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Abstract
The rapid advancement of Large Language
Models (LLMs) has revolutionized the genera-
tion of emotional support conversations (ESC),
offering scalable solutions with reduced costs
and enhanced data privacy. This paper explores
the role of personas in the creation of ESC by
LLMs. Our research utilizes established psy-
chological frameworks to measure and infuse
persona traits into LLMs, which then gener-
ate dialogues in the emotional support scenario.
We conduct extensive evaluations to understand
the stability of persona traits in dialogues, ex-
amining shifts in traits post-generation and their
impact on dialogue quality and strategy dis-
tribution. Experimental results reveal several
notable findings: 1) LLMs can infer core per-
sona traits, 2) subtle shifts in emotionality and
extraversion occur, influencing the dialogue dy-
namics, and 3) the application of persona traits
modifies the distribution of emotional support
strategies, enhancing the relevance and empa-
thetic quality of the responses. These findings
highlight the potential of persona-driven LLMs
in crafting more personalized, empathetic, and
effective emotional support dialogues, which
has significant implications for the future de-
sign of AI-driven emotional support systems.

1 Introduction

In emotional support conversations (ESC), the sup-
porter aims to help the seeker to reduce stress, over-
come emotional issues, and promote mental well-
being. Traditionally, ESC corpora have been de-
veloped through skilled crowdsourcing (Rashkin
et al., 2019; Liu et al., 2021), transcription of ther-
apist sessions (Liu et al., 2023; Shen et al., 2020),
or by compiling emotional question-answer pairs
from online platforms (Sharma et al., 2020a; Sun
et al., 2021; Garg et al., 2022; Lahnala et al., 2021).
However, beyond the high costs, recent research
(Deng et al., 2024a) highlights several limitations
in these methods, including privacy concerns, vari-
ability in data quality, and fabricated user needs
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Figure 1: Overview of evaluating the impact of personas
on LLM-synthesized emotional support dialogues.

created by crowdworkers. With the advent of large
language models (LLMs), their powerful general-
ization abilities enable high-quality data annotation
and generation based on specific instructions (Tan
et al., 2024; Ding et al., 2024). Consequently, more
and more recent studies (Zheng et al., 2023, 2024;
Qiu and Lan, 2024; Wu et al., 2024) investigate
the use of LLMs to generate large-scale emotional
support dialogue datasets across various scenarios
via role-playing at lower costs. These efforts have
significantly expanded the available ESC corpora.

Despite the significant strides of LLMs in syn-
thesizing ESC, a significant issue in generative AI
annotations is the Lack of Human Intuition (Deng
et al., 2024a). Recent studies have demonstrated
that effective emotional support requires careful
consideration of individual differences, including
personality traits, emotional states, and contextual
factors (Ma et al., 2024; Ait Baha et al., 2023; Her-
nandez et al., 2023). This understanding has led
to increased research attention on the role of per-
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sona in emotional support dialogues (Zhao et al.,
2024; Cheng et al., 2022), particularly as AI sys-
tems become more prevalent in providing such sup-
port. The importance of incorporating psychologi-
cal perspectives in developing empathetic AI assis-
tants has been emphasized by researchers. Huang
et al. (2023b) argues that psychological analysis of
LLMs is crucial for creating more human-like and
engaging interactions. While recent work has made
progress in measuring LLMs’ personality character-
istics using established psychological inventories
(Frisch and Giulianelli, 2024; Safdari et al., 2023),
there remains a gap in understanding how these
persona-related aspects influence the generation of
emotional support dialogues.

In this work, we aim to address this gap by inves-
tigating the relationship between LLM-generated
emotional support dialogues and persona traits with
psychological measurement. Specifically, we pro-
pose a LLM-based simulation framework to answer
the following critical research questions:
• RQ1: Can LLMs infer stable traits from persona

in the emotional support scenario?
• RQ2: Can dialogues generated by LLMs retain

the original persona traits?
• RQ3: How will the injected persona affect the

LLM-simulated emotional support dialogues?
As illustrated in Figure 1, we first extract per-

sonas from the existing datasets. Then we assess
the capacity of LLMs to deduce stable traits from
these personas. We further conduct a comparison
between the personas derived from synthesized di-
alogues and the original personas to evaluate their
stability during dialogue synthesis. Lastly, we in-
vestigate how these personas influence emotional
support strategies. As a result, we offer insights
into the potential application of persona-driven dia-
logue synthesis in emotional support conversations.
The key findings are summarized as follows:

• LLMs can infer stable traits from personas
like personalities and communication styles in
emotional support scenarios. We utilize LLMs
to infer traits from personas, revealing a strong
correlation between these traits.

• LLM-simulated seekers tend to exhibit more
emotionality and lower extraversion com-
pared to their original personas. After gen-
erating emotional support dialogues based on
personas and extracting personas from these dia-
logues, there are slight shifts in persona traits.

• Infusing persona traits into the generation of
emotional support dialogues alters the distri-
bution of strategies. The LLM-simulated sup-
porter tends to focus more on deeply understand-
ing the seeker’s problems and gently offers reas-
surance and encouragement.

2 Related Works

2.1 Psychological Inventories

Personality inventories are widely used in psychol-
ogy to understand individuals, which predict dis-
tinctive patterns of interpersonal interaction across
contexts. These assessments are often structured,
theory-driven, and standardized. Prominent in-
struments include the Myers-Briggs Type Indica-
tor (MBTI) (Briggs, 1976), NEO-PI-R (Costa and
McCrae, 2008), and Comrey Personality Scales
(CPS) (Comrey, 1970). Among these, the HEX-
ACO model (Ashton and Lee, 2009) is particularly
notable, offering a framework that encompasses
six factors: Honesty-Humility, Emotionality, Ex-
traversion, Agreeableness, Conscientiousness, and
Openness to Experience. Norton (1978) introduces
the foundational construct of a communicator style.
De Vries et al. (2013) further explored communi-
cation style as a six-dimensional model. Extensive
research (Capraro and Capraro, 2002; Costa Jr and
McCrae, 1992; Lee and Ashton, 2004) has demon-
strated the reliability and validity of these invento-
ries.

2.2 Emotional Support Dialogues

Early efforts on emotional support dialogues fo-
cused on collecting emotional question-answer data
from online platforms (Medeiros and Bosse, 2018;
Sharma et al., 2020b; Turcan and McKeown, 2019;
Garg et al., 2022). These datasets laid the ground-
work for understanding user emotions, but were
limited to single-turn interactions. Empathetic Di-
alogue dataset (Rashkin et al., 2019) addressed
this by introducing multi-turn dialogues, crowd-
sourced to simulate diverse empathetic interactions.
ESConv (Liu et al., 2021) further advanced the field
by introducing emotional support strategies col-
lected from psychological theories, enabling chat-
bots to use these strategies for more empathetic and
contextually appropriate responses. Subsequent
studies proposed using graph networks to capture
global emotions causes and user intentions (Peng
et al., 2022; Deng et al., 2023b), combining multi-
ple emotional support strategies to enhance empa-
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Socio-demographic description: The person is a
23-year-old male who has a stable job earning
nearly six figures. He lives independently in his own
apartment and has a dog. Despite having a social
circle and engaging in regular physical activity, he
feels a profound sense of emptiness and struggles
with his mental health.
Problem: The person suffers from severe
depression, stemming from a painful breakup with a
close friend. He experiences feelings of remorse
and guilt, struggles with his emotional well-being,
and feels empty despite having a seemingly
successful life.

Age: young
Gender: male
Occupation:
professional worker

Figure 2: An example of persona card.

thy (Tu et al., 2022), developing proactive dialogue
systems to lead the conversation towards positive
emotions (Deng et al., 2023a, 2024b, 2025), and
implementing emotional support strategies and sce-
narios using LLMs to create the ExTES dataset
(Zheng et al., 2024).

2.3 Persona-Driven Emotional Support

Recent advances have integrated personas into emo-
tional support dialogues to enhance personalization
and diversity. The ESC dataset (Zhang et al., 2024)
introduced personas into the dialogue generation
process. Zhao et al. (2024) proposed a framework
to extract personas from existing datasets for eval-
uation. Additionally, personas have been incor-
porated into chatbots to generate personalized re-
sponses (Tu et al., 2023; Ait Baha et al., 2023; Ma
et al., 2024). These developments inspire our analy-
sis of the relationship between personas, emotional
support strategies, and dialogues, focusing on the
extraction and use of personas in ESC.

3 Dataset Collection

In order to study the relationship between LLM-
generated emotional support conversations (ESC)
and persona traits, we first need to collect a set
of non-synthetic ESC data with user personas as
reference. Specifically, we select three existing
emotional support datasets, including ESConv (Liu
et al., 2021), CAMS (Garg et al., 2022), and Dread-
dit (Turcan and McKeown, 2019). ESConv is
a multi-turn emotional support dialogue dataset,
while CAMS and Dreaddit are derived from Reddit
posts discussing mental health issues.

To obtain the user persona traits from these ESC
data, we extract age, gender, occupation, socio-
demographic description, and problem from the
datasets using gpt-4o-mini. The prompt utilized for
extracting these basic persona is provided in Ap-
pendix A. Since the supporters usually focus on the

Dataset ESConv CAMS Dreaddit

Data Type dialogue QA QA
Num. of personas 1,155 1,140 730
Avg. words of desc. 57.38 66.42 56.68
Avg. words of prob. 33.92 32.02 27.75
Num. of age 901 1,014 459
Num. of gender 417 401 300
Num. of occupation 926 968 542

Table 1: Statistics of the extracted persona cards.

HEXACO
Inventory

CSI
Inventory

Calculate
correlations

Complete
Inventories

Personality

Communication
Style

Extracted Personas

Figure 3: Diagram of the process for the measurement
of persona traits.

seeker’s emotions and their main tasks are to pro-
vide emotional support, the supporters’ responses
in the datasets lack personal information. Due to
the limited information available about supporters,
we only extract seeker personas from these datasets.
After extraction, we prompt LLMs (see Appendix
A) to filter the personas to ensure they include the
individual’s emotions and the events they are ex-
periencing, along with a clear socio-demographic
background that provides a comprehensive sense
of their identity. Ultimately, we obtain 1,155 per-
sonas from ESConv, 1,140 personas from CAMS,
and 730 personas from Dreaddit. An example of a
basic persona card is illustrated in Figure 2. The
detailed statistics of datasets to be studied are sum-
marized in Table 1.

4 Measurement of Persona Traits (RQ1)

Personality and communication style play crucial
roles in emotional support conversations. Person-
ality influences how a seeker may emotionally re-
spond to various scenarios (Hughes et al., 2020; Ko-
mulainen et al., 2014), while communication style
reflects the way someone conveys their thoughts
and emotions during the interaction (van Pinxteren
et al., 2023). These factors significantly impact the
dynamics and outcomes of emotional support. Pre-
vious studies have demonstrated the effectiveness
of personas in guiding the responses of emotional
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Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .54 .15 -.21 .36 -.39 .04
Cons. .34 .34 -.11 .16 -.36 .02
Agre. .21 .15 -.39 .12 -.19 -.05
Open. .41 .25 -.23 .47 -.09 .09
Emot. -.32 -.11 -.04 -.21 .45 -.10
Hone. -.24 -.01 -.17 -.27 .05 -.18

Table 2: Correlations between CSI and HEXACO from
ESConv measured by gpt-4o-mini. P_value of all met-
rics are less than 0.01.

Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .63 .01 -.21 .50 .07 -.11
Cons. .15 .48 -.22 .04 -.18 -.19
Agre. .13 .14 -.59 -.02 .06 -.39
Open. .39 .01 -.28 .46 .21 -.11
Emot. -.24 -.18 .00 -.22 .32 -.06
Hone. .06 .28 -.42 .00 .05 -.37

Table 3: Correlations between CSI and HEXACO from
ESConv measured by Claude-3.5-haiku.

Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .28 .26 -.21 .15 -.33 -.11
Cons. .13 .55 -.16 -.01 -.42 -.04
Agre. -.02 -.13 -.19 .03 .10 -.05
Open. .07 -.12 -.15 .32 .08 -.10
Emot. -.18 -.32 0.06 -.02 .48 .01
Hone. -.08 -.11 -.20 .06 .07 -.13

Table 4: Correlations between CSI and HEXACO from
ESConv measured by LLaMA-3.1-8B-Instruct.

support systems (Cheng et al., 2022; Han et al.,
2024). In this section, we investigate whether the
personality and communication style inferred by
LLMs based on persona cards are correlated. In
other words, we examine whether LLMs can in-
fer stable traits from persona cards in emotional
support conversations.

4.1 Experimental Setups

Previous studies showed that LLMs have sufficient
capability to capture certain level of human traits
from dialogues (Jiang et al., 2024; Porvatov et al.,
2024). To further investigate whether LLMs can
infer stable traits, we utilize HEXACO model (Lee
and Ashton, 2004) to assess personality and Com-
munication Styles Inventory (CSI) (De Vries et al.,
2013) to evaluate communication styles. The HEX-
ACO model is a personality framework consisting
of six dimensions: Honesty-Humility (H), Emo-
tionality (E), Extraversion (X), Agreeableness (A),
Conscientiousness (C), and Openness to Experi-
ence (O). For our study, we use the HEXACO-60

inventory (Ashton and Lee, 2009) to assess the per-
sonalities represented in the persona cards. The
CSI identifies six domain-level communicative be-
havior scales: Expressiveness, Preciseness, Ver-
bal Aggressiveness, Questioningness, Emotional-
ity, and Impression Manipulativeness. Each dimen-
sion of the HEXACO personality model has the
strongest correlation with a specific communica-
tion style dimension in the CSI. The correlations
between these dimensions are introduced as fol-
lows (left - HEXACO, right - CSI) (De Vries et al.,
2013):
• Extraversion <-> Expressiveness
• Conscientiousness <-> Preciseness
• Agreeableness <-> Verbal Aggressiveness
• Openness to Experience <-> Questioningness
• Emotionality <-> Emotionality
• Honesty-Humility <-> Impression Manipulative-

ness
If LLMs can infer stable personality and com-

munication style based on emotional support dia-
logues, the strongest correlations in the personality
scores and communication style scores obtained
from completing the inventories will align with
those shown above.

Following previous research (Ji et al., 2024),
we prompt the LLM to generate descriptions for
each dimension based on the extracted socio-
demographic information, incorporating these de-
scriptions into persona cards. Then, we prompt
LLMs to predict answers to the HEXACO and CSI
inventories using the persona card. These prompts
are presented in Appendix A. We run our experi-
ments on multiple open-source (LLaMA-3.1-8B-
Instruct1) and close-source LLMs (GPT-4o-mini2

and Claude-3.5-Haiku3), and we set temperature as
0 to get stable results.

4.2 Results and Discussions
Based on the responses from these inventories, we
calculate the HEXACO and CSI dimension scores
for each dataset. To evaluate whether LLMs can
infer stable traits from persona cards in an emo-
tional support context, we then compute the corre-
lations between the HEXACO and CSI dimensions
within each dataset. Each scale provides a score
corresponding to each response, along with the di-
mension to which each question belongs. Based
on the LLM’s responses, we calculate the scores

1meta-llama/Llama-3.1-8B-Instruct
2gpt-4o-mini-2024-07-18
3claude-3-5-haiku-20241022
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for each dimension. Finally, we use Pearson cor-
relation to analyze the relationships between each
dimension of HEXACO and CSI. Tables 2, 3, and
4 present the correlations between HEXACO and
CSI dimensions in the ESConv dataset (Liu et al.,
2021) as measured by three different LLMs. Simi-
larly, Tables 10, 11, and 12 show the correlations in
the CAMS dataset (Garg et al., 2022), while Tables
13, 14, and 15 provide the correlations observed in
the Dreaddit dataset (Turcan and McKeown, 2019).

Experimental results demonstrate that on all
three test datasets, GPT-4o-mini exhibits the
strongest correlations between the six dimensions
of HEXACO and CSI, aligning well with findings
from the established psychological theory. For in-
stance, extraversion from HEXACO model shows
the strongest correlation with expressiveness from
CSI model. This indicates that GPT-4o-mini can
reliably infer persona traits relevant to emotional
support dialogues from persona cards. However,
we observed some discrepancies in the correlation
analyses for LLaMA-3.1-8B-Instruct and Claude-
3.5-Haiku. Specifically, LLaMA-3.1-8B-Instruct
incorrectly associates verbal aggressiveness with
extraversion and conscientiousness, suggesting that
higher verbal aggressiveness implies greater ex-
traversion in seekers. Meanwhile, Claude-3.5-
Haiku incorrectly links questioningness with con-
scientiousness, implying that seekers who ask more
questions are more extraverted. These inconsisten-
cies highlight potential limitations in the ability of
these models to interpret certain persona traits ac-
curately. Overall, our findings suggests that LLMs
are capable of inferring stable persona traits
from personas in emotional support scenarios,
though some inconsistencies exist.

5 Persona Consistency in LLM-simulated
Emotional Support Dialogues (RQ2)

After demonstrating that LLMs can reliably infer
stable traits from personas, we further investigate
whether these persona traits remain consistent dur-
ing the LLM-based dialogue generation process.

5.1 Experimental Setups

To evaluate whether LLMs maintain consistent
persona traits after dialogue generation, we con-
ducted an extensive analysis using 1,000 randomly
selected personas from PersonaHub (Chan et al.,
2024), ensuring a diverse range of characteristics.
These personas initially consist of simple descrip-

Synthesize
Dialogues

Extract
Personas

Persona simulator to
complete inventories

Compare Scores

Original Personas

Extracted Personas

Figure 4: Diagram of the process for studying the per-
sona consistency in LLM-simulated ESC.

tions, such as "A fearless and highly trained athlete
who can perform complex and dangerous physi-
cal sequences", that we systematically enhanced
through LLM-based expansion. The enhancement
process involved adding socio-demographic de-
tails (age, gender, occupation) and specific trait-
indicative statements aligned with HEXACO and
CSI dimensions. We then quantified these en-
hanced personas by generating HEXACO and CSI
dimension scores using the methodology described
in Section 4.1. As LLMs can be effectively shaped
to emulate human-beings (Frisch and Giulianelli,
2024; Wang et al., 2023), we use these enriched
personas to generate emotional support dialogues
where each persona acted as a seeker in contex-
tually relevant scenarios. For instance, an athlete
discussing an injury-related emotional challenge.
Following dialogue generation, we applied the ex-
traction method outlined in Section 3 to derive per-
sona characteristics from the generated conversa-
tions. We then calculated HEXACO and CSI scores
from these extracted persona. By comparing these
extracted scores with the original scores assigned to
the input personas, we could assess the consistency
of trait representation after the dialogue generation
process. The complete set of prompts used for dia-
logue generation and trait extraction is provided in
Appendix B.

5.2 Results and Discussions

The comparisons of scores of persona traits are
shown in the Figure 5, 6, and 7. The results show
that the original personas and the personas ex-
tracted from the generated dialogues share sim-
ilar distributions across four personality traits:
Honesty-Humility, Agreeableness, Conscientious-
ness, and Openness to Experience. This indicates
that the personas maintain consistent traits in the
synthetic emotional support dialogues. However,
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Figure 5: Comparison of HEXACO scores between the
original persona and the one extracted from the dialogue
generated by gpt-4o-mini.
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Figure 6: Comparison of HEXACO scores between the
original persona and the one extracted from the dialogue
generated by claude-3.5-haiku.
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Figure 7: Comparison of HEXACO scores between the
original persona and the one extracted from the dialogue
generated by LLaMA-3.1-8B-Instruct.

we notice that the extracted personas tend to have
higher Emotionality and lower Extraversion com-
pared to the original personas. We believe this may
be because the seeker in the emotional support di-
alogues is dealing with emotional issues, making
them more emotional and less outgoing. A simi-
lar pattern is observed in the comparison of CSI
scores (see Table 19, 20, and 21 in Appendix E).
This indicates that the persona traits generally
maintain consistent in the synthetic emotional
support dialogues with only slight shifts.

5.3 Ablation Study

Prior research (Huang et al., 2023a; Pan and Zeng,
2023; Frisch and Giulianelli, 2024) suggests that
LLMs possess inherent personality traits. To in-
vestigate how these intrinsic traits might influence

PCA Plot of Persona Data

With Persona
Without Persona

Figure 8: Distribution of personality scores, reduced to
2D, obtained from dialogues w/o persona injection.

Dialogues generated
with personas

Dialogues generated
without personas

Strategy Distribution

Dialogue generator
w/o personas

Figure 9: Diagram of the process for studying the impact
of persona on LLM-simulated ESC.

emotional support dialogue generation, we con-
ducted a comparative analysis between dialogues
generated with and without predefined personas.
We extracted the implicit personas manifested in
the generated conversations, calculated their corre-
sponding personality scores. In Figure 8, we used
PCA to project these scores into a 2D space for
visualization. The resulting distribution reveals a
marked difference between the two conditions: dia-
logues generated without persona injection exhibit
a more concentrated distribution, whereas those
with predefined personas cover a broader range of
personality traits. This contrast suggests that exter-
nally provided personas influence the personality
traits manifested in dialogue generation, persona in-
jection can guide and shape the dialogue generation
process.

6 Impact of Persona on LLM-simulated
Emotional Support Dialogues (RQ3)

Many efforts have been made on exploring how to
incorporate emotional support strategies into emo-
tional support dialogues. Zheng et al. (2024) use
LLMs to introduce emotional support strategies in
synthetic dialogues. Zhang et al. (2024) further
involve the concept of persona into these dialogues
and analyze the usage of strategies. This raises an
important question: does adding a persona have
an impact on the way emotional support strategies
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Strategy w/ PT w/o PT

question 27.23% 16.45%
restatement or paraph. 3.61% 10.57%
reflection of feelings 11.75% 11.33%
self-disclosure 2.64% 10.64%
affirmation and reass. 29.72% 21.06%
providing suggestions 16.92% 14.25%
information 0.78% 4.85%
others 8.45% 10.88%

Table 5: Strategy distribution on two different groups
of synthesized dialogues by gpt-4o-mini, one generated
with persona traits (PT), the other without.

Strategy w/ PT w/o PT

question 33.10% 27.31%
restatement or paraph. 0.69% 0.96%
reflection of feelings 21.19% 18.15%
self-disclosure 2.22% 13.97%
affirmation and reass. 19.32% 17.41%
providing suggestions 19.01% 15.41%
information 4.45% 6.77%
others 0.02% 0.02%

Table 6: Strategy distribution on two different groups
of synthesized dialogues by claude-haiku-3.5.

Strategy w/ PT w/o PT

question 12.70% 12.34%
restatement or paraph. 6.51% 7.56%
reflection of feelings 18.44% 18.06%
self-disclosure 7.69% 9.86%
affirmation and reass. 21.42% 18.91%
providing suggestions 13.33% 13.40%
information 2.48% 4.25%
others 17.43% 15.62%

Table 7: Strategy distribution on two different groups
of synthesized dialogues by LLaMA-3.1-8B-Instruct.

(definitions of each strategy are shown in Appendix
G) are distributed in dialogues? To investigate it,
we use ESConv dialogues as history and instruct
LLMs to predict how a new conversation might
unfold after some time. Each future dialogue is
generated in two versions: with and without per-
sona traits (personality and communication style
scores). Since ESConv provides real-world context
and continuations generated by LLMs can preserve
the semantic distribution of dialogues (Fan et al.,
2025), our approach ensures diversity and realism
in emotional support scenarios.

6.1 Analysis of Emotional Support Strategies

As demonstrated in Tables 5 and 6, the distribu-
tion of emotional support strategies differs signifi-
cantly between dialogues generated with and with-
out persona traits for both gpt-4o-mini and claude-

Strategy HEXACO CSI

question 27.83% 27.23%
restatement or paraph. 3.72% 3.61%
reflection of feelings 12.48% 11.75%
self-disclosure 3.41% 2.64%
affirmation and reass. 28.96% 29.72%
providing suggestions 16.44% 16.92%
information 0.50% 0.78%
others 6.66% 8.45%

Table 8: Strategy distribution on two different groups
of synthesized dialogues, one generated with HEXACO
scores, the other with CSI scores.

w/ vs. w/o PT Win Tie Loss

Suggestion 38% 27% 35%
Consistency 27% 54% 19%
Comforting 38% 28% 34%

Identification 37% 30% 33%
Overall 39% 27% 34%

Table 9: Human evaluation compares dialogues gener-
ated with and without personas. Win indicates that the
dialogues generated with persona outperforms the one
generated without persona on the given indicator.

3.5-haiku. While Table 7 shows that llama-3.1-
8B-instruct exhibits less pronounced differences
in strategy distributions between persona and non-
persona conditions, the trends remain consistent
with those observed in other models. The analy-
sis revealed that supporters in persona-enhanced
dialogues demonstrated a greater tendency to val-
idate seekers’ emotions through questioning and
provided more effective emotional comfort, as evi-
denced by significantly higher rates of questioning,
affirmation, and reassurance strategies compared
to non-persona dialogues. Conversely, support-
ers in dialogues without persona traits emphasized
problem explanation and relied more heavily on
self-disclosure, while prior research (Meng and
Dai, 2021) indicate that self-disclosing chatbots
perform poorly when emotional support is absent
and the clear boundaries are not established. The
distributions of emotional support strategies gener-
ated using either personality scores or communica-
tion style scores, as shown in Table 8, demonstrate
remarkable similarity. This alignment can be at-
tributed to the strong correlation between these
trait measures, as discussed in Section 4. These
results provide compelling evidence that persona
traits significantly influence the distribution and
application of emotional support strategies in
dialogues.
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Seeker: Hi, I wanted to follow up on our last conversation. I did call my parents, and it felt
good to share how I was feeling.
Supporter: That's wonderful to hear! How did they respond?
Seeker: They were really understanding. My mom even said she felt lonely too, which
made me feel less alone.
Supporter: It sounds like that conversation brought you both closer. How are you feeling
about it now?
Seeker: I feel relieved, but I still have moments of loneliness, especially when I see my
roommate with her boyfriend.
Supporter: It's completely normal to feel that way, especially during such isolating times.
Have you thought about how you might cope with those feelings?
Seeker: I’ve been trying to keep busy with my painting and schoolwork, but it’s hard when
I see them together.
Supporter: It sounds like you're doing your best to stay engaged. Maybe you could also
explore new hobbies or activities that you can do independently?
Seeker: That could help. I’ve been thinking about trying some online classes or
workshops.
Supporter: That sounds like a great idea! Learning something new can be a wonderful
distraction and a way to meet new people, even virtually.
Seeker: Yeah, I hope so! I just wish I could have more in-person interactions.
Supporter: I understand that longing for connection. Have you considered setting up
regular video calls with your friends to keep that social interaction alive?
Seeker: I did set up a Zoom party, and it went really well! We played games and caught
up.
Supporter: That’s fantastic! It’s great to hear you’re finding ways to connect. How did it
feel to see everyone again?
Seeker: It felt amazing! I realized how much I missed them. But now I’m worried about
keeping that connection going.
Supporter: It's understandable to feel that way. Maybe you could schedule regular catch-
ups or even start a group chat to keep the conversation flowing?
Seeker: That’s a good idea! I’ll suggest it to them. I just want to make sure I don’t
overwhelm them.
Supporter: You’re very considerate of their feelings, which is a strength. Just remember,
they might appreciate the effort to stay connected as much as you do.
Seeker: Thanks! I’ll try to keep that in mind. I really appreciate your support.
Supporter: I’m always here for you. It’s great to see you taking steps to improve your
situation. Keep it up!

Seeker: Hi! I wanted to follow up on our last conversation. I did call my parents, and it felt
good to share how I was feeling.
Supporter: That's wonderful to hear! How did they respond to your feelings?
Seeker: They were really understanding. My mom even said she feels lonely too, which
made me feel less alone.
Supporter: It sounds like that conversation brought you both closer. It’s great that you
could share your feelings with each other.
Seeker: Yeah, it was nice. But I still feel a bit down sometimes, especially when I see
everyone else hanging out online.
Supporter: I can understand how that would make you feel. It’s tough to see others
socializing while you’re feeling isolated.
Seeker: Exactly! I feel like I’m missing out on so much.
Supporter: It’s completely normal to feel that way. You’re not alone in this, and it’s okay to
feel sad about it.
Seeker: I know, but I just wish things were different.
Supporter: It’s understandable to wish for things to be different, especially during such
challenging times. What do you think could help you cope with those feelings?
Seeker: I’ve been thinking about trying to connect with my friends more, maybe through
games or something.
Supporter: That sounds like a great idea! Engaging in activities together can help
strengthen those connections.
Seeker: Yeah, I think it would be fun! I just need to get everyone on board.
Supporter: You could suggest a specific game or activity that you all enjoy. It might make
it easier for them to join in.
Seeker: That’s a good point! I’ll reach out to them and see what they think.
Supporter: I believe you can do it! You have the motivation to reach out, and that’s a
strength.
Seeker: Thanks! I just hope they’re all up for it.
Supporter: Even if some aren’t available, it’s still a step in the right direction. You’re
taking initiative, and that’s commendable.
Seeker: I appreciate your support. It really helps to talk about this.
Supporter: I’m glad to hear that! Remember, it’s okay to express how you feel, and I’m
here for you whenever you need to talk.
Seeker: Thank you! I’ll keep you updated on how it goes.
Supporter: I look forward to hearing about it! Take care and enjoy your day.

Dialogue generated with persona Dialogue generated without persona

Figure 10: Case study. Blue indicates that the supporter directly provides emotional support. Green signifies
the supporter offers direct suggestions. Yellow means that the supporter provides suggestions through rhetorical
questions or guides the seeker to reflect.

6.2 Human Evaluation

To intuitively reveal the impact of persona on LLM-
simulated emotional support conversations, we con-
duct human evaluation by comparing the generated
dialogues with and without persona traits, using
the following indicators: Annotators evaluate the
dialogues based on the following metrics: (1) Sug-
gestion evaluates how effectively the supporter pro-
vided helpful advice. (2) Consistency assesses
whether participants consistently maintained their
roles and exhibit coherent behavior. (3) Comfort-
ing examines the supporter’s ability to provide emo-
tional support to the seeker. (4) Identification de-
termines which supporter delved deeper into the
seeker’s situation and was more effective in identi-
fying issues. (5) Overall assesses the overall per-
formance about these two groups of dialogues. We
recruited 10 native English speakers from under-
graduate students in various disciplines, who had
previously completed various annotation tasks and
were experienced in the field. Each evaluator was
compensated at a rate of approximately 20 USD per
hour and was fully informed about the tasks they
needed to complete. They reviewed 50 randomly
selected groups of instances from the generated
dialogues with and without personas.

The result of human evaluation is shown in
Table 9. Except for the Consistency indicator,
which showed similar performance for both dia-
logue groups, the dialogues generated with per-
sonas outperformed those without. Based on dia-
logue strategies and observations, we believe that
the dialogues generated with personas are better at
using rhetorical questions to identify the seeker’s
issues and gently offer suggestions, making the
conversations more in-depth and comforting.

6.3 Case Study

A case study supports our point can be found in Fig-
ure 10, and the persona card and dialogue history
can be found in Appendix F. Although we found
that these dialogues provided the same level of di-
rect emotional support, in the dialogue generated
with persona, there is a tendency to use rhetorical
questions to encourage the seeker to reflect and ex-
plore the content more deeply, while also offering
suggestions more tactfully. In contrast, the dia-
logue generated without persona is more likely to
provide direct affirmations or suggestions. In psy-
chology, when a message is highly relevant to the
recipient and they are already motivated to process
it, rhetorical questions can enhance the persuasive-
ness of messages with weak arguments (Petty et al.,
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1981). Since emotional support is often regarded
as a form of weak argument (Petty and Cacioppo,
2012), incorporating rhetorical questions into a sup-
porter’s response can make it more acceptable to
the seeker, and facilitate deeper and more mean-
ingful conversations. This observation highlights
the role of personas in enhancing the quality of
dialogue generation.

7 Conclusion

This analytical study highlights the potential of
incorporating personas into LLM-generated emo-
tional support dialogues to enhance effectiveness
and human-likeness. Our findings confirm that
LLMs can infer stable traits from personas and
maintain key persona characteristics while reveal-
ing shifts in emotionality and extraversion traits
that affect dialogue. Personas not only improve
the empathetic quality of responses but also influ-
ence the distribution of emotional support strate-
gies, ensuring dialogues are more personalized and
contextually appropriate. We encourage future re-
searchers to build on our findings to develop more
adaptive, effective, and robust ESC chatbots.

Acknowledgments

This research was supported by the Singapore
Ministry of Education (MOE) Academic Research
Fund (AcRF) Tier 1 grant (No. MSS24C012).

Limitations

The reliance on LLM outputs introduces potential
biases inherent in the model’s training data. These
biases may have influenced both the extraction and
simulation of personas, possibly affecting the ac-
curacy of the results comparing to real persons.
Our approach follows the recent researches about
extracting personas using LLMs (Ji et al., 2024;
Zhao et al., 2024), which may still have limitations
in accurately capturing and representing complex
human traits. Future researchers may need to in-
vestigate the impact of inherent biases in LLMs on
persona extraction and dialogue simulation based
on these personas.

Additionally, we employ an omniscient perspec-
tive in our data generation process, where both
seekers and supporters can access the complete in-
formation. While this approach is common in pre-
vious studies (Zheng et al., 2023, 2024), it doesn’t
fully reflect the real-world conversation dynamics.

Future researchers may improve realism by sim-
ulating emotional support scenarios with distinct
information states for each role.

Ethical Considerations

Emotional support conversations (ESC) in LLM-
generated dialogues requires careful ethical consid-
erations. We recognize the risks of using LLMs to
generate emotional support responses, especially if
the system misinterprets or misrepresents the user’s
persona, potentially leading to unintended emo-
tional harm. Users must clearly understand they
are interacting with chatbots, not a human, to man-
age expectations and avoid misleading attachments.
Incorporating personas could make LLMs seem
more human-like and more guiding, increasing
the risk of user dependency on chatbots instead of
seeking professional help. Therefore, implement-
ing safeguards to guide users to human assistance
in cases of severe distress is crucial. While the
LLMs demonstrate the ability to identify and uti-
lize personas, they also inherit issues like societal
biases, the risk of emotional manipulation, and de-
pendency on LLM-generated support. To mitigate
these concerns, we emphasize that this research
should only be considered for academic purposes
and cannot be deployed in real-life emotional sup-
port scenarios without additional safeguards. We
are committed to improving ESC chatbots to mini-
mize biases, enhance transparency, and support the
development of more adaptive and ethically sound
emotional support chatbots in the future.
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You need to complete a persona card based on a dialogue between a
Seeker and a Supporter. Your task is to extract the supporter's persona.
The persona card includes five dimensions: age, gender, occupation, and
socio-demographic description. For age, you can choose from 'teenage,
young, middle-aged, old'. For gender, choose from 'male, female'. If you
cannot determine the age or gender, you can select 'unknown'. If the
occupation is not specified, provide a relevant occupation description or
create a suitable occupation. For the socio-demographic description,
generate the description of the Supporter based on the dialogue and
combine with your own speculations. In the description sections, refer to
the Supporter as 'the person'.
Please complete the extraction based on the dialogue given below:
${emotional support dialogue}

Figure 11: Prompt for extracting the basic persona from
the dialogue.

Based on this person's socio-demographic description, please write a
sentence for each of the following six indicators that best describes what
the person tend to do in the daily life. Each sentence should be of similar
length. In the generated sentences, refer to the person as 'the person'.
Below are the descriptions of these six indicators:
${descriptions of six indicators from HEXACO/CSI}
Please complete the task based on the socio-demographic description:
${socio-demographic description}

Figure 12: Prompt for producing the best describes on
HEXACO/CSI indicators.

Association for Computational Linguistics (Volume
1: Long Papers), ACL 2024, pages 11325–11345.
Association for Computational Linguistics.

A Prompts for Generating Persona Cards

In the section, it shows the prompts for generating
persona cards, including basic persona and persona
traits. The prompt in Figure 11 is used to extract
basic persona information from dialogues, includ-
ing age, gender, occupation and socio-demographic
description. Figure 12 presents the prompt used to
determine the most suitable description of HEX-
ACO or CSI indicators based on the extracted
socio-demographic description. Figure 13 shows
the prompt used by LLMs to answer HEXACO
and CSI inventories derived from the extracted per-
sonas. Figure 14 provides the prompt used to filter
out unclear personas and those that do not provide
identifiable identity information.

You are provided with a statement about the person. Please read it and
decide how much the person will agree or disagree about the statement on
the basis of the person's personality description.
Write your answer in the following scale: 5=strongly agree, 4=agree,
3=neural, 2=disagree, 1=strongly disagree.
The answer of the statement should be a numerical value of 1, 2, 3, 4, 5.
Please answer the statement even if you're not completely sure.
The personality description: ${description}
The statement: ${statement}

Figure 13: Prompt for answering HEXACO/CSI inven-
tories based on persona.

5450

https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/D19-6213
https://doi.org/10.18653/v1/D19-6213
https://doi.org/10.18653/v1/D19-6213
https://doi.org/10.18653/v1/2024.sicon-1.10
https://doi.org/10.18653/v1/2024.sicon-1.10
https://doi.org/10.18653/v1/2023.findings-acl.99
https://doi.org/10.18653/v1/2023.findings-acl.99
https://doi.org/10.18653/v1/2023.findings-acl.99
https://doi.org/10.18653/v1/2024.acl-long.611
https://doi.org/10.18653/v1/2024.acl-long.611


Your task is to evaluate whether the following socio-demographic and
problem descriptions meet my criteria:
1. Socio-demographic Description: Make sure the description includes the
individual's emotions and the events they are experiencing, while also
providing a clear social background that outlines the person's demographic
context, giving a strong sense of who they are.
2. Problem Description: Ensure that it covers the individual’s emotions and
clearly details the event they are facing, including its cause and resulting
consequences. The event should be specific enough to fit into a distinct
classification and be detailed enough to reach a granular level of
categorization.

Figure 14: Prompt for filtering personas.

Please generate a socio-demographic description of the individual based
on the provided persona in English. Use 'the person' to refer to the
individual in your description.

Figure 15: Prompt for extending personas from Persona
Hub.

B Prompts for Measuring the Stability of
Inferring Persona Traits

In this section, we introduce the prompts used to
measure whether LLMs can infer stable traits from
persona in emotional support dialogues. Figure
15 shows the prompt used to extend the socio-
demographic description of the persona. Figure
17 displays the prompt to generate emotional sup-
port dialogues with strategies based on the given
persona. Appendix A lists the prompts used to
obtain HEXACO and CSI scores from personas.

C Correlations on Other Datasets

In this section, we introduce the correlations of
HEXACO and CSI on the CAMS (Figure 10, 11
and 12) and Dreaddit (Figure 13, 14 and 15) dataset.
The findings are same as in the Section 4.

D Prompts for Synthesizing Dialogues
w/o Persona Traits

In this part, we give prompts for synthesizing emo-
tional support dialogues with and without persona
traits continuing writing ESConv dialogues. Figure
16 illustrates the prompt to generate dialogues with
personas, while the prompt shown in Figure 18 is
utilized to generate dialogues without personas.

E Results of Persoan Consistency

Table 6 and 20 shows the results of measuring the
communication style consistency after synthesiz-
ing emotional support dialogues by GPT-40-mini,
Claude-3.5-Haiku, LLaMA-3.1-8B-Instruct. The
results are comparable to those of other models
discussed in Section 5.2.

Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .66 .35 -.27 .52 -.34 -.02
Cons. .43 .40 -.34 .36 -.31 -.01
Agre. .40 .24 -.42 .30 -.19 .01
Open. .54 .36 -.25 .53 -.16 .02
Emot. -.25 -.22 .01 -.20 .59 -.02
Hone. -.18 -.05 -.19 -.14 .13 -.15

Table 10: Correlations between CSI and HEXACO of
CAMS personas measured by gpt-40-mini.

Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .73 .09 -.30 .54 .20 -.22
Cons. .29 .47 -.45 .21 -.08 -.29
Agre. .26 .19 -.61 .10 .09 -.32
Open. .44 .17 -.39 .42 .19 -.26
Emot. -.24 -.24 .00 -.19 .30 .02
Hone. .15 .31 -.55 .08 .06 -.39

Table 11: Correlations between CSI and HEXACO from
CAMS measured by Claude-3.5-haiku.

Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .44 .17 -.25 .27 -.35 -.17
Cons. .27 .44 -.34 .10 -.36 -.18
Agre. .12 .06 -.32 .09 -.02 -.11
Open. .25 -.03 -.16 .47 .06 -.16
Emot. .26 -.29 .15 -.11 .50 .15
Hone. -.06 .03 .18 -.09 .05 -.01

Table 12: Correlations between CSI and HEXACO from
CAMS measured by LLaMA-3.1-8B-Instruct.

F Persona Card and Dialogue History of
Case Study

Figure 22 shows the persona card injected into the
generation, while Figure 23 shows the historical
dialogue of the case from ESConv.

G Definitions of Emotional Support
Strategies

In our experiments, we use the emotional support
strategies used in ESConv dataset (Liu et al., 2021).
The definitions of emotional support strategies are
shown below:
Question: Asking open-ended or specific ques-
tions related to the problem to help the seeker artic-
ulate their issues and provide clarity.
Restatement or Paraphrasing: Concisely rephras-
ing the seeker’s statements to help them better un-
derstand their situation.
Reflection of feelings: Expressing and clarifying
the seeker’s emotions to acknowledge their feel-
ings.
Self-disclosure: Sharing similar experiences or
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Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .59 .26 -.25 .42 -.55 -.02
Cons. .34 .36 -.24 .22 -.40 -.05
Agre. .22 .20 -.43 .12 -.22 -.12
Open. .45 .28 -.20 .49 -.21 .05
Emot. -.39 -.17 .05 -.27 .64 .00
Hone. -.31 .00 -.20 -.27 .15 -.26

Table 13: Correlations between CSI and HEXACO of
Dreaddit personas measured by gpt-40-mini.

Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .67 -.01 -.17 .52 .13 -.11
Cons. .11 .46 -.28 .07 -.16 -.28
Agre. .12 .14 -.59 -.01 .02 -.37
Open. .38 .10 -.29 .44 .22 -.12
Emot. -.37 -.17 -.02 -.30 .26 .03
Hone. -.01 .34 -.49 -.08 -.01 -.42

Table 14: Correlations between CSI and HEXACO from
Dreaddit measured by Claude-3.5-haiku.

Expr. Prec. Verb. Ques. Emot. Impr.

Extr. .41 .26 -.30 .28 -.31 -.29
Cons. .19 .55 -.45 .17 -.35 -.27
Agre. .20 .06 -.33 .07 -.06 -.21
Open. .24 .10 -.22 .37 -.04 -.27
Emot. -.10 -.24 .13 -.13 .43 .09
Hone. -.06 .01 -.16 -.03 .03 -.18

Table 15: Correlations between CSI and HEXACO from
Dreaddit measured by LLaMA-3.1-8B-Instruct.

emotions to build empathy and connection.
Affirmation and Reassurance: Affirm the
seeker’s strengths, motivation, and capabilities and
provide reassurance and encouragement.
Providing Suggestions: Offering possible ways
forward while respecting the seeker’s autonomy.
Information: Provide useful information to the
seeker.
Others: Exchange pleasantries and use strategies
beyond the defined categories.

H Dialogue Generation Statistics

Table 16 shows the statistics of dialogues gener-
ated w/ and w/o personas. We can observe dia-
logues generated with personas have fewer turns
but are substantially longer on average per turn for
both seeker and supporter. This aligns with our
qualitative findings (Case study, Figure 10): the
persona-guided supporter asks more targeted ques-
tions, leading to more substantive replies from the
seeker and a more efficient, in-depth conversation.

Your task is to review the previous conversation between the Seeker and
Supporter, which focuses on the Seeker’s mental or emotional challenges.
Based on the traits and concerns expressed in that dialogue, simulate a
follow-up conversation that takes place three days later. The new
conversation should delve deeper into the Seeker’s mental health or
emotional struggles, either revisiting the issues discussed earlier or
exploring any new challenges that have arisen since their last interaction.

In the simulation, the Supporter's replies need to utilize of the 8 emotional
support strategies, unless the reply is very simple (e.g., "Hello" or "Thank
you"). The 8 emotional support strategies are:
${definitions of 8 emotional support strategies}

For historical conversations, the data will be provided in JSON format as
follows:
{"speaker": "Seeker/Supporter", "annotation": {}, "content": "utterance"}
For the Seeker, the annotation field will be empty. For the Supporter, if a
conversation strategy was used, it will be specified in the annotation field
as "strategy".
The previous conversation is below: ${dialogue from ESConv}

HEXACO Personality Indicators: The Seeker's personality is represented
by 6 key dimensions, each scored on a scale from 1 to 5. A higher score
indicates a stronger alignment with that particular dimension. Use the
Seeker's scores to guide the Supporter's responses:
${description of HEXACO indicators}
Below is the HEXACO scores:
${the seeker's HEXACO scores}

Communication Style Inventory (CSI): The Seeker's communication style
is represented by six key dimensions, each scored on a scale from 1 to 5.
A higher score indicates a stronger alignment with that particular
dimension. Use the Seeker's scores to guide the Supporter's responses
accordingly. Below is the description of each indicator of CSI:
${description of CSI indicators}
Below is the CSI scores:
${the seeker's CSI scores}

Figure 16: Prompt for synthesizing dialogues with per-
sona traits.

Simulate a casual emotional support conversation between a Seeker and
a Supporter. Based on the socio-demographic description of the Seeker,
determine potential emotional challenges they might face. Make the
conversation more like a real-life chat and be specific. In each of the
Supporter’s responses, use one of the following 8 strategies:
${definitions of emotional support strategies}
The socio-demographic description of the person is below:
${socio-demographic description}

Figure 17: Prompt for generating emotional support
dialogue based on the given persona.

Your task is to review the previous conversation between the Seeker and
Supporter, which focuses on the Seeker’s mental or emotional challenges.
Based on the traits and concerns expressed in that dialogue, simulate a
follow-up conversation that takes place three days later. The new
conversation should delve deeper into the Seeker’s mental health or
emotional struggles, either revisiting the issues discussed earlier or
exploring any new challenges that have arisen since their last interaction.

In the simulation, the Supporter's replies need to utilize of the 8 emotional
support strategies, unless the reply is very simple (e.g., "Hello" or "Thank
you"). The 8 emotional support strategies are:
${definitions of 8 emotional support strategies}

For historical conversations, the data will be provided in JSON format as
follows:
{"speaker": "Seeker/Supporter", "annotation": {}, "content": "utterance"}
For the Seeker, the annotation field will be empty. For the Supporter, if a
conversation strategy was used, it will be specified in the annotation field
as "strategy".
The previous conversation is below: ${dialogue from ESConv}

Figure 18: Prompt for synthesizing dialogues without
persona traits.
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Figure 19: Comparison of CSI scores between the
original persona and the one extracted from the dia-
logue generated by gpt-4o-mini.
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Figure 20: Comparison of CSI scores between the
original persona and the one extracted from the dia-
logue generated by claude-3.5-haiku.
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Figure 21: Comparison of CSI scores between the
original persona and the one extracted from the dia-
logue generated by LLaMA-3.1-8B-Instruct.

Age: teenage     Gender: unknown    Occupation: Student
Socio-demographic description: The person is a teenager who is currently a
student. They are experiencing the challenges of remote learning due to the COVID-
19 pandemic, which has led to feelings of loneliness and isolation. The person
previously had a supportive social circle but has lost that connection during the
lockdown. They live with a roommate who is preoccupied with her boyfriend, further
contributing to their feelings of being alone.
Problem: The person is struggling with feelings of loneliness and isolation due to
the lack of social interaction during the pandemic. They are contemplating quitting
school because of these feelings but are also concerned about their parents'
reactions. They are seeking ways to reconnect with friends and manage their
emotional well-being.
HEXACO scores: Honesty-Humility (4.8), Emotionality (3.9), Extraversion (2.6),
Agreeableness (4.0), Conscientiousness (3.6), Openness to Experience (3.8)
CSI scores: Expressiveness (2.9), Preciseness (3.4), Verbal Aggressiveness (1.9),
Questioningness (2.8), Emotionality (3.8), Impression Manipulativeness (2.7)

Persona Card

Figure 22: The persona card of the case study.

Supporter: Hello, what can I help you?
Seeker: I just need help deciding what to do.
Supporter: What are you contemplating for?
Seeker: I was doing okay in school, but when we had go virtual, I lost all
my friends. I want to quit school and just go home. But my parents would
not be happy.
Supporter: why do you think so?
Seeker: I don't see anyone but my roommate and she has a boyfriend. I'm
so lonely!
Supporter: How about joining a club at school to know more people?
Seeker: We are in a lockdown because of COVID. So the clubs are not
doing anything. I know I'm not the only one feeling this way.
Supporter: So you're stuck with your roommate but she doesn't care
about you?
Seeker: She's just busy with her boyfriend. They go out on hikes and stuff,
but they just want to go by themselves. I'm just on my own all the time.
Supporter: Everyone feels that, and it's totally normal. Don't be too harsh
on yourself
Seeker: Do you think I should quit school and start again next fall?
Supporter: Why don't you do something on your own? Read a book, do
some crafts? I don't think you should do that. Who knows how next year's
gonna look like? It might be even worse
Seeker: I have. I've worked on my schoolwork, but it has been very easy. I
also paint. But I need people. At home, I had all my friends around. Of
course, we weren't in a pandemic then. This pandemic is making everyone
feel lonely I think.
Supporter: How about doing video call with your friends at home?
Seeker: I hadn't thought about that!  They are all at different schools, but
maybe I can do a Zoom meeting for all of us.
Supporter: I totally feel you, I feel stressed out and very uncertain
throughout this pandemic. You are not alone
Seeker: I guess my friends may be feeling stressed too. Maybe I'll try and
start a Zoom party!  We could plan a time and wear pajamas and just sit
and talk.
Supporter: Exactly, I do virtual happy hour with my friends every month
Seeker: That sounds like fun! Why don't you do a virtual happy hour every
week?
Supporter: Not only that, when you feel lonely, text your friends and share
it with them or your family Oh I am too busy to do that once a week. All of
us are actually
Seeker: I have been afraid to tell my parents how I'm feeling. I don't want
them to worry about me. I want them to know I'm lonely, but not freak out
about it :-)
Supporter: I don't think so. Maybe they are waiting for you to say first and
give you advice, they have more experience after all
Seeker: That's true. And I do know my mom is working from home now
and she's a really social person. It's probably getting to her too.
Supporter: if that's the case, you can use this chance to be there for her. I
think talking to your mom will help you both
Seeker: Yes, I'll probably call her and my dad tonight. I'll let them know I'm
a bit sad and lonely, but not so much that they worry. And then I'll start
planning my virtual party with my friends!
Supporter: Sounds like a great plan. I believe you can overcome this
together
Seeker: At least the party will give me something to look forward to!
Supporter: Yes, right now I'm trying to teach myself one day at a time
mindset.
Seeker: That seems like a smart thing to do. None of us can really do
anything to make the pandemic go away. We just have to get through it
one day at a time. Thank you for helping me come up with a plan!
Supporter: That's the right mindset. I 'm glad I could be some help.
Seeker: Enjoy the rest of your night!
Supporter: you too.

Historical Dialogue

Figure 23: The historical dialogue of the case study.

w/ persona w/o personas

Total Words 218,433 232,674
Total Turns 10,398 12,666
Avg Words (Total) 21.01 18.37
Seeker Words 91,590 94,286
Seeker Turns 5,199 6,323
Avg Words (Seeker) 17.62 14.91
Supporter Words 126,843 138,388
Supporter Turns 5,199 6,343
Avg Words (Supporter) 24.40 21.82

Table 16: Statistics of generated dialogues.
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