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Abstract

Background: Emotional support is crucial in enhancing social interactions, facilitating psychological interventions, and
improving customer service outcomes by addressing individuals' emotional needs. The emergence of large language models
(LLMs) offers potential for delivering emotional support on a large scale, but their effectiveness compared to human counselors
has not been well understood. Evaluating and enhancing the emotional support capabilities of LLMs through targeted user-
centered strategies is crucial for their successful real-world integration.

Objective: This study aims to evaluate the emotional support capabilities of LLMs, specifically GPT-4o, and to introduce an
integrative automatic evaluation framework focused on user perceived feedback (UPF). The framework seeks to enhance LLM
performance in emotional support conversations (ESCs) by identifying psycholinguistic clues as intrinsic evaluation metrics and
utilizing a customized Chain-of-Thought (CoT) prompting strategy.

Methods: The study utilized a dataset of ESCs from human counselors to develop an explanatory predictive model using
explainable artificial intelligence methods, following an integrative modeling paradigm rooted in computational social science.
This model was designed to evaluate and interpret UPF scores for GPT-4o. Additionally, Hill's three-stage model of helping was
integrated into a manually customized CoT prompting framework to evaluate GPT-4o's performance in ESCs.

Results: GPT-4o achieved high UPF scores, demonstrating relative stability in performance, but it still significantly lags behind
human counselors overall (Cliff's Delta = 0.087, P < 0.001). The evaluation framework identified 41 distinct linguistic clues
related to emotional expression, social dynamics, cognitive processes, linguistic style, and decision-making stages, enhancing the
understanding of both processes and outcomes in ESCs. Notably, GPT-4o's UPF scores significantly improved with the use of
manually customized COT prompts (Cohen's d = 0.378, P < 0.001), showing no significant difference from the average
performance of human counselors overall (Cliff's Delta = -0.014, P= 0.47). However, the COT prompts demonstrated a
considerable advantage in specific emotion categories such as fear (Cliff's Delta = -0.23, P = 0.002), sadness (Cliff's Delta =
-0.105, P = 0.012), and issues related to breakups with partners (Cliff's Delta = -0.06, P = 0.254). Compared to human
counselors, GPT-4o is effective in reducing negative language and conveying emotional tone, but its overemphasis on emotional
content weakens its causal reasoning, engagement prompting, and cognitive depth, limiting its ability to handle complex
questions and scenarios.

Conclusions: This study offers preliminary evidence of GPT-4o's emotional support capabilities and introduces a UPF-centered
integrative evaluation framework for ESCs. The findings suggest a cautiously optimistic outlook for applying advanced LLMs in
emotional support services, though significant challenges persist, particularly in deepening conversational exploration and
personalizing language. The proposed framework emphasizes the integration of human expertise into LLMs, enhancing their
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efficacy and contributing to developing trustworthy AI-based emotional support services.
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Abstract

Background:  Emotional  support  is  crucial  in  enhancing  social  interactions,  facilitating
psychological  interventions,  and  improving  customer  service  outcomes  by  addressing
individuals' emotional needs. The emergence of large language models (LLMs) offers potential
for delivering emotional support on a large scale, but their effectiveness compared to human
counselors has not been well  understood.  Evaluating and enhancing the emotional  support
capabilities of LLMs through targeted user-centered strategies is crucial for their successful
real-world integration.

Objective: This study aims to evaluate the emotional support capabilities of LLMs, specifically
GPT-4o,  and  to  introduce  an  integrative  automatic  evaluation  framework  focused  on  user
perceived feedback (UPF). The framework seeks to enhance LLM performance in emotional
support  conversations  (ESCs)  by  identifying  psycholinguistic  clues  as  intrinsic  evaluation
metrics and utilizing a customized Chain-of-Thought (CoT) prompting strategy.

Methods: The  study  utilized  a  dataset  of  ESCs  from  human  counselors  to  develop  an
explanatory predictive  model  using  explainable  artificial  intelligence methods,  following an
integrative  modeling  paradigm  rooted  in  computational  social  science.  This  model  was
designed to evaluate and interpret UPF scores for GPT-4o. Additionally, Hill's three-stage model
of helping was integrated into a manually customized CoT prompting framework to evaluate
GPT-4o's performance in ESCs.

Results: GPT-4o achieved high UPF scores, demonstrating relative stability in performance, but
it still significantly lags behind human counselors overall (Cliff's Delta = 0.087, P < 0.001). The
evaluation framework identified 41 distinct linguistic clues related to emotional expression,
social  dynamics,  cognitive processes,  linguistic  style,  and decision-making stages,  enhancing
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the  understanding  of  both  processes  and  outcomes  in  ESCs.  Notably,  GPT-4o's  UPF  scores
significantly improved with the use of manually customized COT prompts (Cohen's d = 0.378, P
< 0.001), showing no significant difference from the average performance of human counselors
overall  (Cliff 's  Delta  =  -0.014,  P=  0.47).  However,  the  COT prompts  demonstrated  a
considerable advantage in specific emotion categories such as fear (Cliff 's Delta = -0.23,  P =
0.002), sadness (Cliff's Delta = -0.105, P = 0.012), and issues related to breakups with partners
(Cliff's  Delta  =  -0.06,  P =  0.254).  Compared  to  human  counselors,  GPT-4o  is  effective  in
reducing negative language and conveying emotional tone, but its overemphasis on emotional
content weakens its causal reasoning, engagement prompting, and cognitive depth, limiting its
ability to handle complex questions and scenarios.

Conclusions:  This  study  offers  preliminary  evidence  of  GPT-4o's  emotional  support
capabilities  and introduces  a  UPF-centered integrative  evaluation framework for  ESCs.  The
findings  suggest  a  cautiously  optimistic  outlook  for  applying  advanced  LLMs  in  emotional
support  services,  though  significant  challenges  persist,  particularly  in  deepening
conversational exploration and personalizing language. The proposed framework emphasizes
the integration of  human expertise  into LLMs,  enhancing their  efficacy and contributing to
developing trustworthy AI-based emotional support services.

Keywords:  Emotional  Support  Conversations;  User-perceived  Feedback;  GPT-4o;  Prompt
Engineering; Explainable Machine Learning; Integrative Modeling

1. Introduction

The global mental health sector faces a significant resource shortage, marked by too few 
professional providers and various geographic and economic barriers limiting service access. 
Consequently, many individuals cannot receive the support they need. Underdiagnosis rates 
near 90% in some low-income regions due to limited access to professional care1. Emotional 
support, a key psychological intervention, helps individuals alleviate stress by providing 
empathy, affirmation, and encouragement, thereby promoting mental health and social 
adaptation2. Emotional support mitigates negative emotions, enhances psychological resilience 
and self-confidence, and facilitates emotional communication and social adaptation2–6. Despite 
its importance, the complexity and specialized nature of emotional support make expert 
resources scarce and services expensive. As a result, many facing life stressors cannot access 
timely and effective emotional support to mitigate negative emotions7.

In this context, artificial intelligence (AI) systems like GPT-4 have garnered significant 
attention for their potential to manage complex human-computer interactions, especially in 
emotional support conversations (ESCs). Existing technologies have made progress in 
simulating emotional support dialogues8–10. However, the advent of GPT-4 marks a significant 
advancement in AI capabilities, particularly in contextual understanding and language 
expression11,12. Nevertheless, large language models like GPT-4 still struggle to respond 
effectively to human emotional needs due to limitations in emotional comprehension and 
expression13,14. Given the critical nature of mental health applications, deploying large language 
models necessitates establishing comprehensive metrics to assess capabilities, identify 
potential errors, and implement effective feedback mechanisms. Such metrics are crucial for 
delivering robust, accurate, and reliable healthcare services. Existing AI conversational systems
lack user-centered automatic evaluation frameworks. These frameworks should include both 
intrinsic metrics (focused on dialogue process details) and extrinsic metrics (focused on user 
impact). Intrinsic metrics help dynamically understand and enhance subtle differences in 
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complex dialogue processes, while extrinsic metrics evaluate their impact on users. Both 
warrant close attention.

When addressing real emotional support needs, a critical question arises: Can advanced 
generative AI, such as GPT-4o, match or even approach the level of professional human 
counselors? This study proposes an adaptive automatic evaluation framework for emotional 
support conversations (ESCs) specifically targeting generative artificial intelligence (GenAI). 
This framework is developed through an integrative modeling process proposed in the field of 
computational social science and incorporates the role of prompt engineering. The study 
dynamically evaluates user experiences with advanced large language models (LLMs) in ESCs 
to explore their potential as effective supplements to mental health services. Integrative 
modeling combines data-driven insights and human expertise, such as psychological theories, 
to guide AI system design and implementation15. This approach enhances the relevance and 
accuracy of AI responses, increasing resonance with users' emotional states 16. Prompt 
engineering bridges the gap between user intent and AI understanding by guiding GPT-4 to 
generate more accurate responses through well-crafted prompts17. Based on the Chain of 
Thought (CoT) approach, this strategy requires AI to process problems logically, enhancing its 
ability to handle complex emotional dialogues17,18. This study demonstrates how these 
techniques assess and enhance GPT-4o's ability to understand and respond to users' emotional 
needs. This, in turn, increases user trust and satisfaction with AI-driven emotional support 
platforms and addresses the ethical and technical challenges of deploying AI in mental health 
applications.

2. Literature Review

This section reviews the relevant literature on the research domain—emotional support
capability—the research subject—GenAI and prompt engineering—the research problem—the
evaluation of generative AI—and the research methodology—integrative modeling.

2.1 Emotional Support Conversation Systems

Emotional support involves helping individuals cope with life stressors through empathy,
affirmation,  and  encouragement,  assisting  them  in  understanding  and  addressing  their
challenges2.  It  can  be  conveyed  through  both  verbal  and  non-verbal  behaviors.  Research
suggests that non-verbal emotional support typically precedes verbal forms, as non-verbal cues
play a crucial role in initial emotional bonding and communication2. Providers must not only
master various emotional support techniques and expression skills but also choose appropriate
response  strategies  based  on  the  individual's  specific  situation  and  issue  background 19,20.
According  to  Hill’s  three-stage  model  of  helping,  providing  emotional  support  generally
involves:  exploration,  assisting the help-seeker  in  discovering  the problem;  insight,  helping
them gain deeper self-understanding; and action, guiding them to decide how to address the
problem21.  These stages may not occur sequentially and can repeat21.  Therefore,  training an
emotional support conversation system with targeted responses for each stage is crucial9,10,22,
enabling its application across various scenarios, including mental health support and social
interaction9.

Before the Emotional Support Conversation (ESC) task was proposed, two well-researched
dialogue  systems  were  relevant:  emotional  chatting22,23 and  empathetic  responding24,25.
Emotional  chatting  requires  the  system  to  respond  with  or  to  a  given  emotion,  such  as
happiness or anger23.  Empathetic responding involves understanding and sharing the user's
emotional experience and responding with empathy24.  Therefore,  distinctions exist between
emotional  support,  emotional  chatting,  and  empathetic  responding  capabilities9,  with
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emotional support being relatively more in-depth and complex due to its multi-turn dialogue
nature. The ESC task aims to reduce help-seekers' emotional stress and assist them in solving
their  problems.  The  ESC  chatbot,  BlenderBotJoint,  uses  BlenderBot26 as  a  foundation,
incorporating emotional support by encoding context history and predicting strategy tokens to
guide responses.  MISC utilizes  a  commonsense model  to  infer  the  help-seeker's  immediate
mental state and employs a weighted average strategy for response generation27. The global-to-
Local  Hierarchical  Graph  Network  (GLHG)  leverages  a  graph  neural  network  to  encode
relationships  between  the  help-seeker's  global  situation  and  local  intentions  for  guiding
responses28. However, both MISC and GLHG depend on external knowledge from Commonsense
Transformers (COMET), which may not apply to specific domains and requires considerable
human effort to develop. In Addition, they are limited to the scope of the current conversation,
overlooking abundant prior knowledge in the dataset. 

Studies  have  demonstrated  that  emotional  support  systems  significantly  alleviate
psychological  stress  and  improve  mental  health  in  multi-turn  emotional  support
conversations13,29.  They  have  also  enhanced  user  satisfaction  and  interaction  quality30,31.
Nonetheless, challenges remain in accurately recognizing complex emotions and selecting the
most appropriate emotional support strategies31. Moreover, existing systems struggle to fully
account for users'  personalities,  backgrounds,  and specific  needs.  Their  inability  to provide
explanations for responses results in a lack of transparency30.

2.2 GPT-4o and Prompt Engineering

Developed  by  OpenAI,  GPT-4 significantly  advances  large  language  models 32,33.  GPT-4

omni (GPT-4o), a derivative of GPT-4, retains its core architecture while matching GPT-4 Turbo

model  in  text,  reasoning,  and  coding,  and  surpassing  GPT-4  in  multilingual,  audio,  and  vision

capabilities,  with  faster  response  times  and  greater  cost-efficiency34.  It  excels  in  contextual

understanding, accurately comprehending user inputs and generating appropriate responses,

even accommodating subsequent corrections11,35. This ability is critical for dialogue agents in

mental  health,  where  interactions  must  be  contextually  relevant  rather  than  relying  on

predefined  content35,36.  Furthermore,  existing  studies  underscore  GPT-4's  strong  reasoning

abilities, allowing it to draw logical conclusions and provide clinically relevant insights. These

capabilities enhance the model's interpretability and build greater user trust in the system37–40.
As a powerful productivity tool, AI offers immense potential in enhancing various aspects of
human mental health services41. It can assist in evaluating and improving treatment outcomes,
from  diagnosis  to  therapy  effectiveness.  From  a  counselor's  perspective,  AI  can  leverage
therapeutic  databases  to  diagnose  conditions,  predict  client  outcomes,  and  offer  treatment
suggestions42.  A  meta-analysis  has  shown  that  AI  conversational  agents  can  significantly
alleviate depressive symptoms in patients43. For help-seekers, AI-powered chatbots can act as
'digital counselors,'  engaging with those experiencing mild symptoms and reducing barriers
like stigma and social  anxiety44.  Furthermore,  AI  can automate the evaluation of treatment
effectiveness,  making  it  particularly  valuable  for  training  novice  counselors  and  tracking
therapeutic  progress45,46.  Building  on  this  potential,  this  study  focuses  on  GPT-4,  a  large
language model that excels in text-based communication. Although GPT-4 continues to evolve,
scientifically validating its emotional support capabilities could address several critical needs:
alleviating the shortage of professional counselors, balancing support provider skills, lowering
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psychological barriers to seeking help, and delivering timely and personalized mental health
support.  However,  due to issues like AI hallucinations and output instability,  particularly in
sensitive  tasks,  AI  should  be  seen  as  a  support  tool  for  human  experts  rather  than  a
replacement to avoid the risk of 'AI replacement threats'47.
GPT-4's response quality heavily relies on user-provided prompts, a process known as prompt
engineering12.  Prompt  engineering  bridges  user  intent  and  model  understanding,  ensuring
precise,  relevant,  and  coherent  interactions  by  conveying  user  intentions  to  the  language
model.  It  is  essential  for achieving the desired functionality of  large language models12,48,49.
Effective  prompts  greatly  enhance  GPT-4's  output  quality  and  relevance,  whereas  poorly
designed  prompts  can  cause  user  dissatisfaction  or  incorrect  responses.  Effective  prompt
construction considers multiple factors. One is 'clarity and precision,' which involves crafting
specific, clear prompts to reduce output uncertainty. Another is 'role clarity,' where the model is
assigned a clear identity, like an assistant or expert, to ensure consistent responses49. A popular
strategy in prompt construction is the Chain of Thought (CoT), which prompts the model to
break down problems into logical steps, enhancing its ability to manage complex issues50. This
approach encourages the model  to explicitly generate a reasoning process,  often leading to
more accurate conclusions18.  In emotional problem-solving,  grounding the Chain-of-Thought
(CoT) in a professional theoretical framework yields more satisfactory outputs. While Large
Language  Models  (LLMs)  have  demonstrated  capacities  for  emotional  understanding  39,
expression51,  and  empathetic  responses52,  these  capabilities  are  best  harnessed  through
human-AI collaboration in prompt engineering. Considering the critical role of CoT prompting,
it is crucial to evaluate GPT-4's performance differences before and after CoT implementation.

2.3 Evaluation of Large Language Model-Driven Chatbots

Emotional  intelligence  agents,  which  can  perceive,  integrate,  understand,  and  regulate
emotionsis  a  key  research  focus  in  dialogue  systems53,54. Chatbots  offer  24/7  personalized
support  and  a  private  therapy  option,  serving  as  an  alternative  to  traditional  therapy—
especially  where  mental  health  professionals  are  scarce  or  for  those  concerned  about
stigma55,56.  Research on emotional chatting has recently surged17,22,23,57.  Studies indicate that
users  sometimes  prefer  chatbots  over  human  professionals,  aiding  those  hesitant  to  seek
traditional therapy. Additionally, chatbots are seen as less judgmental and biased than humans,
promoting self-disclosure and greater conversational flexibility56,58.
Despite  their  potential,  chatbot  adoption  in  mental  health  is  limited  by  concerns  over
information  accuracy,  technological  maturity,  ethics,  and  interaction  authenticity59.  Thus,
evaluating chatbot capabilities is essential for their broader application. Given the complexity
of human-AI interactions in mental health, understanding evaluation strategies is crucial. Both
automated and manual evaluation methods are commonly used, each with its strengths and
weaknesses60.
Manual  evaluations  include  quantitative  methods  like  surveys  and  scales  measuring  user
satisfaction61,  and  qualitative  methods  such  as  interviews  and  focus  groups  exploring  user
experiences  and  perceptions62.  Manual  methods  are  valued  for  their  flexibility,
comprehensiveness, and professionalism, as human evaluators can manage complex situations
and notice details that automated methods might miss60. In contrast, automated methods are
lauded for efficiency, objectivity, and consistency. They can quickly process large data sets while
reducing subjectivity, high costs, and inconsistencies associated with human evaluation60.  They
also mitigate ethical risks in the evaluation process60. However, automated methods often suffer
from  limited  coverage,  inflexibility,  and  reliance  on  predefined  benchmarks,  which  can
introduce biases and challenges in addressing new or unforeseen issues.
Intrinsic  evaluation  metrics  assess  a  language  model's  ability  to  generate  coherent  and
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meaningful  sentences  according  to  language  rules  and  patterns63.  Known  for  their
computational  simplicity,  these  metrics  are  categorized into  general  automatic  metrics  and
dialogue-based  metrics.  General  automatic  metrics,  like  BLEU  (Bilingual  Evaluation
Understudy),  ROUGE  (Recall-Oriented  Understudy  for  Gisting  Evaluation),  and  Perplexity60,
measure precision and F1-score by counting matching word sequences between reference and
generated text. Dialogue-based metrics include Match-rate, which measures the percentage of
successful  diagnoses;  Dialogue  Accuracy,  assessing  the  chatbot’s  ability  to  ask  relevant
questions; and Average Request Turn, tracking the average number of interactions between
user and chatbot60. While these metrics provide valuable quantitative tools for evaluating LLMs,
they focus on surface-level  similarity and language-specific  aspects.  This focus makes them
insufficient  for  healthcare  chatbots,  as  they fail  to  capture crucial  elements  like  semantics,
context,  long-range  dependencies,  and  human  perspectives,  especially  in  real-world
scenarios60.
In contrast, extrinsic evaluation metrics assess the model's impact on users and how well it
meets their expectations and needs64. These metrics measure language model performance by
incorporating  user  perspectives  and  real-world  scenarios63.  Collected  through  subjective
assessments involving human judgment, extrinsic metrics are divided into general-purpose and
health-specific  categories48.  General-purpose  human  evaluation  metrics  assess  LLM
performance  across  diverse  domains60.  evaluating  quality,  fluency,  relevance,  and  overall
effectiveness, and covering a broad range of real-world topics, tasks, and user needs65. Health-
specific  metrics evaluate how healthcare-oriented LLMs and chatbots process and generate
health-related  information,  emphasizing  accuracy,  effectiveness,  relevance,  reliability,
timeliness,  healthy  behaviours,  and  emotional  support60.  These  metrics  aim to  incorporate
context and semantic awareness into extrinsic evaluations of LLMs. However, existing studies
often focus on specific metrics, overlooking a comprehensive evaluation of healthcare language
models  and  chatbots.  Few  studies  have  explored  domain-agnostic  metrics  that  combine
intrinsic and extrinsic evaluations for healthcare LLMs. Notably, Laing et al. (2023) introduced
a multi-metric approach, evaluating LLMs on accuracy, calibration, robustness, fairness, bias,
toxicity, and efficiency65. As Abbasian et al. (2024) suggest, a balanced evaluation approach that
integrates  intrinsic  and  extrinsic  metrics  better  addresses  scientific  consensus,  potential
harms, and user satisfaction60.
Overall, automated evaluation methods can effectively adapt to the dynamic scenarios required
by prompt engineering,  adequately covering diverse configurations related to  psychological
help-seeking  users,  domains,  and  task  types.  Intrinsic  metrics  emphasize  computational
efficiency and consistency,  quantifying  a  chatbot's  performance in  the  face  of  complex and
subtle  interaction  differences.  Extrinsic  metrics  focus  on  user  perspectives  and  application
performance, but relevant research has not yet fully addressed comprehensive, complex, and
user-centered  evaluation  metrics66.  GGiven  that  user  satisfaction,  therapeutic  effectiveness,
engagement,  and  reliability  are  widely  used  to  measure  the  capabilities  of  GPT-461,62,  user
acceptance—as  reflected  in  subjective  feedback—is  closely  related  to  the  effectiveness  of
emotional support67 and can serve as a direct indicator of emotional support quality. Therefore,
integrating intrinsic and extrinsic metrics based on subjective acceptance can provide more
accurate  evaluations  and  deeper  understanding,  offering  important  insights  for  optimizing
chatbots and improving user satisfaction. Additionally, current evaluation schemes primarily
focus on performance metrics—measuring accuracy, reliability, and user interaction experience
—but  often  lack  the  robustness  needed  to  effectively  evaluate  LLMs  in  the  complex  and
nuanced interactions required in mental health applications68.
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2.4 The Application of Explainable AI and Integrative Modeling in Mental
Health Assessment

In recent years, significant progress has been made in using AI to understand and evaluate
psychotherapy  dialogues.Unsupervised  learning  techniques  have  been  applied  to  identify
clusters in unlabeled patient or therapy data, aiding in the analysis of therapeutic processes
and outcomes69. Building on these insights, supervised learning techniques are widely used to
classify  or  predict  labeled  therapeutic  processes  and  outcomes.  Machine  learning  has
effectively predicted dropout rates in outpatient psychotherapy. For example, researchers have
used ensemble methods, such as random forests and nearest-neighbor modeling, to identify
patients at high risk of dropping out, especially those with severe depression70. Deep learning
models  trained on large-scale  online  cognitive  behavioral  therapy conversations  have  been
used to classify therapists' verbal behaviors and assess their links to clinical outcomes 71. Deep
learning has also excelled in personalized treatment prediction, achieving up to 80% accuracy
in predicting treatment responses for depression72.
When ML models  do  not  meet  any of  the  criteria  imposed  to  declare  them transparent,  a
separate  method  must  be  devised  and  applied  to  the  model  to  explain  its  decisions.  The
purpose  of  post-hoc  explainability  techniques  (also  referred  to  as  post-modeling
explainability), which aim at communicating understandable information about how an already
developed model produces its predictions for any given input 73. Model-agnostic XAI techniques
for  post-hoc  explainability  are  designed  to  be  plugged  into  any  model  with  the  intent  of
extracting some information from its prediction procedure  73.  Feature relevance explanation
techniques aim to describe the functioning of an opaque model by ranking or measuring the
influence, relevance, or importance each feature has in the prediction output by the model to be
explained.  An  amalgam  of  propositions  are  found  within  this  category,  each  resorting  to
different algorithmic approaches with the same targeted goal, such as SHAP (Shapley Additive
Explanations)  74,  QII  (Quantitative  Input  Influence)  75,  ASTRID  (Automatic  Structure
Identification)  76, and other methods. Additionally, several techniques have excelled in coding
and interpret psychotherapy dialogue content. The Linguistic Inquiry and Word Count (LIWC)
tool, developed by Pennebaker and colleagues, analyzes the psychological and social functions
underlying language use77. Studies show that improvements in psychological states correspond
with changes in  language patterns,  indicating  therapy effectiveness78–80.  Similarly,  Linguistic
Style  Matching  (LSM)  measures  the  synchrony  in  linguistic  style  between  conversation
partners,  with  research  suggesting  that  higher  language  matching  is  linked  to  better
therapeutic  relationships  and  outcomes81,82.  Moreover,  Latent  Dirichlet  Allocation  (LDA)
models, especially labeled-LDA, have been used to automate therapy session coding and predict
effectiveness83.  Furthermore,  Hofman  and  colleagues  introduced  integrative  modeling,  a
research paradigm that combines explanatory and predictive approaches. This paradigm uses
data-driven machine learning for prediction and causal inference methods to ensure model
interpretability  and  reliability15.  For  instance,  researchers  have  used  machine  learning  to
predict content popularity in social  networks and experimental approaches to verify causal
effects, combining prediction and explanation to better understand information diffusion 16. By
enhancing  AI  transparency  and  interpretability,  XAI  and  integrative  modeling  can  address
social and ethical issues, promoting broader acceptance of mental health84.
XAI has gained significant attention in psychotherapy due to its vital role in enhancing model
transparency  and  interpretability.  By  offering  real-time  explanatory  feedback,  XAI  assists
therapists  in  adjusting  their  strategies,  thereby  improving  patient  outcomes85.  Utilizing
conversational AI tools like chatbots,  XAI provides personalized support and conducts real-
time analyses  of  emotional  changes,  which enhances  therapists'  understanding of  patients'
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states40.  Moreover,  XAI  parses  and  explains  language  patterns  and  emotional  shifts  during
psychotherapy  sessions,  offering  detailed  decision  paths  that  help  therapists  identify
therapeutic  opportunities  and  potential  risks86.  Therefore,  XAI  could  enables  human-AI
collaboration  by  providing  interpretable  decision  suggestions,  assisting  clinicians  in
understanding and trusting AI decisions, thereby improving treatment planning and quality87,88.
Collectively,  XAI  and  integrative  modeling  demonstrate  great  potential  for  advancing  AI
applications in clinical practice. By fostering effective human-AI collaboration in psychotherapy,
they promote the adoption of these technologies,  ultimately enhancing treatment outcomes
and patient well-being.

2.5 The Current Study

The  global  shortage  of  mental  health  resources  highlights  the  urgent  need  to  leverage
generative  AI  to  meet  growing  demand.  Given  the  critical  role  of  emotional  support
conversations in mental health, accurately evaluating generative AI's abilities in ESC is crucial
for broader adoption. AI-based automated methods are valued for their efficiency, objectivity,
and  consistency,  enabling  rapid  processing  of  large  datasets  with  minimal  human  bias.
Perceived feedback (UPF) is a key user-centered evaluation metric. This study evaluates GPT-
4's advanced capabilities in ESCs, posing the first research question (RQ1): Can GPT-4 achieve
high user feedback ratings in emotional support conversations, especially compared to human
counselors? 
Secondly,  although  AI-based  evaluation  methods  are  promising,  their  limited  coverage  and
flexibility  may  overlook  the  complex  interactions  required  in  ESCs,  leading  to  biases  and
challenges  in  addressing  unforeseen  issues.  Intrinsic  metrics  evaluate  a  language  model's
vocabulary, grammar, and sentence structure, while extrinsic metrics focus on user experience
and real-world outcomes, potentially causing significant discrepancies. Using psychological and
linguistic  clues  and  explainable  machine  learning  in  mental  health  assessments  offers  a
promising approach to evaluating GPT-4's ability in ESCs. This leads to the second research
question (RQ2): How can we integrate internal and external metrics to develop a framework
for evaluating GPT-4's performance in user-perceived feedback during ESCs? 
Thirdly, the integrative evaluation framework, especially with internal metrics, can effectively
guide large language models' performance in specific domains.  However, it  remains unclear
how this framework impacts generative AI capabilities and decision-making despite advances
in  transparency.  Given  that  prompt  engineering  is  key  to  enhancing  and  understanding
generative  AI  performance  in  specific  scenarios,  this  study  proposes  the  third  research
question  (RQ3):  Can  customized  prompts,  based  on  the  integrative  evaluation  framework,
elevate GPT-4's performance to levels comparable to human counselors? 
To address the research questions, following the Integrative Modeling process, this study first
proposes an AI-based predictive model to assess help-seeker's UPF toward GPT-4o’s responses
in  ESCs,  comparing  its  performance  with  that  of  human  counselors.  Second,  AI-based
explanatory  modeling  methods  are  employed  to  identify  psychological  and  linguistic  cues
related to help-seeker's UPF  as intrinsic metrics, thereby developing a integrative evaluation
framework to assess GPT-4o's responses in ESCs in detailed,  while mitigating privacy risks,
offering a more granular and insightful evaluation. Third, building on Hill’s three-stage model
of  helping,  along  with  the  established  evaluation  framework  and  AI  methods,  this  study
developed a customized CoT prompt, and reevaluated GPT-4's responses.

3. Methods & Experiments

This study utilizes a dataset of ESCs between human counselors and help-seekers. It applies
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an integrative modeling process from computational social science to evaluate and understand
user feedback on GenAI in ESCs. This process involves data collection, preprocessing, feature
engineering,  constructing  an  ESC UPF  evaluation  model,  and  integrating  human  expertise
through  CoT  prompt  engineering.  These  steps  aim  to  evaluate  GPT-4's  emotional  support
capabilities in ESCs. The study proposes an integrative evaluation framework and conducts a
comprehensive  comparison  with  human  counselors.  The  following  sections  outline  the
datasets, features, algorithms, and prompt engineering methods used to develop, explain, and
evaluate the AI models, along with a summary of the methodology and experimental process of
integrative modeling.

3.1 Emotional Support Conversation Dataset

The study used the English ESC datasets developed by Liu et al. (2021)9. In their work, Liu and
colleagues modified the second stage of Hill’s three-stage helping skills model from "insight" to
"comfort," focusing on providing support and understanding through empathy. This adjustment
was made because "insight" often requires reinterpreting the user's behaviors and feelings,
which can be challenging and risky for less experienced support  providers.  During dataset
collection,  the  researchers  provided detailed ESC framework training to  support  providers,
selecting the top 7.8% of  applicants who passed the examination.  This  process  resulted in
1,053 high-quality ESCs. The dataset comprises dialogue texts from real counseling scenarios
created by professional counselors and help-seekers and includes the following annotations:
(1) Empathy  Rating  by  Help-Seeker:  After  each  session,  the  help-seeker  rated  the  support
provider's  empathy and  understanding on a  scale  of  1  to  5,  with  higher  scores  indicating
greater perceived empathy.
(2) Counselor's Response Strategies and Stages: The specific strategies and stages of helping
used by the counselor in their responses.
(3) Help-Seeker's Problem Type and Emotion Category: The help-seeker chose one problem
type from five options and one emotion category from seven.
(4) Source of Experience: Indicates whether the help-seeker's situation was based on a current
or past life experience.
Descriptive  statistics  for  this  datasets  are  presented  in  Tables  1  and  2.  Each conversation
averages 29.8 turns. The most frequently mentioned issues were ongoing  depression (30.1%)
and  work-related  crises  (24.9%).  Feedback  for  support  providers  was  generally  high,  with
50.5% rated as 'excellent'.  Among support strategies, asking questions (20.9%) and offering
advice (15.6%) were the most common.

Table 1: Statistical Data of ESCs

Type Total Num Supporter
Num

Help-Seeker
Num

Number of Conversations 2,016 - -

Average Duration of Conversations
(minutes)

22.6 - -

Number of Participants 854 425 532

Number of Utterances 31,410 14,855 16,555

Average Length of Conversations
(turns)

29.8 14.1 15.7

Average Length of Utterances 17.8 20.2 15.7

Table 2: Statistical Data of Annotations in ESCs
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Category Num Percentage

Help-Seeker Issues

Ongoing Depression 608 30.1
Work Crisis 502 24.9
Breakup  with
Partner

296 14.7

Issues with Friends 326 16.2
Academic Pressure 284 14.1
Total 2,016 100

Help-Seeker Emotions

Anxiety 590 29.27
Depression 510 25.3
Sadness 440 21.8
Anger 166 8.23
Fear 154 7.64
Disgust 62 3.08
Shame 68 3.37
Total 2,016 100

Help-Seeker  Perceived
Feedback Scores

1 (Very Poor) 71 1.1
2 (Poor) 183 2.9
3 (Average) 960 15.5
4 (Good) 1,855 29.9
5 (Excellent) 3,144 50.5
Total 6,213 100

Support  Strategies  Used
by Supporters

Asking Questions 3,109 20.9
Restating 883 5.9

Reflecting Emotions 1,156 7.8

Self-Disclosure 1,396 9.4

Affirmation  and
Reassurance

2,388 16.1

Offering Advice 2,323 15.6

Providing
Information

904 6.1

Other 2,696 18.1

Total 14,855 100

3.2 Integrative Modeling Approach for ESC user-perceived Feedback

The study first employed NLP, machine learning, and deep learning methods to develop models
that predict and explain help-seeker's UPF regarding GPT-4o's emotional support capabilities.
Then,  based  on  Hill's  helping  skills  theory,  the  study  designed  a  Chain-of-Thought  (CoT)
prompting  framework  and  conducted  a  detailed  human-machine  comparative  analysis  to
evaluate and enhance GPT-4o's performance in delivering emotional support.

3.2.1 Automated Evaluation of user-perceived Feedback in ESCs

To validate GPT-4o's  emotional  support  capabilities,  we developed an evaluation model  for
help-seeker's UPF  scores in ESCs.  This model  employs machine learning and deep learning
techniques  to  predict UPF  scores  based  on  the  dialogue  content  between  seekers  and
supporters during ESCs. The UPF scores serves as the model's predictive target. The feature set

https://preprints.jmir.org/preprint/67653 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Huang et al

includes linguistic metrics such as LIWC and LSM. Additionally, annotations from ESCs, such as
emotion categories and problem types faced by the seeker, are incorporated.
The study utilized several regression algorithms, including Ridge Regression, Random Forests
(RF), Extreme Gradient Boosting (XGBoost), and Support Vector Regression (SVR)89. We applied
Recursive Feature Elimination with 10-fold Cross-Validation combined with the XGBoost model
to filter out features that significantly impacted the prediction of perceived feedback scores,
simplifying  the  variable  set.  We  then  used  Grid  Search  Cross-Validation  to  determine  the
hyperparameters that optimize predictive performance89.
Additionally,  the  study  employed  deep  neural  network  and  pre-trained  language  models,
including Bidirectional Encoder Representations from Transformers-Bidirectional Long Short-
Term Memory (BERT-BiLSTM)90,  Bidirectional  Encoder Representations from Transformers-
Bidirectional  Long  Short-Term  Memory-Attention  (BERT-BiLSTM-Attention),  Robustly
Optimized BERT Pretraining Approach (RoBERTa)91, and eXtreme Language Model (XLNet)92.
These  models,  with  their  distinct  architectures  and  optimization  strategies,  offer  strong
semantic understanding and predictive capabilities, making them suitable for UPF evaluation in
ESCs.

3.2.2 Explanatory Modeling and Prompt Engineering Methods for ESC
user-perceived Feedback

Integrative  modeling  combines  explanatory  and  predictive  approaches  to  identify  causal
factors  and  forecast  their  impact  in  new situations.  This  approach involves  evaluating  and
validating the accuracy of model predictions. This study evaluate GPT-4o's UPF scores in ESCs,
identify  and  estimate  the  impact  of  relevant  psycholinguistic  cues  (as  intrinsic  evaluation
metrics)  guided  by  human  experience,  and  further  enhance  GPT-4's  performance  through
customized prompt engineering.
Specifically, we used explainable machine learning to develop customized prompts for GPT-4o's
responses  in  ESCs,  focusing  on  expressing  empathetic  language.  This  prompt  engineering,
driven by explanatory modeling, uses the UPF scores as the dependent variable and linguistic
features from the counselor's responses—such as LIWC and LSM—as input features to build
predictive models.  The model  aims to  evaluate how these linguistic  features  influence  UPF
scores, providing a scientific basis for constructing effective prompts.
For different stages of the ESC, we first used Recursive Feature Elimination with 10-fold cross-
validation  combined  with  XGBoost  to  filter  out  features  that  significantly  impacted  the
prediction of UPF scores, thus simplifying the variable set. Next, we applied Shapley Additive
Explanations (SHAP), a cooperative game theory tool, to quantify the impact of each feature on
model outputs at different ESC stages,  enhancing the transparency of the machine learning
models73,74. Based on SHAP analysis, the study conducted a sensitivity analysis to determine the
impact of features on model outputs and ranked them accordingly.
To prevent issues with model interpretability and generalization due to a large and complex
feature subset, The study further refined the predictive model. Specifically, the study used the
forward stepwise selection method, starting with an empty feature subset and incrementally
adding new most important features that improved model performance (measured by MAPE
and RMSE) at each step. This process continued until all top-n important features were added.
The study identified a specific number of top-n features, beyond which additional features did
not significantly enhance model performance.
The proposed model  highlights key linguistic  cues influencing UPF  scores in ESCs,  utilizing
SHAP  values  to  understand  how  the  supporter's  language  impacts UPF  predictions.  This
analysis provided critical guidance for developing GPT-4's response strategies. Drawing from
Hill’s three-stage helping skills model, we combined these explainability analyses with human
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experience in ESCs to create a manual CoT prompt strategy framework, offering key insights to
enhance  GPT-4's  performance.  Additionally,  we  introduced  the  RTF  (Request,  Task,  and
Format)-based  CoT  prompt  framework  as  a  control  against  the  manual  CoT  prompts
mentioned earlier93. This structured approach clearly defines the requirements, specific tasks,
and expected format of ESC outputs. These steps aim to improve GPT-4o's performance in ESCs,
enabling it to better understand and respond to help-seekers’ needs, thereby providing more
effective emotional support.
In  summary,  The  study  first  developed  a  predictive  model  to  evaluate  GPT-4o's  emotional
support performance based on UPF scores. Second, The study performed prompt engineering
to  enhance  GPT-4's  emotional  support  capabilities.  This  involved  identifying  key  linguistic
features influencing help-seeker feedback through XAI and model  refinement methods,  and
designing manual CoT prompts for ESC tasks. Finally, The study quantitatively evaluated GPT-
4's UPF  scores in ESCs compared to human counselors through statistical analysis. The main
research process and methods are illustrated in Figure 1.

1. Data Set

Preprocessing and Feature Engineering

2.  Explanatory And Predictive Modeling

Feature Set
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LSM

Tags

ML and DL 
Models
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Figure 1. Research Methodology and Process

4. Results

 4.1 Analysis of UPF of GPT-4o in ESCs Using Predictive Modeling

In this study, we developed a predictive model to assess UPF  scores in ESCs by training and
testing various regression algorithms and selecting the one with the best performance. It then
evaluated the UPF scores of GPT-4o's responses and compared them with those from human
counselors  to  determine  whether  GPT-4o's  performance  in  ESCs  approaches  human-level
capabilities.
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4.1.1 Performance Analysis of UPF Evaluation Model

We  developed  various  predictive  models  using  a  range  of  regression  algorithms,  and  the
performance  metrics  for  each  model  are  presented  in  Table  3.  Among  the  deep  learning
models,  the  BERT-BiLSTM-Attention  model  achieved  a  Root  Mean Square  Error  (RMSE)  of
0.579 and a Mean Absolute Percentage Error (MAPE) of 21.36%. Among the machine learning
models, XGBoost, though not a deep learning model, delivered the best performance with an
RMSE of 0.486 and a MAPE of 17.13%.

Table 3: Performance of Different Regression Models

Model RMSE MAPF(%)

Ridge 0.5910 25.26

RF 0.4902 18.88

XGBoost 0.486 17.13

SVR 0.6019 22.83

Bert-Bilstm 0.581 26.09

Bert-Bilstm-
Attention

0.579 21.36

RoBERTa 0.8443 21.5593

XLNet 0.8492 20.698

4.1.2 Comparison of UPF Between GPT-4o and Human Counselors

Using XGBoost, the optimal machine learning model for predicting UPF  scores, we predicted
the UPF  values for GPT-4o's  responses.  Since  the UPF  scores  of human counselors did not
follow a normal distribution, We applied the Mann-Whitney U test—a non-parametric method
for  independent  samples—for  statistical  analysis94.  Additionally,  we  used  Cliff 's  Delta  to
measure the effect size between human counselors and GPT-4o. The results are presented in
Table 4.
We observed that, overall, GPT-4o's performance was lower than the average level of human
counselors,  with  the  differences  showing  a  small  effect  size  (p < 0.001).  Among  different
emotions, GPT-4o’s performance was not significantly different from that of human counselors
in cases of anxiety, depression, and fear, where it underperformed. Regarding different problem
types, GPT-4o generally underperformed compared to human counselors. For themes such as
friendship issues, work crises, persistent depression, and academic pressure, the effect sizes of
the differences were small but statistically significant. However, for "breakup" and "friendship
issues," the differences were nearly negligible. These findings address RQ1.

Table 4: Comparison of Perceived Feedback Scores Between GPT-4o and Human Counselors

ESC Category N

Median and Interquartile Range
(IQR) U P

Cliff's
DeltaHuman

Counselor
GPT-4o

All Data 185
1

5.0（4.0，5.0）
4.538 (4.356, 4.705)

18614
49

<
0.001 

0.087

Experience
Category

Previous Experience
435 4.0（4.0，5.0）

4.53 (4.33, 4.72)
95955

<
0.001 

0.153 

Recent Experience 141
6

5.0（4.0，5.0）
4.54 (4.36, 4.72)

90068
4

<
0.001 

0.089 

Emotion Anxiety 517 4.0（4.0，5.0） 4.51 (4.46, 4.57) 11883 < 0.114 
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Category

6 0.001 
Anger

165 5.0（4.0，5.0）
4.53 (4.39, 4.703)

12703 0.192 0.085 

Fear
120 5.0（4.0，5.0）

4.51 (4.46, 4.55)
6234 0.591 -0.041 

Depression
540 4.0（4.0，5.0）

4.53 (4.35, 4.69)

14833
7

<
0.001 

0.191 

Disgust
75 4.0（4.0，5.0）

4.5(4.29, 4.73)
1397 0.516 0.074 

Sadness
376 5.0（4.0，5.0）

4.57(4.404, 4.74)
68954 0.57 0.024 

Shame
57 4.0 (3.75,5.0)

4.55 (4.37, 4.73)
1407 0.06 0.221 

Issue Category

Friendship Issues
251 5.0（4.0，5.0）

4.58 (4.405, 4.74)
32765 0.431 0.04 

Work Crisis
465 4.0（4.0，5.0）

4.51 (4.31, 4.67)

12415
0

<
0.001 

0.148 

Ongoing Depression
451 4.0（4.0，5.0）

4.53 (4.34, 4.71)

11793
6

<
0.001 

0.16 

Breakup
328 5.0（4.0，5.0）

4.56 (4.39, 4.74)
53586 0.931 -0.003 

Academic Pressure
200 4.0（4.0，5.0）

4.52 (4.34, 4.65)
22709 <0.01 0.147 

aN refers to the sample size, indicating the number of samples in each category. 
bHuman Counselor represents ratings provided by human counselors, expressed as the median and interquartile range 

(e.g., 5.0 [4.0, 5.0] indicates a median of 5.0 with an interquartile range of 4.0 to 5.0). cGPT-4o denotes ratings by GPT-4o, also 
presented as the median and interquartile range (e.g., 4.487 [4.437, 4.534] indicates a median of 4.487 with an interquartile 
range of 4.437 to 4.534). 

dU refers to the Mann-Whitney U statistic, a measure used to compare the distributions of two groups.
eP indicates the p-value, which determines the statistical significance of the results, with a p-value less than 0.05 indicating

significance. 
fCliff's Delta represents the effect size between two groups, where higher values indicate a stronger effect. According to 

Macbeth et al. (2011), a Cliff's Delta value below 0.147 is considered negligible, 0.147 to 0.333 indicates a small effect, 0.333 to 

0.474 indicates a medium effect, and values above 0.474 indicate a large effect95.

4.2 Development and Validation of the Integrative Evaluation Framework
for ESCs

To further understand and evaluate GPT-4o's performance regarding UPF scores, We developed
explanatory  models.  It  integrated  them  with  relevant  theories  to  create  a  user  feedback-
centered  integrative  evaluation  framework  for  generative  AI.  The  framework  was  used  to
perform a detailed quantitative evaluation of the responses generated by GPT-4o and human
counselors.

4.2.1 Development of the Integrative Evaluation Framework of ESCs

First, We conducted a sensitivity analysis to assess the impact of each feature within the best-
performing  model.  Next,  we  performed  feature  pruning,  retaining  only  those  features  that
significantly affected predictive accuracy. The model was then refined using key features based
on Davis's empathy component theory and Hill’s three-stage helping skills model. Details of the
results from each process are presented in the following sections.
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In this study, SHAP values were used for sensitivity analysis and feature pruning to enhance the
interpretability  of  the  predictive  model.  Initially,  SHAP values  were  computed  for  different
features to rank their importance. Features were incrementally incorporated into the model,
and their impact on refinement was assessed using the MAPE.
As shown in Figure 2, during the construction of the prompt models for different ESC stages,
the initial number of features was 127. After feature engineering, this number was reduced to
28 for the Exploration stage, 125 for the Comforting stage, and 115 for the Action stage. The
model  was  further  refined using  SHAP values  and  forward  stepwise  selection,  focusing  on
MAPE to optimize performance. The explanatory model achieved local optimal performance in
the Exploration, Comforting, and Action stages with 14, 17, and 14 features, respectively.

Figure 2: Top-N Important Features and Performance of Feature Sets Composed of Different Numbers
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of Optimal Features

To  develop  a  customized  CoT  prompts  framework  for  GPT-4o,  we  conducted  a  global
interpretability  analysis  using  SHAP  values  to  assess  how  various  features  influence UPF
scores. We identified and ranked the cumulative SHAP values of the top-N features in each ESC
stage  according  to  their  impact,  as  shown  in  Figure  3  (Figures  A1,  B1,  C1).  To  effectively
determine the range and direction of each feature's impact on PF, we consolidated individual
data samples into comprehensive SHAP interpretability plots, as shown in Figures A2, B2, and
C2 in Figure 3.

Figure 3: SHAP Plot of Global Interpretability for Empathy Scores in ESCs

This analysis revealed two primary ways in which features influence UPF scores across 
different stages of ESCs. Specifically, as shown in Table 5, intrinsic metrics (i.e., key linguistic 
cues) were identified related to the three stages of Hill's helping skills theory and showed 
diverse relationships with the extrinsic metric (i.e., UPF score).
In the Exploration stage, punctuation-related features like Question Mark (QMark) and All 
Punctuation (AllPunc) were positively associated with the PF, while negatively associated 
features included emotional cues such as Feeling, pronouns like She/He, and various social and
cognitive aspects such as Conflict, Male, Ethnicity, and Negation. The same pattern extended to 
other categories like Time in Time Orientation and Death in Body-related topics.
In the Comforting stage, positively associated intrinsic metrics included Verb usage in the 
Psychological Process, Tone in Emotion, and Dictionary Coverage (Dic) in Linguistic dimension.
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Negatively associated features encompassed Pronoun and Number usage, along with Adverbs, 
Quantities, and Conjunctions. Other significant negative associations included the use of 
pronouns like They and She/He, Filler in Social Process, and Punctuation-related features like 
Question Mark (QMark) and Period.
In the Action stage, Conflict and All Punctuation (AllPunc) were positively linked to perceived 
feedback, while features such as Feeling, Male, and Social Process were negatively associated. 
The usage of Question Mark (QMark), She/He, and Negation in Cognitive Processes, as well as 
Ethnicity and Death-related topics, also showed negative associations with the PF.

Table 5: Integrative Evaluation Framework Based on user-perceived Feedback in ESCs

ESC Stages
Categories of Intrinsic

Metric 
Intrinsic Metric 

Relation
Between
Intrinsic

Metric and
the PF

Exploration

Affect feeling Negative
Linguistic Dimensions shehe Negative

Social processes
social Positive

conflict Negative
male Negative

Culture ethnicity Negative
States want Negative

Time orientation time Positive
Cognitive processes cause Negative

Punctuation
QMark Positive
AllPunc Positive

Cognitive processes
allnone Negative
negate Negative

Physical death Negative

Comforting

Linguistic Dimensions

pronoun Negative
dic Positive

number Negative
adverb Negative

quantity Negative
conj Negative
they Negative
fulfill Negative

Psychological
Processes

verb Positive

Affect tone Positive

Social processes
shehe Negative
filler Negative

States acquire Negative

Punctuation
QMark Negative
Period Negative

AllPunc Positive
Cognitive processes negate Negative

Action

Affect feeling Negative

Cognitive processes
allnone Negative
cause Negative

Social processes
male Negative

conflict Positive
Culture ethnicity Negative

State want Negative
Social processes Social Negative

Punctuation
AllPunc Positive
QMark Negative

Time orientation time Negative

Linguistic Dimensions
shehe Negative
negate Negative
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Physical death Negative
aESC Stages refer to the three stages of ESCs.
bLinguistic Clues highlight the specific linguistic elements utilized in each stage, including words or punctuation marks 

used during the conversation, such as time (time-related words) and QMark (question mark).

4.2.2 Validation of the Integrative Evaluation Framework of ESCs

To verify the effectiveness of intrinsic evaluation metrics related to UPF scores in ESCs between
human counselors and GPT-4o, we conducted paired sample t-tests to compare linguistic clue
features  across  different  ESC  stages.  The  differences  in  intrinsic  evaluation  metrics  were
analyzed using t-tests, and the results are presented in Table 6.
Table 6. Analysis of the Performance of GPT-4o and Human Counselor in the Intrinsic Evaluation Metric

a, b

ESC Stages Category

Intrinsic
Metric

(Linguistic
Clues)

Relation
Between
Intrinsic

Metric and
PF

Cohen's d (GPT-
4o-Human

counselors)

Exploration

Affect feeling Negative 0.19
Linguistic

Dimensions
shehe Negative -6.74***

Social processes
Social Positive 3.914***

conflict Negative -2.784**
male Negative -6.014***

Culture ethnicity Negative -0.205
States want Negative -6.592***

Time orientation time Positive -2.185*

Cognitive
processes

allnone Negative -28.852***
negate Negative -14.804***
cause Negative -7.528***

Punctuation
QMark Positive -26.835***
AllPunc Positive 37.515***

Physical death Negative -1.701

Comforting

Linguistic
Dimensions

pronoun Negative -34.701***
Dic Positive -27.733***

number Negative 34.190***
adverb Negative -18.527***

quantity Negative -2.973**
conj Negative 10.019***
they Negative -2.947**
fulfill Negative 2.094*
shehe Negative -7.738***

Psychological
Processes

verb Positive 26.726***

Affect Tone Positive 17.866***
Social processes filler Negative -4.356***

States acquire Negative -0.555

Punctuation
QMark Negative -21.637***
Period Negative 9.233***

AllPunc Positive 49.967***
Cognitive
processes

negate Negative -19.962***

Action

Affect feeling Negative 1.609

Cognitive
processes

allnone Negative -12.567***
cause Negative -0.067

Social processes
male Negative -4.649***

conflict Positive -2.469*
Culture ethnicity Negative -0.975
States want Negative -5.126***
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Time orientation Social Negative 4.268***

Punctuation
AllPunc Positive 38.315***

time Negative -1.612
QMark Negative -20.401***

Linguistic
Dimensions

shehe Negative -5.394***
negate Negative -15.482 (***)

Physical death Negative -1.339
agpt-4o-Human Counselors: Indicates the statistical differences in the use of these linguistic clues between GPT-4o and 

human counselors. The values represent the t-values, with asterisks indicating the level of statistical significance:  p < 0.05 (*), 
p < 0.01 (**), p < 0.001 (***). Positive values indicate greater usage by GPT-4o, while negative values indicate greater usage by 
human counselors.

bCategory: Refers to the category each linguistic clue belongs to, based on LIWC-2296, covering various aspects from 
linguistic dimensions to psychological processes, culture, lifestyle, and physical states, as shown in Appendix Table S1 for the 
details.

In the exploration stage, GPT-4o demonstrated superior social interaction through increased 
use of social language. Compared to human counselors, it uses conflict-related and male-related 
expressions less frequently, indicating that it is more effective than human counselors in reducing 
such language, which has a positive impact on perceived feedback (UPF) scores. GPT-4o's fewer 
expressions of needs indicate restraint but adversely affect PF. Its increased use of time-related
expressions highlights strength in time orientation. Regarding cognitive processes, GPT-4o's 
higher use of causal expressions suggests less effective causal reasoning, while a lower use of 
all-or-none logic expressions indicates better handling of binary thinking. A cautious reduction 
in negations contributes to better outcomes. Despite greater language complexity reflected by 
increased punctuation use, deficiencies in constructing questions may hinder exploration and 
guidance. Overall, GPT-4o performs comparably to human counselors in cultural, emotional, 
and physical topics.
In the comforting stage, GPT-4o is less effective than human counselors in areas where a higher
Linguistic Inquiry and Word Count (LIWC) dictionary word count positively correlates with PF.
Its increased use of numerical expressions and conjunctions—metrics negatively correlated 
with PF—indicates inferior performance in these linguistic dimensions. However, a significant 
presence of emotional tone, which positively correlates with PF, demonstrates that GPT-4o 
excels in conveying emotion. The fewer fillers used by GPT-4o suggest superior social 
interaction. Reduced use of question marks, despite being positively correlated with PF, 
indicates weaker engagement prompting. Nonetheless, increased overall punctuation use 
shows stronger language complexity, even though overuse of periods negatively impacts PF. 
GPT-4o's cautious use of negations, negatively correlated with PF, suggests a positive impact 
on user perceptions.
In the action stage, GPT-4o's restrained use of all-or-none expressions positively impacts PF, 
indicating better performance in emotional and cognitive processing. Its cautious handling of 
gender-related language and conflict expressions improves UPF in social interactions. The 
expression of needs is negatively correlated with PF, and the reduction in need expressions suggests 
that GPT-4o should have outperformed human counselors in this aspect. While GPT-4o shows an 
advantage with more diverse punctuation, its less frequent use of question marks negatively 
affects PF, indicating weaker ability in prompting user engagement.
Overall, GPT-4o demonstrates both strengths and weaknesses compared to human counselors 
across different stages. It excels in reducing negative language and, in some stages, effectively 
conveys emotional tone, positively impacting UPF scores. However, in the Action stage, an 
overemphasis on emotional content—evidenced by increased use of feeling-related language—
negatively affects PF. Deficiencies in causal reasoning are apparent, as GPT-4o's higher use of 
causal expressions suggests less effective causal understanding. Additionally, reduced use of 
question marks indicates weaker engagement prompting, potentially hindering user 
interaction. Overuse of certain linguistic features, such as numerical expressions and 
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conjunctions (which negatively correlate with PF), and underuse of LIWC dictionary words 
highlight areas where GPT-4o could improve to better match or exceed human counselor 
performance. These findings address RQ2.

4.3 Comparative Analysis of UPF Between Prompted GPT-4o and Human
Counselors in ESCs

This  section  describes  the  development  process  of  manually  customized  CoT  prompts.  It
presents a comparative analysis of UPF scores for responses generated by human counselors,
the  GPT-4o  model  with  manually  customized  CoT  prompts,  and  the  GPT-4o  model  with
standard CoT prompts.

4.3.1 Development of Manually Customized CoT Prompts for users’ PF

The prompt engineering process integrated the intrinsic metrics with Hill’s three-stage helping
skills  model  to  develop  a  customized  manual  CoT  prompt  framework  for  the  Exploration,
Comforting,  and Action stages.  An overview of the framework is  provided in Table  7,  with
specific prompts detailed in Appendix S2.

Table 7: Framework of Manually Customized CoT Prompts for Enhancing UPF scores in ESCs

ESC Stages Category
Strategies  of
psycholinguistic.categories
to Promote PF

Intrinsic Metric
(Linguistic

Clues)

Strategies for
Linguistic Cue

Usage to
Promote PF

Exploration

Affect
Emphasize emotional 
expression to enhance 
empathy.

feeling Decrease

Linguistic 
Dimensions

Use inclusive and gender-
neutral language to foster 
equitable communication.

shehe Decrease

Social processes

Foster engagement by 
enhancing social 
interaction and avoiding 
conflict.

Social Increase
conflict Decrease

male Decrease

Culture
Integrate multicultural 
understanding to reduce 
cultural biases.

ethnicity Decrease

States
Focus on the individual's 
current psychological state
and emotional needs.

want Decrease

Time orientation

Emphasize time 
perception, paying 
attention to personal 
historical experiences.

time Increase

Punctuation

Enhance the exploration 
and clarity of individual 
experiences through 
appropriate punctuation.

QMark Increase

AllPunc Increase

Cognitive processes

Encourage thoughtful 
reflection and appropriate 
rebuttals to create a more 
positive dialogue 
atmosphere.

cause Decrease
allnone Decrease

negate Decrease

Physical

Minimize negative body-
related language to 
maintain a positive 
dialogue.

death Decrease

Comforting
Linguistic 
Dimensions

Provide empathetic 
responses directly and 
moderately.

pronoun Decrease
Dic Increase
number Decrease
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adverb Decrease
quantity Decrease
conj Decrease
they Decrease
fulfill Decrease
shehe Decrease

Psychological 
Processes

Use verbs and active voice 
cautiously to describe 
emotional support and 
understanding.

verb Increase

Affect
Comfort and inspire with 
positive tone and 
emotional expression.

Tone Increase

Social processes
Use social support and 
emotional connection with
care.

filler Decrease

States

Promote a focus on 
perceived personal 
achievements and 
progress with care.

acquire Decrease

Punctuation
Use punctuation wisely to 
enhance the integrity and 
rhythm of language.

QMark Decrease
Period Decrease
AllPunc Increase

Cognitive processes
Encourage reflective and 
self-affirming cognitive 
activities cautiously.

negate Decrease

Action

Affect
Mobilize emotional 
resources carefully to 
facilitate practical action.

feeling Decrease

Cognitive processes

Emphasize causal 
reasoning and action-
oriented thinking with 
caution.

allnone Decrease

cause Decrease

Social processes
Confront difficulties 
directly to promote 
problem-solving.

male Decrease

conflict Increase

Culture
Support diverse action 
strategies.

ethnicity Decrease

States
Focus on expressing 
motivation and intent to 
inspire goal achievement.

want Decrease

Time orientation
Use time management 
skills to encourage 
effective action planning.

Social Decrease

Punctuation
Employ rhythmic language
to promote action.

AllPunc Increase
time Decrease
QMark Decrease

Linguistic 
Dimensions

Focus on the self to inspire
action.

shehe Decrease
negate Decrease

Physical

Minimize negative body-
related language to 
maintain a positive 
dialogue.

death Decrease

4.3.2  Comparative  Analysis  of UPF  Between  GPT-4o  and  Human
Counselors

Using  the  framework,  we  developed  customized  CoT  prompts  and  re-generated  GPT-4o
responses. We then performed an automatic evaluation of UPF scores in ESCs for three groups:
human counselors, GPT-4o with standard CoT prompts, and GPT-4o with manually customized
CoT prompts. We used paired sample t-tests to evaluate differences in UPF scores among the
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three groups. To assess the practical effect of the optimized prompt engineering on GPT-4o's
performance, we also calculated the effect size using Cohen's d.
Table 8 shows that, in most emotion and issue categories, GPT-4o responses with customized
prompts  significantly  improved  over  those  with  non-customized  prompts,  demonstrating  a
substantial impact on GPT-4o's UPF scores. Specifically, the results indicated that, compared to
the  original  version,  the  optimized  GPT-4o  did  not  achieve  statistically  significant
improvements in user-perceived feedback for the emotion of disgust but showed at least small
effect size improvements (p < 0.05) in all other subdomains. Notably, the effect sizes of the
improvements reached medium levels in categories such as Current Experience  (Cohen's d =
0.401), Depression (Cohen's d = 0.412), Job Crisis (Cohen's d = 0.421), and Breakup with Partner
(Cohen's d = 0.421).

Table 8: Comparison of Perceived Feedback Scores of GPT-4o before and after manual CoT prompting

Category Topic N

Mean-

Percentage

Diff(100%)

meandiff p Cohen's d

All Data 1851 11.43% 0.0302 < 0.001 0.378

Experience

Type

Prior Experience 435 10.488% 0.028 < 0.001 0.245

Current

Experience
1416 11.94% 0.031 < 0.001 0.401

Emotion

Type

Emotion Type 517 12.59% 0.033 <0.001 0.4

Anger 165 7.905% 0.021 <0,001 0.282

Fear 120 15.556% 0.041 <0.001 0.533

Depression 540 11.99% 0.032 <0.001 0.412

Disgust 75 7.325% 0.0202 0.104 0.2323

Sadness 376 10.659% 0.0276 < 0.001 0.35

Shame 57 12% 0.0315 0.008 0.394

Problem

Type

Issues with Friends 251 8.07% 0.029 <0.001 0.367
Job Crisis 465 12.39% 0.033 <0.001 0.421

Ongoing

Depression
451 12.1% 0.0321 < 0.001 0.39

Breakup with

Partner
328 13.12% 0.0337 <0.001 0.421

Academic Pressure 200 10.56% 0.0288 <0.001 0.367

4.3.3 Comparative Analysis of UPF Scores Between GPT-4o and Human
Counselors

Because the UPF  scores from human counselors are non-normally distributed, we used the
Mann-Whitney U test  to  assess  whether  the  optimized GPT-4o provides emotional  support
comparable to that of human counselors. The results are presented in Table 9.
Regarding experience types, the performance of GPT-4o was not significantly different from
that  of  human  counselors,  suggesting  that  GPT-4o  handles  different  experience  types
comparably. For problem types, GPT-4o showed only a small effect size advantage (Cohen's d =
-0.13) in handling breakups with a partner. There were no significant differences between GPT-
4o and human counselors in other problem types.
However, when analyzed by emotion types, the advantage of human counselors diminished in
specific  emotional  contexts.  For  emotions  such  as  anger,  anxiety,  shame,  and  disgust,  the
optimized GPT-4o did not show a statistically significant difference in UPF scores compared to
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human counselors. This indicates that GPT-4o has achieved emotional support performance
comparable to that of human counselors in these specific emotional contexts.
Table 9: Comparison of Perceived Feedback Scores Between Optimized GPT-4o and Human Counselors

ESC Category N
Median and Interquartile Range

(IQR)
U P-adj

Cliff's
Delta

Human

Counselors

Manual CoT

Prompted GPT-4o
All Data

1851 5.0（4.0，5.0）
4.682（4.495，4.86

3）

168981

5
0.47 -0.014

Experienc

e Type

Prior Experience 435 4.0（4.0，5.0） 4.676(4.497,4.861) 89298 0.07 0.07

Recent Experience 1416 5.0（4.0，5.0） 4.686(4.467,4.888) 810536 0.38 -0.02

Emotion

Type

Anxiety
517 4.0（4.0，5.0）

4.665（4.482.，4.85

7）
111051 0.28 0.04

Anger
165 5.0（4.0，5.0）

4.65（4.472，4.865

）
11640 0.93 -0.005

Fear 120 5.0（4.0，5.0） 4.663(4.499,4.85) 5014 0.002 -0.23

Depression 540 4.0（4.0，5.0） 4.688(4.487,4.847) 135411 0.016 0.09

Disgust 75 4.0（4.0，5.0） 4.69(4.464,4.81) 1333 0.83 0.02

Sadness 376 5.0（4.0，5.0） 4.714(4.528,4.921) 60262 0.012 -0.105

Shame 57 4.0（3.75, 5.0） 4.712(4.535,4.893) 1308 0.251 0.135

Problem

Type

Issues with Friends
251 5.0（4.0，5.0）

4.69（4.504，4.877

）
29672 0.254 -0.06

Job Crisis 465 4.0（4.0，5.0） 4.652(4.469,4.84) 113515 0.183 0.05

Ongoing Depression 451 4.0（4.0，5.0） 4.684(4.493,4.863) 107121 0.162 0.05

Breakup with

Partner
328 5.0（4.0，5.0）

4.752（4.558，4.91

）
46829 0.004 -0.13

Academic Pressure
200 4.0（4.0，5.0） 4.633（4.45,4.84） 21328 0.18 0.077

The study analyzed the distribution of UPF scores across different ESCs to evaluate the relative
performance of human counselors and GPT-4o with manually customized CoT prompts. Figure
4 shows that human responses have a wider rating range, reflecting diversity and variability in
handling dialogue tasks. In contrast, GPT-4o's ratings are more concentrated, indicating greater
consistency and predictability in response quality.
Firstly, GPT-4o's UPF ratings are concentrated between 4.3 and 4.6, showing a more clustered
and smoother distribution. This clustering trend reflects the overall improvement in GPT-4o's
UPF  performance after applying manual CoT prompts.  Secondly,  GPT-4o lacks scores in the
highest satisfaction range (5 points) compared to human counselors, indicating shortcomings
in demonstrating high-level empathetic abilities.
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Figure 4: Distribution of UPF Scores for GPT-4o and Human Counselors Across Different Emotion and
Problem Categories

4.3.4 Comparison Analysis of Key Linguistic Clues Usage between GPT-
4o After Prompt Engineering and Human Counselors

To  verify  the  effectiveness  of  manually  customized  CoT  prompting  on  intrinsic  evaluation
metrics related to UPF in ESCs, We conducted paired sample t-tests to compare linguistic clue
features  among  human  counselors,  GPT-4o  prompted  by  auto-CoT  (GPT-4o)  and  GPT-4o
prompted by manually customized CoT (Prompted GPT 4o) across different ESC stages. Results
are presented in Table 10. Additionally, Appendix S3 presents a ESC case analyzed using SHAP
local interpretability.

Table 10: Comparison of Average Values for Features Affecting UPF in Responses from Human
Counselors and GPT-4o Before and After Prompt Engineering.

ESC Stages Category

Intrinsic 
Metric 
(Linguistic
Clues)

Relation 
Between 
Intrinsic 
Metric 
and PF

Cohen's d 
(Prompted 
GPT 4o–
Humans)

Cohen's d 
(Prompted GPT 
4o–GPT-4o)

Exploration

Affect feeling Negative 14.121*** 19.719***

Linguistic 
Dimensions

shehe Negative -8.164*** -1.933

Social processes

Social Positive 16.249*** 14.448***

conflict Negative -4.196*** -2.055*

male Negative -6.600*** -0.742

Culture ethnicity Negative -1 -1.568

States want Negative -4.871*** 2.543*

Time 
orientation

time Positive 2.477* 5.831***

Cognitive 
processes

allnone Negative -12.787*** 0.403

negate Negative -15.579*** -1.462

cause Negative -5.644*** 2.809**

Punctuation
QMark Positive -12.481*** 24.801***

AllPunc Positive 17.376*** -24.736***

Physical death Negative -2.540* -2.182*

Comforting
Linguistic 
Dimensions

pronoun Negative -12.066*** 29.073***

Dic Positive -9.959*** 23.312***

number Negative 4.214*** -24.367***

adverb Negative -7.966*** 16.367***

quantity Negative 1.942 7.843***

conj Negative 1.809 -14.463***

they Negative -9.156*** -10.622***

fulfill Negative -3.971*** -9.096***
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Psychological 
Processes

verb Positive -11.125*** 21.177***

Affect Tone Positive 27.835*** 12.599***

Social processes
shehe Negative -10.274*** -3.699***

filler Negative -4.585*** -0.49

States acquire Negative 1.75 3.509***

Punctuation

QMark Negative -16.563*** 12.393***

Period Negative 6.725*** -6.238***

AllPunc Positive 20.330*** -38.035***

Cognitive 
processes

negate Negative -16.001*** 10.085***

Action

Affect feeling Negative 3.833*** 2.374*

Cognitive 
processes

allnone Negative -10.841*** 4.165***

cause Negative -3.519*** -4.823***

Social processes
male Negative -5.834*** -1.566

conflict Positive -4.008*** -2.014*

Culture ethnicity Negative -1.38 -0.803

States want Negative -4.865*** 0.651

Time 
orientation

Social Negative 3.620*** -1.268

Punctuation

AllPunc Positive 21.445*** -15.261***

time Negative 14.285*** 19.700***

QMark Negative -12.387*** 17.692***

Linguistic 
Dimensions

shehe Negative -7.011*** -2.286*

Physical death Negative -2.323* -1.997*

In the exploration phase, compared to GPT-4o, Prompted GPT-4o exhibits several advantages: it 
more effectively employs social and conflict-related language, demonstrates higher cultural 
sensitivity by using fewer ethnicity-related terms, and performs better in utilizing time-related 
language—these are strengths it shares when compared to human counselors as well. It uses more 
cause-related language than GPT-4o, indicating enhanced cognitive capabilities, and employs more 
punctuation overall. However, it significantly overuses the term "feeling," potentially 
overemphasizing emotional content. Compared to human counselors, prompted GPT-4o shows 
certain advantages: it more effectively employs social and conflict-related language, demonstrates 
higher cultural sensitivity through reduced use of ethnicity-related and gender-related terms, and 
performs better in utilizing time-related language—advantages it also has over GPT-4o. However, it 
significantly overuses the term "feeling," potentially overemphasizing emotional content—a shared 
shortcoming with its comparison to GPT-4o. Additionally, it uses fewer cause-related words than 
human counselors, indicating weaker performance in cognitive processes, even though it surpasses 
GPT-4o in this aspect. Its overall use of punctuation is higher than that of human counselors and 
positively correlated with UPF scores, indicating that prompted GPT-4o performs better in this 
aspect.

In the comforting phase, compared to GPT-4o, prompted GPT-4o demonstrates several advantages in
language cue usage. It significantly reduced the use of fillers and third-person singular and plural 
pronouns (such as she/he/they), indicating improvements in structural and social aspects. 
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Additionally, it used fewer conjunctions and periods, which had a positive impact on UPF scores, 
indicating that the prompted GPT-4o performed better in terms of linguistic conciseness and clarity 
of expression, contributing to improved user understanding and satisfaction. Additionally, it exhibits 
higher positive tone expression and percent words captured by LIWC, suggesting enhanced affective,
standardized and professional communication. However, compared to GPT-4o, the prompted GPT-
4o also has some disadvantages, such as using more question marks and adverbs, which may indicate
less effective use of interrogative punctuation and descriptive language. Compared to human 
counselors, prompted GPT-4o shows strengths by using fewer third-person singular and plural 
pronouns (she/he/they) and expressions related to "fulfill," demonstrating improved social processing
and empathy. However, it has disadvantages such as using significantly lower percent words 
captured by LIWC, implying weaker use of standardized and professional vocabulary. The prompted
GPT-4o also used more conjunctions, periods, and overall punctuation, while using fewer pronouns 
and adverbs, indicating stronger performance in grammatical structure and expression completeness, 
but it may lack personalization and detail in descriptions. It also shows higher dictionary coverage, 
which might reflect a more technical or less conversational style. Additionally, it uses more question 
marks, negation words, and expressions related to "acquire," indicating potential weaknesses in 
communication effectiveness relative to human counselors.

In the action phase, compared to GPT-4o, Prompted GPT-4o demonstrates several advantages in 
language cue usage. It significantly reduces gender-related (male) and conflict-related language, 
ethnicity-related terms, and death-related topics, indicating better restraint, adaptability, and cultural 
sensitivity. It also uses fewer third-person singular pronouns (she/he), suggesting improved focus on 
the client, and employs more overall punctuation marks, enhancing readability. However, Prompted 
GPT-4o exhibits disadvantages such as increased use of feeling-related language—which negatively 
correlates with user-perceived feedback—potentially overemphasizing emotional content. It also 
uses fewer causal relationship terms and expressions related to "want," which may reflect weaker 
cognitive processing and less emphasis on client desires. Compared to human counselors, prompted 
GPT-4o shows advantages by reducing gender-related (male) and conflict-related language, 
ethnicity-related terms, death-related topics, and third-person singular pronouns (she/he), indicating 
better restraint, adaptability, cultural sensitivity, and client focus. It also employs more time-related 
expressions, which may enhance temporal context in communication. However, it has disadvantages 
such as increased use of feeling-related language compared to human counselors, potentially 
overemphasizing emotional content and reducing nuanced communication. It uses fewer expressions 
related to "want," suggesting less emphasis on client desires, and employs fewer question marks, 
which may diminish clarity and engagement compared to human counselors.

Overall, in the exploration phase, compared to GPT-4o, prompted GPT-4o demonstrates better 
performance in cognitive processing and cultural sensitivity, although it tends to 
overemphasize emotional content. When compared to human counselors, prompted GPT-4o 
shows advantages in cognitive processing and cultural sensitivity but falls short in emotional 
regulation and cognitive depth. In the comforting phase, prompted GPT-4o displays more 
mature structural and emotional processing than GPT-4o but lacks in descriptive language and 
engagement. Compared to human counselors, it shows improvements in emotional expression 
and empathy, yet lags behind in cognitive processing and structural expression while also 
overemphasizing emotional content. In the action phase, prompted GPT-4o excels in emotional 
control, adaptability, and cultural sensitivity, outperforming both GPT-4o and human 
counselors in these areas. However, it still overemphasizes emotional content, and its cognitive
depth and engagement remain weaker, falling short of ideal outcomes. These findings address 
RQ3.
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5. Discussion

This  study  collected  and  analyzed  GPT-4o's  responses  to  over  1,300  real  ESCs..  Using  an
integrative  modeling  paradigm  from  computational  social  science,  we  employed  machine
learning, deep learning, and natural language processing (NLP) methods to create an automatic
evaluation model for assessing GPT-4o's UPF scores in ESCs. We then developed an explainable
model, based on Hill’s three-stage helping skills model, to identify key psychological linguistic
cues  affecting UPF  scores.  We also proposed an integrated evaluation framework for  ESCs.
Additionally, we developed customized CoT prompts based on intrinsic and extrinsic metrics
and compared GPT-4o's responses with those of human counselors. 

5.1 Principal Findings

The results show that GPT-4o exhibits a notable capability in providing emotional support.
Manual CoT prompts, developed using the evaluation framework, significantly improved GPT-
4o's  performance  in  ESCs.  Overall,  the  methods  employed  in  this  study  enhance  the
performance  of  LLMs  in  ESCs  and  improve  the  transparency  and  interpretability  of  the
optimization process. By adopting an integrative modeling paradigm from computational social
science,  this study presents an evaluation framework for user experience in ESCs involving
generative artificial intelligence. This framework includes intrinsic metrics (key linguistic cues)
and extrinsic metrics (PF scores), creating an effective bridge between human expertise and
the capabilities of large language models. This offers a new path and perspective for providing
emotional support services using large language models.

5.1.1 Performance of GPT-4o in Emotional Support Conversations

Based on UPF scores, we first compared GPT-4o's performance with that of human counselors
in emotional support conversations. The results indicate that GPT-4o generally falls short of
human counselors, especially in managing emotions such as anxiety, depression, and fear. GPT-
4o also significantly underperforms compared to human counselors in addressing issues such
as breakups,  friendship problems,  work crises,  chronic  depression,  and academic pressure,
with  these  differences  demonstrating  a  small  effect  size.  These  findings  highlight  the
limitations of GPT-4o in mimicking human counselors, particularly regarding its effectiveness
in dealing with specific emotional responses and stressful situations.
Secondly,  we  found  that  GPT-4o  provides  emotional  support  comparable  to  that  of  human
counselors when dealing with specific emotions such as anger, shame, and disgust. However,
significant  differences  persist  when  addressing  deeper  understanding  and  more  complex
emotional experiences, such as sadness and depression, consistent with recent research39. This
discrepancy may stem from the need for deeper self-reflection and personal experience, which
GPT-4o lacks.  Human counselors,  with their  extensive emotional  experiences and profound
empathic  abilities,  excel  in  providing  emotional  support—a  capability  that  current  large
language models have yet to develop fully.  This likely reflects limitations in the quality and
diversity of training data and model structures for generative large language models33. These
limitations  may  impact  GPT-4o's  creativity  and  ability  to  manage  complex  dialogues,
constraining its performance in higher scoring ranges.
Thirdly,  we  explored  GPT-4o's  emotional  support  capabilities  through  基 于 human-AI
collaboration in prompt engineering. The experiments revealed that, except for the emotion of
disgust, customized prompts significantly enhanced GPT-4o's performance in most scenarios.
Additionally, GPT-4o, using manually customized prompts, achieved perceived feedback levels
comparable to those of human counselors when managing specific emotions such as anger,
anxiety, shame, and disgust.
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Fourthly, we assessed the stability of users’ UPF scores for GPT-4o and human counselors. We
found that GPT-4o's perceived feedback scores were consistently clustered around the median,
indicating  stability,  while  human  counselors  exhibited  greater  variability  in  their  scores.
However,  GPT-4o  had  fewer  scores  in  the  highest  satisfaction  range,  indicating  a  need  for
improvement  in  expressing  higher  levels  of  empathy.  This  discrepancy may arise  from the
dynamic  and  varied  nature  of  help-seeking issues.  GPT-4o tends  to  organize  and  generate
content in a standardized manner97,  resulting in a more uniform approach to similar issues
even without preset guidelines. This leads to more consistent responses from GPT-4o.

5.1.2 Integrated Evaluation Framework for User Experience in Emotional
Support Conversations

This study employs an integrative modeling approach to address the lack of user-centered 
metrics for evaluating generative AI capabilities in ESCs and the inconsistencies between 
intrinsic and extrinsic metrics. We began by identifying key linguistic cues and their impact on 
uses’ UPF scores, using these clues as intrinsic evaluation metrics to assess generative AI's 
performance in ESCs.
In the exploration stage of ESCs, we utilized 13 metrics from 10 distinct psychological and 
linguistic cue categories. These metrics include indicators for the use of open-ended questions 
and various inquiry punctuation marks, which measure how effectively replies encourage the 
recipient’s self-expression and exploration of their situation, thus enhancing the dynamism and
engagement of the discourse. This aligns with existing research, as the LIWC tool effectively 
captures emotional and cognitive cues in language, revealing aspects such as confidence, 
motivation, and needs98,99. Additionally, metrics such as emotional expression, social dynamics, 
gender issues, cultural differences, and cognitive barriers evaluate the psychological stress and
resistance the recipient faces when addressing personal and social issues 100,101.
In the comforting stage, we utilized 17 metrics from 7 distinct psychological and linguistic cue 
categories. These include metrics for the use of verbs and positive tone, which measure the 
degree of emotional support and psychological comfort provided by the counselor, as well as 
the use of specialized vocabulary to assess the specificity and depth of the language. This aligns
with existing research indicating that LIWC analysis effectively captures emotional support 
and language specificity102. Additionally, metrics such as abstract and indirect language cues 
and communication hesitations evaluate how responses may diminish personalization and 
directness in interactions, potentially creating barriers to emotional connection and 
understanding 98,99.
In the action stage, we utilized 11 intrinsic metrics from 10 distinct psychological and linguistic
cue categories. These metrics include those related to managing social conflict and emotional 
expression, which assess problem-solving and decision-making abilities, reflecting the 
recipient's motivation and decisiveness 102. Additionally, metrics such as persistent emotional 
distress, social issues, and uncertainty regarding actions evaluate barriers to effective action 
implementation and the attainment of personal goals 100,101. These intrinsic metrics enhance 
our understanding of how generative AI influences user experience across the stages of ESCs, 
supporting the optimization of GenAI system design and improving user interaction quality.
This study highlights the substantial influence of intrinsic and extrinsic evaluation metrics on 
consultation feedback across various stages of ESCs. Firstly, during the Exploration stage of 
Hill’s three-stage helping skills model, where counselors identify issues through questioning 
and discussion, we identified positively correlated intrinsic metrics such as the use of question 
marks and various punctuation marks. Frequent use of question marks and punctuation marks 
correlates with positive consultation feedback, likely due to their role in facilitating inquiry and
open-ended questions, which encourage deeper dialogue103. Conversely, negatively correlated 
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intrinsic metrics include expressions of feelings, gender descriptions, social conflicts, mentions 
of ethnic groups, and negative emotions. This suggests that during this stage, exploring 
emotional and social issues in depth may lead to discomfort or barriers 104. Secondly, in the 
Comforting stage, positive user-perceived feedback was associated with the use of more verbs 
and positive-toned language, reflecting a more supportive and encouraging communication 
style105. In contrast, frequent use of pronouns, numerals, adverbs, and expressions of 
estrangement or abstract language was linked to negative feedback. This indicates that 
personalized and specific support is more effective during this stag106. Finally, in the Action 
stage, positive indicators like conflict in social processes and extensive punctuation suggest 
active engagement and problem-solving, which are associated with effective conflict 
management in consultations107. Conversely, negative indicators, such as an emphasis on 
feelings, social issues, and negations, may hinder the implementation and progress of action 
plans by concentrating on negative emotions and social problems103. Understanding these 
relationships enhances our knowledge of the dynamics and outcomes of the ESCs. It offers 
valuable insights for optimizing GenAI applications in emotional support systems, potentially 
significantly improving user experience and effectiveness.

5.1.3  The  Role  of  CoT  Prompt  Engineering  Combined  with  Human
Expertise in Enhancing LLM Performance in ESCs

A  notable  limitation  of  LLMs  is  their  response  uncertainty108,  which  underscores  their
adaptability.  Prompt  engineering  has  emerged  as  a  critical  method  for  enhancing  the
performance  of  GenAI  in  specific  domains.  Utilizing  the  integrative  modeling  paradigm  of
computational social science, we developed an explainable model for user-perceived feedback
scores  and  identified  pertinent  intrinsic  metrics.  Furthermore,  by  applying  a  framework
grounded  in  Hill’s  three-stage  helping  skills  model  and  an  integrated  evaluation  metrics
framework, we introduced manually customized CoT prompts, collected responses from GPT-
4o, and assessed their effectiveness.
Firstly, concerning extrinsic evaluation metrics—perceived feedback scores—the experiments
revealed that customized CoT prompts substantially improved GPT-4o's user feedback in ESCs.
This  approach  enhances  both  the  efficiency  and  effectiveness  of  prompt  design.  This
comprehensive method demonstrates significant versatility and broad applicability, providing
precise  and  effective  solutions  in  mental  health,  medical  diagnostics,  intelligent  customer
service, and beyond109. This advancement supports the broader adoption and development of
GenAI.
Secondly, we evaluated users’ UPF  scores related to responses from GPT-4o using Auto-CoT
prompts, manually customized CoT prompts, and human counselors across various intrinsic
metrics. In the  exploration stage, the prompted GPT-4o, compared to GPT-4o using Auto-CoT
prompts,  demonstrated better  performance  in  cognitive  processing  and cultural  sensitivity,
reflecting better social and cognitive performance. However, it may overemphasize emotional
content. Compared to human counselors, the prompted GPT-4o showed advantages in cultural
sensitivity and some aspects of cognitive processing but fell short in emotional regulation and
cognitive  depth. Nonetheless,  it  may  still  overly  focus  on  emotions,  and  its grammatical
proficiency have not yet reached human levels, highlighting limitations in comprehending and
articulating complex emotions and intricate cognitive relationships110.
In the  comforting stage, the prompted GPT-4o showed enhancements over the GPT-4o using
Auto-CoT  prompts  in  emotional  communication,  structural  organization,  and  cognitive
processing abilities. However,  it  has shortcomings in questioning and the use of descriptive
language.  Compared  to  human  counselors,  the  prompted  GPT-4o  improved  in  emotional
communication  and  empathy  but  lagged  behind  in  cognitive  processing  and  structural
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expression while also overemphasizing emotional content. Its higher dictionary coverage might
reflect  a  more  technical  or  less  conversational  style,  resulting  in  interactions  that  are  less
engaging compared to those of human counselors.
In  the  action  stage,  the  prompted  GPT-4o  displayed  better  emotional  control,  cultural
sensitivity,  and client  focus compared to  the  standard GPT-4o,  with more mature cognitive
processing.  However,  it  may  overemphasize  emotional  content  and  neglect  in-depth
understanding  of  client  needs,  leading  to  reduced  interactivity.  When  compared  to  human
counselors,  the  prompted  GPT-4o  showed  improvements  in  emotional  control,  cultural
sensitivity,  and  time  management,  and  was  more  client-focused.  Nevertheless,  it  tended  to
overemphasize emotional content, and its employment of fewer question marks may diminish
clarity  and  engagement,  indicating  that  its  communication  clarity  and  detail  require
enhancement.
In summary, the prompted GPT-4o demonstrated certain advantages at each stage,  such as
improvements in emotional expression, cultural sensitivity, and cognitive processing abilities.
However,  compared  to  the  standard  GPT-4o  and  human  counselors,  it  still  exhibits  some
shortcomings,  such  as  overemphasis  on  emotional  content,  needing  improvement  in
questioning  techniques  and  grammatical  proficiency,  and  requiring  enhanced  in-depth
understanding of client needs and interactivity. These issues may reduce its effectiveness in
conveying complex emotions and engaging users interactively, revealing limitations in handling
more intricate scenarios108.  These findings provide important insights for further optimizing
the emotional support capabilities of the prompted GPT-4o.

5.2 Limitations and Future Research

This  study  evaluated  the  capacity  of  GPT-4o  to  provide  emotional  support,  achieving  a
relatively low mean absolute percentage error (MAPE = 17.13%) with predictive models, which
indicates strong predictive performance. Although the automatic evaluation model circumvents
ethical risks associated with manual assessment, it fails to fully capture the perceived feedback
from help-seekers. Future research should incorporate manual evaluation methods, ensuring
no  harm  to  participants,  to  provide  a  more  comprehensive  assessment  of  generative  AI's
emotional support capabilities and to address potential ethical risks.
Moreover, the study acknowledges GPT-4o's limitations in handling prolonged conversations
and extreme emotional states,  primarily due to insufficient context retention and emotional
comprehension.  These  shortcomings  underscore  the  need  for  models  with  enhanced
contextual  understanding  and  emotional  intelligence  111,112.  Future  research  should  explore
advanced models, such as ChatGPT-o1 113, which may enhance logical reasoning and integrate
domain-specific  data  alongside  fine-tuning  techniques  to  improve  AI-driven  mental  health
support. This approach would not only address current deficiencies but also pave the way for
more specialized interventions in mental health.
Furthermore, the study emphasizes the importance of help-seekers' perceptions in evaluating
the quality  of  emotional  support.  While  feedback  from help-seekers  was utilized to  assess
effectiveness,  it  is  recognized that  the dimensions of  emotional  support—such as empathy,
therapeutic  alliance,  and  emotional  changes  before  and  after  counseling—are  broader  and
more complex than what current  data  can capture  114,115.  Therefore,  future research should
collect  more  comprehensive  data  to  provide  robust  evidence  for  the  application  of  large
language models in mental health services.
Additionally, despite relying heavily on machine learning models for evaluation and prediction,
the transformer model trained on human emotional  support conversation data yielded less
satisfactory results  60. Future work should investigate more tailored transformer models, pre-
trained on both human and AI-generated emotional support dialogues, to enhance assessment
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accuracy and enable more precise evaluations using advanced transformer architectures.
While this study provides valuable insights into emotional support and empathy, it is important
to acknowledge that various sociocultural contexts—including underrepresented communities
and  minorities—can  significantly  influence  the  dynamics  of  emotional  support  and  the
expression of empathy 116–118. The current dataset may not fully capture the diversity inherent
in these contexts, presenting a limitation to the generalizability of our findings. To address this
limitation,  future  efforts  should  focus  on  globally  expanding  the  dataset  to  incorporate
emotional  support  data  that  includes  participants  from  a  wide  range  of  gender  identities,
ethnicities, ages, and countries.
Finally,  it  is  essential  to  address  several  ethical  considerations  before  deploying  LLMs  in
emotional  support  contexts.  These  include  concerns  about  data  privacy,  algorithmic  bias,
discrimination, transparency, and interpretability, as well as the absence of adequate ethical
and legal frameworks 119. Although our research made strides in improving transparency and
interpretability  through  human-AI  collaboration,  several  critical  ethical  challenges  remain
unresolved. These include ensuring that real-world data comply with privacy regulations and
are properly protected during both collection and processing  120,  managing inherent  biases
within the data to prevent algorithms from amplifying these biases during analysis 60,121,122, and
fostering transparency to build trust among stakeholders regarding the research process and
outcomes  121.  As  generative  AI  technology  evolves  rapidly,  there  is  a  pressing  need  to
continuously update  and refine  relevant ethical  and legal  frameworks  119.  Addressing these
challenges is crucial for the safe and effective implementation of research findings in real-world
applications.

6. Conclusion

This study developed and utilized an AI-based evaluation model, drawing on real ESCs datasets,
to  propose  an  integrative  evaluation  framework  for  user-perceived  feedback  in  ESCs.  We
assessed and compared the performance of GPT-4o in emotional support tasks with that of
human counselors. The results indicate that GPT-4o's emotional support capabilities improved
with  CoT  prompting,  but  it  still  lagged  behind  experienced  human  counselors  in  certain
emotional  domains.  By  employing  an  integrative  modeling  paradigm  and  Hill’s  three-stage
helping  skills  model  within  computational  social  science,  we  identified  intrinsic  evaluation
metrics  relevant  to  user  experience  in  ESCs.  We  developed  customized  CoT  prompt
engineering,  significantly improving GPT-4o's  user-perceived feedback scores.  This suggests
that while AI has made strides in emotional support, incorporating human expertise through
CoT prompts can significantly refine and enhance the capabilities of LLMs. Our findings provide
a crucial empirical foundation and direction for improving genAI applications in the field of
emotional support services.
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