provided
subtitle text could be messy, but you just need to look for the
abnormal terms that have Pinyin initials and could ignore
English words or common Chinese-English mixed words.



Here are some examples:

Text: Hf 75 fth Q@%@J H EzAH Outcome: {‘z7%:*
A}

Text: 181 [¥F T IANRREH T yJe K Outcome: {}

Text: 1k 55 37 2 & s Hil82Y) Outcome: { sl : fILs° }

Text: ncarbbsiX i /Nifldna—3f), ZEIRARE|— MR I
% Outcome: {}

Text: I 2R %€ B Z1%F SCHE 95 95 $17sx - Outcome:
{*sx: FEI }

Text: J5 2R 75 21 1) Fil 55 & A 7 fisifs %2291 T Out-
come: {“fis™: ", Jis T, 58 EED)

Text: AR ERF L EZM2)T Outcome: {}

Text: 724Inb 13t 1 N — & ABLTEENT 75X 3% A L
1033k Outcome: {EE:*HIRE"}
ﬂCJT}ext: % EHp T sJH Outcome: {*p T :*A| T, ‘sff>:*3E

I bl

Now, help me analyze the provided subtitle text.

Training Data
1. User: Text: NLORIE L H LR R BT
Assistant: Outcome: {‘sl: 5F$}

. User: Text: B2 R E R/ MERISTEE Bl o
Assistant: Outcome: {‘tx’:‘GEJ)"}

. User: Text: T ILH 5590 BF7 Z B IE7E Fparty
Assistant: Outcome: {}

. User: Text: BWEIREETE I B A TE MHFmERK B
Assistant: Outcome: {“Pfm’: Pf i}

. User: Text: hmu X% | {RZ L5 REHG £ 1R Th 2= 5
Assistant: Outcome: {}

. User: Text: KIIFEAbIyiEf
Assistant: Outcome: {‘b/7°:*F& /7, 7%

. User: Text: #&BUELEZR Tw
Assistant: Outcome: {*Tw’:*T 5"}

. User: Text: FIREL DL TAE IR Z LA E] T 455
Assistant: Outcome: {}

. User: Text: E%& ak it & —EL1d

Assistant: Outcome: {}

User: Text: ARML 2 fthz 2 &2

Assistant: Outcome: { ‘2% : ‘i %"}

User: Text: d—Z= A 51 1£54.6512mTT

Assistant: Outcome: {‘d—Z:*35—Z", ‘mJr’:*£ L’}

User: Text: iX W I F SCEGHG %5 W, ) L+ 1 1HRdAE

Assistant: Outcome: { V" :‘HLAR, «dFb":4TH0’}

User: Text: {1 Z 5 R HERIFA A T — &R AR ALE]

Assistant: Outcome: {}

User: Text: takealookatyoursurroundings /R & 143X B )

FF

Assistant: Outcome: {}

User: Text: g/ 77 P9 ALk 1 1002w

Assistant: Outcome: {1002 w’:‘100% /3" }

User: Text: 1774 & P55 4 B HUhER B B 22
Assistant: Outcome: {“ff{hi%’: ‘(%R }

User: Text: A& N EERIcE

Assistant: Outcome: {* T8 N5 «c4 B}

HIE}

10.
11.
12.
13.

14.

15.
16.

17.
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18. User: Text: YLeXEf
Assistant: Outcome: {“¥Yle’: YL’}

19. User: Text: A HZ R0 N LT E AN G041 55
Assistant: Outcome: {“%s’: 5550}

20. User: Text: vizercns 4 H] AAEAE TOIRTG) gt
Assistant: Outcome: {*J g’/ %}

Alteration Distribution

Based on the video and channel level alteration data, Fig-
ure 5 shows the distribution of video-level and channel-level
alteration rates in 100 bins. Both subfigures have alteration
rates as the x-axis and the numbers of videos or channels
as the y-axis. The left subfigure shows the distribution of
videos across different ranges of video-level alteration rates,
and we excluded the videos with alteration rate as 0 (157,343
videos) to make this figure easier to comprehend. The right
subfigure shows the distribution of channels across different
ranges of channel-level alteration rates.

Video-level Alteration Rates (>0)

o 1000

# of Vide

0.0 0.2 0.4 0.6 0.8 1.0
Alteration Rate
(a) Video alteration rate (excluding 0)
Channel-level Alteration Rates
25 A
20
2]
E
€ 15 -
©
<
(@]
5 10
$#
5 -
0 L1ty : :
0.0 0.2 0.4 0.6 0.8 1.0

Alteration Rate
(b) Channel alteration rate

Figure 5: Video and Channel Alteration Rates



Temporal Changes

We examine the temporal changes of alteration trends in dif-
ferent topics. Figure 6 shows the frequency of term alter-
ations in a few prominent topics over time. The y-axis rep-
resents the total number of videos with any term of a certain
topic, regardless altered or not, in their captions. The red bar
indicates the number of videos with the altered terms in their
captions, and the green bar indicates the number of videos
with the original terms in their captions. The numbers on
the bar represents the alteration rates of this topic on that
month. We find that there is no abrupt or consistent change
in alteration rates over months in these prominent topics, as
shown in the close alteration rate numbers in Figure 6. Given
the limitation of video data time range and most channels on
YouTube were created in 2024, we could only conservatively
conclude that there was no significant temporal change in
terms of topic sensitivity and algospeak behaviors during the
time period we observed.

Video Caption Terms about 'Kill*

40000

mmm Terms Altered
mmm Terms Not Altered

35000
30000
25000
20000

# of Videos

15000
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5000

& ®
‘I.Q.LI>l 'L“’IA

& @ @ I e

Month

Video Caption Terms about 'Poison/Drug’

12000
mmm Terms Altered

100001 W Terms Not Altered
8000
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# of Videos

4000

2000

Video Caption Terms about 'Most'

mmm Terms Altered
B Terms Not Altered

# of Videos

o o S0 S S & A0 A A
2 o 2 A 2 R 2 2 o

& @ @

Month

Figure 6: Video Alteration by Topics over time: the percent-
age numbers in the bars represent how many (%) videos are
altered

The Effects of the First Embedded Ad

The surprising results in Table 3 raise a puzzle about the
causality between ads and algospeak, as well as the poten-
tial cause of this phenomenon. So we chose to investigate
whether the first embedded ad of a channel, at least shown
in the YouTube videos, has a significant causal impact on
the alterations of following video contents. We constructed
a binary indicator Post as an independent variable to repre-
sent whether a date was before (0) or after (1) the moment a
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certain channel created its first embedded ad. We then esti-
mate two event-study models, one at the daily level (Model
3, covering 15 days before and after the ad) and one at the
weekly level (Model 4, covering four weeks before and af-
ter). In both models, the dependent variable is the channel-
level alteration rate (daily or weekly). We control for chan-
nel popularity via the log-transformed total followers and
likes, and we include channel fixed effects and time fixed ef-
fects (event-day or event-week) to absorb all time-invariant
channel characteristics and common shocks. Standard errors
were clustered at the channel level to account for within-
channel correlation. We expect to see that Post variable has
a significant coefficient if the first embedded ad somehow
changed the subsequent algospeak behaviors of users. How-
ever, as Table 5 show, both regressions show that “Post” in-
dicator is not significant in either model (p > 0.05), so we
have to keep the null hypothesis that the introduction of the
embedded ads did not affect channel-level alteration rates.

Statistic Model 3 Model 4

Dependent Variable Daily Alter Rate Weekly Alter Rate

No. Observations 536 109
Adj. R-squared 0.521 0.822
AIC -1758.634 -515.050
BIC -571.929 -445.075
Log-Likelihood 1156.300 283.530
F-statistic 3.508 8.831
Scale 0.00162 0.000423

Model 3 Model 4
Variable Coef (SE) z P> |z| Coef (SE) z P> |z
Intercept 0.031 (0.002) 12.882 0.000 0.012 (0.005) 2.469 0.014
Post 0.018 (0.017) 1.068 0.286 0.004 (0.007) 0.527 0.598
log_Followers 0.024 (0.001) 26.389 0.000 0.018 (0.001) 16.074 0.000
log_Likes -0.022 (0.002)  -12.979 0.000  -0.013 (0.001)  -19.169 0.000

Table 5: Regression Results of Two Event Study Models:
these tables omit the estimated coefficients for the channel
and event-day/week fixed effects for brevity.

Cizhua vs. Check51: Their Differences in
General Classification and Reasons for the Top
20 Most Altered Terms

Cizhua and Check51 generally classify flagged terms into
four levels: general sensitive, general forbidden, platform-
specific sensitive, and platform-specific forbidden (we set
the platform parameter as Douyin in our request since
YouTube is not an option in these Chinese tools). These
two tools often have no consensus on the sensitivity level
of the same term. Among all altered terms from content cre-
ators, Cizhua labeled 48.7% as general sensitive, 33.1% as
platform-specific forbidden, and 16.7% as platform-specific
sensitive. In contrast, Check51 categorized 60.8% as general
forbidden, 36.8% as general sensitive, and 1.2% as platform-
specific sensitive.

Table 6 lists the top twenty most frequently altered words
in the movie-recap video captions, along with their associ-
ated Cizhua and Check51 censorship reasons. Due to dif-
ferences in term granularity between our dictionary and the



commercial databases (e.g., “Die” vs. “Died”), not every al-
tered term has a directly corresponding reason in Cizhua or
Check51. In such cases, we referenced the reason associ-
ated with a similar word when possible. Nonetheless, some

altered terms still lack any corresponding reason in either
Cizhua or Check51.
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Table 6: The 20 most altered terms in movie-recap video captions and their associated reasons

Term (En)

Term (CN)

Cizhua Reason

Check51 Reason

Murder

AN

Uncivilized and violent lan-
guage

This term may violate adver-
tising law or has appeared in
known penalty cases, please
make your own judgment.

Suicide

Uncivilized and violent lan-
guage

Feudal (reactionary), super-
stitious,  pseudo-scientific
words

Killer

Involving politics, religion,
race, gender, terrorism, etc.,
affecting social stability

This term may violate adver-
tising law or has appeared in
known penalty cases, please
make your own judgment.

Corpse

IS

Death

AN

Death: Suspected medical
terminology

Death: Medical efficacy
language (Except for med-
ical, pharmaceutical, and
medical device advertise-
ments, any other advertising
is prohibited from involving
disease treatment functions,
and shall not use medical
terminology or language
that could easily confuse
the promoted product with
drugs or medical devices.)

Deceased

&S

Death: Suspected medical
terminology

Death: Medical efficacy
language (Except for med-
ical, pharmaceutical, and
medical device advertise-
ments, any other advertising
is prohibited from involving
disease treatment functions,
and shall not use medical
terminology or language
that could easily confuse
the promoted product with
drugs or medical devices.)

First

’First’ is a superlative adjec-
tive used to express the high-
est degree, typically used in
rankings or evaluations. If
used to indicate temporal,
spatial order, or steps (e.g.,
“first day”), these phrases do
not belong to superlative ad-
jectives expressing degree.

Exaggeration words. When
used in advertising, one can-
not exaggerate the product’s
leading position or superior-
ity to avoid misleading con-
sumers.

Murder

NE

Involves personal safety

This term may violate adver-
tising law or has appeared in
known penalty cases, please
make your own judgment.

Continued on next page
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Table 6 — continued from previous page

Term (En) Term (CN) | Cizhua Reason Check51 Reason

Second F It shall not contain content | Exaggeration words. When
involving ranking, recom- | used in advertising, one can-
mendation, designation, | not exaggerate the product’s
determination, selection, | leading position or superior-
award-winning, making a | ity to avoid misleading con-
list, spot-checking, test- | sumers.
ing, statistical analysis,
or publication of market
survey results that sort or
comprehensively evalu-
ate enterprises and their
goods or services (except
for approved comparative
marketing information).

Police Ly - Police Officer: Do not pub-
lish police, military uni-
forms, insignia, equipment,
and articles

Last a Initially: If it merely in- | Most: absolute, extreme

dicates temporal or spatial | words that cannot be ver-
sequence, or verifiable his- | ified. Pay attention to
torical facts that do not | whether combined phrases
change, and if there is fac- | lack objective standards for
tual evidence that can com- | measurement, such as ’best’
pletely and clearly express | or ’optimal’.

the meaning without mis-

leading consumers, then it

can be used.

Police Officer | &% - Do not publish police,
military uniforms, insignia,
equipment, and articles

Beat to Death | F]%F Beat: Involves violence, en- | Beat: This term may vio-

dangers personal safety late advertising law or has
appeared in known penalty
cases, please make your own
judgment.

Kill Off AR Murder: Uncivilized and vi- | Kill: Inappropriate language

olent language

Ultimately &K Initially: If it merely in- | Most: absolute, extreme

dicates temporal or spatial
sequence, or verifiable his-
torical facts that do not
change, and if there is fac-
tual evidence that can com-
pletely and clearly express
the meaning without mis-
leading consumers, then it
can be used.

words that cannot be ver-
ified. Pay attention to
whether combined phrases
lack objective standards for
measurement, such as "best’
or ’optimal’.

Continued on next page
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Table 6 — continued from previous page

Term (En) Term (CN) | Cizhua Reason Check51 Reason

Thoroughly W Do not include assertive or | Absolute, extreme words
guarantee language indicat- | that cannot be verified
ing efficacy or safety, such
as “safe”, “no side effects”,
“non-addictive”, “best ther-
apeutic effect”, “guaranteed
cure”, “will cure”, “com-
plete cure”, “immediate ef-
fect”.

Kill FY4 Murder: Uncivilized and vi- | Inappropriate language
olent language

Handgun Tt Rifle: Involves gray indus- | Prohibited from publishing
tries, illegal industries, ille- | information about “firearms,
gal tools, prohibited goods, | ammunition, military
or other content related to il- | weapons”
legal activities

Bullet F5E Rifle: Involves gray indus- | This term may violate adver-
tries, illegal industries, ille- | tising law or has appeared in
gal tools, prohibited goods, | known penalty cases, please
or other content related to il- | make your own judgment.
legal activities

Must il Extreme  words/absolutist | Words suspected of being
language; evidence must | absolute, extreme, and im-

be provided to prove they
conform to the facts, oth-
erwise they are considered
absolutist statements.

possible to verify
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