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Abstract

In today’s digital landscape, the prevalence of sensitive online
content has made rrigger warnings essential. These warnings
inform viewers that the content they are about to see contains
sensitive artifacts (e.g. violence). This paper studies the use of
trigger warnings, exploiting data from two major platforms:
Does the Dog Die, a crowdsourcing trigger warnings plat-
form, and IMDb, a media database. We first study how dif-
ferent media types (e.g. films, video games, and TV shows)
are labeled with varying trigger warnings and the different
co-occurrence patterns among different trigger warnings. We
also discover controversy surrounding certain trigger warn-
ings, with inconsistent opinions stated by different people.
We further show that different jurisdictions (e.g. USA vs. UK)
assign different content ratings (e.g. R-18) for the same me-
dia, even when the same trigger warnings are present. Finally,
we develop automatic detectors to identify trigger warnings
from IMDD text. We achieve F1 scores exceeding 0.7 for all
10 selected trigger warnings.

Introduction

Trigger warnings have become increasingly common in var-
ious mediums, including books, movies, and online media
media (Stratta, Park, and deNicola 2020; Wiegmann et al.
2023; Blackwell et al. 2019; Ling, Gummadi, and Zannettou
2023). A trigger warning! is a statement warning people that
they may find certain parts of the content (e.g. blog post or
movie) upsetting (Charles et al. 2022). It can also be indi-
cated by ratings, often using age suitability for the content,
such as over-13 (Barranco, Rader, and Smith 2017). Prior re-
search shows that people value such warnings for sensitive
topics such as sexual assault and suicide (Boysen et al. 2021;
Bryce et al. 2023; Lockhart 2016). Given that online content
includes material that may be disturbing to some individuals,
it has also become increasingly noticeable in online com-
munities (Bridgland, Bellet, and Takarangi 2023; Scott et al.
2023). Consequently, there have been attempts to standard-
ize trigger warnings for online environments (Bryce et al.
2023; Hirsch 2020; Charles et al. 2022).

There are significant challenges in establishing standard-
ized and systematic trigger warnings for online content due
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to the variance in content types and the demographics of
their targeted audience. We identify two specific challenges:
(i) Complexity of content: The multimodality of online
platforms enables users to consume all types of content, in-
cluding books, movies and video games. Earlier research has
highlighted that movies and video games may be associated
with violence, and risky behavior-related content, respec-
tively (Charles et al. 2022). We currently lack a compre-
hensive analysis of content-specific trigger warnings. This
could help uncover multiple viewing risks associated with
each type. (ii) Diverse sensitivities of users: The use of trig-
ger warning varies with demographics (Charles et al. 2022),
and the effectiveness of trigger warnings is closely linked
with individual experiences (Blackwell et al. 2019). There is
currently a lack of knowledge on how such trigger warnings
are interpreted across different countries and platforms.

In this paper, we characterize trigger warnings based on
the type of content and the target users (e.g. based on ge-
ography). We focus on two platforms: the crowd-sourcing
trigger warning platform, Does the Dog Die (referred to as
DTDD), and a media content information database, IMDb.
DTDD enables users to create trigger warnings by posing
specific questions about potential triggers in media content
(e.g. a movie or a video game). These questions are then
answered by other users. This question-and-answer format
offers users the flexibility to identify specific trigger warn-
ings they care about. We use the warnings and rating systems
to explore the cultural and social sensitivity across different
countries (Barranco, Rader, and Smith 2017). This allows us
to gain a comprehensive understanding of content sensitiv-
ity, and the interplay between specific trigger warnings and
rating systems (e.g. R-18, 13+). We answer the following
research questions:

RQ1: What are the differences between the trigger warn-
ings associated with different types of content (movie, TV
series, video games)?

RQ?2: To what extent are individual jurisdictions (e.g. USA,
Europe, Asia) sensitive to different types of trigger warn-
ings? How do these differences manifest in the rating sys-
tems (e.g. R-18, 15+) of each country?

RQ3: Can we build a tool to automatically identify trig-
ger warnings, using free-text information (e.g. film descrip-
tions)?



By answering these questions, we make several key find-
ings:

* The distribution of trigger warnings vary across differ-
ent content types (i.e. movies, video games, and TV se-
ries). For example, TV series have a higher percentage of
trigger warnings related to mental and physical health as
compared to movies.

» Users demonstrate diverse sensitivities to different trig-
ger warnings, as demonstrated by their level of agree-
ment/disagreement (captured via votes). Trigger warn-
ings related to Diversity and Inclusion create
the greatest disagreement among users.

» There are differences between the official content rat-
ings and the user-promoted trigger warnings. For in-
stance, we find G-rated movies (deemed fit for all
ages) tagged with Social Concerns and Fear
and Aversions trigger warnings.

* The USA has stricter ratings compared to other jurisdic-
tions. This shows that the use of a non-USA rating in the
USA may result in an unexpected viewing experiences.
For instance, Mexico has lower age rating for alcohol and
drug-related content as compared to the USA.

Building on these findings, we develop automated detec-
tors to identify trigger warnings using free-text from items
on IMDb. We achieve F1 scores exceeding 0.7 for identi-
fying 10 popular trigger warnings. Notably, we obtain the
highest F1 score (81.13%) for the trigger warning “Is there
body horror?”, and 76.73% for “Are there jump scares?”.
These results underscore the potential of our detectors in au-
tomating the detection of trigger warnings.

Related Work

Online Content Trigger Warnings

Trigger warnings originated from trauma therapy, and then
spread to the internet in an attempt to help viewers iden-
tify problematic content (Knox 2017). Previous research
indicates that online warnings enhance the experiences of
communities (Dillahunt et al. 2017; Scott et al. 2023). A
recent study (Blackwell et al. 2019) examines the limita-
tions of trigger content within social virtual reality envi-
ronments. However, this research is primarily focused on
a specific context and lacks broader investigation into the
application of trigger warnings in more generalized set-
tings. (Charles et al. 2022) proposed the Narrative Expe-
riences Online (NEON) taxonomy, a framework for multi-
media warnings that encompasses a diverse array of data
sources, including online content. This taxonomy serves as a
foundational framework for future research in trigger warn-
ings. This work also highlights the varying demands for di-
versity across different types of media content. (Wiegmann
et al. 2023) provides a more precise definition grounded in
a semantically motivated classification system, utilizing a
dataset derived from the fan fiction community. Recently,
(Horne 2024) explored the feasibility of providing warning
labels using artificial intelligence. In contrast to our work,
this prior work focuses on warning labels related to false in-
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formation on social media platforms, whereas we focus on
trigger warnings for content.

Automatic Trigger Warning Generation

(Stratta, Park, and deNicola 2020) was the first work on au-
tomatic trigger warnings, building a browser plugin. The
authors conclude that client-side warnings are feasible and
that users respond positively. However, this study is limited
in scope, as it only addresses sexual assault warnings using
a simple dictionary-based approach. Subsequently, (Wolska
et al. 2022) examined binary document classification of fan
fiction documents. Another study (Zhang et al. 2021) ana-
lyzes trigger warning classification based on the IMDb Par-
ents Guide information, whereas (Khan et al. 2019) focuses
on predicting instances of violence. Later, (Wiegmann et al.
2023) extended the previous work and trained a multi-label
model. (Wiegmann et al. 2024) proposes further work in
the dictionary-based approach to detect passage-level trigger
warnings based on the same fan fiction dataset. The limita-
tions of these works include the reliance on datasets from a
single fan fiction platform, which may not provide compre-
hensive insights applicable to other contexts.

Our work is very different to the above. We investigate
trigger warnings using a unique user-generated ask-and-
answer dataset from DTDD. Our analysis explores the dif-
ferences in trigger warnings across various types of me-
dia. Additionally, we evaluate overall social content sensi-
tivity by analyzing trigger warnings in conjunction with con-
tent rating systems. By integrating datasets from DTDD and
IMDb, we further develop models to automatically detect
user-generated trigger warnings using both machine learn-
ing models and large language model (LLM) methods.

Dataset

In this section, we introduce our data processing pipeline, in-
cluding the data collection from Does the Dog Die (DTDD)
and IMDb.

Data Collection

To answer our RQs, we need both crowdsourcing trig-
ger warnings and rating systems from different countries.
Thus, we collect data from DTDD and IMDb. DTDD? is a
crowdsourcing trigger warnings platform, and IMDb is an
online database containing movie-related information. Be-
cause both platforms include more than one type of media
(movies, TV series, and video games), we use the term ifem
in the following sections.

Does the Dog Die (DTDD) DTDD is an online crowd-
sourced trigger warning community site, which covers films,
TV, books, and video games. On this site, users pose ques-
tions, e.g. asking “does the dog die”’? Then, the questions are
answered by other users by voting yes or no, alongside op-
tional text to explain their stance. If the number of yes votes
is larger than no, it is labeled as a valid trigger warning for
the item. There are 808 media items mentioned on DTDD.
Each media item includes basic information such as its type

*https://www.doesthedogdie.com/



40000
€
3
520000

v T Qo v T u o ¥ T 9 o ¥ T 0 9w v T 0 9w
S ® o S350 ST 9 S c o ST o
o fos fes [ i -
2 =3 ] = 3 3 = 3 3 = 3 3 = @ 5
E g v g v 8 v 3
= = =
Sex & Nudlty Violence & Gore Profanity Alcohol, Drugs &  Frightening &

Smoking Intense Scenes

Figure 1: Level distribution for each category of trigger
warnings on IMDb. The y-axis is the number of films in each
level.

(e.g. movie or TV series), the year it was published, and the
corresponding ID number on IMDb. The latter allows us to
easily link DDTD entries to metadata on IMBd. Each media
item can be associated with trigger warnings, taken from a
standardized list of 197. If a new trigger warning question
is proposed, it must receive more than 1,000 votes from the
supporters (paying users) before being added to this stan-
dard list. Once approved, the new question is automatically
added to the list for all media items. These trigger warn-
ings are classified into 34 groups by the platform, such as
Race, Relationships, Mental Health, etc. Overall, there are
19,889 unique users with an average of 4.5 comments and
10.2 votes. The full list of trigger warnings is in Appendix .

IMDb IMDb is an online database of information related
to films, television series, etc. It provides basic information
including directors, characters, ratings, and so on. We com-
pile a large IMDb dataset using the IMDBpy python library.
This covers all films on DTDD, including the Parents Guide
information provided by IMDb. The Parents Guide provides
official age-sensitive rating information (from several coun-
tries), and a voting function that allows people to vote if
the film contains certain types of sensitive content. The
vote function covers five categories of trigger warnings: (7)
Sex&Nudity, (ii) Violence&Gore, (iii) Profanity&Alcohol,
(iv) Drugs&Smoking, and (v) Frightening&Intense Scenes.
Each of the five categories offers four levels of trigger warn-
ings: None, Mild, Moderate, and Severe. Users can there-
fore vote for which level each category has, e.g. mild Pro-
fanity&Alcohol. Based on the votes, IMDb assigns a final
trigger warning level for each category. Note, not all the
films have the Parents Guide information. In total, there are
114,283 items with 478,462 trigger warning levels. For con-
text, Figure 1 plots the distribution of levels, for each indi-
vidual category of trigger warning.

We then link each DTDD entry to its equivalent IMDB
page (recall, DDTD contains a link to the equivalent IMDb
page for each entry). Our dataset contains 676 items (434
movies, 208 TV series, and 34 video games) with 37,697
trigger warnings on DTDD. We collect the description and
storyline of each item from IMDb. Note, 16 TV series are
tagged as “TV shows” on DTDD. After manual confirma-
tion, we switch these labels to “TV series”. The complete
list of item IMDb ids are provided in the supplementary ma-
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terials.?

Data Pre-processing

Before analysis, we perform a number of pre-processing
steps.

Categorizing Trigger Warnings Recall, DTDD has 34
warning groups for 197 categories, with the number of warn-
ings per group varying from 1 to 34. A manual review of
these groups shows that there are several similar warnings.
For example, the Children group includes a trigger warning
“Does a kid die”, while the Death group contains a trigger
warning “Does someone die”, and the Family group includes
“Does a family member die”. Thus, we merge similar groups
to overcome the imbalance in between groups and make the
categories more coherent.

For this, we first filter any two trigger warnings with sim-
ilarity (>= 0.8) by sequence comparison using difflib.
23 trigger warning pairs are classed as similar using this ap-
proach. Following this, the first created is saved. We then
manually classify the remaining groups according to the tax-
onomy from multimedia triggers of Narrative Experience
Online (NEON) (Charles et al. 2022). This is a systematic
typology of content warnings covering five factors (Charles
et al. 2022). Table 1 shows our distribution across the five
categories. To provide brief insight into the categories, we
generate the top words in each category by TF-IDF in Fig-
ure 8 of the Appendix.

The description of each category is below:

* Diversity and Inclusion refers to the groups that are
often stereotyped or overall negatively portrayed in
films (Thomson 2021), such as those related to ethnicity
and sexual orientation.

» Fear and Aversions covers trigger warnings relevant to
personal fears and traumatic experiences such as PTSD.
This type of content can aggravate a viewer’s condi-
tion (Bellet, Jones, and McNally 2018).

* Mental and Physical Health These warnings are con-
cerned with well-being, with a special focus on mental
health, e.g. content related to suicide and disability.

* Social Concerns This category refers to warnings related
to social aspects such as family, child safety, and law en-
forcement.

* Violence and Sex This refers to violent or sexual content
such as gore, violence, and obscenity.

Characterizing Trigger Warnings in Different
Content

We start by characterizing the trigger warnings that we ob-
serve across all content types (RQ1).

Distribution of Trigger Warnings

We first analyze whether the distribution of warnings is the
same among the three content types (movies, TV, video
games).

*https://github.com/PeixianZhang/Trigger-Warning-Dataset



Category(n) Definition

Sub-categories(groups)

Examples |

Content depicts negative stereotypes about
or attitudes towards a specific group,
such as racism or sexism.

Diversity and Inclusion
(n=20)

LGBTQ+, Prejudice, Race,
Religious, Sexism

is there bisexual cheating

Fear and Aversions Content contains imagery, sounds, or effects

Animal, Creepy Crawly, Fear,

does someone wet/soil themselves

(n=39) that may frighten, disgust, or scare Gross, Loss, Noxious, Paranoia

Mental and Physical Health e T e Addiction, Disability, Drugs/Alcohol, ..
(n=32) Content relates to mental health issues. Medical, Mental Health, Sickness does someone attempt suicide
Social Concerns Content includes social or political issues Abandonment, Abuse, Children, Family,

(n=32) p . Law Enforcement, Pregnancy, Social

Content contains both violence and sexual
themes. The sexual themes include nudity,
sexual content, and relationships.

Violence and Sex
(n=51)

Assault, Bodily Harm, Large-scale Violence,
Sex, Relationships, Vehicular,
Death, Violence

is a child abandoned by a parent ‘
is there gun violence

Table 1: The category of the trigger warnings with definition and examples. n is the number of trigger warnings in the category.
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Figure 2: The figure explains the bootstrapping process on the dataset. (a) for the first step to get the yes trigger warning in each
category, normalize by percentage. (b) for the resampling process (c) The percentage of included trigger warnings within the

categories in different types of content.

Frequency of Trigger Warnings. First, we measure the dis-
tribution of trigger warnings across all items. However, the
limited number of samples in the dataset may lead to skewed
results. To alleviate this issue, we employ bootstrapping
(Mooney, Duval, and Duvall 1993). Bootstrapping is com-
monly used for reliable estimation of statistical properties
by resampling the available data with replacement (Lukin
and Walker 2017). The detailed steps are as follows.

The first step is shown in Figure 2(a). For each item, we
calculate the percentage of assigned warning labels for each
of the five warning categories. For example, if a movie is
labeled with 4 trigger warnings out of a possible 20 in the
Diversity and Inclusion category, the percentage
usage of this category for the movie is 20%. We then calcu-
late the percentages of five warning categories for all items
across the three content types (movies, TV, video games).
Therefore, each item obtains 5 percentage values for the cor-
responding 5 warning categories.

The next step is shown in Figure 2(b), where we process
the resampling. We divide all items into three parts (movies,
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TV, video games) based on their content types. Each time we
perform resampling with replacement, we generate a dataset
that is the same size as the original data. Then, we count
the mean value of the percentages of each category in the
resampled dataset. Finally, for each content item, we have
10,000 mean percentages of each trigger warning category.

Figure 2(c) displays the distribution of the 10,000 mean
percentages from each iteration of bootstrapping across the
various contents. Different types of content exhibit notable
distinctions in their percentage of trigger warnings. Among
all types of content, movies have the lowest mean percent-
age (21.10%) of trigger warnings among categories. This
can be compared to TV series (36.72%), and video games
(32.32%). One explanation is that movies typically have a
shorter runtime than TV series and video games. This find-
ing also hints that greater attention should be given to as-
signing trigger warnings in TV series and video games.

For all types of content after bootstrapping, the top
two frequent trigger warnings are Violence and Sex
(34.71%) and Fear and Aversions (33.65%). Com-



paring among content, TV series show higher Mental
and Physical Health content than the others. For
video games, the highest mean percentage of Fear and
Aversions is 40.55%.

Co-occurrence Among Trigger Warnings To better un-
derstand warning differences across content types, we next
investigate the co-occurrence of trigger warnings for each
content. We again perform bootstrapping with 10,000 itera-
tions. At each iteration, we take a random sample of the data
for each content type. For the given sample, we create a 5x5
matrix (5 being the number of warning categories). Thus,
each cell in this matrix will represent the number of items
that have two warning categories assigned to it that corre-
spond to the column and row of the cell. We then use this
matrix calculate the phi-correlation (¢) (Matthews 1975)
We compare category pairs individually and perform 10,000
bootstrapping iterations for each comparison. After each it-
eration, we calculate the phi-correlations. Subsequently, we
compute the mean value of all the phi-correlation results
across 10,000 iterations. We repeat this process for all the
content types. The bootstrapping helps decrease the effect
of the outliers.

Figure 3 presents the phi-correlation among trigger warn-
ing categories. We interpret the phi-correlation (¢) as fol-
lows: none or negligible (0-0.19), weak positive relation-
ship (0.20-0.29), moderate positive relationship (0.30-0.39),
strong positive relationship (0.40-0.69), and very strong pos-
itive relationship (higher than 0.7). Different types of con-
tent exhibit varying correlation patterns. The diversity of co-
occurrence in trigger warnings highlights the unique content
dynamics across various content types.

For movies, the Diversity and Inclusion cate-
gory does not correlate with the other categories. There
is a weak positive relationship between Fear and
Aversions and Social Concerns. A moderate pos-
itive relation exists among Social Concerns, Mental
and Physical Health, and Violence and Sex.
For TV series, Diversity and Inclusion has
stronger relationships with other categories than in movies,
especially Mental and Physical Health. One pos-
sible explanation is that TV series often contain more offen-
sive joke language compared to movies. This indicates the
need for a customized trigger warning strategy for different
content types. Interestingly, these correlations are extremely
high in video games. However, Fear and Aversions
have no correlation with other categories, for video games.
Fear and Aversions include several factors, such as
animals, ghosts, or even razors. They are relevant to the audi-
ence’s personal experience (Blackwell et al. 2019). We posit
that these correlations may be useful for helping automate
the identification of trigger warnings.

Users’ Vote and Comment Activities

Next, we examine users’ voting and commenting patterns.
Disagreement between users’ voting and comment patterns
may reveal differing opinions on which trigger warnings are
valid.
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Voting Patterns Since trigger warnings on DTDD are
based on user votes, we begin by analyzing the patterns of
confirmed and rejected trigger warnings. Confirmed votes
for an item indicate a greater number of “yes” votes than the
“no” votes for a given trigger warning. Conversely, rejected
trigger warnings refer to those that have a greater number of
“no” votes than the “yes” votes.

To evaluate the diversity of the votes, we use Shannon
Entropy (Shannon 1948). Given that there are two possible
vote options (yes and no), the entropy is constrained within
the range of 0 to 1. An entropy value approaching 1 signi-
fies a higher level of controversy associated with the trigger
warning, whereas an entropy value near 0 indicates a lower
degree of controversy.

Figure 4 shows the distribution of the entropy for differ-
ent content items for (a) confirmed and (b) rejected trig-
ger warnings, separately. We observe that the entropy is
lower for the rejected trigger warnings compared to con-
firmed trigger warnings. We conjecture that this difference
is attributed to the varying sensitivities on specific trigger
warnings. More specifically, users tend to foster consensus
when rejecting trigger warnings but generate varied opinions
when confirming trigger warnings. Overall,lDiversity
and Inclusion isthe mostcontroversial category across
all the content, with the most controversial trigger warning
is “Is there ableist language or behavior?”

Votes vs. Comments Next, we take a closer look at the ra-
tio of user comments and user vote activity. We count each
trigger warning’s comment rate by the ratio of the num-
ber of comments vs. the number of votes. For each trigger
warning question, we suppose that a higher comment fre-
quency indicates a greater level of concern. To obtain an
overall estimate, reducing the bias from small samples, we
conduct 10,000 bootstrapping iterations again (Mooney, Du-
val, and Duvall 1993). We separately process interactions of
confirmed and rejected trigger warnings and calculate the
mean comment ratio for each interaction. Figure 5 shows
the distribution of the mean comment rates from 10,000
bootstrappings of different categories. Across all content,
Diversity and Inclusion exhibits the highest com-
ment rate. To explain this phenomenon, we manually check
the comments’ content. Typically, these comments articulate
the associated plots of the corresponding trigger warning,
alongside any justification for the chosen vote. This obser-
vation suggests that, in the majority of categories, a higher
percentage of users demonstrate higher confidence in the
rejected trigger warnings than accepting them. Conversely,
within the category of Fear and Aversions, a higher
percentage of users exhibit assurance in recognizing and af-
firming the relevant trigger warnings.

Our analysis reveals that TV series and video games pos-
sess a greater number of potential trigger warnings com-
pared to movies. While movies and TV series include more
Violence and Sex trigger warnings, video games in-
clude Fear and Aversions. Moreover, trigger warn-
ings related to Diversity and Inclusion demon-
strate the highest disagreement (among votes) and com-
ments ratio, suggesting a wide range of sensitivities regard-
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ing this topic.

Exploring Rating Systems Among Countries

We next inspect the individual rating systems of each coun-
try. Here, we seek to explore how each country assigns (dif-
ferent) ratings to each media item (RQ2).

Aligning Rating System

To compare the different rating systems across the countries,
we first align the rating scores across the content types and
countries. For example, the MPA system is used for movies,
whereas the PEGI rating system is used for video games.
These different rating systems make it difficult to compare
different types of content directly.
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Figure 5: The distribution of comments rates within the cat-
egories in different types of content.

To address this, we note that most rating systems rely on
age ranges. Thus, we use age as the common ground to align
differences in rating systems. Moreover, age can be used as
a standard comparison scale to see the difference in country
ratings. We compare each country’s ratings to the USA as
a common baseline to simplify later comparisons. Figure 6
shows the labels across various countries’ rating systems,
mapped to the age range.

We identify 3 ratings, which all country’s ratings are then
mapped to: G, PG, and R. G indicates that the content is suit-
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Figure 7: The percentage distribution of trigger warnings
for individual items across various categories, segmented by
different ratings (G, PG, R). The green triangles represent
the mean average values.

Mean diff
(post-hoc)  (post-hoc)
G<PG ns

G<R *

PG<R ns

G>PG -

G>R -

PG<R -

G<PG
G<R
PG<R
G<PG -
G<R -
PG<R -
G<PG
G<R
PG<R
G<PG
G<R
PG<R

p-value

Categories KW H(2)

Diversity and Inclusion 16.90(**%*)

Fear and Aversions 3.40(ns)

Mental and Physical Health ~ 32.53(***)

Social Concerns 4.73(ns)

Violence and Sex 62.57 (k)

All 67.54(+%)

Table 2: Pair-wise comparison of groups by the Kruskal
Wallis test with Dunn’s post-hoc test. There are four types:
¥ (p < 0.001), **(p < 0.01), *(p < 0.05) and ns
(p > 0.05).

able for a general audience, PG signifies that parental guid-
ance is advised, and R denotes that the content is restricted
to adult audiences.

Correlation Between Warnings and Ratings

Recall, we group all the crowdsourcing trigger warnings into
five categories. Because there is more than one content type,
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we use the term “item”, and each item has an aligned rat-
ing from G, P, and R. We begin by analyzing ratings from
the USA to assess their relationship with trigger warnings.
Because higher ratings may suggest that the item is suitable
for a more limited group, we hypothesize that items with
higher ratings may have more trigger warnings. We, there-
fore, calculate the percentage of trigger warnings associated
with each item within each category.

Figure 7 presents the percentage of media items that have
each category of trigger warning. We divide films based on
their rating (G, PG, R). Intuitively, items rated R exhibit a
higher mean percentage of trigger warnings compared to
those rated PG and G. We notice that G-rated items show the
highest average in Fear and Aversions.Moreover, all
three ratings have a relatively similar average in Social
Concerns. To confirm the differences in the distribution
between the three ratings, we perform a non-parameter test
(the Kruskal-Wallis test) on the number of trigger warnings
in different categories with different ratings. Table 2 shows
the Kruskal-Wallis result followed by post-hoc Dunn’s test.
The results indicate that the categories Violence and
Sex and Mental and Physical Health exhibit sta-
tistically significant differences between the G and R ratings,
as well as between the PG and R ratings. There are also
fewer statistically significant differences in Diversity
and Inclusion. The reasoning is intuitive, however, we
also find that the different ratings do not demonstrate statis-
tically significant differences for Fear and Aversions
and Social Concerns trigger warnings. This suggests
that rating systems may not effectively convey informa-
tion about potential trigger warnings related to Fear and
Aversions and Social Concerns.

Rating Agreement Among Countries

Next, we explore how the ratings assigned in each region
differ (for the same media item). This helps us understand
the cultural and social sensitivity among countries.

Rating Agreement Among Countries We notice that dif-
ferent countries sometimes give different content ratings for
the same items. To evaluate the difference, we take the USA
as a baseline and compare the 18 other countries that have at
least 100 rated items in common with the USA. The number
of common items shared by each country with the USA is
presented in Appendix Table 6.

We first compare the agreement between the USA and the
other countries using Cohen’s Kappa score. Interestingly, the
average Cohen’s Kappa among 18 countries is 0.119, indi-
cating only a slight agreement. There are six countries with
a Cohen’s Kappa less than 0. Only Spain and Canada have a
moderate agreement (ranging from 0.4 to 0.6). This reflects
the diversity in ratings assigned by each country.

To further understand the disagreement among countries,
we calculate the risk ratio (RR) metric. For each country ¢
and for each rating r, we calculate the following:

N(r,c)
M
N(r,USA)
M

RR(r,c) = (1
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Table 3: The SHAP results for the countries with a weighted F1 score higher than 0.7. The first column is the ranking of feature

importance. d represents the feature influence on the G class. Similarly,

where N (.) is the number of content items for rating  and
country c. M is the total number of common items across
the country c and the USA. The result from RR is a positive
value. For the same item, a RR < 1 indicates that a country
has fewer items of the given rating compared to the United
States. A RR = 1 indicates that a country has the same
number of items for the given rating as the United States. A
RR > 1 indicates that a country has more items of the given
rating compared to the United States. The full risk ratio re-
sults are given in Appendix Figure 9. Overall, the mean risk
ratio for R rated media items among all the countries is 0.15.
However, the mean risk ratio for PG is 2.64 and G is 5.98.
This means the other countries give a lower rating than the
USA, which aligns with the risk of unsuitable content being
exposed to younger audiences. To gain deeper insights, we
examine the genre tags associated with the items. 87.41% of
items in the Crime genre get lower ratings in other countries
than the USA. 86.37% of items in the the Adult genre receive
consistent ratings. One exception is Sweden, which prefers
to give lower ratings to adult items compared to the USA.

Impact of Trigger Warnings on Ratings Per-Country
The above analysis reveals discrepancies among the ratings
assigned by different countries. We next explore the specific
trigger warnings that contribute to these discrepancies.

To investigate how the ratings assigned to each item differ
on a per-country basis, we train separate decision trees to try
and predict the ratings for each country, based on the trig-
ger warnings listed on the IMDb parents guide. If the model
performs well, it will confirm a strong link between specific
trigger warnings and the rating assigned by the country. As
an input to the model, we use the IMDDb parents guide for
each of the five categories of trigger warnings mentioned in
Dataset Section ((i) Sex&Nudity, (i7) Violence&Gore, (iii)
Profanity, Alcohol, (iv) Drugs&Smoking, and (v) Frighten-
ing&Intense Scenes). This produces a 5-item vector, with
each item corresponding to one of the five specified trigger
warnings. Categorical data is numerically encoded as fol-
lows: 1 for None, 2 for Mild, 3 for Moderate, and 4 for Se-
vere, with a value of 0 representing the absence of data in the
category. The model is then trained to use these features to
predict the content rating for the media term (G, PG, or R).
Note, we train a separate model for predicting each coun-
try’s assigned rating. We employ a grid search to optimize
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stands for PG and ® stands for R.

the hyper-parameters of each model. 6 out of 18 countries
get a weighted F1 score higher than 0.7. The hyperparame-
ters of the models are in Appendix Table 7.

To measure which trigger warnings influence the ratings,
we utilize SHAP (SHapley Additive exPlanations) (Lund-
berg 2017) to interpret feature influence. SHAP assigns
each feature a Shapley value, which represents its average
marginal contribution to the prediction across all possible
combinations of features.

Table 3 presents the rank of features and whether it influ-
ences a specific class based on the Shapley value. The first
column denotes the rank order of feature importance based
on their SHAP value. The table highlights the diverse im-
pact of trigger warnings across different countries. Unsur-
prisingly, Sex &Nudity is the most important feature in
predicting the rating, often resulting in R. It ranks as the sec-
ond most important feature on an average of six countries.
However, the lowest ranked is Violence &Gore with
an average rank of 3.8. The diverse rank of different trig-
ger warnings among countries offers insights into the inter-
pretation of trigger warnings across cultures. For example,
based on ratings, audiences are more likely to be shielded
from sex-related content, while being more exposed to un-
expected violent content. These analyses could enhance the
effectiveness of practical trigger warnings in different coun-
tries. For instance, trigger warnings related to alcohol, drugs,
and smoking may be particularly relevant for users in Mex-
ico, as this factor is not considered so important in the offi-
cial ratings.

Automating Trigger Warnings Detection

As a crowdsourcing platform, DTDD offers detailed trigger
warning. Specifically for each item, there are 197 potential
trigger warnings (see the full list in Appendix), which are ab-
sent from traditional platforms like IMDb. These more fine-
grained trigger warnings assist audiences in making more
informed choices, and avoid potentially sensitive content.
However, replicating this crowdsourcing approach for all
items on IMDb would be both labor-intensive and time-
consuming. To address this challenge (RQ3), we develop
detectors to identify trigger warnings in items on IMDb.



Trigger warnings Num of samples

Positive  Negative
Religion is discussed (Diversity and Inclusion) 217 214
Someone speaks hate speech (Diversity and Inclusion) 299 312
There’s audio gore (Fear and Aversions) 263 337
An animal is sad (Fear and Aversions) 307 190
Someone uses drugs (Mental and Physical Health) 313 299
There are jump scares (Mental and Physical Health) 290 322
Someone is kidnapped (Social Concerns) 273 331
There’s incarceration (Social Concerns) 240 194
There’s body horror (Violence and Sex) 287 276
There’s abusive parents (Violence and Sex) 248 285

Table 4: The selected 10 trigger warnings, and the posi-
tive/negative sample sizes for each.

Experimental Design

Our objective is to develop a tool that can automatically
identify trigger warnings. We focus on the 646 items that ap-
pear on both DTDD and IMDb. We utilize data from DTDD
as the ground truth for each item. For each trigger warn-
ing listed on DTDD, an item is marked as 1 (positive) for
the corresponding trigger warning if it receives more “Yes”
votes than “No” votes. Conversely, if an item receives more
“No” votes than “Yes” votes, it is marked as 0 (negative)
for that trigger warning. Based on these votes, we establish
the ground truth labels of all 646 items for each of the 197
trigger warnings.

Considering the cost of running the experiments, we fo-
cus on 10 trigger warnings. Specifically, we select 2 trig-
ger warnings with the most balanced distribution of positive
and negative samples from each of the 5 categories outlined
in Dataset Section. Table 4 displays the ten selected trig-
ger warnings, along with the quantities of positive and neg-
ative samples associated with each trigger. The first column
lists the trigger warnings and their respective categories. The
subsequent two columns indicate the number of positive and
negative samples.

Based on the ground truth labels mentioned above, we
then train detectors (one per trigger warning) to predict
whether an item should be tagged with the given trigger
warning (1) or not (0). As input features, we utilize the
item’s text-based description and storyline on IMDb.

Trigger Warning Detector Design

In designing our trigger warning detector tool, we employ
two types of models: large language models (LLMs) and tra-
ditional machine learning models. We evaluate these mod-
els in the context of the classification task, comparing their
performance to identify the most effective model for trigger
warning detection.

LLMs. We select GPT-4o as the representative of LLMs.
We utilize the official API provided by OpenAl and design a
tailored prompt specifically for detecting trigger warnings.
An example of our prompt, used to identify a particular
trigger warning, is shown below. The bold “Is religion dis-
cussed” serves as the specific trigger warning in this exam-
ple.

“role”: “user”, “content”: “‘Prompt’: You're an expert
in item and content moderation. Your task is identify Is re-
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ligion discussed in this item based on its description and
storyline. ‘Labels’: [ Yes’, ‘No’], ‘item’: item description +
item story line.”

Machine Learning Models. We experiment with 7 ma-
chine learning (ML) algorithms: Random Forest Classifier
(RF), Logistic Regression (LR), Support Vector Machine
(SVM), K-Nearest Neighbors (KNN), Gradient Boosting
Classifier (GB), Decision Tree Classifier (DT) and Gaussian
Naive Bayes (GNB).

For the seven traditional machine learning models, we
employ vector embeddings of the IMDD item descriptions
and storylines as features. We utilize all-MiniLM-L6-v2, a
widely recognized model from the SentenceTransformer se-
ries (Reimers and Gurevych 2019), to generate vector rep-
resentations of these texts. The SentenceTransformer series
comprises pre-trained models that excel at transforming sen-
tences into dense vector representations, effectively captur-
ing the semantic meaning of the text. The all-MiniLM-L6-v2
model is extensively used in studies for generating vector
embeddings of text sentences (He et al. 2024, 2023).

We then train binary classifiers for predicting if a media
item should contain a particular trigger warning. Note, we
train a separate classifier for each trigger warning. For each
trigger warning, the item samples are divided into a training
set and a test set (80:20 ratio). During the training phase, we
employ 5-fold cross-validation and use grid search to opti-
mize the parameters of each classifier. The specific parame-
ters for each classifier are detailed below:

e Random Forest: ‘n_estimators’: [5, 50, 100, 250];
‘max_depth’: [2, 4, 8, 16, 32, None].

* Logistic Regression: ‘penalty’: [‘11°,12’]; ‘C’: [0.001,
0.01, 0.1, 1, 10, 100, 10007].

* Support Vector Machine: ‘C’: [0.001, 0.01, 0.1, 1, 10,
100, 1000]; ‘kernel’: [‘rbf’, ‘linear’, ‘sigmoid’].

* K-Nearest Neighbors: ‘n_neighbors’: [1, 3, 5, 7, 9]; ‘al-
gorithm’: [‘auto’, ‘ball_tree’, ‘kd_tree’, ‘brute’].

* Gradient Boosting: ‘n_estimators’: [100, 300, 500, 800];
‘learning_rate’: [0.01, 0.1, 1, 10].

* Decision Tree: ‘max_depth’: [2, 4, 8, 16, 32, None].

* Gaussian Naive Bayes: ‘var_smoothing’: [le-8, 1e-9,
le-10].

Evaluation

Table 5 presents the performance metrics for all models
tasked with identifying the selected 10 trigger warnings.
We achieve F1 scores exceeding 70% across all these trig-
ger warnings. The highest F1 score is 81.13%. This is at-
tained for the trigger warning “Is there body horror” in the
Diversity and Inclusion category, while a score
of 76.73% is recorded for the trigger “Are there jump scares”
in the Mental and Physical Health category.
GPT-40 demonstrates surprisingly poor performance in
detecting all trigger warnings, as evidenced by the last col-
umn of Table 5. Examination of GPT-40’s confusion matrix
reveals a high incidence of false negatives, with most items
being incorrectly classified as negative (indicating the ab-
sence of the corresponding trigger warning). This trend is



Trigger warnings

Performance of models (measured by F1-score (%))

RF LR SVM KNN GB DT GNB GPT-4o
Religion is discussed 70.71 6799 69.51 69.51 65.83 62.19 7045 31.28
Someone speaks hate speech  70.17 71.90 70.78 60.52 65.77 6547 70.18 16.56
There’s audio gore 7411 7246 7328 67.11 63.81 6335 7048 20.74
An animal is sad 63.21 6826 73.01 67.16 56.65 59.03 71.59 13.16
Someone uses drugs 71.23 68.69 69.57 6434 5734 61.74 68.64 35.71
There are jump scares 76.73 7432 7481 68.07 68.89 63.11 7525 48.33
Someone is kidnapped 72.68 6571 71.27 6577 59.14 60.18 67.40 21.05
There’s incarceration 69.63 7144 7029 71.61 7175 65.83 67.04 17.04
There’s body horror 81.13 7144 71.61 6873 74.14 6502 73.55 53.30
There’s abusive parents 73.68 69.80 69.29 6593 63.35 69.26 68.52 21.18

Table 5: Classification results of models for all trigger warnings. For convenience, we embolden the best result for every trigger

warning.

consistent across almost all trigger warnings evaluated by
GPT-40. In contrast, the classification outcomes from the
seven other machine learning models do not exhibit such a
skew, maintaining a balanced distribution of true positives
(TP), true negatives (TN), false positives (FP), and false neg-
atives (FN).

To explore this, we manually review the text output from
ChatGPT. To facilitate this, our prompts asks ChatGPT to
provide an explanation of all labels that it predicts (see
Apendix). Two independent authors then manually review
these explanations on all ten trigger warnings’ output re-
sults. We find that ChatGPT often has a different explana-
tion of trigger warnings compared to crowdsourced evalua-
tions. For example, in the best-performing trigger warning,
“Is there body horror”, ChatGPT’s explanation of its predic-
tion highlights that body horror refers to unnatural or fantas-
tical transformations of the body. As a result, it states that
killing sprees or physical harm are not considered forms of
body horror. In contrast, such elements are considered body
horror in the crowdsourced DDTD explanations, resulting
in the discrepancy. Machine learning models can leverage
these patterns during the training process (which a zero-shot
GPT approach cannot) to enhance performance in trigger
warning detection. Although the limited number of samples
pose a challenge to further improving the models’ perfor-
mance, our detector achieves an F1 score of up to 81.13%,
demonstrating its potential for effective trigger warning de-
tection. This labor-saving automatic annotation tool could
enable media websites, such as IMDDb, to automatically ap-
ply more fine-grained trigger warnings to their content. Ad-
ditionally, it could facilitate the development of various fea-
tures designed to enhance user experience, including ad-
vanced search systems.

Discussion and Conclusion

We have examined trigger warnings across different media
types, and analyzed their relation to the rating systems of
various countries. Our work highlights the need for a more
comprehensive approach to evaluating and flagging trigger
warnings in media.

Based on our analysis, we have also developed detectors
to identify trigger warnings automatically using free-text
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from IMDb. We achieve F1 scores exceeding 0.7 for all of 10
selected trigger warnings. The highest F1 score of 81.13%
underscores the potential of our detectors in automating the
detection of trigger warnings. This could be applied to plat-
forms like IMDb or integrated into streaming platforms like
Netflix to automatically assign context-aware trigger warn-
ings. Our results highlight that such integration should be
tailored to each country, and offer users the option to choose
which trigger warnings they prefer. Considering the poorer
performance of LLMs, to enhance real-world applicability,
further fine-tuning could involve combining user survey re-
sults in the future.

Our study acknowledges key limitations that may affect
our findings. We relied solely on IMDb and DTDD data,
which, while a rich source for mainstream film and televi-
sion data, lacks diversity of media types and user-generated
content found on platforms like TikTok and YouTube. Ar-
guably, this restricts our ability to capture the variety of
media utilizing trigger warnings. Additionally, our focus on
English-language content limits the applicability of our find-
ings to non-English contexts. In the future, we plan to in-
corporate data from additional platforms and languages to
provide a broader perspective. Despite these constraints, our
study is one of the first to quantitatively analyze trigger
warnings across three media types, laying the groundwork
for future research to expand on these findings with a more
global and diverse dataset.

We have incorporated data from the user-generated plat-
form DDTD, which offers a unique perspective on trigger
warnings across various media. However, relying on user-
generated warnings potentially introduces sampling biases
that must be considered. The users contributing to DTDD are
a small self-selecting subset of the population. Further, users
on such platforms may focus on popular films or games,
potentially skewing the representation of trigger warnings
toward more mainstream content. This bias could therefore
limit the diversity of media types and the breadth of trigger
warning usage captured in our study. To mitigate risks, we
use bootstrapping to resample with replacement. However,
exploring and addressing this bias constitutes a key line of
future work. We also note that the absence of users’ demo-
graphic information limits our ability to analyze how demo-



graphic factors influence users’ trigger warning votes. We
conjecture that demographics may have a major impact on
the specific trigger warnings flagged, and would therefore be
interesting to investigate.
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(b)

2. Additionally, if your study involves hypotheses testing...
(a) Did you clearly state the assumptions underlying all
theoretical results? Yes

(b) Have you provided justifications for all theoretical re-
sults? Yes
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(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? Yes

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? Yes

(e) Did you address potential biases or limitations in your
theoretical framework? Yes

(f) Have you related your theoretical results to the existing
literature in social science? Yes

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? Yes

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? Yes

(b) Did you include complete proofs of all theoretical re-
sults? Yes

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? No,
we cannot release the Does the Dog Die and IMDb
datasets considering the copyright. That said, it is pos-
sible for other researchers to collect an equivalent
dataset, and we will make our code available to facili-
tate this.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
No, because random seed is fixed in our experiments.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? No, because the resources
required for our experiments are only CPUs on our
own devices, not huge.

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes

(f) Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? NA

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? NA

(b) Did you mention the license of the assets? NA

(c) Did you include any new assets in the supplemental
material or as a URL? NA

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
NA

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? NA



(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

Ethics and Broader Impacts

We rely on public data, i.e., Does the Dog Die users have
shared it knowingly that it is public on the Internet. We ob-
tain our dataset using the official AIP for every user of Does
the Dog Die. We do not interact with or solicit any data from
any human subject, directly. That said, it is possible for other
researchers to collect an equivalent dataset using the same
methodology. To assist in this, we would be happy to offer
code and support upon request.

We also note there are important positive outcomes of our
work. We build a tool to help identify subtle trigger warn-
ings for items on IMDb. This can assist audiences in making
more informed choices and avoiding potentially sensitive
content. Since the tooling built based on trigger warnings
from DTDD, we do not expect that the approach will sup-
press voices of other audiences out of DTDD. That said, our
models could certainly identify potential trigger warnings.
Thus, we adopt a human-in-the-loop model, whereby we
only shortlist potential trigger warnings — voices of other
audiences and moderators must be considered to make ulti-
mate decisions.

Appendix

All Trigger Warnings

The all 197 trigger warnings from Does the Dog Die as fol-
lowing:

e Animal
Does the dog die
Are animals abused
Does an animal die
Does a cat die
Does a pet die
Is there a dead animal
Is there dog fighting
Were animals harmed in the making
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Does a horse die

Is an animal sad

— Are rabbits harmed

Are there spiders

Are there bugs

Does a dragon die

Are there snakes

Are there sharks

Are there alligators/crocodiles?

Abandonment

— Is an animal abandoned

— Is a child abandoned by a parent

— Does someone leave without saying goodbye
Abuse

— Is a child abused

Is there domestic violence

Is a woman brutalized for spectacle

Are there abusive parents

Does an abused person forgive their abuser
Is someone gaslighted

— Does the abused become the abuser

— Is someone stalked

— Is someone abused with a belt

Addiction

— Is there addiction
— Does someone abuse alcohol
— Does someone use drugs

Assault

— Is someone sexually assaulted
— Is someone raped onscreen

Is there pedophilia

Is rape mentioned

Are there jokes about sexual assault on men
Is someone drugged

Is someone restrained

Is someone beaten up by a bully
Is someone held under water

— Is someone’s mouth covered

— Does a woman get slapped

Bodily Harm

— Is someone tortured

— Is there eye mutilation

— Is there excessive gore

— Is there genital trauma/mutilation
— Does a head get squashed

— Is there body horror

— Is there finger/toe mutilation

— Is there cannibalism

— Is there a hanging



Is someone burned alive

Are any teeth damaged

Is there shaving/cutting

Does someone asphyxiate

Is someone crushed to death
Does someone struggle to breathe
Is there decapitation

Does someone break a bone

Are any hands damaged

Is there Achilles Tendon injury

Is someone buried alive

Is someone choked

Is there amputation

Is there throat mutilation

Does someone have a seizure
Does someone fall to their death
Is someone stabbed

Does someone become unconscious
Are there dislocations

— Does someone fall down stairs

Children

— Is a minor sexualized
— Does a kid die
— Is an infant abducted

Creepy Crawly
— Are there bedbugs
Death

Does a major character die
— Does someone die

— Does a non-human character die
— Does someone sacrifice themselves

Disability

— Is the r-slur used

— Is someone disabled played by able-bodied

Drug/Alcohol
— Does someone overdose

Family

Is a child’s toy destroyed
— Does a family member die
— Does someone cheat

— Does a parent die

— Is someone kidnapped

Fear

Are there jumpscares

Is trypophobic content shown
Is someone possessed

Are there clowns

Are there ghosts
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Are there razors
Are there mannequins
Is there a shower scene

Are there natural bodies of water

Gross

Does someone vomit

Is there audio gore

Is someone eaten

Is there on-screen pooping

— Does someone wet/soil themselves
— Does someone spit

— Is there farting

Large-scale Violence

— Are there 9/11 depictions

Law Enforcement

— Is there copaganda

— Is there incarceration

LGBTQ+

— Is a trans person depicted predatorily
— Are there transphobic slurs

— Is there deadnaming or birthnaming
— Is there bisexual cheating

Is an LGBT+ person outed

Loss
— Is a priceless artifact destroyed
Medical

Are needles/syringes used

Is electro-therapy used

Is there a mental institution scene
Does someone have cancer

Is there a hospital scene

Is there menstruation

Mental Health

— Does someone die by suicide

— Does someone attempt suicide

— Does someone self harm

— Does someone suffer from PTSD

— Is there autism specific abuse

— Is there misophonia

— Does someone have an eating disorder
— Are there anxiety attacks

— Is autism misrepresented

— Is a mentally ill person violent

— Does someone say “T’1l kill myself”
— Is there body dysmorphia

— Does someone have a mental illness
— Is there a claustrophobic scene

— Is there ABA therapy



Is there body dysphoria

Is reality unstable or unhinged
Is there D.I.D. misrepresentation
Does someone have a meltdown

tion

Noxious

Is there shakey cam

Are there flashing lights or images
Are there sudden loud noises
Does a baby cry

Are there underwater scenes

Is there screaming

Is there obscene language/gestures

Paranoia

— Is someone watched without knowing
— Is the fourth wall broken

Pregnancy

Does someone miscarry

Is there childbirth

Is a baby stillborn

Does a pregnant person die

Are there abortions

Are there babies or unborn children

Prejudice

Are there homophobic slurs

Does an LGBT person die

Is there ableist language or behavior
Are there fat jokes

Is someone misgendered

Are there "Man in a dress” jokes

Is there hate speech

Are there n-words

Is there antisemitism

Is there aphobia

Does the black guy die first

Is a minority is misrepresented

Race

— Is there blackface
Relationships

— Is there a large age gap
Religious

— Are there demons or Hell
— Is religion discussed

Sex

— Are there incestuous relationships
— Is there bestiality
— Is there sexual content

Is there dissociation, depersonalization, or derealiza-

2224

Is someone sexually objectified
Are there nude scenes

Is there BDSM

Does someone lose their virginity

¢ Sexism
— Is a male character ridiculed for crying
* Sickness
— Is there dementia/Alzheimer’s
— Is someone terminally ill
— Does someone have a chronic illness
— Does someone have a stroke
¢ Social
Are there anti-abortion themes
Are there fat suits
Is existentialism debated
Is someone homeless

* Spoiler
— Does it have a sad ending
— Are there end credit scenes
— Is Santa (et al) spoiled
e Vehicular
— Is someone hit by a car
— Does a car crash
Does a plane crash
— Does a car honk or tires screech

* Violence

— Is there blood/gore

— Does someone drown

— Is there gun violence

— Is there a nuclear explosion

To have an overall understanding of the trigger warnings
of each category, we present the distinctive words in each
category. we perform lemmatization and remove the stop-
words on all the trigger warnings. Figure 8 presents the top
20 words in the description of each category in lowercase
generated by TF-IDF (Ramos et al. 2003).

Risk Ratio

To select more countries for comparison, we set the thresh-
old as 100 and find 18 countries. Table 6 shows the de-
tails of the selected countries and the common item with the
US. Figure 9 illustrates the risk ratio results, comparing the
United States with other countries. The red line is equal to
RR=1.

Hyperparameters of Models

To better understand cultural diversity across countries, we
take SHAP to explain the machine learning models. We ob-
tain the hyperparameters by using grid search and get 6
countries with a weighted F1 score greater than 0.7. Table 7
presents the specific hyperparameters for the decision tree
classification models of these countries.



Diversity and Inclusion

Fear and Aversions

Mental and Physical Health

Social Concerns

Violence and Sex

trans animal mentally abuser relationship
trope water disorder . character character
_black scene mental incarcerated crash
jewish fear iliness homeless sexually
Igbt loud state lost sexual
stereotype camera autistic child adult
character figure character victim laugh
_person human dissociative violence . reason
antisemitic language trlgct;er infant triggering
choose light ptsd member minor
gender nojse eatin place _sibling
insult thing . dea topic situation
intent belongs disabled medium scene
nonbinary drownin categor trigger animal
outed effec attac abuse death
slur explosive extremely woman viewer
trap game person physical allow
word gore used portrayed assaulted
category harmed abuse sexual cannibalism
joke obscene similar trauma circumstance
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Figure 8: The Top-20 TF-IDF words from the description of each group. The x-axis shows the TF-IDF score.

Countries No. of Items
Sweden 10181
United Kingdom 9385
Australia 8759
Netherlands 4599
Japan 2123
Brazil 1959
Argentina 1561
Germany 1474
Finland 903
Spain 711
France 662
Canada 659
Singapore 600
Norway 478
South Korea 299
Mexico 286 Countries Hyperparameters
criterion max_« Cpt min_samples_leal min_samples_sp 1t
reece iteri depth i les_leaf i )t li
Philippines 121 Brazil entropy  None 2 30
Japan entropy  None 1 2
Mexico gini None 1 2
Table 6: The number of common items with the US. Singapore gini None 1 2
South Korea gini None 1 2
United Kingdom entropy  None 4 10
mE G .
25 PG Table 7: The hyperparameter of the decision trees.
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Figure 9: The risk ratio between the county and the United
States. The red line is equal to RR=1.
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