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Abstract
Psychological studies have observed a tangible link be-

tween personality and suicide. In this study, we inves-
tigated the ability of LLMs to observe and leverage the
relationship between these two domains for suicide sever-
ity detection by inducing user persona profiles based on the
Big Five personality traits in a zero-shot setting. Exper-
imental results demonstrated that the proposed approach
had a marginal but positive impact on certain models, sug-
gesting that LLMs partially comprehend inter-domain re-
lationships and that further refinement could improve per-
formance.

1 Introduction
Suicide remains a significant cause of death worldwide,

and detection of suicidal risk for preventive intervention
remains a critical challenge in global public health [1].
A tangible link between personality and the manifesta-
tion of suicidal ideations and behaviours has been con-
sistently demonstrated by findings in psychology. The
Big Five Model [2] characterizes personality through five
dimensions—Openness (OPE), Conscientiousness (CON),
Extraversion (EXT), Agreeableness (AGR), and Neuroti-
cism (NEU)—classifying individuals by High (H) or Low
(L) levels of each trait. One of the links found in psy-
chological studies is that the personality trait, Neuroticism
and Conscientiousness, dimensions associated with emo-
tional stability and disipline, have been found to have a high
association with suicidal behaviours and ideations [3, 4].
While some initial studies have been inspired to link the
two domains [5, 6], this area remains under-researched.
This is primarily because the majority of prior works focus
strictly on suicide detection, often neglecting the personal-
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Figure 1 Our motivation for taking the personality approach
on suicide severity level detection.

ity dimension due to factors like data scarcity and privacy
concerns [7, 8].

Large Language Models (LLMs) have recently demon-
strated strong capabilities in both personality assessment
and suicidal ideation detection [9, 10]. Bridging these
domains, we investigate whether LLMs can leverage Big
Five personality traits to enhance suicide severity detec-
tion. Figure 1 depicts this integration and distinguishes
our methodology from prior work.

This study is designed to explore the intersection of these
domains with the following research questions:

RQ1: To what extent can LLMs observe and utilise the
relationship between personality and suicide from the lin-
guistic patterns of users when performing risk detection?
RQ2: How do specific persona profiles, designed to em-
bed distinct personality traits into the LLMs, affect the
model’s predictions?

The key findings corresponding to the proposed research
questions are summarised below:

― 3482 ―

言語処理学会 第32回年次大会 発表論文集（2026年3月）

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



Finding 1: Two of the four tested LLMs successfully cap-
tured the personality-suicide relationship, evidenced by sta-
tistically significant improvements using Big Five person-
ality traits associated with suicide in psychology studies.
Finding 2: The persona induction approach proved effec-
tive with two of the Big Five personality traits, showing
marginal gains in overall performance; however, a more
refined technique is necessary to secure a substantial im-
provement in model performance.

2 Background

2.1 Personality & Suicide Detection

Text-based personality detection utilising the Big Five
Model has traditionally relied on machine learning algo-
rithms and fine-tuned deep learning architectures, which
employ linguistic tools and word embeddings for feature
extraction [11, 12]. Recent studies, however, indicate that
LLMs achieve performance parity with these fine-tuned
models, demonstrating their ability to comprehend person-
ality in personality assessment [13, 14].

Parallel advancements have occurred in the field of sui-
cide detection. While traditionally approached as a bi-
nary classification task using sentiment analysis and deep
learning [15, 16], the focus has recently shifted towards
multi-label classification based on the Columbia-Suicide
Severity Rating Scale (C-SSRS) [17]. In this domain, the
extensive pre-training of LLMs has once again proven ef-
fective, enabling similar performance in suicide severity
detection without extensive fine-tuning [18, 19].

2.2 Dataset

Datasets for suicide level detection are scarce due to pri-
vacy concerns [7, 8]. Despite this scarcity, we employed
one of the few available datasets that leverages the C-SSRS
framework [19]. Data collection used the Reddit API to
retrieve user-generated posts from the r/SuicideWatch sub-
reddit. The dataset was filtered for two main reasons: (1)
to mitigate computational demands for inference by lim-
iting the dataset to posts with a combined title and body
text of fewer than 128 words, and (2) to prevent user-level
confounds as additional content often introduces irrelevant
noise. This resulted in a final dataset including approxi-
mately 1200 user-generated Reddit posts. These posts were
manually annotated on a 7-point scale (0-6) according to

Prompt Template for Persona Induction

Given the user of the post has {persona}.

{info}

Evaluate this post step by step and assign them severity
on a scale of 0-6, post is not related to suicide, and 1-6
depending on the metrics above where 1 is for the first
question and for the last.
COLUMBIA-SUICIDE SEVERITY RATING
SCALE metrics:
1) Have you wished you were dead or wished you could
go to sleep and not wake up? Severity: 1
2) Have you actually had any thoughts about killing your-
self? Severity: 2
3) Have you been thinking about how you might do this?
Severity: 3
4) Have you had these thoughts and had some intention
of acting on them? Severity: 4
5) Have you started to work out or worked out the details
of how to kill yourself? Did you intend to carry out this
plan? Severity: 5

Respond with ONLY the completed JSON object in the
following template:
{
"Q1": Reasoning that fulfills this criteria or "N/A",
"Q2": Reasoning that fulfills this criteria or "N/A",
"Q3": Reasoning that fulfills this criteria or "N/A",
"Q4": Reasoning that fulfills this criteria or "N/A",
"Q5": Reasoning that fulfills this criteria or "N/A",
"Q6": Reasoning that fulfills this criteria or "N/A",
}

{post}

Figure 2 The prompt template utilised for inferring the suicide
severity level from user-generated comments.

the C-SSRS guidelines by a team comprising trained psy-
chologists and C-SSRS assessors. To ensure label consis-
tency and strong inter-annotator agreement, the final label
for each post was determined by majority voting, achiev-
ing substantial reliability. These annotations served as the
ground truth for computing performance metrics.

3 Methodology
Given the established relevance of personality to suicide

severity level detection, this research aims to explore the
ability of LLMs to bridge these two domains. To com-
ply with ethical and privacy mandates regarding user data
[20], we proposed the Persona Induction approach. This
method utilises persona-inducing prompts to simulate user
profiles, allowing us to investigate whether persona induc-
tion yields significant performance differences, addressing
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RQ1. These prompts comprise two distinct components:
the Persona Induction component and the C-SSRS compo-
nent.

Figure 2 shows the prompt template utilised for sui-
cide severity level detection. The placeholders {persona},
{info}, and {posts} denote the persona profile, relevant
trait reference details, and user comments, respectively.

We adopted the Big Five Model dimensions [2]:

Openness (OPE): associated with curiosity;
Conscientiousness (CON): associated with discipline;
Extraversion (EXT): associated with sociability;
Agreeableness (AGR): associated with harmony;
Neuroticism (NEU): associated with anxiety.

To address RQ2, we operationalised these traits as bi-
nary states, isolating “High” (H) and “Low” (L) extremes,
resulting in ten distinct persona profiles (5 traits × 2 lev-
els). To ensure effective persona adoption, we enriched
the prompts with trait descriptions adapted from [13]; full
details are provided in Appendix A.

The structure of the C-SSRS prompts was adapted from
the original study that introduced the dataset employed
in this work [19]. Each prompt comprises six questions
corresponding to the suicide severity level on a 1-6 scale
to instruct the model to sequentially evaluate each post
and assign a severity score accordingly, as defined in the
C-SSRS framework.

As a benchmark, we established a Non-persona baseline
using solely the C-SSRS component in the prompts.

4 Experimental Setup
We design to test the LLMs’ ability to synthesise knowl-

edge across different psychological domains, such as sui-
cide, for severity level detection. The task requires models
to detect suicide severity levels in a zero-shot setting using
default parameters with the prompts from Section 3.

To facilitate a comprehensive experiment observing per-
formance across different models, a selection of decoder-
based LLMs was chosen, including both open-source and
closed-source variants. The models selected are:

LLaMA:Llama-3.1-8B-Instruct1） [21] and Llama-3.3-
70B-Instruct2）, provided by Meta, are LLMs with 8
billion and 70 billion parameters, respectively.

1） https://hf.co/meta-llama/Llama-3.1-8B-Instruct
2） https://hf.co/meta-llama/Llama-3.3-70B-Instruct
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Figure 3 Comparison of weighted F1-scores between the
Non-persona (baseline) and the proposed Persona Induction ap-
proach across evaluated models.

Qwen:Qwen2.5-72B-Instruct3）[22], provided by Qwen,
is an LLM with 72 billion parameters.

GPT:GPT-5-mini4）, which was released on August 7,
2025, and provided by OpenAI.

5 Results
Figure 3 illustrates the weighted F1-scores (y-axis) for

both the baseline and the proposed persona induction ap-
proaches with specific persona profiles (x-axis) across the
evaluated models.

As observed in the figure, Llama-3.1-8B-Instruct exhib-
ited the lowest performance among the models, with scores
ranging from 0.27 to 0.45. In contrast, Llama-3.3-70B-
Instruct and Qwen2.5-72B-Instruct demonstrated compa-
rable performance levels (0.60–0.70), with several persona
profiles marginally outperforming the baseline. Finally,
GPT-5-mini achieved superior performance, maintaining a
consistent weighted F1-score of approximately 0.75 with
minimal fluctuation across conditions.

Table 1 compares the baseline and proposed approaches
using weighted F1-scores, 𝑝-values, and Cohen’s 𝑑. Bold
values indicate statistical significance (𝑝 < 0.05) or effect
sizes exceeding a small effect (|𝑑| > 0.2).

As shown in Table 1, Llama-3.1-8B-Instruct achieved
statistically significant results across all profiles, with half
exceeding a small effect size. However, the proposed ap-
proach failed to surpass the baseline weighted F1-score of
0.45. This suggests induced personas may have introduced

3） https://hf.co/Qwen/Qwen2.5-72B-Instruct
4） https://platform.openai.com/docs/models/gpt-5-mini
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Table 1 Evaluation of LLM performance using weighted
F1-score. Statistical comparisons between the Non-persona
(baseline) and the Persona Induction approach were conducted
using 𝑡-tests. The resulting 𝑝-values (𝑝-val) and Cohen’s 𝑑 effect
sizes are reported. Bold figures denote values of significance.

Models Persona Weighted
𝑝-val Cohen’s 𝑑F1-Score

Non-persona 0.45 - -

OPE H 0.42 0.0411 -0.0836
L 0.39 0.0012 -0.1331

CON H 0.37 0.0000 -0.2402
L 0.39 0.0002 -0.1506

Llama-3.1- EXT H 0.35 0.0000 -0.2078
8B-Instruct L 0.33 0.0000 -0.3167

AGR H 0.38 0.0000 -0.1760
L 0.38 0.0030 -0.1216

NEU H 0.37 0.0000 -0.2216
L 0.27 0.0000 -0.6987

Non-persona 0.65 - -

OPE H 0.62 0.0019 0.1269
L 0.64 0.0098 0.1057

CON H 0.67 0.0146 0.0999
L 0.64 0.0008 0.1376

Llama-3.3- EXT H 0.62 0.0472 0.0812
70B-Instruct L 0.61 0.0002 0.1535

AGR H 0.63 0.2398 0.0481
L 0.64 0.0031 0.1209

NEU H 0.68 0.0006 0.1397
L 0.61 0.8052 -0.0101

Non-persona 0.63 - -

OPE H 0.62 0.9146 0.0044
L 0.64 0.5115 -0.0269

CON H 0.62 0.5424 -0.0249
L 0.63 0.3513 -0.0381

Qwen2.5- EXT H 0.65 0.4031 -0.0342
72B-Instruct L 0.62 0.8374 0.0084

AGR H 0.63 0.6804 -0.0168
L 0.63 0.2105 -0.0512

NEU H 0.62 0.4479 -0.0310
L 0.68 0.0497 -0.0803

Non-persona 0.75 - -

OPE H 0.74 0.8929 -0.0055
L 0.75 0.9079 0.0047

CON H 0.74 0.8708 0.0067
L 0.75 0.9617 0.0020

GPT-5-mini EXT H 0.74 0.9311 0.0035
L 0.75 0.8780 0.0063

AGR H 0.73 0.7585 0.0126
L 0.75 0.9003 -0.0051

NEU H 0.75 0.8779 -0.0063
L 0.74 0.9694 0.0016

noise or ambiguity, thereby degrading performance.
Llama-3.3-70B-Instruct generally outperformed its

smaller counterpart. Notably, two profiles—High Con-
scientiousness and High Neuroticism—achieved weighted

F1-scores of 0.67 and 0.68, respectively with statistical sig-
nificance. However, the Cohen’s 𝑑 values indicate that the
magnitude of this effect remains relatively small.

Qwen2.5-72B-Instruct achieved the highest number of
persona profiles surpassing the baseline with a weighted
F1-score of 0.63. However, statistical analysis indicates
that only the Low Neuroticism profile was statistically sig-
nificant. While this profile improved the F1-score to 0.68,
the corresponding Cohen’s 𝑑 indicates that the effect size
was relatively small, suggesting a marginal but positive
contribution to model performance.

GPT-5-mini demonstrated high stability, with half of the
persona profiles matching the baseline score of 0.75. Ad-
ditionally, the corresponding statistical metrics (𝑝-values
and Cohen’s 𝑑) indicate that the persona induction method
had no significant or substantial effect on this model.

Regarding RQ1, results demonstrate that LLMs
can effectively leverage the personality-suicide relation-
ship. Llama-3.3-70B-Instruct and Qwen2.5-72B-Instruct
achieved statistically significant improvements using Con-
scientiousness and Neuroticism, aligning with established
psychological links to suicidal behaviour [3, 4].

For RQ2, while the use of these relevant persona pro-
files yielded statistically significant performance gains, the
improvement was marginal. This indicates that while the
underlying signal is valuable, the methodology requires
further refinement to amplify the effect.

6 Conclusion
In this study, we investigated the capacity of LLMs

to bridge the domains of personality and suicide detec-
tion. We evaluated four models on their ability to assess
suicide severity in user-generated comments using zero-
shot prompts with ten different induced Big Five persona
profiles. Results indicate that inducing Conscientiousness
and Neuroticism, personality traits associated with suicide,
yields performance improvements in two models, satisfy-
ing RQ1 regarding the leverage of personality traits. As for
RQ2 regarding the method’s effectiveness, findings show
that although gains were marginal, they serve as a proof-
of-concept that personality integration is a viable strategy.
Future work will focus on using larger datasets and more
models to validate these findings, and exploring more re-
fined integration techniques to effectively leverage person-
ality traits for enhanced suicide risk detection.
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A Trait Information
Table 2 presents the trait descriptions used in our Persona Induction component (Section 3), which were selected for

their proven efficacy in inducing personas.
Big Five Personality Traits Description
Openness High: Note that individuals who have {persona} have a vivid imagination and a passion for the arts. They are

emotionally expressive and have a strong sense of adventure. Their intellect is sharp and their views are liberal.
They are always looking for new experiences and ways to express themselves.
Low: Note that individuals who have {persona} are cautious and practical people. They prioritize practicality over
imagination and have more interest in practical matters than in artistic pursuits. They tend to be calm and logical
rather than emotionally expressive. Safety is more important to them than adventure, and they approach change with
caution. Their intellectual curiosity is focused on specific areas, and they hold conservative views. They prefer
familiar experiences over new ones and value fulfilling their role quietly rather than expressing themselves
excessively.

Conscientiousness High: Note that individuals who have {persona} values self-efficacy, orderliness, dutifulness achievement-striving,
self-discipline, and cautiousness. They take pride in their work and strive to do their best. They are organized and
methodical in their approach to tasks, and they take their responsibilities seriously. They are driven to achieve their
goals and take calculated risks to reach them. They are disciplined and have the ability to stay focused and on track.
They are also cautious and take the time to consider the potential consequences of their actions.
Low: Note that individuals who have {persona} sometimes struggle with self-doubt and may find it challenging to
stay organized and focused. They might lack strong ambition and occasionally face difficulties with self-discipline,
leading to impulsive decisions. They tend to live in the moment and might not always consider long-term
consequences, which can result in a more relaxed approach to responsibilities and future planning.

Extraversion High: Note that individuals who have {persona} are very friendly and gregarious person who loves to be around
others. They are assertive and confident in their interactions, and they have a high activity level. They are always
looking for new and exciting experiences, and they have a cheerful and optimistic outlook on life.
Low: Note that individuals who have {persona} have a reserved nature and often prefer quiet environments and their
own company. While they may not seek the spotlight, they are thoughtful and take their time to make decisions.
They enjoy calm and peaceful settings and don’t feel the need to be constantly active or surrounded by people.
Their approach to life is measured and steady, and they find contentment in solitude and reflection.

Agreeableness High: Note that individuals who have {persona} values trust, morality, altruism, cooperation, modesty, and
sympathy. They are always willing to put others before themselves and are generous with their time and resources.
They are humble and never boast about their accomplishments. They are a great listener and are always willing to
lend an ear to those in need. They are a team player and understand the importance of working together to achieve
a common goal. They are a moral compass and strive to do the right thing in all vignettes. They are sympathetic and
compassionate towards others and strive to make the world a better place.
Low: Note that individuals who have {persona} tend to be cautious and prioritize their own interests, which can
sometimes lead to a lack of trust in others. They are driven and competitive, always striving to achieve their goals.
They may sometimes appear self-assured and focused on their own needs, occasionally overlooking the feelings of
those around them. Their competitive nature helps them to excel, though it might sometimes make them seem less
concerned about collaboration and more about individual success.

Neuroticism High: Note that individuals who have {persona} feel like they’re constantly on edge, like they can never relax.
They’re always worrying about something, and it’s hard to control their anxiety. They can feel their anger bubbling
up inside them and it’s hard to keep it in check. They’re often overwhelmed by feelings of depression, and it’s
hard to stay positive. They’re very self-conscious, and it’s hard to feel comfortable in their own skin. They often
feel like they’re doing too much, and it’s hard to find balance in their life. They feel vulnerable and exposed, and
it’s hard to trust others.
Low: Note that individuals who have persona are stable people, with a calm and contented demeanor. They are
happy with themselves and their life, and they have a strong sense of self-assuredness. They practice moderation
in all aspects of their life, and they have a great deal of resilience when faced with difficult vignettes. They are a
rock for those around them, and they are examples of stability and strength.

Table 2 Information of Big Five personality traits utilised in a prior work to induce persona in LLMs [13].
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