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Abstract
Risk perception is subjective, and youth’s understanding of
toxic content differs from that of adults. Although previous
research has conducted extensive studies on toxicity detection
in social media, the investigation of youth’s unique toxicity,
i.e., languages perceived as nontoxic by adults but toxic as
youth, is ignored. To address this gap, we aim to explore: 1)
What are the features of “youth-toxicity” languages in social
media (RQ1); 2) Can existing toxicity detection techniques
accurately detect these languages (RQ2). For these questions,
we took Chinese youth as the research target, constructed the
first Chinese “youth-toxicity” dataset, and then conducted ex-
tensive analysis. Our results suggest that youth’s perception
of these is associated with several contextual factors, like the
source of an utterance and text-related features. Incorporating
these meta information into current toxicity detection meth-
ods significantly improves accuracy overall. Finally, we pro-
pose several insights into future research on youth-centered
toxicity detection.

Introduction
Youth, as digital natives, have been active users of social me-
dia. A 2023 Pew Research Center reported that most youth
engage with TikTok (63%), Snapchat (60%), and Instagram
(59%), wherein 20% describe themselves as “always” on
TikTok. The 2023 Weibo User Report also suggested that
youth users aged 16 to 21 are over 130 million, actively
engaging in online discussions about entertainment, gam-
ing, and other topics of interest. The openness of social
platforms provides youth with more opportunities to dis-
close themselves and exchange thoughts with others, while
also bringing some negative effects. A prominent one is the
widespread toxic content (toxicity), defined as “a rude, dis-
respectful, or unreasonable content that is likely to make
someone leave a discussion” (Jigsaw 2023), including hate
speech (Yu, Blanco, and Hong 2024), offensive language
(Zampieri et al. 2023), harassment (Mandryk et al. 2023),
unsafe sexual experiences (Razi et al. 2023), etc. For ex-
ample, a 2022 survey revealed that nearly half of Ameri-
can youth (46%) have experienced different forms of online
harassment (Orben et al. 2022). Since youth is in a criti-
cal period of mental and cognitive development, exposure to
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toxic content is particularly dangerous as it generally trig-
gers healthy issues like depression, eating disorders, or self-
harm (Bond and Allyn 2021).

For toxicity detection, researchers in Human-Computer
Interaction (HCI) and Natural Language Processing (NLP)
fields have made significant efforts. For example, Zampieri
et al. (2023) collected various offensive language and anno-
tated manually, based on which detection techniques driven
by deep learning like BERT or LSTM, are proposed to
identify toxicity from Twitter posts. Huang, Kwak, and An
(2023) explored the potential of Large Language Models
(LLMs) like ChatGPT for hate speech detection and ratio-
nale interpretation. Additionally, (Razi et al. 2023) focused
on detecting unsafe sexual conversations aimed at youth, de-
signing a machine learning-based risk detection classifier.
These studies show significant improvements in the accu-
racy and efficiency of toxicity detection techniques.

However, risk perception is subjective (Perhac Jr 1996),
and youth’s understanding of toxic content differs from that
of adults (Kim et al. 2021; Park et al. 2024). Marwick and
Boyd (2011) stated, languages that adults view as “bully-
ing” are often perceived by youth as “drama”, especially
when they involve digital conflicts or traces. Conversely, the
content deemed as “harmless” by adults can be perceived
as harmful by youth (Holmes 2024). Although previous re-
search has extensively studied different types of toxic lan-
guage and explored various detection techniques, a youth-
centered investigation of toxicity’s characteristics and de-
tection, is ignored—particularly languages that are “per-
ceived as nontoxic by adults but toxic as youth” (named
“youth-toxicity” in the work). Investigating “youth-toxicity”
languages is an urgent research topic since: 1) Youth are
more vulnerable to toxic content due to their limited knowl-
edge, experience, and cognitive capabilities; 2) These lan-
guages represent toxicity specific to youth. They are easily
overlooked by general toxicity detection driven by models
trained on datasets annotated by adults, having high poten-
tial risks to youth. To address this gap, we aim to explore the
following questions:

• RQ1: What are the features of “youth-toxicity” lan-
guages in social media?

• RQ2: Can existing toxicity detection techniques accu-
rately detect these languages in social media?
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The exploration of the two questions faces several chal-
lenges. Current common-used toxicity datasets are not la-
beled from the youth’s perspective and cannot adequately
represent their perceptions. Thus it requires collecting a
large amount of “youth-toxicity” utterances, which is a labo-
rious task. Second, toxicity research in HCI and NLP fields
has uncovered a broad spectrum of toxicity types, including
hate speech, sexual content, etc. These types of toxicity may
contain some “youth-toxicity” languages, further aggravat-
ing the complexity and workload of data collection. Third,
there have been many kinds of detection methods such as
Perspective API (Jigsaw 2023), pre-trained language models
(PLMs), and LLMs, making the investigation of RQ2 non-
trivial and time-consuming. For the above challenges, we
conducted a two-stage study. For RQ1, we developed Youth-
Lens (a toxicity collection program), recruited 66 Chinese
youth aged 13 to 21 to participate in a 15-day data collection.
5,092 “youth-toxicity” utterances were obtained, which are
annotated with toxicity label, utterance source, toxicity type
(the type comes from a systematic review of papers), and
toxicity risk. To address RQ2, we considered three repre-
sentative kinds of toxicity detection methods, including Per-
spective API, PLMs (MetaHateBERT (Piot, Martı́n-Rodilla,
and Parapar 2024), RoBERTa BL (Zelei et al. 2024), etc.),
and LLMs (GPT-4o*, Llama3.1†, GLM-4‡, Qwen2.5§, and
DeepSeek-R1¶). These methods involve different released
modes (open-source and closed-source models), different
model sizes (PLMs and LLMs), and different languages
(LLMs launched in China and abroad).

Several findings have emerged from our detailed analy-
sis. For RQ1, meta information such as youth attributes (age
and gender) and text-related features (utterance source, text
length, and LIWC semantics) are crucial factors influenc-
ing youth’s perception of “youth-toxicity” languages. Youth
are found to be more tolerant of languages from family, the
significant other, or friends than those from strangers, while
when “youth-toxicity” utterances really come from these ac-
quaintances, especially family members, they tend to con-
sider them as higher risks. It also suggests older and fe-
male youth are more likely to perceive utterances as “youth-
toxicity”, more sensitive to different toxic types, and more
inclined to consider them as higher risk levels. In addi-
tion, several semantic features, such as specific words re-
lated to self-identity and physiological behavior, increase the
likelihood that utterances are perceived as “youth-toxicity”.
For RQ2, compared to traditional methods, advanced LLMs
show their potential in different “youth-toxicity” detec-
tion tasks, especially when informing LLMs with asso-
ciated meta information. However, introducing them also
brings negative effects like risk exaggeration in “youth-
toxicity” judgment. In addition, fine-tuning can further im-
prove LLMs’ performance in detection, while the gains of
few-shot learning are limited. Overall, this study makes the

*https://openai.com/index/hello-gpt-4o/
†https://github.com/meta-llama/llama3
‡https://github.com/THUDM/GLM-4
§https://github.com/QwenLM/Qwen2.5
¶https://github.com/deepseek-ai/DeepSeek-R1

following contributions.

• To the best of our knowledge, this is the first in-depth
study focusing on Chinese “youth-toxicity” languages.

• We build a corpus and investigate the features of “youth-
toxicity” languages from several dimensions.

• We conduct extensive experiments to evaluate current
common-used methods’ performance in “youth-toxicity”
identification.

• We present several insights for future research on youth-
centered toxicity detection.

Related Work
Online Toxic Content Encountered by Youth Youth are
reported to be increasingly exposed to various toxic content,
including cyberbullying (Kim et al. 2021), hate speech (Yu,
Blanco, and Hong 2024), and sexual content (Razi et al.
2023), etc. Youth are vulnerable to toxic content for two
main reasons. First, growing up in a digital environment,
youth are generally confident in judging online content (Mc-
donald, Seberger, and Razi 2024), while their knowledge
and capability are limited in fact. Second, the complexity of
online environments further increases their exposure to toxic
content, such as diverse topics, broad attackers, and cross-
platform migration (Freed et al. 2023). This toxic content
can cause various harms to youth (Bond and Allyn 2021),
such as depression, eating disorders, and self-harm. There-
fore, investigating online risks from the youth’s perspective
and exploring the corresponding solutions have become im-
portant topics in HCI field (Park, Singh, and Wisniewski
2024). There are some toxicity studies from the youth’s per-
spective, such as toxicity’s related features and the impact.
Ali et al. (2022) conducted an analysis of risky conversa-
tions that youth encountered on Instagram. The findings in-
dicate that risky conversations often involve sexual solicita-
tions and mental health issues. Ali et al. (2023) further ex-
plored the features related to toxicity in risky conversations
and found that metadata (e.g., conversation length and par-
ticipant engagement) can better predict toxic content. Be-
sides, another key finding is that the toxicity perceived by
youth is not consistent with that perceived by adults (Park
et al. 2024). Marwick and Boyd (2011) found the languages
that adults consider ”bullying” are often perceived by youth
as “drama”, especially when the languages involve digital
conflicts or traces. In contrast, the content deemed as “harm-
less” by adults can be perceived as harmful by adolescents
(Holmes 2024). These highlight the necessity of conducting
toxicity research regarding different populations or groups,
e.g., the characteristics of youth-perceived toxicity, which
reflects the thought of human-centered computing.

Toxicity Detection in Social Media With the growth of
social platforms, toxic content has become an increasingly
serious problem. Some researchers have explored automated
detection methods from the perspectives of data construction
and model building. Firstly, a high-quality corpus is essential
for toxicity detection and researchers have released several
public datasets. ElSherief et al. (2021) introduced a theo-
retical taxonomy of hate speech and an English benchmark
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corpus containing 22,056 tweets from prominent extremist
groups. Piot, Martı́n-Rodilla, and Parapar (2024) presented
MetaHate, a meta-collection encompassing 36 hate speech
English datasets. The Ciron (Xiang et al. 2020) and COLD
(Deng et al. 2022) datasets were constructed to detect irony
and offense, containing 46,180 sentences related to various
topics from popular Chinese social networks. Previous stud-
ies have also made notable strides in detection model by
leveraging techniques like machine learning, deep learning,
and PLMs. Caselli et al. (2021) proposed a model named
HateBERT for abusive language detection. It was re-trained
based on BERT and achieved an improvement in perfor-
mance than machine learning models. Zelei et al. (2024)
introduced a bi-level optimization framework (abbreviated
as RoBERTa BL in the paper) based on RoBERTa (Yinhan
et al. 2019) that combines crowdsourced annotations with
the soft-labeling technique. Recently, due to the strong un-
derstanding and reasoning capabilities, LLMs have exhib-
ited promising performance in NLP tasks, one of which is
toxicity detection (Mishra and Chatterjee 2024). Mishra and
Chatterjee (2024) explored the potential of ChatGPT in de-
tecting toxic comments on GitHub and achieved an accuracy
of 60% without fine-tuning. However, these corpora are an-
notated for general toxicity without focusing on a targeted
population, making the corresponding model unusable for
toxicity research centered on youth.

To bridge the gap between current toxicity research and
the advocacy of human-centered computing/design, this pa-
per aims to investigate the toxicity from the youth’s per-
spective by taking Chinese youth as the target. It focuses on
the languages “perceived as nontoxic by adults but toxic as
youth”, and employs a two-stage study. First, we constructed
a Chinese dataset of “youth-toxicity” and analyzed its fea-
tures. Then we investigated whether existing toxicity detec-
tion techniques can accurately identify them by several rep-
resentative methods (Perspective API, PLMs, and LLMs).

Data Collection and Analytic Methods
This section presents details of the “youth-toxicity” dataset
collection and our analytic methods.

Data Collection
Existing toxicity datasets are generally annotated by adults,
failing to reflect youth’s perceptions. Thus, we developed a
tool called YouthLens to collect “youth-toxicity” languages
that youth encountered online. YouthLens is essentially a
mini-program and involves two processes shown in Figure
1. In Collection 1, referring to Park et al. (2024), we encour-
age Chinese youth to contribute and annotate toxic content
they have received from any private or public social plat-
forms (Toxic1y , the subscript y indicates youth), such as
WeChat and Weibo. The data obtained is then reviewed and
filtered out by three authors (adults) to just remain content
that they consider nontoxic (Toxic1ay , the superscript a in-
dicates adult and “-” indicates nontoxic). Due to the limited
time and the lack of real scenarios, youth participants may
struggle to recall all instances of toxic content they encoun-
tered, resulting in some bias in the collected data. To miti-

Figure 1: Data Collection Pipeline. Toxic1y represents
youth-contributed toxic utterances, Toxic1ay denotes the
youth-contributed toxic utterances but viewed as nontoxic
by adults, Toxic2a is nontoxic utterances within public data,
and Toxic2ay denotes toxic utterances annotated by youth
from Toxic2a.

gate it, we introduce Collection 2, wherein each youth par-
ticipant is asked to annotate 300 distinct texts from the non-
toxic portions (Toxic2a) of public Ciron (Xiang et al. 2020)
and COLD (Deng et al. 2022) datasets. Since public datasets
are annotated by adults, the nontoxic texts can be thought as
nontoxic from adults. Finally, Toxic1ay and Toxic2ay jointly
constitute the corpus for our further investigation. In the two
procedures, toxicity annotation is conducted in terms of four
dimensions: toxicity label, utterance source, toxicity type,
and toxicity risk.

• Toxicity label. Whether the current utterance contains
toxicity (“Y” indicates yes and “N” indicates not) based
on the definition “a rude, disrespectful, or unreasonable
content that is likely to make someone leave a discussion”
(Jigsaw 2023).

• Utterance source. The person the current utterance
comes. YouthLens offers 6 options Razi et al. (2022), in-
cluding “family”, “significant other”, “friend”, “acquain-
tance”, “stranger”, and “others”. “significant other” indi-
cates a close partner like a boyfriend or girlfriend.

• Toxicity type. The toxicity type the current utterance be-
longs to. We reviewed previous toxicity studies systemat-
ically (some related to youth) and aimed to provide par-
ticipants with comprehensive toxicity types. We initially
selected several archives in HCI and NLP (e.g., CHI,
ICWSM, ACL) and searched for publications within the
last five years (since 2020) using multiple keywords like
“toxic”, “toxicity”, and “detection”, wherein 133 papers
were obtained. Three authors checked each paper’s title,
abstract, keywords, and method based on the criteria: 1)
The paper has undergone peer review and been published
in a conference or journal; 2) The paper gives explicit
definitions or descriptions of toxicity types studied. We
got 78 papers that met these criteria, involving 138 ini-
tial types. Three authors conducted coding of these types,
performed a consistency check (Fleiss’ Kappa = 0.901),
and engaged in multiple discussions on the conflicts. Fi-
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nally, seven types emerged as follows.
– Offensive Language: Content that is blasphemous, in-

sulting, disgusting, morally repugnant, etc.
– Discrimination: Content that debases individuals or

groups based on race, gender, age, religion, sexual ori-
entation, etc (Cignarella et al. 2024).

– Sexual Content: Content related to the sexual topic
that causes negative impacts on individuals or groups
(Krenn et al. 2024) like sexual harassment and assault.

– Threat of Violence: Content that encourages violence
or attacks others, making others feel unsafe (ElSherief
et al. 2021).

– Harassment: Content that causes annoyance, distress,
or fear, such as threats and accusations (Mandryk et al.
2023), which may be expressed repeatedly.

– Ideology-related Toxicity: Toxic content that involves
ideas or beliefs related to politics, society, or culture
(Sheth, Shalin, and Kursuncu 2022).

– Others: Toxic content that is not covered in the above
types but still has negative impacts (Razi et al. 2022),
such as bullying and negative gossip.

• Toxicity risk. The extent to which the utterance is likely
to cause emotional or physical harm (Razi et al. 2022), is
categorized as follows: Low Risk indicates it may make
the youth uncomfortable but is unlikely to cause emo-
tional or physical harm; Medium Risk represents it can
result in harm if the youth continually encounters; High
Risk means it is deemed dangerous and cause harm.

We recruited 66 youth aged 13 to 21, with an average age
of 18.2. The age distribution was as follows: 5 participants
(7.6%) were aged 13-15, 26 participants (39.4%) were aged
16-18, and 35 participants (53.0%) were aged 19-21. Among
the participants, 37 were male (56.1%) and 29 were female
(43.9%). Before the annotation, we introduce to participants
the definitions of toxicity, toxicity types (offensive language,
discrimination, etc.), and toxicity risks (low risk, medium
risk, and high risk), and then provide step-by-step instruc-
tions on how to use the YouthLens tool. Each participant
is required to complete the same 50 trial annotations, and
then our three authors review the results to ensure reliabil-
ity. In Collection 1, youth participants’ annotations cover all
dimensions, and they can freely contribute any toxic con-
tent they received online without limit to the number of ut-
terances. In Collection 2, the utterance source from public
datasets is deemed as a “stranger”. Participants are required
to annotate the other three dimensions at their convenient.
After completing the annotations, participants are compen-
sated with $15. Finally, we collected 5,092 “youth-toxicity”
utterances, wherein 1,794 samples (Toxic1ay were obtained
via Collection 1, and 3,298 samples (Toxic2ay) were ob-
tained via Collection 2.

Analytic Methods
The analysis process includes two analyses: Analysis 1 ap-
plies the logistic regression to explore the features related
to “youth-toxicity” languages (RQ1); Analysis 2 assesses
the effectiveness of detection methods in identifying these

languages (RQ2), encompassing Perspective API, PLMs
(MeteHateBERT, RoBERTa BL, etc.), and LLMs (GPT-4o,
GLM-4, Qwen2.5, Llama3.1, and DeepSeek-R1).

Feature Analysis To address RQ1, we employed logistic
regression to explore the features related to “youth-toxicity”
languages. The independent variables contain youth at-
tributes and text-related features. Given a “youth-toxicity”
utterance, youth attributes include the age and gender of
an annotator, and text-related features encompass the utter-
ance source, text length, and LIWC semantics. LIWC se-
mantics are extracted based on LIWC (Pennebaker, Booth,
and Francis 2007), which is widely recognized and applied
for semantic analysis in HCI and NLP research. It covers
72 categories such as “funct”, “pronoun”, “social”, “affect”,
and “cognmech”, characterizing texts from many aspects
like speech, themes, emotions, and cognition. The depen-
dent variables include toxicity label (Y/N), toxicity type,
and toxicity risk. Based on the collection procedure, we ob-
tained 3,588 utterances with label “Y”. Given the balance of
sample size between two labels, we randomly selected 3,588
samples with label “N” from Collection 2, wherein each is
considered nontoxic by youth and adults. These 7,176 sam-
ples are utilized for toxicity label-oriented logistic regres-
sion analysis, and 3,588 samples with label “Y” are used for
toxicity type or risk-oriented analysis.

Notably, features like gender and utterance source are cat-
egorical variables and need to be converted into dummy
variables before the analysis. For LIWC semantics, each ut-
terance is tokenized first, with each word represented as a
72-dimensional vector corresponding to different categories.
Each dimension is assigned a value of 0 or 1, where 1 indi-
cates that the word belongs to one category, and 0 indicates
not. The utterance is then represented by the sum of its word
vectors. Considering the feature co-linearity, we calculate
the Spearman coefficient between any two features. If it ex-
ceeds 0.6, we remove the feature that is co-linear with more
variables or less commonly used. Since toxicity type and
toxicity risk are multi-category variables, the logistic anal-
ysis selects one category as the reference and transforms the
others into multiple binary dependent variables. We choose
“Offensive Language” and “Low Risk” as the reference of
toxicity type and risk, respectively.

Toxicity Detection We employed three detection meth-
ods to perform tasks for “youth-toxicity” languages, includ-
ing toxicity label prediction, toxicity type classification, and
toxicity risk classification.

• Perspective API. The API, developed by Google Jigsaw,
utilizes machine learning to detect toxicity and returns a
score representing the toxicity level. We employed 0.7 as
the threshold (Jigsaw 2023), i.e., a text with a score above
0.7 is predicted as toxic; nontoxic otherwise.

• PLMs. To evaluate the detection capabilities of PLMs,
we selected several representative and SOTA models
- MetaHateBERT (Piot, Martı́n-Rodilla, and Parapar
2024), RoBERTa BL (Zelei et al. 2024), HateBERT
(Caselli et al. 2021), DistillBERT (Sanh et al. 2019), and
RoBERTa (Yinhan et al. 2019) - and fine-tuned them on
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the collected dataset.
• LLMs. GPT-4o, GLM-4, Qwen2.5, Llama3.1, and

DeepSeek-R1 are employed. They are the leading
LLMs and have promising performance across multi-
ple tasks. Given that the collected data is in Chinese,
we selected three LLMs released in China (GLM-4,
Qwen2.5, and DeepSeek-R1) and two advanced LLMs
with multilingual language processing abilities (GPT-4o
and Llama3.1). Since Llama3.1, GLM-4, Qwen2.5, and
DeepSeek-R1 are open-source LLMs, we selected the
corresponding billion-parameter versions of these LLMs
for fine-tuning by referring to Kumar, AbuHashem, and
Durumeric (2024) and Piot and Parapar (2025).

Toxicity label prediction is achieved using the above detec-
tion methods. Since Perspective API and PLMs cannot sup-
port toxicity type classification and toxicity risk classifica-
tion, these two tasks are evaluated by LLMs. Inspired by Piot
and Parapar (2025) and Kumar, AbuHashem, and Durumeric
(2024), we designed three kinds of prompts considering the
detection role and task-specific descriptions, including the
direct prompt, target-based prompt, and meta-based prompt.
• Direct prompt. Request LLMs to provide the detection

result by just giving the detection role, the utterance, the
task description, and the output format.

• Target-based prompt. In addition to the above informa-
tion, provide LLMs with the targeted population to re-
quest results.

• Meta-based prompt. Tell LLMs the meta information
such as the target’s attributes (age and gender) and text-
related features to request results.

Through comparative analysis, we identified the best-
performing prompt and further explored the impact of LLM
fine-tuning and few-shot learning on its robustness. Details
on prompt examples, LLM scales, and fine-tuning param-
eters are provided in the Appendix. All experiments were
conducted on a system equipped with an Intel Xeon(R) pro-
cessor and 4 NVIDIA A800 PCIe 80GB GPUs.

Results
RQ1: Features of “Youth-toxicity” Language
Toxicity Label As shown in Table 4, youth’s judgment on
whether an utterance contains “youth-toxicity” is closely as-
sociated with both youth attributes and text-related features.
For youth attributes, age and gender show significant pos-
itive effects, i.e., older and female youth tend to consider
an utterance “youth-toxicity”. For text-related features, text
length is a significant negative factor, indicating that shorter
texts are more likely to be perceived as “youth-toxicity”. Be-
sides, relationships like the significant other, friend, acquain-
tance, and others show significant negative effects compared
to strangers. This suggests that youth are less likely to view
languages from familiar persons as toxic, indicating they
are more tolerant of familiar people’s utterances. For exam-
ple, when a friend says “You’re playing really variously!”,
a youth may interpret it as a joke, while the same com-
ment from a stranger may be seen as impolite. For LIWC
semantics, linguistic feature words like personal pronouns

(“i”, “you”, etc.), emotion-related (“anger”, “insight”, etc.),
physiological behavior (“body”, “sexual”, and “ingest”), so-
cial relation (“family” and “humans”), temporal (“time” and
“presentM”), and special words (“multiFun”, “negate”, and
“filler”), show varying significant associations with the tox-
icity label. Notably, the first-person pronoun (“i”) has a sig-
nificant negative correlation with toxicity perception, while
other personal pronouns exhibit a significant positive as-
sociation. This suggests that the more first-person pronoun
words in an utterance, the less likely it is perceived as toxic,
whereas utterances with more other personal pronouns are
more likely to be viewed as toxic. Pronouns like “you”,
“she/he”, and “they” have strong directional characteristics,
which may express aggressive attitudes to others in commu-
nication. For example, “Come on, you don’t know anything.
Just listen to me! ” For emotion-related words, consistent
with the finding of Piot, Martı́n-Rodilla, and Parapar (2024),
the “anger” type also emerges as a significant positive in-
dicator, suggesting that utterances containing more “anger”
words are more likely to be perceived as “youth-toxicity”.
Conversely, “insight”, “tentat”, “inhib”, and “feel” words
exhibit significant negative associations, implying that youth
are more likely to view sentences with these words as non-
toxic. For words related to physiological behaviors, “body”
and “sexual” terms show a significant positive correlation,
while “ingest” words have a significant negative association.
This suggests that expressions involving sensitive topics re-
lated to body or sexuality are more likely to be seen as toxic,
whereas sentences containing words related to food or inges-
tion tend to be considered nontoxic. When it comes to words
related to social relationships, both “humans” and “family”
terms exhibit significant positive correlations. It indicates
that language referring to humans or family tends to be per-
ceived as toxic, like a statement “I’m your parent, and I’m
criticizing you to help you become better. Why would I pick
on you and not others? You should reflect on yourself.” Tem-
poral words like “time” and “presentM” show significant
negative associations, indicating utterances with these words
are less likely to be seen as toxic. Some special words like
“negate” and “filler” have significant positive correlations.
Conversely, “multiFun” words exhibit a significant negative
relationship with the toxicity label, likely due to their seman-
tic ambiguity, making it complex to understand and reducing
their likelihood to be “youth-toxicity” languages.

Toxicity Type Youth’s judgment on the toxicity type of
“youth-toxicity” (with “Offensive Language” as the refer-
ence) is significantly related to youth attributes and text-
related features, shown in Table 4. For the judgment of “Dis-
crimination”, age and gender are significant negative fac-
tors, showing that younger and male youth are more likely
to perceive “youth-toxicity” as offensive rather discrimina-
tion. The text length emerges as a significant positive fac-
tor, i.e., longer utterances tend to be classified as “Discrim-
ination”. Sources such as family, significant other, friends,
and acquaintances all perform as significant negative fac-
tors, meaning youth tend to perceive “youth-toxicity” utter-
ances from these sources as offensive. For LIWC seman-
tics, emotion-related (“posemo”, “discrep”, and “inhib”) and
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special words (“preps”, “multiFun”, and “nonfl”) are signif-
icant positive features, indicating that youth tend to interpret
“youth-toxicity” utterances containing these words as “Dis-
crimination”. Moreover, personal pronouns (“i”, “you”, and
“ipron”), social relation (“friend”), and physiological behav-
ior words (“achieve” and “death”) are also significant nega-
tive factors. Such an expression “Who do you think you are?
You can’t talk to my friend like that” is viewed as offensive.
For the judgment of “Sexual Content”, gender is a signif-
icant negative factor. Female youth are more prone to in-
terpret “youth-toxicity” as sexual. Besides, “youth-toxicity”
utterances derived from friends or acquaintances are more
likely to be seen as offensive, with these sources serving
as significant negative factors. For LIWC semantics, per-
sonal pronouns (“they”), social relation (“friend”), physio-
logical behavior (“body” and “sexual”), and special words
(“preps”) are significant positive factors. The presence of
these words increases the likelihood that youth perceive the
content as sexual in nature, like “Did you see what she’s
wearing today? It’s so revealing!”. Such words involving
“work” and “ipron” are significant negative factors, indicat-
ing such utterances tend to be judged as offensive rather
than sexual by youth. For “Threat of Violence”, age and
gender appear as significant negative factors, and longer ut-
terances also increase the likelihood of being perceived as
threatening. The source of family is a significant positive
factor, meaning youth are more prone to interpret “youth-
toxicity” from family as a threat. Additionally, the pres-
ence of personal pronouns (“i” and “you”) and physiolog-
ical behavior words (“death”) increases the probability that
youth perceive it as a threat, whereas the “multiFun” type
like ambiguous or multi-functional words is more likely
to be considered offensive. For “Harassment”, gender and
text length are significant negative factors. Female youth are
more likely to interpret “youth-toxicity” as “Harassment”,
while longer texts are more likely to be seen as offensive.
For LIWC semantics, personal pronouns (“you”), emotion-
related words (“anx”), temporal words (“time”), and special
words (“filler”) are positively correlated with the likelihood
of “Harassment”. Conversely, words related to “number”,
“excl”, and “achieve” are significant negative factors, sug-
gesting “youth-toxicity” content containing these elements
is more often seen as offensive. For “Ideology-related Tox-
icity”, age is a significant negative factor, meaning younger
youth tend to classify it as offensive. Besides, text length
and the family source are significant positive factors, indicat-
ing “youth-toxicity” from family members is more likely to
be perceived as “Ideology-related Toxicity” (stubborn ideas).
For LIWC semantics, emotion-related words (“cause”, “dis-
crep”, and “inhib”), temporal words (“time”), special words
(“multiFun”), and physiological behavior words (“death”
and “relig”) are positively associated with the type. More-
over, personal pronouns (“i”, “you”, and “youpl”) and sex-
ual terms are significant negative features, more likely giv-
ing rise to the feeling of being offended. For “Others”,
sources like family, significant other, and acquaintances are
significant positive factors. The “money” category is a sig-
nificant positive factor, suggesting that youth tend to con-
sider “youth-toxicity” utterances involving economic terms

as “Others”. Those languages involving “friend”, “humans”,
and “space” words are more likely to be considered offen-
sive.

Toxicity Risk As shown in Table 4, youth’s judgment of
risk level of “youth-toxicity” languages (with “Low Risk”
as the reference) is significantly associated with youth
attributes and text-related features. For the judgment of
“Medium Risk”, age and gender are significant negative fac-
tors, meaning younger and male youth are more inclined to
consider them as “Low Risk”. Conversely, the text length
proves to be a significant positive factor. Moreover, com-
pared to strangers, sources like family, significant other,
friends, acquaintances, and others are significant positive
features, suggesting that “youth-toxicity” from these sources
tends to be more risky for youth. This could be explained
by the emotional or trust-based connections between youth
and these persons, so youth often expect support and under-
standing from them. When “youth-toxicity” languages come
from these relationships, it may disrupt these expectations,
giving rise to more negative feelings. Such utterances like
“You’re too sensitive, you can’t handle a bit of criticism” or
“I never thought you’d turn out like this”. For LIWC seman-
tics, personal pronouns (“you”) and physiological behavior
words (“sexual” and “health”) are significant positive indi-
cators, suggesting youth tend to perceive them as medium
risk. For “High Risk”, age and gender are significant nega-
tive factors, aligning with observations in the medium risk
analysis. The source of family exhibits a strong positive cor-
relation, showing that youth are sensitive to “youth-toxicity”
words from family members and tend to perceive them as
high risks. Moreover, “presentM” and “sexual” terms are
significant positive features. This indicates that youth incline
to consider discussions involving sexual topics high risk.

We obtain the following conclusions. For youth at-
tributes, older and female youth are more likely to perceive
utterances as “youth-toxicity”, more sensitive to its types,
and perceive it as higher risks. Conversely, younger and
male youth tend to view “youth-toxicity” as “Offensive Lan-
guage” with low risk. For utterance source, youth exhibit
higher tolerance for utterances from non-strangers like fam-
ily, the significant other, and friends, i.e., such languages are
less likely to be perceived as toxic. However, when “youth-
toxicity” utterances from these sources, youth tend to con-
sider them as higher risks. Such languages from family are
more likely to be treated as a threat with “High Risk”, and
those from others are also likely to be considered “Medium
Risk” offensive languages. Besides, shorter texts are more
likely to be viewed as “youth-toxicity”, and youth are more
sensitive to specific words like personal pronouns (“you”
and “she/he”), social relation (“family”, “friend”, and “hu-
mans”), physiological behavior (“sexual” and “body”), and
special terms (“negate” and “filler”). Discussions involving
sexual topics are more prone to be viewed as high risk.

RQ2: Performance of Toxicity Detection Methods
Toxicity Label Prediction For Perspective API, the de-
tection accuracy in the toxicity label prediction is 0.440,
with an F1-score of 0.276 (see Table 1). Conversely, fine-
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tuned PLMs achieve higher accuracy and F1-scores com-
pared to the Perspective API. Specifically, accuracy ranges
from 0.566 (MetahateBERT) to 0.573 (DistillBERT), 0.592
(HateBERT), 0.605 (RoBERTa), and 0.613 (RoBERTa RL),
while F1-scores are 0.721 (MetahateBERT), 0.627 (Distill-
BERT), 0.645 (HateBERT), 0.659 (RoBERTa), and 0.679
(RoBERTa RL), respectively.

For LLMs, as shown in Figure 2(a), the detection accuracy
of most models across different prompts exceeds 0.5. With
the direct prompt, accuracy ranges from 0.495 (Llama3.1)
to 0.540 (Qwen2.5), 0.566 (DeepSeek-R1), 0.610 (GPT-4o),
and 0.635 (GLM-4), indicating a slight performance differ-
ence among LLMs. Similarly, each LLM performs dynami-
cally with different prompts. The detection accuracy of GPT-
4o, GLM-4, Qwen2.5, and Llama3.1 with the target-based
prompt improves by 2.4%, 0.6%, 5.7%, and 7.9%, respec-
tively, compared to the corresponding accuracy of the di-
rect prompt. These results suggest that by informing LLMs
of the target audience, their capability to detect “youth-
toxicity” can be enhanced to some extent. With the meta-
based prompt, the accuracy of GPT-4o, GLM-4, Qwen2.5,
Llama3.1, and DeepSeek-R1 improves more prominently,
with the improvement of 6.7%, 0.9%, 11.8%, 7.7%, and
3.3%, respectively, compared with the corresponding accu-
racy of direct prompt. This indicates that informing LLMs of
the meta information related to “youth-toxicity” is more ef-
fective in promoting detection accuracy. The changes of F1-
scores shown in Figure 3(a) also overall align with the evolu-
tion of accuracy, further validating the above conclusion. We
also conducted an error analysis to see what kinds of utter-
ances cannot be correctly identified in the “youth-toxicity”
label prediction task. We also chose the best-performing
LLM (GPT-4o) as the representative, focusing on two kinds
of errors: False Negative (FN) and False Positive (FP). For
FN samples, which means real “youth-toxicity” utterances
that are mistakenly classified as nontoxic, were found to
be mostly shorter texts with implicit expressions, e.g., ex-
pressing sarcasm implicitly. Like “Actually, everyone knows
whether you’ve worked hard or not” subtly criticizes the
youth’s insufficient effort without using any explicit neg-
ative terms. For FP samples, i.e., the nontoxic utterances
that are incorrectly classified as “youth-toxicity”, most in-
volve expressions of emotions, jokes, or opinions. An emo-
tional catharsis like “Great, been crawling around in the
shadows for a long time”, is mistakenly identified. Besides,
opinions like “it is because of the so-called feminists that
many women are disgusted with women’s rights” are re-
lated to sensitive topics like women, potentially leading the
LLM to mistakenly judge them as discrimination. In addi-
tion, the results show that the meta-based prompt achieves
the best performance overall. Thus, we further analyzed
the impact of LLM fine-tuning and few-shot learning on
this prompt. As shown in Table 2, the accuracy of LLMs
without fine-tuning is 0.644 (GLM-4), 0.658 (Qwen2.5),
0.572 (Llama3.1), and 0.599 (DeepSeek-R1), respectively.
After fine-tuning, the accuracy of each LLM becomes 0.732
(GLM-4), 0.660 (Qwen2.5), 0.632 (Llama3.1), and 0.563
(DeepSeek-R1), respectively. This indicates that fine-tuning
improves toxicity label detection for most LLMs, except for

Method Pre. Rec. F1 Acc.
Perspective API 0.438 0.505 0.276 0.440

RoBERTa 0.644 0.674 0.659 0.605
HateBERT 0.636 0.653 0.645 0.592

DistillBERT 0.620 0.634 0.627 0.573
MetahateBERT 0.567 0.990 0.721 0.566
RoBERTa BL 0.640 0.721 0.679 0.613

Table 1: The performance of baselines. Pre., Rec., F1, and
Acc. denote precision, recall, F1-score, and accuracy, re-
spectively.

DeepSeek-R1. It may be attributed to its “over-thinking” is-
sue (Cuadron et al. 2025) caused by excessive input con-
text. According to Table 3, accuracy of LLMs using few-
shot examples is 0.700 (GPT-4o), 0.651 (GLM-4), 0.622
(Qwen2.5), 0.482 (Llama3.1), and 0.614 (DeepSeek-R1), re-
spectively. It suggests that few-shot technique can benefit
most LLMs like GPT-4o, GLM-4, and DeepSeek-R1.

Toxicity Type Classification LLMs’ performance in iden-
tifying the toxicity type of “youth-toxicity” varies signifi-
cantly. With the direct prompt, detection accuracy of LLMs
ranges from 0.183 (DeepSeek-R1) to 0.333 (GPT-4o), 0.412
(Qwen2.5), 0.443 (GLM-4), and 0.485 (Llama3.1). This
trend is also observed in the use of target-based or meta-
based prompt. Additionally, as detailed in Table 5, the per-
formance also varies in terms of different types of “youth-
toxicity”. For example, using the direct prompt, GLM-4 and
Qwen2.5 achieve the highest F1-score in detecting “Offen-
sive Language”, with 0.596 and 0.592, respectively, while
the score is lower in identifying “Discrimination” (0.398 and
0.258, respectively). When varying the prompt, compared to
the direct prompt, the accuracy of DeepSeek-R1, Llama3.1,
and Qwen2.5 with the target-based prompt improves by
0.4%, 2.8%, and 11.0%, respectively. Only Qwen2.5’s im-
provement is greater than 10%, and the gains of the other
LLMs are not significant. This suggests that informing
LLMs of the target audience (youth) cannot significantly im-
prove the performance of toxicity type identification. When
using the meta-based prompt, detection accuracy of GPT-4o,
GLM-4, Qwen2.5, Llama3.1, and DeepSeek-R1 increases to
0.344, 0.471, 0.531, 0.504, and 0.323, respectively. Com-
pared to the direct prompt, the meta-based prompt results
in a more prominent performance improvement, indicating
that providing the youth’s attributes and features related to
the toxicity type is more helpful. This trend is also reflected
in the F1-score shown in Figure 3(b). Furthermore, different
degrees of improvement are observed in terms of different
types in Table 5 when adopting the meta-based prompt. The
improvements are particularly notable for “Offensive Lan-
guage” and “Discrimination” types. For example, GLM-4
shows improvements across most types except for “Threat
of Violence”, wherein the most significant gain is in “Sexual
Content”, with the F1-score increasing from 0.241 to 0.323.
GPT-4o and DeepSeek-R1 also show improvements in de-
tecting multiple toxicity types. The F1-score of GPT-4o for
“Ideology-related Toxicity” increases from 0.163 to 0.297.
Moreover, the F1-score of DeepSeek-R1 for “Offensive Lan-
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(a) Toxicity label prediction (b) Toxicity type classification (c) Toxicity risk classification

Figure 2: LLM accuracy on different tasks using different prompts. DP refers to Direct Prompt, TP refers to Target-based
Prompt, and MP refers to Meta-based Prompt.

(a) Toxicity label prediction (b) Toxicity type classification (c) Toxicity risk classification

Figure 3: LLM F1-scores on different tasks using different prompts (using the same representations as Figure 2).

guage” increases from 0.194 to 0.460, and that for “Sexual
Content” increases from 0 to 0.233.

As shown in Table 2, the accuracy of LLMs with-
out fine-tuning is 0.471 (GLM-4), 0.531 (Qwen2.5), 0.504
(Llama3.1), and 0.323 (DeepSeek-R1), respectively. Af-
ter fine-tuning, the accuracy is 0.545 (GLM-4), 0.532
(Qwen2.5), 0.520 (Llama3.1), and 0.256 (DeepSeek-R1), re-
spectively. This observation is consistent with the finding in
the toxicity label prediction task: fine-tuning improves the
detection performance of most LLMs except for DeepSeek-
R1. Besides, after introducing few-shot examples, the ac-
curacy drops to 0.341 (GPT-4o), 0.440 (GLM-4), 0.481
(Qwen2.5), 0.476 (Llama3.1), and 0.220 (DeepSeek-R1), re-
spectively. It indicates that the few-shot technique does not
lead to performance gains in the toxicity type classification.

Toxicity Risk Classification The results for toxicity risk
classification are shown in Figure 2(c) and 3(c). When us-
ing the direct prompt, detection accuracy ranges from 0.274
(Llama3.1) to 0.284 (Qwen2.5), 0.323 (GLM-4), 0.486
(DeepSeek-R1), and 0.554 (GPT-4o). This trend is also re-
flected in the results of the meta-based prompt. As detailed
in Table 6, LLMs perform better in identifying the low risk.
For three prompts, GPT-4o and DeepSeek-R1 achieve F1-
scores higher than 0.6 for the low risk level, outperform-
ing the corresponding scores of other risks. GLM-4 and
Qwen2.5 also get higher F1-scores in the low risk level than
others. For different prompts, the accuracy of GPT-4o using

the target-based and meta-based prompt is 0.561 and 0.570,
respectively, showing slight variation compared to the ac-
curacy (0.554) of the direct prompt. Varying prompts from
direct to target-based and meta-based prompt, GLM-4’s ac-
curacy changes from 0.323 to 0.256 and 0.302, respectively,
demonstrating a decreasing trend. Similar changes are ob-
served in the results of Qwen2.5 and Llama3.1, indicating
that the latter two prompts cannot help LLMs improve the
performance in identifying toxicity risk. We further split re-
sults based on risk levels to understand the decreasing trend
in detail. The performance of low risk identification declines
significantly after adopting the latter two prompts. For ex-
ample, GLM-4 achieves an F1-score of 0.437 for low risk
identification using the direct prompt, while the score drops
to 0.421 and 0.412, respectively, when adopting target-based
and meta-based prompt. A major reason is that when in-
forming LLMs with the target or meta information, LLMs
become more strict with the toxicity risk and tend to ex-
aggerate the low risk to higher levels. When applying the
meta-based prompt to GLM-4, the number of real low risk
samples misclassified as medium or high risk increases from
1,170 to 1,275, and medium risk samples misclassified as
high risk rise from 175 to 275.

Moreover, the accuracy of LLMs without fine-tuning
is 0.302 (GLM-4), 0.135 (Qwen2.5), 0.192 (Llama3.1),
and 0.481 (DeepSeek-R1), respectively. After fine-tuning,
the accuracy is 0.591 (GLM-4), 0.591 (Qwen2.5), 0.520
(Llama3.1), and 0.489 (DeepSeek-R1), respectively. It in-
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LLMs Without Fine-tuning With Fine-tuning
Acc. F1 Acc. F1
Toxicity Label Prediction

GLM-4 0.644 0.641 0.732 0.731
Qwen2.5 0.658 0.659 0.660 0.658
Llama3.1 0.572 0.573 0.632 0.610

DeepSeek-R1 0.599 0.601 0.563 0.545
Toxicity Type Classification

GLM-4 0.471 0.454 0.545 0.428
Qwen2.5 0.531 0.423 0.532 0.426
Llama3.1 0.504 0.365 0.520 0.355

DeepSeek-R1 0.323 0.350 0.256 0.286
Toxicity Risk Classification

GLM-4 0.302 0.349 0.591 0.538
Qwen2.5 0.135 0.153 0.591 0.499
Llama3.1 0.192 0.166 0.520 0.500

DeepSeek-R1 0.481 0.495 0.489 0.498

Table 2: The performance of LLMs with and without fine-
tuning using meta-based prompt.

dicates that fine-tuning significantly improves the perfor-
mance of LLMs in toxicity risk classification. As shown in
Table 3, the accuracy of LLMs using few-shot examples is
0.566 (GPT-4o), 0.364 (GLM-4), 0.284 (Qwen2.5), 0.124
(Llama3.1), and 0.411 (DeepSeek-R1), respectively. It indi-
cates that the few-shot technique does not improve the de-
tection performance of Llama3.1 and DeepSeek-R1.

We obtain the following conclusions. Traditional detec-
tion methods perform poorly in “youth-toxicity” detection
tasks. In contrast, LLMs show varying prominent improve-
ments in detecting “youth-toxicity”. Providing LLMs with
the target of “youth-toxicity” and meta information can im-
prove the capability to identify the toxicity label and toxi-
city type of “youth-toxicity” languages. Besides, the meta-
based prompting method outperforms the target-based one,
showing that integrating meta information is more effective.
However, it also introduces some negative effects, especially
the misjudgment of low risk samples. Besides, fine-tuning
can further improve LLM performance in toxicity detection,
while the gains from the few-shot technique are limited.

Discussion
Although previous research has extensively studied different
types of toxic content and methods for their detection, the in-
vestigation of “youth-toxicity” languages is ignored, as they
are mostly considered nontoxic in general. This poses po-
tential dangers to youth’s online experience and well-being.
As the first study on “youth-toxicity” languages, we explore
how youth perceive online toxicity from their views, fill-
ing the gap in toxicity research and offering new insights
into youth-centered toxicity investigation. We found that
youth attributes (age and gender) and text-related features
(utterance source, text length, and LIWC semantics) are
key factors influencing their perception of “youth-toxicity”
languages (RQ1). Specifically, older youth are more likely
to judge online utterances as “youth-toxicity”. We thought
this could be closely related to cognitive maturity and emo-
tional sensitivity. According to Cognitive Development The-

LLMs Without Few-shot With Few-shot
Acc. F1 Acc. F1

Toxicity Label Prediction
GPT-4o 0.677 0.673 0.700 0.699
GLM-4 0.644 0.641 0.651 0.651

Qwen2.5 0.658 0.659 0.622 0.610
Llama3.1 0.572 0.573 0.482 0.375

DeepSeek-R1 0.599 0.601 0.614 0.615
Toxicity Type Classification

GPT-4o 0.344 0.374 0.341 0.364
GLM-4 0.471 0.454 0.440 0.370

Qwen2.5 0.531 0.423 0.481 0.403
Llama3.1 0.504 0.365 0.476 0.361

DeepSeek-R1 0.323 0.350 0.220 0.252
Toxicity Risk Classification

GPT-4o 0.570 0.507 0.566 0.537
GLM-4 0.302 0.349 0.364 0.411

Qwen2.5 0.135 0.153 0.284 0.326
Llama3.1 0.192 0.166 0.124 0.143

DeepSeek-R1 0.481 0.495 0.411 0.449

Table 3: The performance of LLMs with and without few-
shot examples using meta-based prompt.

ory and Social Learning Theory, youth’s cognitive abili-
ties to comprehend and evaluate complex situations improve
with age overall. With the accumulation of their own experi-
ences and learning from others, older youth tend to be more
aware of different risks and more adept at risk identification
and moderation. Similarly, female youth tend to perceive ut-
terances as “youth-toxicity” with higher risk. Along with
Social Role Theory, female individuals are generally more
sensitive in social interactions, such as catching and com-
prehending subtle emotions and physical signals. The utter-
ance source is another important factor. Youth are found to
be more tolerant of utterances from family, the significant
other, or friends than those from strangers, which echoes the
findings of Park et al. (2024). We also found that “youth-
toxicity” languages from these sources, especially family
members, can pose a higher risk to youth. The joint of the
two findings aligns with Social Support Theory, i.e., youth
usually receive support from family and friends, making
them more willing to tolerate their comments. However, due
to the importance of these relationships, negative comments
can cause more serious emotional harm. Additionally, youth
are sensitive to shorter texts and some specific words, es-
pecially words related to self-identity and physiological be-
havior. According to Looking-Glass Self Theory, youth’s
self-recognition is formed based on how they believe others
see them, so others’ comments and opinions are crucial. In
the communication, shorter texts are easy to be interpreted
by youth as strong expressions because of their directness.
Specific words involving “achieve”, “you”, and “negate”
types often linked to ability, status, or identity, can easily be
seen as challenges to youth’s self-identity, triggering nega-
tive judgments. These findings offer valuable insights into
youth-centered toxicity studies, shedding light on how they
understand and respond to “youth-toxicity” languages, and
also guiding the design of youth-centered toxicity detection.

Our results also indicate the potential of advanced LLMs
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in “youth-toxicity” detection tasks. Unlike traditional ma-
chine learning methods, LLMs can be directly used for tox-
icity detection without fine-tuning. Second, we highlight
the limitations of using simple prompt engineering to guide
LLMs in detecting. With the direct prompt, LLMs’ perfor-
mance in the three tasks (toxicity label prediction, toxicity
type classification, and toxicity risk classification) is lower,
and even when adopting the target-based prompt, the perfor-
mance is still general. It suggests that simple prompt design,
including just giving instructions for tasks, cannot be effec-
tive in “youth-toxicity” detection. A potential solution is to
identify specific features of the target audience and scenario
and integrate them into prompt design. We also prove it, i.e.,
introducing key meta information related to “youth-toxicity”
into the prompt (meta-based prompt) leads to greater per-
formance improvement in most “youth-toxicity” detection
tasks compared to the results of direct prompt. With the de-
velopment of LLMs, more HCI studies abandon the feature
mining procedure advocated by traditional quantitative re-
search and just rely on LLMs to infer or complete some tasks
(Mishra and Chatterjee 2024; Yaqiong et al. 2024). Com-
pared with this trend, our work highlights the necessity of
feature investigation in LLM-based HCI studies, especially
in special domains like youth and older adults. These stud-
ies should be guided by empirical analysis or theoretical ba-
sis to gain unique insights into specific groups in particu-
lar scenarios and then guide LLMs to finish the correspond-
ing tasks. However, how to effectively integrate features or
specific insights into the prompt faces some challenges. In
our study, the performance of LLMs with the meta-based
prompt shows a declined trend in toxicity risk classifica-
tion than other prompts. Similar to concerns about over-
moderation (Chancellor et al. 2016), the introduction of key
features makes LLMs stricter in “youth-toxicity” judgment
(e.g., nontoxic utterances with emotional or opinion expres-
sions are often misclassified as “youth-toxicity”, and low
risk languages are easily identified as higher risk). More-
over, the “black-box” nature of LLMs complicates the in-
tegration of these knowledge, solely relying on prompt de-
sign, which is a trial-and-error process. Therefore, design-
ing more effective ways like Chain-of-Thought to integrate
knowledge into LLMs’ prompt is a crucial direction.

We also observed the hallucination issues in LLMs dur-
ing toxicity detection tasks. For example, when conducting
toxicity type classification on the utterance “You’re playing
really variously!”, Llama3.1 generates the response: “Out-
put: Offensive Language. The input text: You’re playing re-
ally variously! Kill assistant! Kill!”. This suggests that the
LLM may generate irrelevant or fabricated content based
on pre-training knowledge, especially in ambiguous con-
texts. Such issues often stem from the lack of task-specific
design and weak grounding in domain knowledge. Future
work could further improve output reliability by integrat-
ing external knowledge through techniques like Retrieval-
Augmented Generation.

Limitations and Ethical Considerations
Limitations This work focuses on understanding how
youth perceive “youth-toxicity” languages to improve tox-

icity detection from a general youth perspective, rather than
personalized detection for individuals. Second, there is a
slight age imbalance among participants, especially those
aged 13-15, which may impact the generalizability of our
findings. Third, we utilized meta information as a whole to
support “youth-toxicity” detection without exploring the ef-
fects of various combinations. Future research can explore
individual differences among youth and examine the role of
meta combinations in detection by ablation studies.

Ethical Considerations Given that participants are youth,
we focus on potential ethical and privacy problems. This
study was approved by the Institutional Review Board (IRB)
of the first author’s institution, and all researchers completed
human subjects training. During the recruitment, we pro-
vided youth participants with information about the study’s
purpose, procedures, and potential risks. Informed consent
was required from participants (with parental or guardian
consent for those under 18). To mitigate risks that youth
might encounter, we provided instructions on how to delete
personal annotations and offered access to mental health
support from social workers.

Conclusion
In this paper, we delved into “youth-toxicity” languages by
analyzing the related features and evaluating the effective-
ness of current advanced detection methods in identifying
such languages. We found that meta information like at-
tributes (age and gender) and text-related features (utterance
source, text length, and LIWC semantics) are critical factors
associated with youth’s perception of “youth-toxicity”. Ad-
vanced LLMs like GPT-4o and GLM-4 exhibit their poten-
tial in different “youth-toxicity” detection tasks, especially
when being informed with the associated meta information.
These findings provide several novel insights into the design
of human-centered and youth-centered toxicity detection.
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Appendix
Experimental Settings
Prompt Example Taking the toxicity label prediction as
an example, this part presents the details of three prompts.
The direct prompt is as follows:
[Task Description] You are a toxicity classifier, and

the definition of toxicity is "a rude, disrespectful,

or unreasonable content that is likely to make someone

leave a discussion". Your task is to determine whether

the input text is toxic.

[Input Sentence] The utterance

[Output Format] 1) Respond only with one of the two

standard JSON responses: {"Output": "It contains

toxicity"} or {"Output": "It doesn’t contain toxicity"}.
2) Do not include any explanatory text.

The target-based prompt is as follows:
[Task Description] You are a toxicity classifier, and

the definition of toxicity is "a rude, disrespectful,

or unreasonable content that is likely to make someone

leave a discussion". Your target recipient is youth aged

13 to 21. Your task is to determine whether the input

text is toxic for this group.

[Input Sentence] The utterance

[Output Format] 1) Respond only with one of the two

standard JSON responses: {"Output": "It contains

toxicity"} or {"Output": "It doesn’t contain toxicity"}.
2) Do not include any explanatory text.

The meta-based prompt is as follows:
[Task Description] You are a toxicity classifier, and

the definition of toxicity is "a rude, disrespectful, or

unreasonable content that is likely to make someone

leave a discussion". Your target recipient is a

age-year-old gender youth. Your task is to determine

whether the input text from the youth’s the utterance

source is toxic.

[Judgment Principles] 1) Youth’s judgment of toxicity

is related to their age, gender, and the utterance

source (the speaker). 2) Youth’s judgment of toxicity is

influenced by the utterance length. 3) Youth’s judgment

of toxicity is related to semantic features of the

utterance, such as personal pronouns, social relations,

physiological behavior, and special terms.

[Input Sentence] The utterance

[Output Format] 1) Respond only with one of the two

standard JSON responses: {"Output": "It contains

toxicity"} or {"Output": "It doesn’t contain toxicity"}.
2) Do not include any explanatory text.

LLM Scale and Fine-tuning Setting We choose the fol-
lowing open-source LLMs at the billion-parameter scale:
GLM-4-9B, Qwen2.5-7B, Llama3.1-8B, and DeepSeek-R1-
7B-Distill. For fine-tuning experiments of PLMs and LLMs,
training, validation, and test sets account for 70%, 10%, and
20% of the collected dataset, respectively. LLMs are fine-
tuned by using the Low-Rank Adaption method (Hu et al.
2022) with a learning rate of 2e-5. Each LLM uses its de-
fault temperature during training. Since toxicity detection is
a classification task, the temperature is set to 0.2 during test-
ing to ensure a deterministic output.

Detailed Results
The tables are presented on the following pages for better
readability.
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Independent Variable Toxicity Label Toxicity Type Toxicity Risk
Yes D SC TV H IRT O MR HR

Age 0.094(***) -0.116(*) -0.363(**) -0.132(*) -0.391(***) -0.556(***)
Gender 0.151(***) -0.249(***) -0.242(**) -0.470(***) -0.310(***) -0.092(*) -0.290(***)

Text Length -0.339(***) 0.189(***) 0.285(**) -0.287(*) 0.173(**) 0.160(***) 0.165(*)
Family -0.241(***) 0.353(***) 0.142(**) 0.256(***) 0.316(***) 0.423(***)

Significant Other -0.083(***) -0.259(*) 0.257(***) 0.099(**)
Friend -0.269(***) -0.310(***) -0.406(***) 0.197(***)

Acquaintance -0.365(***) -0.236(***) -0.256(*) 0.098(**)
Others -0.152(***) 0.440(***) 0.083(*)

i -0.166(***) -0.114(*) 0.317(**) -0.171(*)
you 0.286(***) -0.287(***) 0.217(*) 0.279(***) -0.256(***) 0.109(**)

shehe 0.061(*)
they 0.166(*)
ipron -0.127(*) -0.285(*)
negate 0.075(*)
preps 0.266(***) 0.251(*)

number -0.380(*)
youpl 0.059(*) -0.384(*)

MultiFun -0.129(***) 0.191(**) -0.531(**) 0.211(*) -0.287(*)
PresentM -0.067(*) 0.148(*)

friend -0.205(**) 0.258(***)
family 0.070(*)

humans 0.107(***) -0.358(**)
posemo 0.107(*)
anger 0.069(*)

insight -0.093(**)
tentat -0.088(**)
anx 0.154(*)

cause 0.132(*)
discrep 0.115(*) 0.194(**)
inhib -0.061(*) 0.131(**) 0.136(*)
excl -0.524(**)
feel -0.084(**)

body 0.060(*) 0.189(**)
health 0.083(*)
sexual 0.077(**) 0.335(***) -0.421(**) 0.111(**) 0.143(*)
space -0.367(*)
ingest -0.061(*) -0.090(*)
time -0.080(*) 0.301(**) 0.216(**)
work -0.267(*)

achieve -0.112(*) -0.423(*)
money 0.200(***)
relig 0.137(**)
death -0.110(*) 0.161(*)
nonfl 0.111(*)
filler 0.133(***) 0.395(**)

Table 4: Logistic regression results (Coefficient(P-value)): *** indicates p < 0.001, ** indicates p < 0.01, and * indicates
p < 0.05. “D”, “SC”, “TV”,“H”,“IRT”,“O”,“MR”, and “HR” denote ”Discrimination”, ”Sexual Content”, ”Threat of Violence”,
”Harassment”, ”Ideology-related Toxicity”, ”Others”, ”Medium Risk”, and ”High Risk”, respectively.
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LLMs Toxicity Type Direct Prompt Target-based Prompt Meta-based Prompt
Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1

GPT-4o

Offensive Language 0.713 0.260 0.381 0.675 0.279 0.395 0.653 0.308 0.419
Discrimination 0.389 0.636 0.483 0.389 0.636 0.483 0.383 0.552 0.452
Sexual Content 0.436 0.447 0.442 0.519 0.368 0.431 0.579 0.290 0.386

Threat of Violence 0.250 0.250 0.250 0.286 0.250 0.267 0.200 0.125 0.154
Harassment 0.083 0.032 0.047 0.000 0.000 0.000 0.167 0.032 0.054

Ideology-related Toxicity 0.389 0.103 0.163 0.294 0.074 0.118 0.275 0.324 0.297
Others 0.061 0.395 0.106 0.056 0.368 0.098 0.054 0.290 0.091

GLM-4

Offensive Language 0.589 0.603 0.596 0.619 0.536 0.575 0.630 0.590 0.609
Discrimination 0.346 0.468 0.398 0.320 0.533 0.400 0.354 0.630 0.453
Sexual Content 0.222 0.263 0.241 0.353 0.316 0.333 0.417 0.263 0.323

Threat of Violence 0.200 0.313 0.244 0.095 0.250 0.138 0.167 0.125 0.143
Harassment 0.053 0.032 0.040 0.071 0.032 0.044 0.065 0.065 0.065

Ideology-related Toxicity 0.185 0.074 0.105 0.304 0.103 0.154 0.389 0.103 0.163
Others 0.083 0.026 0.040 0.039 0.026 0.031 0.100 0.026 0.042

Qwen2.5

Offensive Language 0.533 0.665 0.592 0.537 0.933 0.682 0.546 0.933 0.689
Discrimination 0.231 0.292 0.258 0.422 0.175 0.248 0.443 0.201 0.277
Sexual Content 0.086 0.079 0.082 0.000 0.000 0.000 1.000 0.026 0.051

Threat of Violence 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Harassment 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Ideology-related Toxicity 0.000 0.000 0.000 0.000 0.000 0.000 0.167 0.015 0.027
Others 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Llama3.1

Offensive Language 0.520 0.914 0.663 0.523 0.976 0.681 0.521 0.952 0.673
Discrimination 0.333 0.007 0.013 0.500 0.020 0.038 0.667 0.013 0.026
Sexual Content 0.077 0.079 0.078 0.000 0.000 0.000 0.000 0.000 0.000

Threat of Violence 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Harassment 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.032 0.063

Ideology-related Toxicity 0.214 0.044 0.073 0.067 0.015 0.024 0.129 0.059 0.081
Others 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

DeepSeek-R1

Offensive Language 0.550 0.118 0.194 0.635 0.145 0.236 0.593 0.375 0.460
Discrimination 0.349 0.299 0.322 0.350 0.279 0.311 0.288 0.429 0.345
Sexual Content 0.000 0.000 0.000 0.500 0.053 0.095 0.318 0.184 0.233

Threat of Violence 0.222 0.125 0.160 0.250 0.125 0.167 0.200 0.125 0.154
Harassment 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Ideology-related Toxicity 0.211 0.118 0.151 0.143 0.103 0.120 0.222 0.177 0.197
Others 0.069 0.816 0.127 0.058 0.684 0.108 0.030 0.132 0.049

Table 5: The performance of LLMs using different prompts in toxicity type classification (using the same representations as
Table 1).

LLMs Risk Level Direct Prompt Target-based Prompt Meta-based Prompt
Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1

GPT-4o
Low Risk 0.608 0.854 0.711 0.6192 0.851 0.717 0.635 0.873 0.735

Medium Risk 0.333 0.138 0.195 0.342 0.159 0.217 0.365 0.113 0.173
High Risk 0.125 0.055 0.076 0.167 0.073 0.101 0.197 0.218 0.207

GLM-4
Low Risk 0.705 0.316 0.437 0.724 0.297 0.421 0.722 0.288 0.412

Medium Risk 0.343 0.293 0.316 0.414 0.050 0.090 0.321 0.247 0.279
High Risk 0.086 0.509 0.148 0.089 0.836 0.161 0.099 0.655 0.172

Qwen2.5
Low Risk 0.618 0.259 0.365 0.621 0.321 0.423 0.612 0.186 0.286

Medium Risk 0.324 0.285 0.303 0.350 0.205 0.259 0.375 0.050 0.089
High Risk 0.079 0.473 0.135 0.089 0.582 0.155 0.088 0.891 0.160

Llama3.1
Low Risk 0.546 0.057 0.103 0.743 0.061 0.113 0.889 0.019 0.037

Medium Risk 0.337 0.716 0.458 0.324 0.611 0.424 0.353 0.540 0.427
High Risk 0.074 0.036 0.049 0.059 0.036 0.045 0.111 0.018 0.031

DeepSeek-R1
Low Risk 0.604 0.722 0.657 0.622 0.644 0.633 0.681 0.519 0.589

Medium Risk 0.290 0.159 0.205 0.371 0.314 0.340 0.366 0.506 0.425
High Risk 0.075 0.091 0.082 0.103 0.127 0.114 0.067 0.073 0.070

Table 6: The performance of LLMs using different prompts in toxicity risk classification (using the same representations as
Table 1).
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