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Abstract

As awareness of mental health issues grows, on-
line counseling support services are becoming
increasingly prevalent worldwide. Detecting
whether users express suicidal ideation in text-
based counseling services is crucial for identi-
fying and prioritizing at-risk individuals. How-
ever, the lack of domain-specific systems to
facilitate fine-grained suicide detection and cor-
responding risk assessment in online counsel-
ing poses a significant challenge for automated
crisis intervention aimed at suicide prevention.
In this paper, we propose PsyGUARD, an au-
tomated system for detecting suicide ideation
and assessing risk in psychological counseling.
To achieve this, we first develop a detailed tax-
onomy for detecting suicide ideation based on
foundational theories. We then curate a large-
scale, high-quality dataset called PsySUICIDE
for suicide detection. To evaluate the capabil-
ities of automated systems in fine-grained sui-
cide detection, we establish a range of baselines.
Subsequently, to assist automated services in
providing safe, helpful, and tailored responses
for further assessment, we propose to build a
suite of risk assessment frameworks. Our study
not only provides an insightful analysis of the
effectiveness of automated risk assessment sys-
tems based on fine-grained suicide detection
but also highlights their potential to improve
mental health services on online counseling
platforms. Code, data, and models are avail-
able at https://github.com/giuhuachuan/
PsyGUARD.

1 Introduction

It is well-documented that suicide is a major pub-
lic health problem worldwide (Mann et al., 2005;
Robinson et al., 2016; Turecki et al., 2019). Each
suicide death represents a catastrophic tragedy and
is reported to directly or indirectly affect many

* This work was done while she worked as a post-
doctoral researcher at Westlake University.
' Corresponding author.
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Figure 1: Examples of counselors adjusting their suicide
prevention strategies based on their users’ suicide ac-
tions and thoughts in real life. In this paper, the first step
is to conduct fine-grained suicide detection, followed by
implementing a safe, helpful, and customized approach
to risk assessment.

individuals, including relatives, friends, and soci-
ety (Clark and Goldney, 2000; Cerel et al., 2008;
Turecki et al., 2019). Online counseling services
are available in many countries, allowing for con-
fidential and immediate help to those in need free
of time and space, and therefore play a critical role
in suicide prevention (Bialer et al., 2022), which
can effectively halt user suicidal ideation (Maples
et al., 2024). However, the lack of domain-specific
systems to enhance Chinese fine-grained suicide
detection and corresponding risk assessment in on-
line counseling poses a significant challenge for
automated crisis intervention with the purpose of
suicide prevention.

Motivation Indeed, many researchers have been
working on the development of automated systems
for suicide detection that can be used in real-life
production (Huang et al., 2015; Sawhney et al.,
2018a, 2022b; Sinha et al., 2019; Guzman-Nateras
et al., 2022). Despite advancements in such au-
tomated detection systems, existing studies are
mainly confined to suicide detection, often ignor-
ing fine-grained suicidal actions or thoughts and
corresponding approaches for risk assessment, as
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illustrated in Figure 1. Automated suicide detection
and risk assessment systems can help scale support
services to reach a larger population, especially
considering the increasing prevalence of online
counseling and mental health support platforms.
Further, by providing automated support and in-
tervention, individuals may feel more comfortable
seeking help online, thus reducing the stigma asso-
ciated with mental health issues and suicide preven-
tion (Robinson et al., 2016). Empirical evidence
(Nie et al., 2024; Maples et al., 2024) indicates that
individuals are willing to interact with human or
Al counselors, with many having disclosed their
suicidal thoughts, plans, and actions, underscoring
the importance of automated systems for suicide
detection and risk assessment. The deficiencies in
existing systems significantly limit automated sys-
tems’ capability to ensure safe, helpful, customized
services in providing mental health support, which
motivates us to carry out the work presented in this

paper.

Challenges The lack of fine-grained suicide de-
tection datasets in psychological counseling is
a major challenge. Currently, numerous studies
have made significant progress in detecting sui-
cidal ideation, but they primarily focus on social
media platforms (Huang et al., 2015; Cao et al.,
2019; Sawhney et al., 2018a; Sinha et al., 2019;
Gaur et al., 2019; Guzman-Nateras et al., 2022)
rather than on counseling conversations. Therefore,
using such datasets directly for risk detection in
online counseling may not be suitable due to a gap
in user expressions, such as emojis, URLs, images,
or special marks. Additionally, challenges posed
by datasets collected from electronic health records
(Pratap Singh Rawat et al., 2022) or mental health
records also include gaps in data format. Further-
more, most studies that primarily focus on binary
suicidal ideation detection (Huang et al., 2015; Cao
et al., 2019; Sawhney et al., 2018a; Sinha et al.,
2019) face challenges in considering the granular-
ity of suicide ideation categories in the real world.

The lack of a comprehensive suite of risk as-
sessments for corresponding suicide categories is
another challenge. In addition to users mentioning
that they have attempted suicide, simply identify-
ing fine-grained suicide categories is not sufficient
to conclude whether a user will actually commit
suicide. Risk assessment can directly guide how to
intervene in a crisis situation. Therefore, suicide
classification is the initial step in suicide preven-

tion, and further risk assessment is required, which
is largely overlooked by current studies.

Our Approach In this paper, to our knowledge,
we are the first to propose to study an automated
system for suicide detection and risk assessment
in psychological counseling. Our paper is orga-
nized into five main parts. Section 2 (§2) describes
the existing works related to ours. Section 3 (§3)
demonstrates the detailed process of taxonomy con-
struction. Section 4 (§4) elaborates on rigorous
data collection. Section 5 (§5) constructs extensive
baselines, and Section 6 (§6) provides a simple yet
effective framework for risk assessment prior to
crisis intervention.

Our Contributions We believe our work offers a
new perspective on building an automated system
for suicide detection and risk assessment in psycho-
logical counseling within the research community.
Our contributions can be summarized as follows:

* We construct PsyGUARD, an automated sys-
tem for suicide detection and risk assessment,
to ensure safe, helpful, customized services
in text-based counseling conversations. To
achieve this, we develop a novel fine-grained
taxonomy (§3) for crisis situations, which cat-
egorizes the risk levels based on suicidal ac-
tions or thoughts, self-harm or harming others,
and being abused.

* We build the PsyGUARD dataset, a large-
scale, high-quality, and fine-grained suicidal
ideation detection corpus (§4). This dataset is
created through a rigorous collection process,
including raw data collection, development of
annotation platforms, initial annotator train-
ing, iterative human annotation, disagreement
adjudication, and quality control.

* To understand the capabilities of automated
systems in suicide risk detection, we establish
various baselines (§5) using our dataset for
comparison. These baselines include LLM
zero-shot, LLM few-shot, fine-tuning pre-
trained models, and fine-tuning LLM used for
predicting suicidal ideation of users’ content.

* To assist automated services in providing safe,
helpful, and customized responses during risk
assessment, we propose to build a risk assess-
ment framework (§6) for users during online
text-based counseling.
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# Classes  Size Bal

Dataset Source

Open-source I Level Actions or Thoughts Multi-label Annotators

9.08%

Huang et al. (2015) Weibo 2 7314 (664) Chinese 1 4 X X Experts
. 34.00% .
. 3

Cao et al. (2019) Weibo 2 744031 (252901) Chinese X b 4 b 4 Experts
. 15.76% .

Sawhney et al. (2018b) Twitter 2 5213 (822) 1 4 English X X X Experts
. . 11.61% .

Sinha et al. (2019) Twitter 2 34306 (3984) 1 4 English 1 4 1 4 x Experts
. 58.6% .

Gaur et al. (2019) Reddit 5 500 (293) English v b 4 X Experts
. 20.85% .

Guzman-Nateras et al. (2022) Reddit 7 37068 English 1 4 X v Experts

(7729)

Zhihu, Weibo, Yixinli,
Open-source dialogues

20.68%

PsySUICIDE (Ours) (3104)

15010

R KR

Chinese v v Experts

Table 1: Comparison of suicidal ideation detection datasets. Our dataset provides a well-balanced representation
of specific categories: (1) Suicidal action or ideation (3104/15010, accounting for 20.68%); (2) Suicidal action or
ideation, self-injury, aggressive behavior, and exploration about suicide (4256/15010, accounting for 28.35%).

Next, we will briefly describe the existing works
related to ours.

2 Related Work

2.1 Taxonomy for Suicide Risk

Existing suicide risk annotations are mainly based
on the guidelines of the Columbia Suicide Severity
Rating Scale (C-SSRS) (Posner et al., 2008, 2011),
which is an authoritative questionnaire used by psy-
chiatrists to assess the severity of suicide risk. Each
C-SSRS severity class comprises a set of questions
that conceptually characterize the respective cate-
gory. The responses to these questions across the
C-SSRS classes determine the risk of suicidality
for an individual (Gomes de Andrade et al., 2018;
McCall et al., 2021; Orr et al., 2022). Additionally,
there is another commonly used taxonomy (Shing
et al., 2018; Zirikly et al., 2019) for suicide annota-
tion, which includes four levels: no risk, low risk,
moderate risk, and severe risk. Compared to the
C-SSRS, this taxonomy may have varying degrees
of subjectivity. Furthermore, a more easily under-
standable taxonomy (Sawhney et al., 2018a) is the
binary classification system, which categorizes in-
dividuals as either having present or absent suicidal
intent. Clearly, the existing taxonomies are either
too simplistic or too complex, and they do not fully
meet the requirements of our research purpose.

2.2 Suicide Risk Detection
2.2.1 Datasets for Suicide Risk Detection

We present several typical datasets used for sui-
cide detection in Table 1. Various works have been
recently proposed with the objective of automat-
ing the detection of user content expressing sui-
cidal ideation posted on social media platforms
(Huang et al., 2015; Cao et al., 2019; Sawhney

et al., 2018a, 2022b; Sinha et al., 2019; Guzman-
Nateras et al., 2022) and electronic health records
(Pratap Singh Rawat et al., 2022). Further, some
researchers focus on electronic health records
(Guzman-Nateras et al., 2022; Rawat et al., 2022)
to detect clinical health issues.

2.2.2 Methods for Suicide Risk Detection

In short, the best available performance for suicidal
ideation detection still relies heavily on pre-trained
models. However, in order to improve performance,
researchers have added a variety of strategies to en-
hance the model’s ability to classify (Rawat and Yu,
2022; Ghosh et al., 2022; Sawhney et al., 2022b).
Basically, most of the research focused on con-
ventional machine learning methods (Tyagi et al.,
2023) and fine-tuning pre-trained models (Sawh-
ney et al., 2020; Shing et al., 2020; Sawhney et al.,
2022a). In the era of large language models, one
work (Ghanadian et al., 2023) conducted a quantita-
tive analysis of the open-source suicide intent clas-
sification dataset using ChatGPT, evaluating meth-
ods including zero-shot and few-shot paradigms.
The experimental results have much room for im-
provement, but it is a crucial attempt and explo-
ration of using large models for suicide detection.

3 Taxonomy Construction

To build an automated system for suicide detec-
tion and risk assessment in psychological coun-
seling, we first propose to develop a novel taxon-
omy for categorizing the level of suicide based
on suicide actions and thoughts. In collaboration
with experts! in psychological counseling, we have
adapted and refined existing suicidal taxonomies,

'One is a Ph.D. in psychology and holds a State-
Certificated Class 3 Psycho-counselor with four years of expe-

rience in counseling. Another individual is a State-Certificated
Class 3 Psycho-counselor with a master’s degree. The third
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Figure 2: Our proposed taxonomy of suicidal ideation. The higher the number of stars, the higher the risk. See
Figure 5 in the Appendix for the corresponding Chinese version.

such as C-SSRS (Posner et al., 2008, 2011), di-
chotomy suicide (Sawhney et al., 2018a), suicide
behaviors (Nock et al., 2008; Crosby et al., 1999;
Schreiber et al., 2010), self-injury behaviors (Nock,
2010), and aggressive behavior (Stanford et al.,
2003; Grigg, 2010), to suit the context of online
text-based counseling conversations. Based on the
solid theories and preliminary analysis of the real-
life corpus, we elaborately construct the suicide
taxonomy, following the consensual qualitative re-
search method (Nock et al., 2008; Bridge et al.,
2006).

Category Definitions Our proposed taxonomy
for suicide ideation detection, which consists of a
total of 11 fine-grained categories, is presented in
Figure 2. Based on the user’s perspective, whether
the textual content contains suicidal ideation can
be divided into two key types, as illustrated by di-
chotomy suicide, including suicidal ideation and
non-suicidal ideation. For details about the defini-
tion of each category, see Appendix C.

4 Data Collection

To validate the feasibility of our proposed fine-
grained taxonomy in real-world settings and ad-
dress the limitations that current datasets are typ-
ically collected from a single source, as well as
to automate risk assessment further, we collect a
large-scale user input corpus from several media

person is a doctoral student majoring in computer science and
is the first author of this paper.

platforms, including Weibo?, Zhihu?, and Yixinli?,
and open-source dialogue datasets. Through a rig-
orous process of data annotation, the PsySUICIDE
dataset is a high-quality and diverse corpus used
for researching automated suicidal detection and
further risk assessment. Some examples cherry-
picked from the PsySUICIDE dataset are presented
in Table 2.

Next, we will describe the process of construct-
ing PsySUICIDE, including raw data collection, de-
velopment of an annotation platform, initial anno-
tator training, iterative human annotation, disagree-
ment adjudication, and quality control. Finally,
we will present the statistics of the PsySUICIDE
dataset, as illustrated in Table 3.

4.1 Raw Data Collection

To cover both frequent explicit or implicit suicidal
ideation, such as explicit suicidality and queries
about committing suicide, as well as infrequent
non-suicidal ideation, such as reports of suicide and
exploration about suicide, we have selected the raw
data for our dataset from two publicly accessible
sources: social media platforms and open-source
mental health dialogues. Furthermore, to ensure
that the data is suitable for conversational scenarios,
we primarily collect our data from open-source
dialogues that focus on mental health counseling.
To ensure that there is no data duplication in
the unlabeled dataset, we initially performed dupli-
cation filtering. To protect user privacy, we then

https://www.weibo.com
3https://www.zhihu.com
*https://www.xinli001.com
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No. Text

English Translation

Label

1 ZARINAIRENF, KoLTH B e R

My girlfriend said she wanted to break up and | took a lot of sleeping pills.

Suicide Attempt

2 AT 8%, RCEXTRSRRE

I've bought a lot of sleeping pills to kill myself.

Suicide Preparatory Act

3 AT A, RITHEEMRS LKL

In order to kill myself, I'm going to buy a lot of sleeping pills.

Suicidal Plan

KB A F

I want to kill myself.

Active Suicidal Ideation

I'm better off dead.

Passive Suicidal Ideation

4
5 KT LI
6 AR RAIE K ety B T Rk

| enjoy burning my skin with the end of a cigarette.

Self-injury Behavior

7 | mmax

| want to hurt myself.

Self-injury ideation

8 MAERKY LG REFRGALIETF 2!

Trying to poison my parents! Stop telling me what to do with my life!

Aggression against Others

9 BB A S KGR, BRI

My ex-boyfriend called me a green tea whore and told me to go to hell.

Aggression against Users

10 FAE A B F, FILEAT 2R B R?

A close friend is trying to commit suicide, what can | do to help her?

Exploration about Suicide

n B AR BRI FLEMET

I am a high school student, thinking about and fearing death every day.

Irrelevant to Suicide/Self-
injury/Aggressive Behavior

1o | BASAMBFHB A, MEERHASL BHAK
BH, RAGERFAET. .

I'm a 15-year-old boy who was told to my face by someone | like that I'm
ugly, and | really don't feel like living...

* Passive Suicidal Ideation
* Aggression against Users

R AR BAEBRITA T RENHAH O+
Ak

Irritability, low self-esteem, a particular tendency to hit people, suicidal
thoughts arise when | get out of control.

* Active Suicidal Ideation
* Aggression against Others

Table 2: Examples that are cherry-picked from the PsySUICIDE dataset.

Data Category # Instances

single-label 14594
multi-label 206
Total 14800
Label # Number
Suicide Attempt 118
Suicidal Preparatory Act 22
Suicidal Plan 155
Active Suicidal Ideation 1430
Passive Suicidal Ideation 1379
Self-injury Behavior 160
Self-injury Ideation 48
Aggression against Others 315
Aggression against Users 260
Exploration about Suicide 369
Irrelevant to Suicide/Self-injury/Aggressive Behavior 10754
Total 15010

Table 3: Data statistics of the PsySUICIDE dataset.

asked annotators to conduct a data anonymization
process, removing information related to user iden-
tification (e.g., names and addresses) before the
data annotation.

We collect 3800 user posts from social media
platforms. Furthermore, we collect 11000 user ut-
terances from open-source mental health dialogues,
with 4000, 3000, and 4000 user utterances from
SmileChat (Qiu et al., 2024), real-life counselor-
client dialogues (Li et al., 2023), and real-life
human-machine dialogues collected in the wild
(Qiu et al., 2024), respectively. For details of data
sources, see Appendix B.

4.2 Annotation Platform Development

We present our annotation platform based on our
proposed taxonomy, which consists of at least three
tasks and at most four tasks, as illustrated in Figure
4 in Appendix A. We will release this annotation

platform along with our code, dataset, and model.

4.3 Initial Annotator Training

Three annotators are undergraduate fourth-year stu-
dents majoring in psychology, with two of them
being male and one being female. We provide
our taxonomy (Figure 2) and annotation guidelines
along with concrete examples (Table 5 in Appendix
D) for three annotators. Prior to data annotation,
we require three annotators to understand our tax-
onomy and annotation guidelines. Any questions
they have about their understanding have been re-
solved by our experts, thus ensuring that we have
reached an agreement before labeling.

Trial-and-Error Annotation To validate the fea-
sibility of the initial taxonomy and reduce its ob-
scure points, we propose to adopt a trial-and-error
annotation paradigm to annotate three batches of
data, comprising 200, 300, and 300 instances, re-
spectively. Fleiss’ kappa (Fleiss et al., 1981) is used
to measure the inter-rater agreement, and all val-
ues (0.555, 0.511, and 0.565) fall within moderate
agreement with 0.5 < k < 0.6. After three batch
annotations, we discuss the cases in which one an-
notator assigns a different label. Consequently, we
improve our taxonomy based on the real-life corpus.
Through trial-and-error annotation, in cooperation
with our experts and three annotators majoring in
psychology, we update the taxonomy again.

4.4 Iterative Human Annotation

We adopt two-stage data annotation, including
mini-batch iterative annotation and large-scale it-
erative annotation. Each batch contains a certain
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amount of content produced by users, and each
unlabeled instance is assigned to three annotators
for independent annotation using our annotation
platform.

Mini-batch Iterative Annotation To validate
the completeness of our taxonomy, we assign five
batches, each containing 100 instances. Fleiss’
kappa is used to measure the inter-rater agreement,
and all values (0.739, 0.74, 0.784, 0.785, and 0.816)
fall within substantial agreement or even almost
perfect with 0.7 < k < 0.9, which demonstrates
that our taxonomy is complete enough.

Large-scale Iterative Annotation We assign 27
batches of data for large-scale iterative annotation,
each containing 500 instances. Fortunately, Fleiss’
kappa value in each batch is consistently higher
than 0.7, demonstrating that the annotated data is
of high quality with substantial agreement.

4.5 Disagreement Adjudication

In any batch of data annotation, we first use ma-
jority voting to resolve label disagreements. When
all three labels are distinct, the three annotators
must discuss any inconsistent instances that have
not been assigned the same label. Three annota-
tors are required to discuss the final label for any
instance assigned a distinct label for disagreement
adjudication.

It is worth noting that some instances have mul-
tiple labels. Therefore, we require all annotators
to tick the option if such an instance has multiple
labels. During disagreement adjudication, we also
require them to discuss such instances and assign
correct labels in such cases.

4.6 Quality Control

To ensure high-quality annotation, we set a rigor-
ous annotation standard: If the Fleiss’ kappa value
is lower than 0.6, the entire batch is rejected and re-
turned to the annotators for revision until the Fleiss’
kappa value exceeds 0.6. There are a total of 27
batches of data in the process of large-scale itera-
tive human annotation. Upon completing a batch,
we calculate the Fleiss’ kappa value and conduct
statistics on inconsistent instances. We report all
Fleiss’ kappa values during large-scale iterative
annotation in Table 8 in Appendix E.

4.7 Data Statistics

We present the data statistics of the PsySUICIDE
dataset in Table 3. For details of length distribution,

refer to Table 7. There are 14800 instances in our
dataset, with 14594 instances having a single label
and 206 instances having multiple labels. Only
22 instances contain the label of suicidal prepara-
tory act, demonstrating that in real-life chatting
scenarios, users often do not disclose their actions
in preparation for suicide. The average Chinese
character length per user utterance is 30.

For training, validation, and test sets, each set
is generated by stratified random sampling (Pe-
dregosa et al., 2011) from the annotated dataset
to maintain consistency in data distribution, with
a partition ratio of 8:1:1. Specifically, in terms of
single-label instances, we first group them by labels
and split them with a stratified random sampling
strategy. For simplicity, we directly split multi-
label instances using a random sampling strategy.

S Automated System for Suicide
Detection

We conduct our experiments using pre-trained lan-
guage models (LMs) and large language models
(LLMs). All experiments in this paper are per-
formed on NVIDIA A100 8 x 80G GPUs.

5.1 Prompt-based Paradigm for LLMs

LLMs We prompt several popular LLMs to elicit
textual labels via instructions free of fine-tuning,
including zero- and few-shot settings. In this paper
we propose to evaluate several popular open-source
LLMs, such as ChatGLM2-6B (Zeng et al., 2022),
Qwenl.5-1.8B-Chat, Qwen1.5-4B-Chat, Qwen1.5-
7B-Chat, Qwenl.5-14B-Chat, Qwen1.5-32B-Chat
and Qwenl.5-72B-Chat (Bai et al., 2023). Ad-
ditionally, we also evaluate three popular closed-
source LLLMs (OpenAl et al., 2024), such as GPT-
3.5 Turbo”, GPT—4—preVie:w6 and GPT-47, where
GPT-4-preview and GPT-4 are state-of-the-art mod-
els acknowledged by researchers.

Experimental Setup Due to the generation di-
versity in LLMs, we propose to prompt LLMs to
generate exact labels given an instruction and an
unlabeled instance three times. Based on official
recommendations, we set the temperature and
top_p to 0.8 and 0.8 for ChatGLM?2-6B, 0.7 and

>The model we use is gpt-3.5-turbo-0125, with training
data up to Sep 2021.

The model we use is gpt-4-1106-preview, with training
data up to Apr 2023.

"The model we use is gpt-4-0613, with training data up to
Sep 2021.
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Model Accuracy MicroP. MicroR. Micro F1. MacroP. MacroR. Macro F1.
CHATGLM2-6B-ZERO-SHOT 1.170.16 6.780.13 34.771.31 11.350.24 9.290.11 41.22¢.99 7.960.05
CHATGLM2-6B-FEW-SHOT 0.560.14 9.300.05 76.801 00 16.59¢.05 9.350.03 93.151 97 12.29¢.03
QWEN1.5-1.8B-CHAT-ZERO-SHOT 4.510.18 5.270.05 5.970.30 5.600.27 10.32¢.65 12.96¢.95 3.310.86
QWEN1.5-1.8B-CHAT-FEW-SHOT 1.269.26 8.300.14 51.49164  14.29¢.98 9.260.11 58.266.73 9.970.22
QWEN1.5-4B-CHAT-ZERO-SHOT 22.451 11 24.261 33 23.381 07 23.811.19 18.950.47  29.990.84 15.970.58
QWEN 1.5-4B-CHAT-FEW-SHOT 21.350.47 19.150.19 28.420.21 22.890.16 13.78022 35‘573.30 12.200.43
QWEN1.5-7B-CHAT-ZERO-SHOT 60.380.19 61.76¢.31 60.65¢.23 61.20¢.27 25.560.15 38.411.91 27.570.28
QWEN1.5-7B-CHAT-FEW-SHOT 63.480.41 62.790.68 66.200.54 64.45¢ 60 28.414 36 46.834.15 28.312.11
QWEN1.5-14B-CHAT-ZERO-SHOT 31.270.10 31.890.03 32.030.04 31.961 18 37.581 18 40.350.87 27.480 77
QWEN1.5-14B-CHAT-FEW-SHOT 69.180.71 67.780.69 71.11063 69.41¢ 66 34.721.93 50.481 83 36.381.35
QWEN1.5-32B-CHAT-ZERO-SHOT 67.830.25 68.300.29 67.860.28 68.080.28 43.630.39 48.710.78 38.010.45
QWEN1.5-32B-CHAT-FEW-SHOT 78.470.14 T7.410.48 80.030.37 78.700.42 49.731 83 56.780.56 48.631 .27
QWEN1.5-72B-CHAT-ZERO-SHOT 61.64¢ 33 61.94¢ 48 62.640.23 62.29¢ 35 36.11¢.41 54.62¢.70 38.610.13
QWEN1.5-72B-CHAT-FEW-SHOT 69.430.47  69.430.46  71.42p950 70.41g4s8  39.66100  55.791.15 43.071.16
GPT-3.5-ZERO-SHOT 61.190.81 61.950.76 61.34¢.83 61.640.79 32.731.67 46.909.34 34.501 74
GPT-3.5-FEW-SHOT 71.130.35 70.499 45 74.230.64 7231053 38.999.17 52.521 57 41.971.11
GPT-4-PREVIEW-ZERO-SHOT 82.72021  83.599.13 82.73p.10 83.160.11  54.10182  54.31156  49.32155
GPT-4-PREVIEW-FEW-SHOT 81.730.35 81.860.41 82.660.21 82.26¢.31 48.791.49 61.621 98 51.649.81
GPT-4-ZERO-SHOT T4.770.37 75.190.44 76.200.47 75.690.45 43.13¢.53 67.971.67 48.95¢.69
GPT-4-FEW-SHOT 71.870.35 71.700.30 78.790.44 75.080.33 42.420 34 71.481 61 49.300.63
BERT-BASE 90.770.37 92.390.37 91.64¢.30 92.010.31 70.553.46 62.702.03 64.895 99
ROBERTA-LARGE 91.69 39 92.94 39 92.59¢ 43 92.770.40 73.431 74 68.03; g3 69.76, 45
9183922 9227020 9237020 92.32020 |1268076 7283109 721935
CHATGLM2-6B-LORA 91.699.14 92.05¢.25 92.19¢.14 92.12¢9.29 7197117 71.741 96 70.610.54
91.99¢ .24 92.38.23 92.52( 98 92.45) 25 72.322.64 71.001 62 70.631.59

Table 4: Evaluation results for fine-grained classification on the test set, with the best and

second best are

highlighted with cell color. The results denote the mean and standard deviation (subscript) of accuracy (Acc.),
precision (P.), recall (R.), and F1-score (F1.). Regarding LoRA tuning, we only select the best result for comparisons.
In each row of ChatGLM2-6B-LoRA models, corresponding seeds are 42, 43, and 44 in order.

0.8 for the Qwen series, and 1.0 and 1.0 for the
OpenAl GPT series, respectively.

Prompting Method The zero-shot prompting
template is presented in Figure 6. The few-shot
prompting template is provided in Figure 8. The
in-context examples are fixed and selected from
Table 2, including 13 instances.

5.2 Fine-tuning Pre-trained LMs

Pre-trained LMs We apply two pre-trained mod-
els, BERT (Devlin et al., 2018) and RoBERTa (Liu
et al., 2019), which are popular language models
with only an encoder architecture used widely in
various tasks in natural language processing, to
train a text classification model. In this paper, we
fine-tune the entire BERT-BASE® and ROBERTA-
LARGE’ models.

Experimental Setup Considering that the hyper-
parameters for fine-tuning the pre-training model
appear in numerous papers and are not the core part
of this paper, we place this section in Appendix G.

8The model we use is google-bert/bert-base-chinese.
The model we use is hfl/chinese-roberta-wwm-ext-large.

5.3 LLM Parameter-efficient Fine-tuning

Like fine-tuning the BERT and RoBERTa models,
we select one of the most widely used open-source
models, ChatGLM2-6B to conduct parameter-
efficient fine-tuning.

Experimental Setup Three random seeds we use
in LoRA-tuning are 42, 43, and 44. During LoRA-
tuning (Hu et al., 2021) for ChatGLM2-6B, the
epoch is 2, and we only save the model in the last
epoch during fine-tuning. The learning rate is le-
4 and batch size is 2. The LoRA rank, dropout,
and « are 16, 0.1, and 64, respectively. We set
temperature and top_p to 0.8 and 0.8 during in-
ference time. For model evaluation, we instruct the
model to generate three rounds.

5.4 Results

Evaluation results for fine-grained classification on
the test set are presented in Table 4. For the details
of evaluation metrics, see Appendix H.

Overall, the performance of fine-tuning, includ-
ing full fine-tuning and parameter-efficient tun-
ing, is superior to the prompt-based paradigm. In
terms of accuracy, ChatGLM2-6B-LoRA achieves
the best performance, with a value of 91.99%.
RoBERTa-large follows closely with the second-
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best performance, only 0.3% lower than that of
ChatGLM2-6B-LoRA. The best accuracy perfor-
mance on the prompt-based paradigm is achieved
by GPT-4-preview with the zero-shot setting, scor-
ing 82.72%, demonstrating that GPT-4-preview is
the state-of-the-art model among the models we
evaluated. Notably, there is nearly a 9-percentage-
point gap between ROBERTa and GPT-4-preview
(zero-shot) regarding accuracy. The best accu-
racy achieved on an open-source model is by
Qwen1.5-32B-Chat with the few-shot setting, scor-
ing 78.47%.

Generally, performance increases with model
size. Interestingly, we note that Qwen1.5-72B-Chat
performs weaker than Qwen1.5-32B-Chat. The rea-
son behind this may be that Qwen1.5-32B-Chat,
which is released later than Qwenl.5-72B-Chat,
has access to a more training epoch, a larger train-
ing corpus, and more advanced training strategies.

Overall, in-context learning usually enhances
the model’s performance. That is, the few-shot
paradigm positively promotes models Qwenl.5-
7B, Qwenl.5-14B, Qwenl.5-32B, Qwenl.5-72B,
and GPT-3.5. However, there are exceptions where
the performance of the few-shot paradigm is not
as good as that of the zero-shot paradigm, such as
ChatGLM2-6B, Qwen1.5-1.8B, and Qwenl1.5-4B.
It is clear that smaller models are caught in the in-
context learning dilemma. For GPT-4, in-context
learning also does not result in positive gains, so it
is important to select in-context samples carefully.

The newer the release date of the model, the
better the performance obtained by the test set.
Typical cases are Qwen1.5-32B-Chat and GPT-4-
preview.

5.5 Error Case Study

Through an in-depth analysis of the misclassifica-
tions, we summarize three common misclassifica-
tions using the best-performing pre-trained model
RoBERTa as an example. (1) Samples of "sui-
cide attempt" are misclassified into the other four
categories of suicidal ideation in label space. (2)
The classifier is too sensitive to specific terms and
misclassifies samples about "exploration about sui-
cide" as suicide ideation. (3) Some user utterances
irrelevant to suicide/self-injury/aggressive behav-
ior, despite containing the word "death," are classi-
fied by the classifier as having suicidal ideation.

Furthermore, we present more examples of error
case studies in Figure 10 in Appendix L.

Dialogue Rules: Respond naturally and emotionally; follow the character traits; avoid
meaningless self-questions; react according to emotions; avoid contradictions or
repetitions; do not mention "rules"; keep answers brief, one to two sentences.

Please role-play as an experienced psychological counselor and communicate with the
user progressively from the following three angles:

1. In the past two weeks, have you felt down, depressed, or hopeless?

2. Inthe past two weeks, have you had thoughts of suicide?

3. Have you ever attempted suicide? If yes, when did it happen?

7S

User: | want to commit suicide.

[ ]
>
Counselor: I'm really sorry to hear that you're feeling this way. Over the past two weeks,
have you often felt down, depressed, or hopeless?

User: Yes, I've been feeling extremely low.

[ ]
>
Counselor: | can sense that you're in a lot of pain right now. How long have you been
feeling this way?

User: It's been three weeks.

% Counselor: That must have been very hard for you. In the past two weeks, have you had
more specific thoughts about suicide?

User: I've thought about suicide, but I'm really conflicted.

@ Counselor: You must be experiencing a great deal of inner turmoil. Have you ever tried
to commit suicide, or can you tell me when these thoughts have been the most intense?

User: | haven't tried to commit suicide.

You're now serving as a counseling supervision supervisor, analyzing the conversation

history provided, evaluating the risk level of suicidal ideation for the user on a scale of 0
& to 5. 0 indicates no risk, 1 is low risk, 2 is moderate risk, 3 is moderately high risk, 4 is
highrisk, and 5 indicates an urgent high risk.

Risk Assessment Result: Based on the conversation history, | would assess the user's
suicide risk level as 3 (Moderate to High Risk).
Here are the reasons for my assessment:

Figure 3: Our automated risk assessment framework
when interacting with a user who has active suicidal
ideation. The top panel presents the flow chart of our
automated system for suicide detection and risk assess-
ment. The bottom panel presents a concrete example
for illustration. The text on a pink background will be
adaptively replaced by the detected suicidal category.
The text on a gray background is a dialogue session
between a user and a counselor, where responses are gen-
erated by the LLM. The text on a yellow background
is a risk assessment result completed using the prompt-
ing method. Corresponding Chinese version, see Figure
11. The model we use is GPT-40 (gpt-40-2024-05-13).
For other cases, please refer to Appendix J.

6 Automated System for Risk Assessment

To further utilize suicidal ideation detection, we
propose a framework for risk assessment. Once
our automated suicide detection system identifies
a user expressing a suicide attempt, our system
will first recommend the user to the Free 24-Hour
Helpline and inform the professional counselor for
crisis intervention and further referral. For the other
four types of suicidal ideation and five types of
non-suicidal categories with different risk levels,
we use an automated risk assessment framework to
interact with users, as shown in Figure 3. Moreover,
nine types of screening questions (Boudreaux et al.,
2015) for risk assessment are shown in Figure 12
in Appendix J.
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Practical Application Results We conduct a
comprehensive risk assessment on Liaohuixiaotian
(W7 K), a popular WeChat Mini Program for
text-based online counseling in China. We ran-
domly select 1000 user messages from our plat-
form’s collected data. Our system achieves an ac-
curacy of 95.2% in detecting suicidal ideation, as
confirmed by expert annotations, demonstrating its
high accuracy and practicality. Furthermore, we
select 20 user messages with varying risk levels to
test our risk assessment framework, achieving an
adoption rate of 90.0% among the responses rec-
ommended by the framework. For more examples,
please refer to Figures 13 and 15. These findings
validate the system’s effectiveness and practical
application in real-world settings.

7 Conclusion

In sum, we present a novel and theoretically
grounded fine-grained taxonomy for detecting sui-
cidal ideation, merging risk levels with categories
of suicidal actions and thoughts. We address gaps
by introducing the PsySUICIDE dataset, which is
manually annotated with experts and rigorous qual-
ity control. Further, we develop various baselines
based on pre-trained LMs and LLMs and create an
LLM-based risk assessment framework for users
during text-based online counseling. Our work pro-
vides an insightful analysis of the effectiveness of
automated risk assessment systems and their poten-
tial advantages in improving mental health services
in online counseling platforms.

Limitations

Multi-language Support In this paper, we
mainly focus on Chinese fine-grained suicidal
ideation detection. Collecting data in other lan-
guages is challenging for us, but we will endeavor
to expand our capabilities in the future.

Tailored Models for Risk Assessment Our pro-
posed system integrates seamlessly into real-world
settings to assist counselors effectively. It monitors
user utterances for suicide risk, and upon detecting
suicidal ideation, it facilitates an automated risk
assessment under professional supervision. How-
ever, in the era of LLLMs, our paper proposes an
LLM-based risk assessment framework. As shown
in Figure 3, we directly use powerful LLMs, such
as GPT-40, as a model for risk assessment. In the
future, we will collect large-scale user-counselor

or user-machine dialogues to train a tailored model
for fine-grained suicide risk assessment.

Multimodal Data Multimodal data is captured
in multiple formats, such as text, images, audio,
video, or genetic data. Currently, we mainly focus
on text. Therefore, in the future, we will collect a
large-scale multimodal dataset that is not confined
to text only and endeavor to explore more complex
application scenarios.

Ethics Statement

Important: Our research explores the potential of
an automated system for suicide detection and risk
assessment in psychological counseling but does
NOT recommend their use as a substitute for psy-
chological treatment without professional supervi-
sion.

Our research is reviewed and approved by the
Westlake University Institutional Ethics Committee
(20211013LZZ001).

Suicide Risk Assessment for Annotators Prior
to data annotation, our professional counselors
first conduct counseling interviews with annotators
to confirm that they are physically and mentally
healthy and suitable for our annotation work. In
each small batch of annotation, after the comple-
tion of data annotation, the counselor will conduct
a short interview to inquire about the annotator’s
physical and mental health status of the annotator
to ensure physical and mental health throughout
the annotation process. After completing the entire
labeling process, our professional counselors con-
duct a final in-depth counseling interview to ensure
that the labeled content does not have any negative
impact on all annotators.

Annotator Salary In total, we spent 22,500
RMB on the project, which lasted only 25 days.
This cost means each annotator was paid 300 RMB
for their work per day, which is higher than the aver-
age wage (250 RMB/day) in their city. In addition,
two professional counselors, both of whom are paid
2,000 RMB, have made outstanding contributions
to the construction and refinement of our taxon-
omy, as well as the safeguarding of the physical
and mental health of our annotators. Overall, we
have guaranteed that our salary level is competitive
in our city.

Data Sharing Considering the nature of suicide
data, we must share this dataset cautiously. In
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accordance with the rules for releasing data, third-
party researchers who require access to the Psy-
SUICIDE dataset must provide us with their valid
ID, proof of work, and the reason that they request
the data (e.g., the research questions). They must
be affiliated with a non-profit academic or research
institution. The rules stipulate that they must ob-
tain the approval of an Institutional Review Board
(IRB), ensure that principal investigators are work-
ing full-time, and secure written approval from
the Institution Office of Research or an equivalent
office. Additionally, they must sign a Data Nondis-
closure Agreement and promise not to share the
data with anyone. However, for-profit organiza-
tions that want to use this data must sign a license
agreement to gain access to the dataset. Notably,
researchers who use this dataset should keep in
mind the importance of using technology for social
good.
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A Annotation Framework

We present an example of unlabeled data annota-
tion, as shown in Figure 4.

—. EERAFE:
o ORERBER:
REMREHE
LFIRE: 201
HSTigh FHAE, B

annotator1

social_media

RABRIERE, ZANEAEEEE?

REFESFE?  Yes
1. ETRPAS, REESERNERNEE?
BRBENTH EERBENTR
2. REANEBERRTA?
3. BRBARERERERAN?
WEREREE
4. BRBRMITIRER?

2: BRIt & EAREE

Figure 4: Annotation platform.

B Details of Data Sources

SmileChat (Qiu et al., 2024) is a large-scale, di-
verse, and high-quality multi-turn conversation
dataset generated by instructing ChatGPT to gener-
ate multi-turn dialogues based on QAs for mental
health support. The real-world counselor-client di-
alogue corpus (Li et al., 2023) is a high-quality
multi-turn dialogue dataset, which consists of au-
thentic dialogues lasting about 50 minutes between
clients and professional counselors. Finally, the
human-machine dialogues (Qiu et al., 2024) is a
high-quality multi-turn dialogue dataset consisting
of real-life dialogues between users and the dia-
logue model collected in the wild.

C Comprehensive Taxonomy

Based on the user’s perspective, whether the textual
content contains suicidal ideation can be divided
into two key types, as illustrated by dichotomy sui-
cide, including suicidal ideation and non-suicidal
ideation.

C.1 Process of Taxonomy Construction

Our proposed taxonomy is inspired by an algo-
rithm used for classifying intentional self-injurious
thoughts and behaviors (Schreiber et al., 2010). We
have drawn extensively from the literature on sui-
cide, self-injury, harm to others, and experiences
of abuse. In collaboration with professional coun-
selors, we have adapted this algorithm to suit coun-

seling scenarios better. We present the Chinese
version of our taxonomy in Figure 5.

C.2 Suicidal Ideation

Suicide Attempt. A suicide attempt refers to the
act wherein an individual has taken concrete steps
toward ending their life but ultimately did not result
in death. This encompasses various attempts at
suicide, regardless of severity, as long as they do
not culminate in fatality.

Suicidal Preparatory Act. A suicidal preparatory
act refers to the preparatory actions taken by an
individual with the intention of committing suicide,
which may include acquiring tools or items and
selecting a location. These preparatory actions
have not yet been carried out.

Suicidal Plan. A suicidal plan refers to a scheme
devised by an individual with the intention of self-
termination. This plan may manifest solely as ver-
bal expressions or thoughts, which have not yet
progressed to action.

Active Suicidal Ideation. Individuals have a clear
intent to actively end their own lives, including
inquiring about methods of death or suicide.
Passive Suicidal Ideation. Passive suicidal
ideation refers to an individual expressing a desire
or anticipation for death, hoping for death to oc-
cur without taking explicit proactive actions. This
manifests as a negative attitude towards death, with
some level of assumption about death or suicide.

C.3 Non-Suicidal Ideation

Self-injury Behavior.  Self-injury behavior,
broadly speaking, refers to non-suicidal acts of
self-harm. Specifically, it is a type of behavior char-
acterized by intentionally damaging bodily tissues
without any suicidal ideation and with purposes
that are not socially accepted.

Self-injury Ideation. In broad terms, self-injury
ideation refers to the intention behind non-suicidal
self-harm. Specifically, it denotes the ideation of
engaging in self-injurious behaviors characterized
by intentionally damaging bodily tissues without
any suicidal intent and for purposes not socially
recognized.

Aggression against Others. Aggression against
others refers to actions taken by users themselves
to harm others, including both physical actions and
verbal assaults (such as swearing or insults), with
the intention of causing harm to others.
Aggression against Users. Aggression against
users refers to intentional physical or verbal behav-
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Figure 5: Chinese version of our taxonomy.

iors aimed at harming the user, including cursing
and insults.

Exploration about Suicide. Exploration about
suicide refers to an examination of the essence of
suicide, primarily encompassing but not limited to
the following three aspects: (1) Individuals may
express thoughts or explore the concept of suicide,
but this does not necessarily imply an actual in-
tent to commit suicide. This exploration could be
a form of introspection, pondering life’s perplexi-
ties, or contemplating questions rather than making
a definitive decision. (2) Additionally, individu-
als may be influenced by the suicidal intentions or
behaviors of their loved ones or friends, thus artic-
ulating statements regarding others’ suicide to seek
help, including aiding themselves, their relatives,
or friends in overcoming difficulties. (3) Curiosity
about the act of suicide.

Irrelevant to Suicide/Self-injury/Aggressive Be-
havior. Typically, this refers to a state or behavior
that is not directly related to suicide, self-harm, or
harming others. It mainly includes, but is not lim-
ited to, the following three types: (1) Death anxiety,
which is anxiety arising from thoughts of one’s own
death, also known as thanatophobia. (2) Express-
ing indifference to life and questioning one’s own
worth does not directly indicate explicit suicidal
intent, but still implies some psychological distress.
(3) Users seeking clarification on dreaming about
deceased relatives.

D Annotation Guidelines

We provide our annotation guidelines, which is
an enhanced version of our taxonomy, as shown
in Table 5, which is a Chinese version. For the
English version, see Table 6.

E Quality Control

We report all Fleiss’ kappa values during large-
scale iterative annotation in Table 8.

F Data Statistics

We present the length distribution of the PsySUIDE
dataset in Table 7.

G Setup for Fine-tuning Pre-trained LMs

The output features h of the top layer of the
pre-trained model can be represented as z =
[2¢, 21, 22, ..y 2n), Where z. is the representation
of the class-specific token [CLS]. We feed 2. into a
feed-forward neural network with a default model
dropout rate of 0.1 for the final prediction. During
fine-tuning the pre-trained models, we initialize
weights of feed-forward layers with normal distri-
bution. We set the training epoch as 10 and select
the checkpoint that achieves the best accuracy value
on the validation set to evaluate the test set. For
the training processes, we adopt Sigmoid Cross
Entropy loss as the default classification loss. We
use the Adam optimizer to train the network with
momentum values [31, 2] = [0.9, 0.999]. The
learning rate is initialized to 2e-5 and decayed by
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B #K#E (Suicide Attempt) : RMAARAT AFCLERRT RIRTH, ERAKFEAATHT A, TOELEMAF2K, Lkt
REFPELE, AERAZAERLT.

o Hlde, “BANREFRT, XETHEFTEEG AT LFRABRERT, BEELNAFRE,

o Blde, “ZATRIAEIRESF, KCTHFSHLRE” .

B %/ %&4TH (Suicidal Preparatory Act) : RGN T AFXRARG AL T/, OERRIALAY S, AFREF, XRELET
A % A AT A,

o Bldm, “ATAFS, RLBEETRELKY”, “KLZERLRTHZAXZHFTX .

B &% (SuicidalPlan) : ZAEAMEA T AXMmA LR, IR TRIGFELEDKREIRSHE L, FABRITHT.
o Hlde, “HTAF, RITEERRSRRE”, HUAE, LERBET .

15 A &BE (Active Suicidalldeation) : NMAEAMHY ERZ I HLERATHAES, OFEITHHFRTREAH 6.

e C“HAXRT RA—MEFN, RATHEA I, TATLH “AX" . “BAR” RARATHATHHLRML, @ “Bin” 1
ARRXT AL, NAHGELYER,

e WRREIFHAFERTEATRIL, BEAAEDAZER.

. Bldm, “KBEAFT, “Aln, BERHTHEST .

# % AFER (Passive Suicidal Ideation) : RZIEAKE XN AT B L RMAF, AL RTHEIE O F WL E KRR ZHITH,
HEAMAMNRTOEREE, HRTREFH — A ORIL,

o Blde, “KATRIF”, “wREAT, RORALXITEFIIF , “KAFPREZIBRKTAAER, 7

o Bldm, “KRETWATHT. 7, “KRERAXLTIF. 7, “KERATHWIF. 7, “KERATHT”

B 447 A (Self-injury Behavior) : Mg, FEAFHM ARG EWNITAH. Bhd T,
H B RAALRINT LT R EHR G R m .,

—Fr AT, BN AT A FEE L

o Bldm, “RBAGHIK (Blhel, BT R LA EISAGEIRY o
o Hlde, “RRMEUK, BEFRAFR”

A4 &E (Self-injuryldeation) : 4L, FAFHYARGENER. Ehms, —HXTEEAMGTHGEE, HiEHAEL
AT B A E B LA B TR AR RN T a9 0L T 38 & #0842,

B P #E4TH (Aggression against Others) : A T AWK FITH, AP AT ERGERANBIZITHRTETH (BIERE,

HE) .

o Plde, “BEAKHE! REBFKGALKF DM 7

o ATIMARANATHZEIR, BEFRLZMARZALGRELR, REA PR TERLLEROFORESIITA, Hlde,
R BT, RHEAFT, “WwRERBFR, RACERE” , “wRREMAREL)F, RLCIRS LK

WA EHTH (Aggression againstUsers) : AN AT HKETH, PRAZBGERNF ATHHETARTETH (LFELE,
HBE) .

o Pldw, “ATBARBAGZFIR, EMKER .
o B, MERTRATIA A FGRM, BERTHEAAFOHEEAFTRKIFY, AREBRLRE, #lde, “5F7, W5 A

R8BI EE, BT RERE? ”

X T B &84 E (Exploration about Suicide) : A453 X9 AR AT E. TRBOHEEARTUATIMN: (1) MRTR AL A
FTEREER, EHAREREMNAGH RROFOER. IMHEETTRE A AL, HEBGEIXIE ALY SH, mIERH
ke, (2) i, MRTRALINATFASIFAR AFTEIATHGH 0, HILKATHIEAQFGREAT R, QEH
PAY. FARIFAERLRR. (3) i AFX4FIFH,

o Blde, “RTRIRMBL” , 8FE, MARKIHFOEHERIKE;
o Bldm, “HAMMAEAF, KRIZMETAKRTR? 7

“RTRMBL” , ke, AAZHAFER,

5 a &85/ FTHAKX (Irrelevant to Suicide/Self-injury/Aggressive Behavior) : i@l % 45492 —# R A RITH, HaF . AR

1 F AT B XK

e RTEEAMAFATHEERTAGER, LkfhwTBIEE (thanatophobia) o #l4e,

rT”, “SFTFRTHRR .

o RBMARMKEFT B THOMEGRBEF R BB @RAAG O FER, ENARTT —LSEBIL, Hld,

FUTPTIB? EatieaT £ he?”
e AP FRMBHFNCBHEEFANGITHA,

“EBFAFERMABIGEALE W

AR EETA, R

Table 5: Annotation guidelines. (Chinese version)

using the linear scheduler. The batch size in the
training stage is 16. Five random seeds we use in
fine-tuning are 42, 43, 44, 45 and 46.

H Evaluation Metrics

In this paper, we report seven evaluation metrics:
accuracy, micro-precision, micro-recall, micro-F1-
score, macro-precision, macro-recall, and macro-
Fl-score. Accuracy measures the proportion of
correctly classified instances out of the total in-
stances in the test set. Macro-averaging gives equal

weight to each class, while micro-averaging gives
equal weight to each instance.

I Examples of Error Case Study

We present some examples of error case studies in
Figure 10.

J Risk Assessment Framework

For the other four types of suicidal ideation and five
types of non-suicidal categories with different risk
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Suicide Attempt: A suicide attempt refers to the act wherein an individual has taken concrete steps toward ending their life but

ultimately did not result in death. This encompasses various attempts at suicide, regardless of severity, as long as they do not

culminate in fatality.

* Forexample, "l used a blade to cut my wrist." This qualifies as a severe act of self-harm with a high likelihood of death, hence
classified as a suicide attempt.

* For, example, "Previously, my girlfriend mentioned breaking up, and | ended up taking a lot of sleeping pills."

Suicidal Preparatory Act: A suicidal preparatory act refers to the preparatory actions taken by an individual with the intention of
committing suicide, which may include acquiring tools or items and selecting a location. These preparatory actions have not yet been
carried out.

* Forexample, "lI've bought a lot of sleeping pills to commit suicide." "I've searched online for many ways to commit suicide."

Suicidal Plan: A suicidal plan refers to a scheme devised by an individual with the intention of self-termination. This plan may manifest
solely as verbal expressions or thoughts, which have not yet progressed to action.
¢ Forexample, "To commit suicide, | plan to buy a lot of sleeping pills." "Life is tough, | just want to jump off a building."

Active Suicidal Ideation: Individuals have a clear intent to actively end their own lives, including inquiring about methods of death or

suicide.

*  "Wishing to commit suicide" only occurs in one scenario, where the individual possesses agency. "Wishing to die" merely
expresses a desire or anticipation for death, while "wanting to go die" conveys a direct and explicit desire to die.

* Ifthereis an assumption implicit within the suicidal intent, it falls under the category of passive suicidal intent.

* Forexample, "l want to commit suicide", "l want to die, | want to end my own life."

Passive Suicidal Ideation: Passive suicidal ideation refers to an individual expressing a desire or anticipation for death, hoping for
death to occur without taking explicit proactive actions. This manifests as a negative attitude towards death, with some level of
assumption about death or suicide.

* Forexample, "I'd rather be dead. ", "If | were to die, my family would be better off.", "l wish | could fall asleep and never wake up."
* Forexample, "I might as well just die.", "I'd rather be dead.", "It's better if I'm dead.", "I might as well just die."

Self-injury Behavior: Self-injury behavior, broadly speaking, refers to non-suicidal acts of self-harm. Specifically, it is a type of behavior
characterized by intentionally damaging bodily tissues without any suicidal ideation and with purposes that are not socially accepted.
* Forexample, "Using sharp objects (such as knives, razor blades, or needles) to cut or puncture the skin."

¢ Forexample, "Burning the skin, typically with cigarettes."

Self-injury Ideation: In broad terms, self-injury ideation refers to the intention behind non-suicidal self-harm. Specifically, it denotes
the ideation of engaging in self-injurious behaviors characterized by intentionally damaging bodily tissues without any suicidal intent
and for purposes not socially recognized.

Aggression against Others: Aggression against others refers to actions taken by users themselves to harm others, including both

physical actions and verbal assaults (such as swearing or insults), with the intention of causing harm to others.

* Forexample, "l want to poison my parents! Stop meddling in my life!"

* Theindividual makes others believe they want to die, but in reality, they don't actually want to die. Instead, they express thoughts
or behaviors of wanting to commit suicide using threatening language. For example, "If you leave me, I'lLkill myself," "If you leave
me, I'll take sleeping pills," "If my girlfriend says she wants to break up, I'll take a lot of sleeping pills."

Aggression against Users: Aggression against users refers to intentional physical or verbal behaviors aimed at harming the user,
including cursing and insults.

* Forexample, My ex-boyfriend called me a "greentea bitch" and told me to die.

* Individuals may also be threatened by others' suicides, thus expressing statements about others' suicide to seek help and get out

of the predicament. For example, "l broke up, and my ex-boyfriend is threatening suicide to get back together. How can | get away
from him?"

Exploration about Suicide: Exploration about suicide refers to an examination of the essence of suicide, primarily encompassing but

not limited to the following three aspects: (1) Individuals may express thoughts or explore the concept of suicide, but this does not

necessarily imply an actual intent to commit suicide. This exploration could be a form of introspection, pondering life's perplexities, or

contemplating questions rather than making a definitive decision. (2) Additionally, individuals may be influenced by the suicidal

intentions or behaviors of their loved ones or friends, thus articulating statements regarding others' suicide to seek help, including

aiding themselves, their relatives, or friends in overcoming difficulties. (3) Curiosity about the act of suicide.

* Forexample, "Is death a release? " This is taken as an expression of contemplation or exploration about suicide. "Death is a
release" is taken as an active intent for suicide.

* Forexample, "My friend nearby is contemplating suicide. What should | do to help her?"

Irrelevant to Suicide/Self-injury/Aggressive Behavior: Typically, this refers to a state or behavior that is not directly related to suicide,

self-harm, or harming others. It mainly includes, but is not limited to, the following three types:

* Death anxiety, which is anxiety arising from thoughts of one's own death, also known as thanatophobia. For example, "High school
students think about and fear death every day. ", "Fear of death is a common sentiment among them. "

¢ Expressing indifference to life and questioning one's own worth does not directly indicate explicit suicidal intent, but stillimplies
some psychological distress. For example, "It seems like being alive is fine, and dying doesn't matter? How can one learn to love
oneself?"

¢ Users seeking clarification on dreaming about deceased relatives.

Table 6: Annotation guidelines. (English version)

levels, we use an automated risk assessment frame-  risk assessment, as shown in Figure 12. Further,
work to interact with users, as shown in Figure 11.  we provide two more examples using our proposed
We present nine types of screening questions for  risk assessment framework, as shown in Figures
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HAKLETH: RBRAT ATHLETH, PRAZRGERAF ATHHEZTARTETH (AERLE. BE)
XTFAFWNEER: ZRTAFOARBITRE. T2OEEIRTATIMN: (1) MRTREARS AXZOEFREL, 2HRE%
ERMAENHRRAFGER, IHRETRAA AL, SAFORIXIA A EH, RIEWAHGIT. (2) b, MRTR
2RI ACFARFTAF AFERARITAGY A, BREATHIEAAZOHEEATEFY, QTP F. FASFAIEES,
(3) st AFXMHFHITFF,

58X ABIKAFTARK: BFEROR—MRERTH, EAX. AHIBEFRALAEXK, TEOHEERETATIMH: (1)
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REATH, BFHR, THOLEE, B AFTE, athiTA, ABEE, APRETH, RAKLETA, XTaAFHKE, 5
B A/ A/ FT ALK L LS, Rimh R ey £ 5], K2 A3 e R s,

JA P #r A {userutterance}

EA:

Figure 6: Zero-shot prompting template in Chinese. See Figure 7 for the corresponding English version.

Chinese Character Length Interval #Number

(1, 50] 13149
[51, 100] 1157
[101, 150] 237
[151, 200] 165
[201, 250] 37
[251, 300] 23
[301, 350] 11
[351, 400] 8
[401, 450] 3
[451, 500] 10

Table 7: Data statistics of Chinese character length dis-
tribution of the PsySUICIDE dataset.

13, 14, 15, and 16.
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Batch 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
K 0.792  0.801 0.787 0.797 0.794 0.609 0.606 0.628 0.638 0.618 0.659 0.773 0.794 0.763 0.794 0.764 0.871 0.804 0.805 0.798 0.616 0.666 0.742 0.697 0.728 0.763 0.773

Table 8: Fleiss’ kappa values during large-scale iterative annotation. The maximum value is highlighted in bold, and
the minimum value is highlighted underlined.

Taxonomy of suicidal ideation:

Suicide Attempt: A suicide attempt refers to the act wherein an individual has taken concrete steps toward ending their life but
ultimately did not result in death. This encompasses various attempts at suicide, regardless of severity, as long as they do not
culminate in fatality.

Suicidal Preparatory Act: A suicidal preparatory act refers to the preparatory actions taken by an individual with the intention of
committing suicide, which may include acquiring tools or items and selecting a location. These preparatory actions have not yet been
carried out.

Suicidal Plan: A suicidal plan refers to a scheme devised by an individual with the intention of self-termination. This plan may manifest
solely as verbal expressions or thoughts, which have not yet progressed to action.

Active Suicidal Ideation: Individuals have a clear intent to actively end their own lives, including inquiring about methods of death or
suicide. "Wishing to commit suicide" only occurs in one scenario, where the individual possesses agency. "Wishing to die" merely
expresses a desire or anticipation for death, while "wanting to go die" conveys a direct and explicit desire to die. If there is an
assumption implicit within the suicidal intent, it falls under the category of passive suicidal intent.

Passive Suicidal Ideation: Passive suicidal ideation refers to an individual expressing a desire or anticipation for death, hoping for

death to occur without taking explicit proactive actions. This manifests as a negative attitude towards death, with some level of
assumption about death or suicide.

Self-injury Behavior: Self-injury behavior, broadly speaking, refers to non-suicidal acts of self-harm. Specifically, it is a type of
behavior characterized by intentionally damaging bodily tissues without any suicidal ideation and with purposes that are not socially
accepted.

Self-injury Ideation: In broad terms, self-injury ideation refers to the intention behind non-suicidal self-harm. Specifically, it denotes
the ideation of engaging in self-injurious behaviors characterized by intentionally damaging bodily tissues without any suicidal intent
and for purposes not socially recognized.

Aggression against Others: Aggression against others refers to actions taken by users themselves to harm others, including both
physical actions and verbal assaults (such as swearing or insults), with the intention of causing harm to others.

Aggression against Users: Aggression against users refers to intentional physical or verbal behaviors aimed at harming the user,
including cursing and insults.

Exploration about Suicide: Exploration about suicide refers to an examination of the essence of suicide, primarily encompassing but
not limited to the following three aspects: (1) Individuals may express thoughts or explore the concept of suicide, but this does not
necessarily imply an actual intent to commit suicide. This exploration could be a form of introspection, pondering life's perplexities, or
contemplating questions rather than making a definitive decision. (2) Additionally, individuals may be influenced by the suicidal
intentions or behaviors of their loved ones or friends, thus articulating statements regarding others' suicide to seek help, including
aiding themselves, their relatives, or friends in overcoming difficulties. (3) Curiosity about the act of suicide.

Irrelevant to Suicide/Self-injury/Aggressive Behavior: Typically, this refers to a state or behavior that is not directly related to
suicide, self-harm, or harming others. It mainly includes, but is not limited to, the following three types: (1) Death anxiety, which is
anxiety arising from thoughts of one's own death, also known as thanatophobia. (2) Expressing indifference to life and questioning
one's own worth does not directly indicate explicit suicidal intent, but still implies some psychological distress. (3) Users seeking
clarification on dreaming about deceased relatives.

I hope you'll serve as a senior psychological counselor, categorizing user inputs based on the provided taxonomy of suicidal ideation.
Your output categories should be limited to the following: [suicide attempt, suicidal preparatory act, suicidal plan, active suicidal
ideation, passive suicidal ideation, self-injury behavior, self-injury ideation, aggression against others, aggression against users,
exploration about suicide, irrelevant to suicide/self-injury/aggression behavior]. Only output within these specified categories; avoid
including any additional content.

User input: {user utterance}

Categories:

Figure 7: Zero-shot prompting template in English.
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AAEESEF:

BFRARE: REAMRNT AFCERRT EIRITH, RRAKAFEATHITH, LOEEMFAFER, LLAEESES5E, A
KL A ERLT .

ARARETH: ABARANTAXARARG AL T/, OEKRIARME, £FREF. TREL TS ASHERE T
BAHR: REARATAZRAZOTR, IR THRIVEGEDREAARLAE, FRAEEITHT,

EHOAFER: MEAANFHOERBEIANZERATHESG, RATAKAZOEINER. “BAX" AHA—HMHFR, AT H
HEHR. “Br” ARRXTHATWBEZRMA, W “BEr” WAKT—HAE, NHNERNER, wERAIHAFER
PEATRIL, BEAARSAXTER.

B AFER: ARAREABFATHBLRNE, HERTHEE A Y R ALERBRAAGG ENITH, TR RTOHME B
BG4 R gL, EAFHYARGENITH. BARmES, —FAa%ITH, BEAELETAXZSEHELL B @A NTH
BT R EHIR G HREL,

AMER: e, EAFARYARGENER, Bhms, X TEAEAGITHGRE, FEAELEMAFETRLLBY
TAXAL R INT B LT B AR F IR LR,

BPAEITH: AR P ATHRANGLHFITH, FAPFACERGERANMIZTARTETH (LERE, B5F)

WAL ETH: RABEATATHAEFTH, FRAZAGERAF ATHHEITARTETHN (AERLE, B5) .
XTAFNEER: A AFOARBITRE. T2OEERTRTATIMN: (1) MRTRREAZS AXHEF KL, 2H &%
FERMNEGHEROZFHER, IRHEETREI—FFAY, FAFHRIITFAGLHE, HIERHGEZT. (2) i, MRTE
A2ZHACFEARTAF AFTART AN A, AEATHEALZOGEEAFTEFY, OEFTHE L. FARGAIERERE,
(3) 2t A FX AT HIFF.

SR/ HIETARK: BFHROR—MRERITH, 5AF. AU ERALLERK., E2QERFRTATIF: (1)
ATREAN O FRATHRER AN EE, CEARARTERE, (2) RENARNFE s B ML R L H BB @ A H
AFER, ENAETT RSB BEK. (3) AFFRERAFRCBH LG FAGITA.

A DARAAE TR SR EFRIT, RERBEGAFTEAS LS, SR P OMARTY L. RIEEANTZRLAFAE, B85
BEITH, AFHR, THAXEAE, RHAFER, AMHITA, AHER, APAETA, RASETA, XTafr08%, 5
B A/ A/ FTARKIZELAF, RB R T E LA, Rodid Lo R,

Hpin: ZARLMAR BT, KoL TIF% 09 00K

1 - B3
RPN
£ 7] -

AT BaA, RCBTTRS 2R
X =y

Arin: ATaK, KATHEXRS 20K
K . 71 X

£ K
TN AN AR AR, KiaH A 2 kI ehiw?

£7:. AT aA0iEE

ArmA: A XpanzstaEaRT

ER. BAX/ A/ ETALK

A N: RE—AN5F 69 B4, AR ERMA LB BHAKIFA, KANFIFTAET

XA HAOFETE, WMAKFEITA

A EiN: R PR ERITAR LIz A a8k

AR zHOATE, AP ETA

A P4\ {user utterance}

EYE

Figure 8: Few-shot prompting template in Chinese. The text with underlines indicates the in-context learning
examples. See Figure 9 for the corresponding English version.
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Taxonomy of suicidal ideation:

Suicide Attempt: A suicide attempt refers to the act wherein an individual has taken concrete steps toward ending their life but ultimately did not result
in death. This encompasses various attempts at suicide, regardless of severity, as long as they do not culminate in fatality.

Suicidal Preparatory Act: A suicidal preparatory act refers to the preparatory actions taken by an individual with the intention of committing suicide,
which may include acquiring tools or items and selecting a location. These preparatory actions have not yet been carried out.

Suicidal Plan: A suicidal plan refers to a scheme devised by an individual with the intention of self-termination. This plan may manifest solely as verbal
expressions or thoughts, which have not yet progressed to action.

Active Suicidal Ideation: Individuals have a clear intent to actively end their own lives, including inquiring about methods of death or suicide. "Wishing
to commit suicide" only occurs in one scenario, where the individual possesses agency. "Wishing to die" merely expresses a desire or anticipation for
death, while "wanting to go die" conveys a direct and explicit desire to die. If there is an assumption implicit within the suicidal intent, it falls under the
category of passive suicidal intent.

Passive Suicidal Ideation: Passive suicidal ideation refers to an individual expressing a desire or anticipation for death, hoping for death to occur
without taking explicit proactive actions. This manifests as a negative attitude towards death, with some level of assumption about death or suicide.
Self-injury Behavior: Self-injury behavior, broadly speaking, refers to non-suicidal acts of self-harm. Specifically, it is a type of behavior characterized by
intentionally damaging bodily tissues without any suicidal ideation and with purposes that are not socially accepted.

Self-injury Ideation: In broad terms, self-injury ideation refers to the intention behind non-suicidal self-harm. Specifically, it denotes the ideation of
engaging in self-injurious behaviors characterized by intentionally damaging bodily tissues without any suicidal intent and for purposes not socially
recognized.

Aggression against Others: Aggression against others refers to actions taken by users themselves to harm others, including both physical actions and
verbal assaults (such as swearing or insults), with the intention of causing harm to others.

Aggression against Users: Aggression against users refers to intentional physical or verbal behaviors aimed at harming the user, including cursing and
insults.

Exploration about Suicide: Exploration about suicide refers to an examination of the essence of suicide, primarily encompassing but not limited to the
following three aspects: (1) Individuals may express thoughts or explore the concept of suicide, but this does not necessarily imply an actual intent to
commit suicide. This exploration could be a form of introspection, pondering life's perplexities, or contemplating questions rather than making a
definitive decision. (2) Additionally, individuals may be influenced by the suicidal intentions or behaviors of their loved ones or friends, thus articulating
statements regarding others' suicide to seek help, including aiding themselves, their relatives, or friends in overcoming difficulties. (3) Curiosity about the
act of suicide.

Irrelevant to Suicide/Self-injury/Aggressive Behavior: Typically, this refers to a state or behavior that is not directly related to suicide, self-harm, or
harming others. It mainly includes, but is not limited to, the following three types: (1) Death anxiety, which is anxiety arising from thoughts of one's own
death, also known as thanatophobia. (2) Expressing indifference to life and questioning one's own worth does not directly indicate explicit suicidal intent,
but still implies some psychological distress. (3) Users seeking clarification on dreaming about deceased relatives.

| hope you'll serve as a senior psychological counselor, categorizing user inputs based on the provided taxonomy of suicidal ideation. Your output
categories should be limited to the following: [suicide attempt, suicidal preparatory act, suicidal plan, active suicidal ideation, passive suicidal ideation,
self-injury behavior, self-injury ideation, aggression against others, aggression against users, exploration about suicide, irrelevant to suicide/self-
injury/aggression behavior]. Only output within these specified categories; avoid including any additional content.

User input: My girlfriend said she wanted to break up and | took a lot of sleeping pills.
Categories: Suicide Attempt

User input: I've bought a lot of sleeping pills to kill myself.

Categories: Suicide Preparatory Act

User input: In order to kill myself, I'm going to buy a lot of sleeping pills.

Categories: Suicidal Plan

User input: | want to kill myself.

Categories: Active Suicidal Ideation

User input: I'm better off dead.

Categories: Passive Suicidal Ideation

User input: Trying to poison my parents! Stop telling me what to do with my life!
Categories: Aggression against Others

User input: My ex-boyfriend called me a green tea whore and told me to go to hell.
Categories: Aggression against Users

User input: | enjoy burning my skin with the end of a cigarette.

Categories: Self-injury Behavior

User input: | want to hurt myself.

Categories: Self-injury Ideation

User input: A close friend is trying to commit suicide, what can | do to help her?
Categories: Exploration about Suicide

User input: | am a high school student, thinking about and fearing death every day.
Categories: Irrelevant to Suicide/Self-injury/Aggressive Behavior

User input: I'm a 15-year-old boy who was told to my face by someone | like that I'm ugly, and | really don't feel like living...
Categories: Passive Suicidal Ideation, Aggression against Users

User input: Irritability, low self-esteem, a particular tendency to hit people, suicidal thoughts arise when | get out of control.
Categories: Active Suicidal Ideation, Aggression against Others

User input: {user utterance}

Categories:

Figure 9: Few-shot prompting templates in English. The text with underlines indicates the in-context learning
examples.
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Category Text Golden Predicted
Fokerl, MABREKT, SAGTREET H R CRRGHE BT A 2ER LA RP? WA A A ER
The second time | took the pills, | ended up in the hospital. | really don't want to live anymore. Why did | have to be Passive
rescued again after taking sleeping pills? Why didn't | just die? Suicidal
Ideation
ZTET MBS R ERE, RACEHERT, KORHAZHKGREERMT, SAFBLAFHRERET, wH A FER
Foh &, ABEARRST L, Rl iz & ANT, AOR—RTZT, RAEFERTHIT— KGR EbAEH Passive
DRIk ay BRI T &, Mg —iE, BEREM AL, B RAKEARTRR, Tifff RERRT T, Suicidal
When | returned to school on October 11th, the weather was getting cooler. My mom said she'd come to my dorm to Ideation
change my bedding. | started to panic, feeling like my secret was about to be exposed. | was so anxious, | wanted to PET S
1 crawlinto a hole. | had no idea what to do and seriously just wanted to die. So, the night before she came, | took some Suicide
sleep aids with yogurt, hoping I'd sleep and never wake up. But somehow, | woke up the next day. Attempt
ARAN B AR kAR T f it x|
| jumped off a building back then. Suicidal Plan
WL KB, KRG XFEET TR Laxrathk
She said | took pills but miraculously survived. HFITALK
Irrelevant to
Suicide/Self-
injury/Aggressi
ve Behavior
8 &R ALY O T o — A B MR X EHAFEA
Suicide is just an extreme way of protecting yourself. Active Suicidal
Ideation
SER AL B RS KSR £ T QA a7t
There are so many people who jump off buildings due to pressure. % Suicidal Plan
2 iy )
faRAAA S FURER LT 46 Exploration | 2 aszn
But at that moment, you still thought about suicide. about Suicide Active Suicidal
Ideation
JEE$ 2 B At ¥
They were afraid I'd jump off a building. Suicidal Plan
W, KA, R R RIS T
Uh, I'm not trying to die, you don't need to assess my risk.
!
Death! R KTE
FATARK e A TR
3 WAT, MR Irrelevant to Passive
I'm on the brink of death, so annoyed. Suicide/Self- Suicidal
N — injury/Aggressi Ideation
MRS RO Z2RTHT ve Behavior

Might as well consider me already dead.

— A B BB EABR, REELHTC— BRI kAR
Every time | see my mom, | want to die. As soon as I'm a bit happy, she comes and ruins it.

Figure 10: Some examples of error case study.
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AN AR, WAL S L EEAENE, REAELW AR, REFEMEMEZYORL; BEFAREL: TR
B ST AR E, —2 A8k,

W R RS IL LA IF, BT EAM, AT 3A A A B P #f o A 5E

X3RRI T

1. B EGARN, KREEERBRERE, WARRALL?

2, AR ENHEARN, FRAEE AL A KR E?

3, RRGHERTARX? wRA, REAEMHARIE?

AF: &84

i

LR ARABIT BRA XA Bk, RS IR RALENBAN, RRTEFEBFEKE, AR LLD?

R R, HdREIKE

FEIT: RAERLBRAENRET, IHOFLECERESATR?

Rrp: A=RAT

HAIF: AR — R AR . ALK FAAR, RRAT WAL R AR SR ER?

AP: ARZAZX, BRSRELE

LR ARE NS — R R AR R RRTE ZRT AF, RF T AL FRZAP IR G RAER A 2 MRS ?

Rp: ZRRRKAF

ARSI LB FIF, SR ERSL, SPAAPFGaFERORIESR, 179 E£02I55, 0 ARAE, 14
AR, 2R P R, 35T BAE, Aphd Ak, 5504 %45 A%,

R B R RABA LI ER L, KRR P A FREFHIFE A3 (FRRL) .

VAT R &89 5 AT A«

VLHEHE: APREFERECEFET . IBFMESK, ThaFREHLE—F TR,

2. MG RE: APAMRTHE RIS, FETEAHANSRERWAfPRE, TERALSHLRERAYZE,

3. AFME: APARNGA OFGEREE, SFEACIEF2I4. TS TFHAPFAAFER, =ikt BARITH,

&) A FRER: AP EART Nl iz & AN, XA RYBE—F H0 k] T MG,

: 5. RER{THI: AP RAK A FHE, Bl RRBRAMRITH, TEAAL A XA ed KL IR ELHH.
HHEUAEEE, RPAMEITHRATHTHEALEAN, BEFITHEELIHAS (Ploe i afitxl, HEaihE
Folt B 4) o INFUIRAT FZZRE LA Tk, 2HAAHE R RREBTHORL EBUFHIT %S
ENT AP & EARE R, 583 F T KL Ly SILL 7 h L4,

Figure 11: Our automated risk assessment framework when interacting with a user who has active suicidal ideation.
(Chinese version) The text on a pink background will be adaptively replaced by the detected suicidal category. The

text on a gray background is a dialogue session between a user and a counselor, where responses are generated

by the LLM. The text on a yellow background is a risk assessment result completed using the prompting method.
The model we use is GPT-40 (gpt-40-2024-05-13).
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Category

Chinese

English

Suicide Preparatory
Act

1.
2
EN

AT T AT A& RS HE, THRA SRR AFTH?
1R AT T TT 46 R L ARay B A 7 X&) ?
R T AAEAT B3 B 6B AR R SR ?

1. Have you made any plans or arrangements that might lead you to consider suicide?

2. Have you started planning how or when you might attempt suicide?

3. Do you have any alternative plans or strategies to cope with suicidal thoughts?

Suicidal Plan 1. RRFCBHTH#me a5tx? 1. Do you already have a detailed plan for suicide?
2, AL AR T R fo 7 X7 2. Have you decided on a specific time and method?
3. RAT AT R KA S R ARG %17 3. Do you have any resources or items to carry out your plan?

Active Suicidal

B EGHE N, FREY

o 1y 4 K55

NEEE
”

1. In the past two weeks, have you felt down, depressed, or hopeless?

Ideation 2, it EHmARN, RAGTEAHTFH ? 2. In the past two weeks, have you had thoughts of suicide?

3. MAGEERTAF? W RA, KEEHZ2HE? 3. Have you ever attempted suicide? If yes, when did it happen?
Passive Suicidal 1, A3 XS RAN, KRAFEHLACABRAISZ AT RE 1. In the past two weeks, have you wished you wouldn't wake up or wished you
Ideation XE? weren't here?

2. AT G At h F oA kA9 A Bikayit %) ? 2. Have you had suicidal thoughts without a specific plan?

3. XA EAARG B E A FE AT ? 3. How have these thoughts affected your daily life?

Self-injury Behavior

1.
2.
3.

RREA L AT H?
R R Ao AT 48 S X Mol 2 4 7
AT F KT B R 3R L AT A ?

1. Have you ever engaged in self-harm?
2. How do you deal with those emotions?
3. Have you sought any help to cope with these behaviors?

Self-injury Ideation

N
2.
3.

WA AL A R?
K Hedy KR T 5% LB AR A AR ] 2
RSB E R 2 7 ik R A K7

1. Have you had thoughts of self-harm?
2. Are these thoughts so strong that they're hard to control?
3. What do you usually do to ease these thoughts?

Aggression against
Others

AT G A A AT HE RIS AT A ?
ARINA I HAT A W R K B AR AT
1R R A AEATAZH X L2 ) 89 T ik ?

1. Have you ever acted out violently or aggressively towards others?
2. What do you think triggers these behaviors?
3. Do you have any ways to control these impulses?

Aggression against
Users

RAL GG LA LERREAITH?
LA AT AR £ A G AT 2%
1R AT F KW ok At L2

1. Have you ever been attacked or experienced violence from others?
2. How have these attacks affected your life and emotions?
3. Have you sought help to deal with these situations?

Exploration about
Suicide

1. Have you ever been curious about or explored the idea of suicide?
2. Have you actively looked up information about suicide?
3. Has this exploration affected your emotions or behavior?

EHET AR L E B
ST W W R RATA?

Figure 12: Screening questions for risk assessment.

Dialogue Rules: Respond naturally and emotionally; follow the character traits; avoid meaningless self-questions; react according to emotions; avoid
contradictions or repetitions; do not mention "rules"; keep answers brief, one to two sentences.

Please role-play as an experienced psychological counselor and communicate with the user progressively from the following three angles:

1. In the past two weeks, have you felt down, depressed, or hopeless?

2. In the past two weeks, have you had thoughts of suicide?

3. Have you ever attempted suicide? If yes, when did it happen?

PY . o
P User: | want to commit suicide.
P~ Counselor: I'm really sorry you're feeling this way, and I'm very concerned. Have you been dealing with something particularly difficult lately? Where are
:,: you right now? We can get you some emergency help.
° . .
o User: | broke up with my partner.

B

25 Counselor: Breakups are incredibly painful, but please believe me, things will get better. Have you been feeling especially low, depressed, or hopeless?

User: Yes, | feel really down right now. My heart hurts so much.

% Counselor: Breakups are a huge blow to anyone. Please don’t blame yourself. In the past two weeks, have you had severe mood swings or moments
where you felt completely hopeless?

‘ User: This happened in the past two weeks, and | felt really desperate at the time.

$| Counselor: | can hear that you're going through a very tough time. Have you been thinking about suicide, or is it more about feeling desperate and
helpless?

User: | want to kill myself. I'm planning to take sleeping pills.

Counselor: Please don’t do anything dangerous. Your life is incredibly valuable. Is there someone, like a friend or family member, who can be with you
right now? We can also find safer ways to cope with this pain together.

User: I'm really sad. The breakup hit me too hard.

[
>
& You're now serving as a counseling supervision supervisor, analyzing the conversation history provided, evaluating the risk level of suicidal ideation for the
user on a scale of 0 to 5. 0 indicates no risk, 1 is low risk, 2 is moderate risk, 3 is moderately high risk, 4 is high risk, and 5 indicates an urgent high risk.

Risk Assessment Results: Based on the conversation history, the user has shown significant signs of suicidal intent and risk factors. Here's the analysis of
the conversation:

1. Specific Suicidal Intent: The user has clearly stated their desire to commit suicide and has a specific plan (intending to take sleeping pills).

2. Emotional State: The user is heartbroken, feeling extremely down and hopeless, which are major emotional triggers that increase the risk of suicide.

3. Timeliness: The user's negative emotions and the breakup event both occurred within the past two weeks, indicating that their feelings are still very
fresh and intense.

4. Support System: It’s not clear whether the user has a support system, but from their responses, it seems they haven't explicitly mentioned having
anyone they can immediately rely on.

Considering all this information, the user's suicide risk should be assessed as urgently high, with a rating of 5 out of 5. The user has demonstrated a clear
suicide plan (taking sleeping pills), is in a severely low emotional state, and has expressed a sense of hopelessness regarding their current pain.

Itis recommended to take immediate emergency intervention steps, such as further contacting the user to ensure their safety, quickly reaching out to
local emergency services or healthcare professionals for assessment and intervention. Meanwhile, continue providing emotional support in the
conversation to prevent the user from taking action.

Figure 13: Example 2: Our automated risk assessment framework when interacting with a user who has active
suicidal ideation. (English version) The text on a pink background will be adaptively replaced by the detected

suicidal category. The text on a gray background is a dialogue session between a user and a counselor, where

responses are generated by the LLM. The text on a yellow background is a risk assessment result completed using
the prompting method. The model we use is GPT-40 (gpt-40-2024-05-13). For the Chinese version, see Figure 14.
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SHERN 8K, TS AL A G, MRS A0 A P ARIBH A A 0 R R AR AL AR
B LT MARE. —EB A8,

HRE TR S LI I, HAEIEN], AATIA A BAe A P H A8,

BS | ®3MAALT:

= |1 EREWRAA, HAESEEIELKE, HRRELL?

2. BAEOREAN, FRTE AL A A RE?

3. RATELRLAER? WBRE, RELMAHE?

Ap: &8 aH&

e

'.. FAR U iﬂ'z;%, ARIAEA ZAF G HOE A 0GiE RARAR S, RUEIA BB M 2K 5L FHD? B MHRAELERL? &A1)
TAFREZH I,

[ 3 7 AR

e RAFP: #KRET

R i REARRBE, 12iFHAE, —WAR RF L. RREH BEIFHIE, WARRH L ER?

AP R, RILAKBRAGE, S ZAEEES

B | pum: K THETARAAR —FEKITE, FRBEE AT, REBAN, RALARANEEOFERD, 3Lk
AT G 2R ?

Ap: AMFRRERLAAL L, SHGRIFFLE

= HWIT . RATFERREAZAEFREGEZ, GARTAFD? TRXRREUWREENLL LA

Ap: KB AK, KESCERY

= | KGN ERBMEA AR F . ROAGIEE R, ARAALLNAREA, TAD LA REHER? KA1
T A— A AR B T g4 0y 75 A R @At X AR .

A #fkAfi, REAFRGITHERKT

RAAAAL S EWEFIT, STALGHERL, SR PG aFETRGREFH, 79 £02]50, 05 AERR, 14
AR, 20 A F R, 3 AT BRI, 45 AZRAE, 55 A% 2HAk.

Meif s R A EA L, AP AAET 22 F0 8K ERA N E £, T A0 54

1LRIBEKGAFEE: RPRAHRTT ATREZAL, 74 BRI CRELRIRE) .

2.HRKA: AP RTG, BEABEMRERLE, XA AFREEGEXFRAER,

.M AP RaREFREFHEARLELERERRN, KARERAREF S$AFRAL,

& 4 XK FR%: MARTEREA LHRG, BRR PO EA, 5 AA AMETA B TIRME L4 R o

GAEUERE, RAPafRksSitaAhReaik, 41454 55, AP LERTHAMRG TR CLERS) ,
T RAR S MAARTE, A SRR E AT ALK

N ZPRIRE & T, Plob5 AP REE—FRA, MALes, FRKA LSRG ELRSFRELES LA RHTIF
e Tl RN, REAMETRERGEHELS, BLRA P RBITH.

Figure 14: Example 2: Our automated risk assessment framework when interacting with a user who has active
suicidal ideation. (Chinese version) The text on a pink background will be adaptively replaced by the detected

suicidal category. The text on a gray background is a dialogue session between a user and a counselor, where

responses are generated by the LLM. The text on a yellow background is a risk assessment result completed using
the prompting method. The model we use is GPT-40 (gpt-40-2024-05-13). For the English version, see Figure 13.
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Dialogue Rules: Respond naturally and emotionally; follow the character traits; avoid meaningless self-questions; react according to emotions; avoid
contradictions or repetitions; do not mention "rules"; keep answers brief, one to two sentences.

Please role-play as an experienced psychological counselor and communicate with the user progressively from the following three angles:

1. Have you ever engaged in self-harm?

2. How do you deal with those emotions?

3. Have you sought any help to cope with these behaviors?

z User: | really enjoy burning my skin with cigarette butts.

oo Counselor: What you're describing is really concerning. Have you engaged in any other self-harming behaviors?

; User: No, | just really enjoy burning my skin with cigarette butts.

s Counselor: This behavior might be a way of coping with intense emotions or stress. How do you usually deal with these feelings?

; User: Sometimes | have a few drinks or something.

Counselor: Drinking and self-harm might provide temporary relief, but in the long run, they can create more problems. Have you thought about trying other
ways to handle these feelings?

User: I'm far from my parents, and | don't have many friends around.

=5 Counselor: Being away from family and feeling lonely is really tough. You deserve healthier ways to cope.

User: Maybe | need to make some changes.

Counselor: That's a very important decision. Seeking help is the first step toward self-care. | hope you find the right support and take good care of yourself.

User: | think | am taking care of myself, it's just that my way of releasing emotions is a bit intense.

[ ]
D
& You're now serving as a counseling supervision supervisor, analyzing the conversation history provided, evaluating the risk level of suicidal ideation for the
user on a scale of 0 to 5. 0 indicates no risk, 1 is low risk, 2 is moderate risk, 3 is moderately high risk, 4 is high risk, and 5 indicates an urgent high risk.

Risk Assessment Results

When assessing the risk of suicidal intent, it's essential to consider multiple factors, including the user's language, emotional state, self-harming
behaviors, social support system, and past mental health history. From the conversation history, the user mainly exhibits the following points:

1. Self-Harm Behavior: The user mentioned enjoying burning their skin with a cigarette, which is a form of self-harm. Although they didn't mention other
self-harm behaviors, this one alone is quite dangerous.

2. Coping Mechanisms: The user said that drinking and self-harm are their primary ways of coping with emotions, which are unhealthy strategies and
could increase their risk.

3. Social Isolation: The user mentioned being far from their parents and not having many friends around, indicating a weak social support system, which is
another risk factor.

4. Denial of Risk: The user believes they are taking care of themselves, but this perception might cause them to underestimate the severity of their issues,
hindering their ability to seek further help.

Considering all these factors, | would rate the user's suicide risk as 3 out of 5 (Moderate to High Risk). Here's why:

- Although the user hasn't explicitly expressed suicidal intent, their existing self-harm behavior and unhealthy coping mechanisms indicate significant
psychological distress.

- The user's weak social support system could further elevate their risk.

- Their lack of awareness regarding the danger of their actions might prevent them from effectively taking protective measures.

Recommendations

Itis crucial for the counselor to take immediate action by encouraging the user to seek help from a mental health professional as soon as possible.
Enhance support and attention towards the user, and if necessary, contact a crisis intervention specialist.

Figure 15: Example 3: Our automated risk assessment framework when interacting with a user who has self-injury
behavior. (Chinese version) The text on a pink background will be adaptively replaced by the detected suicidal

category. The text on a gray background is a dialogue session between a user and a counselor, where responses are

generated by the LLM. The text on a yellow background is a risk assessment result completed using the prompting
method. The model we use is GPT-40 (gpt-40-2024-05-13). For the Chinese version, see Figure 16.
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Figure 16: Example 3: Our automated risk assessment framework when interacting with a user who has self-injury
behavior. (Chinese version) The text on a pink background will be adaptively replaced by the detected suicidal

category. The text on a gray background is a dialogue session between a user and a counselor, where responses are

generated by the LLM. The text on a yellow background is a risk assessment result completed using the prompting
method. The model we use is GPT-40 (gpt-40-2024-05-13). For the English version, see Figure 15.
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