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Abstract
This paper explores the frontiers of large language models (LLMs) in psychology
applications. Psychology has undergone several theoretical changes, and the
current use of Artificial Intelligence (AI) and Machine Learning, particularly
LLMs, promises to open up new research directions. We provide a detailed ex-
ploration of how LLMs like ChatGPT are transforming psychological research.
It discusses the impact of LLMs across various branches of psychology, including
cognitive and behavioral, clinical and counseling, educational and developmen-
tal, and social and cultural psychology, highlighting their potential to simulate
aspects of human cognition and behavior. The paper delves into the capabilities
of these models to emulate human-like text generation, offering innovative tools
for literature review, hypothesis generation, experimental design, experimental
subjects, data analysis, academic writing, and peer review in psychology. While
LLMs are essential in advancing research methodologies in psychology, the pa-
per also cautions about their technical and ethical challenges. There are issues
like data privacy, the ethical implications of using LLMs in psychological re-
search, and the need for a deeper understanding of these models’ limitations.
Researchers should responsibly use LLMs in psychological studies, adhering to
ethical standards and considering the potential consequences of deploying these
technologies in sensitive areas. Overall, the article provides a comprehensive
overview of the current state of LLMs in psychology, exploring potential bene-
fits and challenges. It serves as a call to action for researchers to leverage LLLs’
advantages responsibly while addressing associated risks.
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Abstract
This paper explores the frontiers of large language models (LLMs) in psycho-
logical applications. Psychology has undergone several theoretical transforma-
tions, and the current integration of Artificial Intelligence (AI) and Machine
Learning—particularly LLMs—promises to open new research directions. We
provide a detailed examination of how LLMs like ChatGPT are transforming
psychological research, discussing their impact across various branches of psy-
chology including cognitive and behavioral, clinical and counseling, educational
and developmental, and social and cultural psychology. We highlight their po-
tential to simulate aspects of human cognition and behavior, and delve into
these models’ capabilities for emulating human-like text generation. LLMs of-
fer innovative tools for literature review, hypothesis generation, experimental
design, experimental subjects, data analysis, academic writing, and peer review
in psychology. While essential for advancing research methodologies, this paper
also cautions about technical and ethical challenges, including data privacy, eth-
ical implications of LLM use in psychological research, and the need for deeper
understanding of these models’ limitations. Researchers should use LLMs re-
sponsibly in psychological studies, adhering to ethical standards and consider-
ing potential consequences when deploying these technologies in sensitive areas.
Overall, this article provides a comprehensive overview of the current state of
LLMs in psychology, exploring both potential benefits and challenges. It serves
as a call to action for researchers to leverage LLM advantages responsibly while
addressing associated risks.

Keywords: Large language models (LLMs) ・ChatGPT ・Machine learning ・
Artificial intelligence (AI) ・Psychology ・Research methodology

1. Introduction
Artificial intelligence (AI) has a history spanning nearly seven decades, begin-
ning with the 1956 Dartmouth Conference. The field has recently been revolu-
tionized by large language models (LLMs) such as OpenAI’s ChatGPT series,
Google’s Bard, and Meta’s Llama. Notably, OpenAI’s GPT-4 may signify a
paradigm shift, demonstrating impressive capabilities across difficult tasks in
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mathematics, coding, vision, medicine, law, psychology, and other domains
(Bubeck et al., 2023)—heralding an era of “AI for Science” (H. Wang et al.,
2023). LLMs mark a critical juncture in the evolution of machine learning and
AI, propelled by their expansive scale and sophisticated neural architectures
that incorporate attention mechanisms (Vaswani et al., 2017). Through inte-
gration of cognitive mechanisms (Binz & Schulz, 2023a), these models exhibit
emergent behaviors akin to complex physical systems (Wei et al., 2022), which
has not only enhanced their ability to understand concepts and high-level seman-
tics (J. Li et al., 2022) but also deepened our insights into cognitive processes
(Sejnowski, 2022). In psychological applications, these developments are reshap-
ing how we interact with and comprehend data, language, and our environment
(De Bot et al., 2007; Demszky et al., 2023), contributing significantly to fields
including clinical psychology (Thirunavukarasu et al., 2023), developmental psy-
chology (Frank, 2023; Hagendorff, 2023), and social psychology (Demszky et al.,
2023; Hardy et al., 2023; Zhang et al., 2023). Moreover, they profoundly im-
pact psychological research methodologies, offering novel approaches and tools
for exploration and analysis.

1.1 The Concept of LLMs: From Machine Learning to Capability
Emergence

Machine learning, particularly natural language processing (NLP), has pro-
gressed significantly in the last decade. However, the emergence of LLMs such
as GPT-4 and its predecessors marks a substantial leap in AI capabilities. LLMs
are deep learning models designed to process natural language text and generate
human-like responses. Capability emergence is defined as a qualitative change
in behavior resulting from quantitative changes in the system—a capability is
emergent if it does not exist in smaller models but appears in larger ones (Wei
et al., 2022).

At the heart of LLMs lies the transformer architecture, a deep neural network
with an attention mechanism that efficiently processes sequential data in paral-
lel (Vaswani et al., 2017), functioning somewhat similarly to human brain pro-
cesses. This architecture has revolutionized NLP. The self-attention mechanism
captures contextual relationships in textual data, enabling more sophisticated
language understanding. The “large” in LLMs refers both to the vast number
of parameters and massive training data used—typically billions of parameters
and terabytes of text (Binz & Schulz, 2023b)—and to mastering a world model
(Yildirim & Paul, 2023).

The process of large language modeling, from machine learning to capability
emergence, can be divided into several key stages (Demszky et al., 2023). First,
pre-training: LLMs are pre-trained on large textual corpora to learn intricate
linguistic, syntactic, and semantic structures (P. Liu et al., 2023). This unsuper-
vised learning phase lays the foundation for language understanding. Second,
fine-tuning: After pre-training, LLMs can be adapted for specific tasks or do-
mains, making them suitable for various applications (Liu et al., 2022). This
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process ensures the model generates contextually relevant responses and en-
gages in meaningful conversations or tasks. Third, language comprehension:
LLMs demonstrate remarkable ability to understand and generate human-like
text, answering questions, writing articles, summarizing content, translating
languages, and even performing creative writing (Bubeck et al., 2023). Their
skillful contextual understanding is essential for intelligence emergence. Fourth,
capability emergence: When integrated into various applications, LLMs ex-
hibit “capability emergence,” performing tasks requiring deep language and con-
textual understanding, often achieving human-like or superhuman performance
in specific domains (OpenAI, 2023), such as analogical reasoning (Webb et al.,
2023), creativity (Stevenson et al., 2022), and emotion recognition (Patel & Fan,
2023).

Thus, LLMs offer intriguing insights into how these technologies can mimic or
augment human cognitive processes. For instance, LLMs’ ability to understand
and generate natural language echoes aspects of human linguistic and cognitive
skills (Goertzel, 2023). This parallel enables exploration of AI applications in
cognitive psychology (Sartori & Orrù, 2023), language acquisition (Jungherr,
2023), and even mental health (Lamichhane, 2023). Moreover, studying LLMs
contributes to our understanding of the human mind, offering a computational
perspective on language processing, decision-making (Sha et al., 2023), and
learning mechanisms (Hendel et al., 2023). This fusion advances both AI capa-
bilities and our comprehension of human cognition.

1.2 Psychology and AI

Psychology, as a science exploring the human mind and behavior, has under-
gone significant theoretical transformations since the late 19th century, evolv-
ing from psychoanalysis and behaviorism to cognitive psychology (Hothersall &
Lovett, 2022). This history marks not only a shift in research focus but also an
academic trend from observing behavioral manifestations to exploring in-depth
psychological connotations, with each phase deepening our understanding of
human psycho-cognitive processes.

Understanding these psycho-cognitive processes is crucial for psychology. In
clinical and counseling psychology, cognitive psychology research supports diag-
nosing and treating psychological disorders, deepening our understanding of the
psychological mechanisms underlying emotions, stress, and human behavior.
Psychotherapies such as cognitive-behavioral therapy (Hofmann et al., 2012)
and psychodynamic therapy have become essential tools for promoting mental
health and emotional regulation.

In educational and developmental psychology, cognitive psychology advances
have fostered deeper understanding of perceptual and affective factors in learn-
ing (Glaser, 1984), leading to innovations in teaching methods and learning
strategies. In social and cultural psychology, cognitive psychology research helps
explain individuals’ behavior and mental processes in different social and cul-
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tural contexts, exploring how cultural differences affect cognitive patterns, val-
ues, and behavioral norms—especially important in globalization, interaction,
and integration. Meanwhile, in social psychology, cognitive psychology research
on group behavior, social influence, prejudice, and discrimination is valuable for
promoting social harmony and mutual understanding (Park & Judd, 2005).

AI is a growing force in psycho-cognitive research. Simon (1979) early recog-
nized the potential of computational models to simulate human cognitive pro-
cesses. The recent emergence of LLMs, represented by OpenAI’s GPT family
(including GPT-3, ChatGPT, and GPT-4), can process and generate human-
like texts and perform close to human levels on some cognitive tasks (Bubeck
et al., 2023). Moreover, they provide a unique perspective for studying human
cognition. For example, GPT-3 can solve vignette-based tasks similarly to or
better than human subjects and make rational decisions based on descriptions,
outperforming humans in multi-armed bandit tasks (Binz & Schulz, 2023b). Fur-
thermore, after extensive testing, GPT-3 can solve complex analogical problems
at levels comparable to human performance—an essential hallmark of human
intelligence (Webb et al., 2023). Fine-tuning across multiple tasks could allow
LLMs to predict human behavior in previously unseen tasks, enabling them to
serve as general-purpose cognitive models (Binz & Schulz, 2023a), potentially
opening new research directions that could transform cognitive psychology and
behavioral science.

Newell’s time-scale theory provides a multidimensional framework for under-
standing human behavior (Newell, 1990). In his seminal work, Newell (1990)
articulates a nuanced framework stratifying human behavior across four distinct
temporal levels (see Fig. 1a [Figure 1: see original paper]). At the foundational
biological level, core biological and physiological processes operate on rapid
time scales from approximately one millisecond to one second, including neural
responses and sensory processing fundamental to human cognition. Advancing
to the cognitive layer, fundamental cognitive mechanisms operate on interme-
diate time scales from one second to around one minute, encompassing basic
operations such as attention, perception, and short-term memory. At the ra-
tional layer, more elaborate and sustained cognitive activities extend from
several minutes to a few hours, involving complex problem-solving, planning,
and decision-making requiring higher cognitive engagement. Finally, the social
layer encapsulates human behavior within social interactions and structures,
characterized by the broadest time scales ranging from hours to days or more,
delving into social communication dynamics, group behavior, and cultural influ-
ences on cognition. This layered approach underscores the multifaceted nature
of human behavior, highlighting the interplay between rapid physiological pro-
cesses and prolonged, socially-influenced aspects of cognition.

LLMs have great potential for modeling cognition and behavior across these
different time scales (see Fig. 1b) and can provide new insights into human
psycho-cognitive processes. Recent research reveals significant advancements in
LLMs’ ability to emulate complex human cognitive and social behaviors (Gross-
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mann et al., 2023; Marjieh et al., 2023; Orru et al., 2023; Pal et al., 2023;
Stevenson et al., 2022; Webb et al., 2023). Grossmann et al. (2023) and Marjieh
et al. (2023) demonstrate LLMs’ proficiency in simulating human social interac-
tions and perceptual processing, respectively. Orru et al. (2023) and Webb et
al. (2023) highlight LLMs’ capabilities in complex problem-solving and reason-
ing, while Hagendorff et al. (2023) focus on decision-making processes. Steven-
son et al. (2022) document LLMs’ potential for creativity, and Patel and Fan
(2023) demonstrate their ability in emotion recognition. These findings collec-
tively indicate the expanding role of LLMs in mimicking and enhancing human
cognitive and social functions, marking significant progress in AI research.

As general cognitive models (Binz & Schulz, 2023a), LLMs can provide new
perspectives and approaches for research in cognitive and behavioral psychology,
clinical and counseling psychology, educational and developmental psychology,
and social and cultural psychology across different time scales of human behavior
(see Fig. 1a). Fig. 1 illustrates LLMs’ emergent abilities applied in psychological
domains and as research tools: (a) applications across psychological domains
from the perspective of behavioral time scales, (b) emergent abilities of LLMs,
and (c) LLMs functioning as research tools.

Based on these emergent abilities, LLMs can also serve as research aids (see
Fig. 1c) to assist psychologists with everything from literature review (Aydın
& Karaarslan, 2022; Qureshi et al., 2023), experimental subjects (Dillion et al.,
2023; Hutson, 2023), and data analysis (Patel & Fan, 2023; Peters & Matz,
2023; Rathje et al., 2023) to academic writing (Dergaa et al., 2023; Stokel-
Walker, 2022) and peer review (Chiang & Lee, 2023; Van Dis et al., 2023).
Thus, LLMs have the potential to become research assistants for psychologists,
helping improve research efficiency.

1.3 Objectives and Significance of the Present Review

This review systematically examines LLM use across various psychological do-
mains, analyzing applications over different behavioral time scales. The explo-
ration begins with LLMs in cognitive and behavioral psychology (Section 2),
followed by their roles in clinical and counseling psychology (Section 3). The
review then transitions to educational and developmental psychology (Section
4) and social and cultural psychology (Section 5), outlining LLMs’ contributions
in each area. To deepen understanding of LLMs’ impact on psychological re-
search, Section 6 provides an overview of their potential as scientific research
tools. The review also addresses challenges and future research directions in
applying LLMs to psychological contexts, concluding with a summary of appli-
cations and recommendations for future work. Crucially, this review proposes
integration strategies for LLMs in psychological research and offers insights into
interpreting these models from a psychological standpoint, contributing to their
safety and interpretability.
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2. LLMs in Cognitive and Behavioral Psychology
Within multilevel time scales of human behavior (Newell, 1990), cognitive and
behavioral psychology focuses primarily on studying cognitive processes on sub-
hourly time scales (see Fig. 1), encompassing human engagement in perception,
memory, thinking, decision-making, problem-solving, and conscious planning.
Cognitive and behavioral psychology typically employs experimental methods
to study these processes by controlling and observing behaviors and responses
under specific conditions.

The recent emergence of LLMs has reinvigorated discussion about whether hu-
man cognitive abilities are revealed in these models given sufficient training
data. If so, studying LLMs’ cognitive processes could yield knowledge about
human cognition, forming a valuable addition to existing research methods in
cognitive psychology.

Binz and Schulz (2023a) found that fine-tuning multiple tasks enabled LLMs
to predict human behavior in previously unseen tasks, suggesting that LLMs
can be adapted to become generalist cognitive models. In another study, they
tested GPT-3 using tools from cognitive psychology and showed that it made
better decisions and outperformed humans in a multi-armed bandit task (Binz
& Schulz, 2023b).

Additional studies have demonstrated that LLMs possess perceptual judgment
(Marjieh et al., 2023), reasoning (Webb et al., 2023), decision-making abilities
(Hagendorff et al., 2023), creativity (Stevenson et al., 2022), and problem-solving
skills (Orru et al., 2023). One study even demonstrated that GPT-4 possesses
the mental abilities of a seven-year-old child through a false belief task (con-
sidered the gold standard for testing theory of mind in humans) (Kosinski,
2023). For example, Hagendorff et al. (2023) explored reasoning capabilities
and decision-making processes of the OpenAI GPT family through the following
experimental method: designing a series of semantic illusion and cognitive re-
flection tests intended to elicit intuitive but erroneous responses; applying these
tasks—traditionally used to study human reasoning and decision-making—to
OpenAI’s generative pre-trained transformer models; analyzing model perfor-
mance on Cognitive Reflection Test (CRT) and semantic illusion tasks to reveal
their System 1 and System 2 thought processes; observing how ChatGPT mod-
els show correct responses and avoid pitfalls; and evaluating model performance
on CRT tasks by preventing chain-of-thought reasoning. Results show that as
model size and language capability increase, the OpenAI family increasingly
exhibits human-like intuitive System 1 thinking and associated cognitive errors.

Table 1 summarizes applications of LLMs to cognitive and behavioral psychol-
ogy.

Table 1. Applications of LLMs in Cognitive and Behavioral Psychol-
ogy Research
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Author Research Question Research Method Key Finding
Sartori &
Orrù
(2023)

Human-like properties
LLMs exhibit in
various cognitive tasks

Decision-making,
deliberation,
information search,
reasoning, Wason
Selection Task, and
Raven-like matrices

LLMs
demonstrate
human-like
performance in
cognitive
psychology

Hagendorff
et
al. (2023)

Whether OpenAI GPT
family’s reasoning and
decision-making
resembles human
System 1 and System 2
thought

Analyze model
performance on
CRT and semantic
illusion tasks

ChatGPT
models show
correct
responses and
avoid pitfalls;
increasing
model size
exhibits
human-like
intuitive
System 1
thinking and
cognitive errors

Hutson
(2023)

Can AI language
models replace human
participants?

ChatGPT-3.5 and 4
use input-output
context windows
during
chain-of-thought
reasoning, similar to
human
laptop-support
System 2 thinking

LLMs can
replace human
participants in
experimental
research in
some cases

Dillion et
al. (2023)

Explore whether LLMs
can replace human
participants in
psychological sciences

LLMs (e.g.,
GPT-3.5) used to
conduct
experiments instead
of human
participants

LLMs can
replace human
participants in
some cases

Zhuang
et
al. (2023)

How to efficiently
measure cognitive
abilities of LLMs

Making human-like
moral judgments by
analyzing similarity
of GPT-3.5’s
judgments to
humans

LLMs can
substitute for
human
participants in
some cases
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Author Research Question Research Method Key Finding
Grossmann
et
al. (2023)

Improve social science
research methods amid
LLM impact

Computerized
Adaptive Testing
(CAT) for assessing
cognitive ability in
LLMs

LLMs have
great potential
in social science
research due to
ability to
model human
behavior and
generate
diverse
responses

Loconte
et
al. (2023)

Neuropsychological
evaluations of LLM
prefrontal functioning

Verbal Reasoning
Test, Cognitive
Estimation,
Metaphor and
Idioms
Comprehension,
Winograd Schema,
Tower of London,
Hayling Sentence
Completion,
Compound Remote
Associate problems,
Social Cognition

ChatGPT
exhibits
disjointed
cognitive
profiles in
prefrontal
functioning
(some above
average, others
pathological)

Binz &
Schulz
(2023a)

Better describe human
decision-making
through LLM
fine-tuning

Compare
goodness-of-fit:
random guessing
model, unfinetuned
LLaMA,
domain-specific
model, and
fine-tuned model

Fine-tuned
LLMs (e.g.,
LLaMA)
successfully
capture human
decision-
making and
outperform
domain-specific
models

Orru et
al. (2023)

Potential of ChatGPT
as intelligent tool for
problem-solving

Verbal insight
problems: “practice
problems” and
“transfer problems”

ChatGPT’s
global
performance
identical to
most likely
human sample
results
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Author Research Question Research Method Key Finding
Hagendorff
(2023)

How to use
psychological methods
to study emergent
abilities

Treat LLMs as
participants in
psychological
experiments

Uncover
emergent
abilities
undetectable
by traditional
NLP
benchmarks

Shiffrin
&
Mitchell
(2023)

GPT-4 performance on
cognitive psychology
datasets

Evaluate GPT-4 on
CommonsenseQA,
SuperGLUE,
MATH, and HANS

GPT-4 has
revolutionary
potential to
bridge
human-machine
reasoning gap

Dhingra
et
al. (2023)

Decision-making
mechanisms and other
psychological qualities
of LLMs

Two experiments
using psychological
literature and
prompts not in
GPT-3 training
corpus

GPT-3 shows
surprising
abilities in
decision-
making,
information
search,
deliberation,
but poor causal
reasoning

Schulz
(2023b)

Assessing GPT-3’s
cognitive ability

Vignette-Based
Decision-Making,
Information Search,
Deliberation, Causal
Reasoning

GPT-3
outperforms
humans on
some tasks,
performs
poorly on
others

Marjieh
et
al. (2023)

How LLMs predict
human sensory
judgments across
modalities

Use GPT-3,
GPT-3.5, GPT-4 to
predict judgments
in six sensory
modalities (pitch,
loudness, color,
sound, taste,
timbre)

LLMs
successfully
predict human
perceptual
judgments
across six
modalities
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Author Research Question Research Method Key Finding
Huang &
Chang
(2022)

How to improve and
direct model reasoning

Methods: fully
supervised
fine-tuning, cueing,
contextual learning,
problem
decomposition,
mixed-methods

Improving
reasoning
requires
training data,
architectures,
and
optimization
goals specific to
reasoning

Hagendorff
et
al. (2022)

Machine intuitive
capabilities in GPT-3.5

Conduct CRT and
Semantic Illusion
Test on GPT-3.5

GPT-3.5
systematically
exhibits
“machine
intuition”—
human-like
erroneous
decisions on
CRT and
semantic
illusions

Stevenson
et
al. (2022)

Human-like intuitive
decision-making and
creativity in GPT-3

Compare GPT-3 to
Alternative Uses
Test (AUT) used in
human creativity
research

Humans
currently
outperform
GPT-3 in
originality and
unexpected-
ness, but
GPT-3
performs better
in utility

These research cases demonstrate that LLMs possess human-like cognitive abil-
ities (Zhuang et al., 2023). Studying LLMs’ cognitive mechanisms would pro-
vide new insights into human cognitive processes and offer promising avenues
for advancing psychological research methodologies and understanding complex
cognitive phenomena as these models evolve.

3. LLMs in Clinical and Counseling Psychology
Within multilevel time scales of human behavior (Newell, 1990), clinical and
counseling psychology involves assessment of everyday behavioral acts (hours to
a day), habitual thinking (days to months), and psychological disorders (months
to years) (see Fig. 1). Clinical and counseling psychology focuses on assess-

chinarxiv.org/items/chinaxiv-202401.00108 Machine Translation

https://chinarxiv.org/items/chinaxiv-202401.00108


ing, diagnosing, treating, and preventing individual mental health problems—
processes often involving medium- to long-term periods. Reports indicate a pub-
lic rush to use LLMs like ChatGPT for mental health screening and treatment
(Demszky et al., 2023). LLMs are expected to be useful in clinical and coun-
seling contexts because they can parse human language, generate human-like
responses, categorize text, and flexibly adapt conversational styles representing
different theoretical orientations (Stade et al., 2023). This raises the question:
how effectively do LLMs work in psychotherapy, and can they replace human
psychotherapists?

LLMs are basic generalized models with few-shot learning capabilities (Brown
et al., 2020), allowing them to quickly become experts in clinical and counseling
domains with minimal training data. For example, LLMs trained on clinical
content can identify specific change factors that help psychologists understand
clinical intervention processes, thus opening the “black box” of psychotherapy
(Schueller & Morris, 2023). Additionally, studies show LLMs can correctly rec-
ognize emotions and respond appropriately (Patel & Fan, 2023; Schaaff et al.,
2023), and human-AI collaboration in clinical psychological support results in
greater empathy (Sharma et al., 2023). LLMs can also accomplish mental health
assessments (Elyoseph & Levkovich, 2023; Kjell et al., 2023) and individualized
interventions (Blyler & Seligman, 2023a, 2023b).

Blyler and Seligman (2023a) proposed an individualized intervention: partic-
ipants were recruited from previous studies (age 18+). From five narrative
identities generated by ChatGPT-4 rated as “completely accurate,” five partic-
ipants representing different backgrounds were selected. Participants provided
narratives through dialogue with ChatGPT-4, and the AI was asked how it
would guide life coaching based on these identities. ChatGPT-4 was then asked
to recommend specific interventions based on the AI-generated narratives and
coaching methods. Results suggest that coaching strategies and interventions
generated by ChatGPT-4 make perfect sense based on narrative identity.

Table 2 summarizes applications of LLMs to clinical and counseling psychology.

Table 2. Applications of LLMs in Clinical and Counseling Psychology
Research

Author Research Question Research Method Key Finding
Carlbring
et
al. (2023)

Can AI improve
effectiveness of Internet
interventions?

Internet
intervention
methods: real-time
video therapy,
digital self-help
programs,
combining
interventions with
face-to-face therapy

AI can work
with therapists
to improve
outcomes
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Author Research Question Research Method Key Finding
Blyler &
Seligman
(2023a)

Can narrative identity
provide personalized
intervention
approaches?

ChatGPT-4
generates
personalized
narrative identities
from stream-of-
consciousness
thoughts and
demographic
information, then
provides targeted
coaching methods

ChatGPT-4
generates
highly credible
coaching
strategies based
on constructed
narrative
identities

Blyler &
Seligman
(2023b)

AI potential in
psychological practice

Process stream-of-
consciousness and
demographic data
through ChatGPT-4
to generate personal
narratives, evaluate
for accuracy,
surprise, and
illumination

AI can support
self-discovery in
psychotherapy
and coaching

Abd-
Alrazaq
et
al. (2019)

How chatbot features
meet mental health
needs

Characterize
chatbots by
applications,
interactions,
response generation
methods, virtual
representatives, and
platform
implementations

Chatbots focus
primarily on
depression and
autism; most
implementa-
tions in
developed
countries

Elyoseph
& Lev-
kovich
(2023)

ChatGPT potential for
suicide risk assessment

Hypothetical case
study: ChatGPT
assessed mental
health indicators in
patients with
varying self-burden
and belonging
frustration; compare
to professionals

ChatGPT
underestimated
suicide attempt
risk in all
scenarios
vs. mental
health
professionals
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Author Research Question Research Method Key Finding
Kjell et
al. (2023)

Using LLMs to change
psychological
assessment

Analyze natural
language responses
using LLMs to
extract mental
health information;
assess strengths
(accuracy, scope,
parsing, openness)
and limitations
(bias, risk, ethics)

LLMs can
transform
assessments
from rating
scales to
natural
language
communication

J. M. Liu
et
al. (2023)

Bias in LLMs across
age and gender

Datasets: i2b2 2006
smoking and i2b2
2008 obesity.
Multi-label
classification task.
BERT-based models
trained 1000 epochs
with Adam
optimizer. Micro
F1-score evaluation.
Bias analysis across
subgroups.

Creating
population
subgroups by
age and gender
found most
subgroups
exhibited bias
amplification

Schueller
& Morris
(2023)

LLMs in
clinical/counseling
psychology:
capabilities and
interventions

Develop novel
digital mental
health interventions
(DMHIs). Analyze
therapist discourse
to identify symptom
improvement
predictors. Identify
specific change
factors.

LLMs have
wide
applications in
clinical sci-
ence/practice
to improve
interventions
but won’t
completely
replace
therapists

Sharma
et
al. (2023)

How AI assists peer
supporters in
improving empathy

Develop HAILEY
(Human-AI
collaboration for
EmpathY)
intelligent feedback
system to evaluate
AI role in improving
peer supporter
empathy

AI helps peer
supporters
demonstrate
higher empathy
levels
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Author Research Question Research Method Key Finding
Graber-
Stiehl
(2023)

Are AI treatments
ready for mainstream
adoption?

Koko app users
could get advice
from Kokobot
(GPT-3 based), edit
responses, and send
them

Despite
promise, many
ethical and
safety issues
remain with
current AI
therapies

Stade et
al. (2023)

Responsibly
develop/evaluate LLMs
while realizing
potential in behavioral
health

Focus on
evidence-based
practice, rigorous
evaluation,
interdisciplinary
collaboration,
trust/usability for
therapists/patients,
effective clinical
LLM standards

LLMs have
great potential
in
psychotherapy
but concerns
about accuracy,
accountability,
transparency,
ethics

Zhong et
al. (2023)

Challenges of LLMs in
psychiatric
research/practice

Improve diagnostic
accuracy by
analyzing large
patient datasets to
identify patterns
difficult for humans
to detect; identify
patient
characteristics
predicting
treatment response

LLMs have
great potential
in psychiatric
practice but
concerns about
reliability,
pragmatics,
accountability,
transparency,
ethics

These research cases demonstrate LLMs’ ability to provide adequate mental
health support (Schueller & Morris, 2023), holding promise to address capacity
shortages in mental health care systems. As they evolve, LLMs may provide
more individualized treatment services and potentially enable fully automated
psychotherapy (Stade et al., 2023). However, ensuring LLM safety and privacy
protection in psychotherapy is essential.

4. LLMs in Educational and Developmental Psychology
Within multilevel time scales of human behavior (Newell, 1990), educational
and developmental psychology operates at relatively medium- to long-term lev-
els (see Fig. 1), reflecting ongoing learning and development characterizing
educational processes. This field concerns learning processes, knowledge accu-
mulation, skill development, and individual psychological changes within edu-
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cational environments. A national survey found that only three months after
ChatGPT’s public release, 40% of U.S. teachers used it weekly for lesson plan-
ning (Demszky et al., 2023).

Table 3 summarizes applications of LLMs to educational and developmental psy-
chology. The potential applications are manifold: facilitating personalized learn-
ing, emotion recognition, mental health support, educational assessment, and
improving learning motivation. Specifically, LLMs trained on massive internet
and book data (Binz & Schulz, 2023b) can serve as more knowledgeable learning
aids (Stojanov, 2023), provide personalized learning experiences (Kasneci et al.,
2023), and enhance learning motivation (Ali et al., 2023). For example, Sto-
janov (2023) explored ChatGPT as a learning tool through an autobiographical
methodology: he began by setting learning objectives and conversing with Chat-
GPT about its functionality for four hours, continued discussion for three more
hours while watching relevant YouTube videos, and reported positive feedback,
finding it a motivating and relevant learning experience.

Table 3. Applications of LLMs in Educational and Developmental
Psychology Research

Author Research Question Research Method Key Finding
Frank
(2023)

What abstractions
underlie LLM
behavior?

Ensure LLMs
haven’t been
pre-exposed to
experimental
stimuli; select
simplified stimuli;
need convergence
evidence across
multiple tasks

Developmental
researchers can
better
understand
LLM
representations
by drawing on
psychological
approaches

Han
(2023)

LLMs in moral
developmental research

Use Behavioral
Definitional Issue
Test (bDIT);
examine ChatGPT
reading Martin
Luther King letter;
analyze three moral
exemplar stories

LLMs aid
education
ethics research
involving
empirical and
practical
inquiry

Stojanov
(2023)

Experience using
ChatGPT as more
knowledgeable other

Autobiographical
research
methodology
exploring ChatGPT
as support in
learning process

Instant answers
create ‘flow’
experience, but
in ‘immersion’
state users may
overestimate
knowledge
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Author Research Question Research Method Key Finding
Kasneci
et
al. (2023)

Opportunities and
challenges of LLMs in
education

LLMs help create
educational content,
provide personalized
learning, aid
language learning,
research, writing,
assessment, grading,
professional
development

LLMs have
great potential
in education,
benefiting
students and
teachers
through
personalization,
engagement,
and diverse
content

Ali et
al. (2023)

ChatGPT impact on
English language
student motivation

5-point Likert scale
collecting
perceptions of
ChatGPT impact
on English learning,
interest,
self-directed
learning,
interaction,
enjoyment

ChatGPT
positively
impacts
English
language
learner
motivation

Kosinski
(2023)

Do LLMs
spontaneously generate
Theory of Mind?

Two gold-standard
false-belief tasks:
Unexpected
Contents (Smarties)
and Unexpected
Transfer
(Maxi/Sally-Anne)

ToM,
previously
thought
uniquely
human, may
emerge
spontaneously
as byproduct of
improved
language skills

5. LLMs in Social and Cultural Psychology
Within time scales of human behavior (Newell, 1990), social and cultural psychol-
ogy covers predominantly long-term dimensions (see Fig. 1), reflecting its focus
on social interactions and long-term behavioral patterns and mental processes
in social environments. This field studies how individual behavior is influenced
by social and cultural environments and others, and how individuals affect these
environments. Research typically focuses on interpersonal interactions (Tajfel,
1982), group behavior, attitude formation and change, and social cognition.

LLMs can simulate human responses and behaviors to test theories and hypothe-
ses about human behavior (Grossmann et al., 2023). In social and cultural psy-
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chology, LLMs can revolutionize the field by analyzing large textual datasets,
modeling social interactions, and providing insights into human behavior and
social dynamics (Salah et al., 2023).

First, LLMs share similarities with humans in social cognition. Research finds
LLMs exhibit typical human cognitive biases in judgment and decision-making,
such as anchoring effect, representativeness heuristic, and base rate neglect (Tal-
boy & Fuller, 2023). Additionally, cultural psychology research shows significant
differences in Eastern vs. Western cognitive processes for information process-
ing and judgment (Nisbett et al., 2001), and LLMs consistently favor Eastern
holistic thinking (Jin et al., 2023).

Second, LLMs characterize human groups in social interaction settings. They
replicate Milgram’s electroshock experiments (Aher et al., 2023), show gaming
abilities in specific games (Akata et al., 2023), and exhibit different risk-taking
and pro-social behaviors under different emotional states (Yukun et al., 2023).

Third, LLMs can serve as specific social and cultural psychology research sam-
ples. One study explored LLMs as valid proxies for specific human subgroups,
finding they contain information beyond superficial similarity, reflecting com-
plex interplays between ideas, attitudes, and sociocultural contexts character-
izing human attitudes (Argyle et al., 2022). Another study tested LLMs for
personality and values, finding scores similar to human samples (Miotto et al.,
2022).

Thus, LLMs have many applications in social and cultural psychology, enabling
testing of theories and hypotheses about human behavior in social and cultural
interaction settings. For example, one study explored whether AI chatbots can
adapt financial decisions and pro-social behaviors through emotional cues like
humans (Yukun et al., 2023). The experimental design had two parts: Study 1
examined investment decision-making (susceptible to emotional cues), hypoth-
esizing that AI chatbot risk-taking would be lower with fear cues and higher
with joy cues. By providing different emotional cues (fear, joy, or neutral),
researchers collected and analyzed bot responses. Study 2 measured pro-social
responses through donations to a sick friend under anxiety and joy cues, explor-
ing whether emotional cues influenced pro-social behavior.

Table 4 summarizes applications of LLMs to social and cultural psychology.

Table 4. Applications of LLMs in Social and Cultural Psychology
Research
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Author Research Question Research Method Key Finding
Atari et
al. (2023)

How similar are LLMs
to different human
groups?

World Values
Survey (WVS) data:
place LLMs on
spectrum of
contemporary
human
psychological
change; standard
cognitive tasks;
thinking styles
compared to 31
human groups;
self-concept tasks

LLMs perform
as outliers on
psychometrics
vs. humans

Jin et
al. (2023)

Does ChatGPT think
holistically or
analytically?

Two scales
measuring cognitive
processes:
Analytic-Holistic
Scale (AHS) and
Ternary
Categorization Task
(TCT); two scales
investigating
cultural thinking
values: Dialectical
Self Scale (DSS) and
Self-Construction
Scale (SCS)

ChatGPT
favors Eastern
holistic
thinking in
cognitive
processes but
not in value
judgments

Schaaff
et
al. (2023)

What are ChatGPT’s
empathic abilities?

Understanding/expressing
emotions: ChatGPT
generates responses
based on prompts
compared to
expected categories.
Parallel Emotional
Responses: analyze
emotional responses
to different
categories.
System-level
assessment using
recognized
questionnaires (IRI,
EQ, TEQ, PES,
AQ)

ChatGPT
understands
others’
emotions and
perspective but
has difficulty
showing higher
empathy
vs. healthy
humans
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Author Research Question Research Method Key Finding
Salah et
al. (2023)

Use of generative AI in
social psychology
research

Simulating social
interactions;
analyzing large
textual data;
extracting social
cognitive processes

ChatGPT has
great potential
to help analyze
data, simulate
interactions,
and provide
insights into
human
behavior

Harding
et
al. (2023)

Can LLMs replace
human participants in
moral psychology?

Ethical judgment
experiment:
GPT-3.5 assesses
464 ethical scenarios
previously rated by
humans. Consumer
Behavior: GPT-3.5
simulates consumer
behavior. Diversity:
GPT-3 exhibits
different
personalities via
character traits.
Social Simulation:
GPT-3 creates
SimReddit with
1,000 virtual users

Despite
potential to
simulate
human
behavior, LLMs
unlikely to fully
replace human
participants

Patel &
Fan
(2023)

Emotional Intelligence
in LLMs

Standardized
Emotional
Understanding Test
(SECEU) based on
school, family, social
scenarios;
participants assign 4
emotions to each
scenario

Current LLMs
have human-
equivalent
sentiment
recognition but
vary widely in
EI performance
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Author Research Question Research Method Key Finding
X. Wang
et
al. (2023)

Can LLMs replace
human participants?

Potential
applications in
questionnaires,
behavioral tests,
mixed-methods
analysis,
agent-based
modeling,
observational
studies, experiments

LLMs can
replace humans
to some extent
for data
collection and
in ABM to
explore how
individuals
with specific
characteristics
influence
interactions

Akata et
al. (2023)

How LLMs interact in
repeated games

LLMs play limited
repetition games
against other LLMs
and simple
human-like
strategies; analyze
behavior in
Prisoner’s Dilemma
and War/Gender
games

With
appropriate
cues, GPT-4
behaves more
forgivingly and
coordinates
better

Abramski
et
al. (2023)

Biases of LLMs in
math/STEM

Behavioral Formal
Mental Networks
(BFMNs); semantic
frame analysis;
compare GPT-3,
GPT-3.5, GPT-4
perceptions to high
school student data

As LLMs
evolve, they
may produce
less biased
models and
reduce harmful
stereotypes

Yukun et
al. (2023)

Do LLMs adjust
financial/pro-social
behaviors to emotional
cues?

Study 1: Collect
investment decision
responses under
fear, joy, or neutral
cues. Study 2:
Measure pro-social
responses
(donations) under
anxiety and joy cues

ChatGPT-4
exhibits
human-like
coordinated
responses in
financial
decisions and
pro-social
behavior when
given emotional
guidance
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Author Research Question Research Method Key Finding
Suri et
al. (2023)

Do LLMs show human
decision-making
heuristics/biases?

Representativeness
heuristic, anchoring,
availability
heuristic, framing
effects, endowment
effect tests

LLMs may
partially drive
human decision-
making
heuristics but
lack cognitive-
affective
processes

Talboy &
Fuller
(2023)

How do human
cognitive biases
permeate LLM output?

Anchoring:
low/high anchor
prompts for book
estimates.
Representativeness:
career choices for
people with
particular traits.
Base rate neglect.
Framing: drug
efficacy ratings

LLMs suffer
from cognitive
biases in
output

Park et
al. (2022)

Generate prototype
with real social
interaction

Test whether social
simulator behaviors
are credible across
novel communities;
generate 50 GPT-3
discussions for
post-2020 subreddit;
participants identify
real vs. generated

Participants
unable to
distinguish
social
simulations
from actual
community
behaviors

X. Li et
al. (2022)

Are LLMs
psychologically safe?
Do they show mental
illness features?

Personality tests
(SD-3, BFI) and
well-being tests (FS,
SWLS) with
unbiased prompts;
sample 3 outputs
per prompt and
calculate means

LLMs exhibit
relatively dark
personality
traits regarding
psychological
safety

Miotto et
al. (2022)

Personality traits,
values, demographics of
GPT-3

Assess personality
(HEXACO) and
values (Human
Values Scale) with
validated
instruments; test
temperature
parameter effects

GPT-3 similar
to humans in
personality but
shows different
traits at
different
temperatures
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Author Research Question Research Method Key Finding
Argyle et
al. (2022)

Can LLMs model
specific human
subgroups?

Generate story
contexts about
Democrats/Republicans;
create in silico
samples for 2012,
2016, 2020 ANES;
assess algorithmic
associations

GPT-3
algorithmic
bias is
fine-grained
and demo-
graphically
relevant,
enabling
accurate
simulation of
various human
subgroup
response
distributions

Trott et
al. (2023)

Can LLMs understand
others’ beliefs like
humans?

Test GPT-3 on
written False Belief
Task; compare
human and GPT-3
performance

GPT-3
performs worse
than humans
and doesn’t
fully explain
human
behavior on
false belief
tasks

Aher et
al. (2023)

Simulate multiple
human behaviors using
LLMs

Ultimatum Game,
Garden Path
Sentences, Milgram
Shock Experiment,
Wisdom of Crowds

LLMs exhibit
“over-accuracy
distortion” that
may affect
downstream
applications,
education, and
arts

6. LLMs as Research Tools in Psychology
LLMs are powerful scientific research tools that can assist psychologists with
literature review, hypothesis generation, experimental design, experimental sub-
jects, data analysis, academic writing, and peer review (see Table 5 ).

Table 5. LLMs as Research Tools in Psychology

chinarxiv.org/items/chinaxiv-202401.00108 Machine Translation

https://chinarxiv.org/items/chinaxiv-202401.00108


Topic Related Studies
Literature review LLMs can summarize research literature (Dis et al.,

2023), complete literature review tasks (Qureshi et
al., 2023), and create review articles (Aydın &
Karaarslan, 2022). Specialized LLMs have been
trained for systematic literature reviews (Taylor et
al., 2022).

Hypothesis
generation

LLMs can generate hypotheses from literature, make
inferences from data, and clarify conclusions through
interpretation (Zheng et al., 2023). They can quickly
test hypotheses and learn from mistakes (Park et al.,
2023).

Experimental design LLMs provide text-based materials, optimizing
research processes and reducing complexity.
Researchers can create stimuli, develop test items,
and simulate interactive sessions in controlled
environments (Aher et al., 2022; Akata et al., 2023),
providing high control and precision.

Experimental
subjects

LLMs can simulate human behaviors and responses,
testing theories about human behavior (Grossmann
et al., 2023). They save time and costs, can be used
when human participation is inappropriate (Hutson,
2023), and may serve as alternatives depending on
research topic, task, and sample (Dillion et al.,
2023).

Data analysis LLMs efficiently analyze massive textual data for
insights into human behavior and emotions at
unprecedented scale (Patel & Fan, 2023). They
analyze multilingual data, detect psychological
structures (Rathje et al., 2023), and derive
psychological profiles from social media (Peters &
Matz, 2023).

Academic writing LLMs assist human writing (Dergaa et al., 2023;
Stokel-Walker, 2022; Van Dis et al., 2023).

Peer review LLMs assessed text quality in two NLP tasks, with
results consistent with human experts (Chiang &
Lee, 2023). They offer quick solutions for PhD
students and time-pressured reviewers (Van Dis et
al., 2023).

6.1 Automated Literature Review and Meta-Analysis

Conducting literature reviews and meta-analyses is complex and arduous, requir-
ing significant expertise and time (Michelson & Reuter, 2019). Nature reports
researchers using ChatGPT as a research assistant to summarize study litera-

chinarxiv.org/items/chinaxiv-202401.00108 Machine Translation

https://chinarxiv.org/items/chinaxiv-202401.00108


ture (Dis et al., 2023). One study utilized ChatGPT for systematic literature
review tasks (Qureshi et al., 2023). Another created a literature review article
on digital twins in health using ChatGPT, finding accelerated knowledge compi-
lation but requiring further academic validity verification (Aydın & Karaarslan,
2022). Researchers have also trained specialized LLMs for scientific research
needs (Taylor et al., 2022) that can accomplish systematic literature reviews.

In summary, LLMs accelerate literature review and meta-analysis processes,
enabling researchers to systematically review and synthesize existing research,
improving evidence-based psychology efficiency.

6.2 Hypothesis Generation and Experimental Design

Hypothesis-driven research is core to scientific activity. LLMs can generate
hypotheses from scientific literature, make inferences from data, and clarify
conclusions through interpretation (Zheng et al., 2023). Although capable of
generating research hypotheses and becoming better “hypothesis machines,”
they need improved logical and mathematical derivation capabilities to elimi-
nate factual errors and enable rapid, automated hypothesis testing and learning
from mistakes (Y. Park et al., 2023). As innovative tools, LLMs have great
potential in psychological experiments, providing text-based materials that op-
timize research processes and reduce complexity. Researchers can easily create
experimental stimuli, develop test items, and simulate interactive sessions in
controlled environments (Aher et al., 2022; Akata et al., 2023), providing high
control and precision.

In conclusion, LLMs provide powerful, flexible tools for psychological research—
from hypothesis generation to experimental design—helping researchers achieve
more efficient and precise goals.

6.3 As Subjects in Psychological Experiments

Although LLMs can simulate human behaviors and responses, providing op-
portunities to test theories about human behavior (Grossmann et al., 2023),
controversy remains about whether they can substitute for human subjects.

Some researchers argue LLMs can replace human participation to save time and
costs, applicable when human participation is inappropriate, while acknowledg-
ing potential problems like bias and insufficient training data (Hutson, 2023).
Others propose using LLMs as alternative participants when appropriate, based
on performance and factors like research topic, task, and sample (Dillion et al.,
2023). Some believe that while LLMs will significantly impact research, they
are unlikely to meaningfully replace human participants (Harding et al., 2023).
Despite controversy, studies show LLMs perform similarly to humans when
used as subjects (Orru et al., 2023; Park et al., 2023), suggesting potential for
replacement.

In conclusion, although LLMs can simulate human judgments, their understand-
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ing of human thinking remains limited, and their output requires careful valida-
tion and interpretation when used as psychological subjects.

6.4 Tools for Data Analysis

Various AI forms have long analyzed psychological data, such as flight data for
pilot screening (Ke et al., 2023). Machine learning algorithms facilitate process-
ing large datasets, identifying overlooked patterns and correlations. LLMs ele-
vate this capability, efficiently analyzing massive textual data for unprecedented
insights into human behavior and emotions (Patel & Fan, 2023). This enables
faster, more comprehensive data analysis leading to more reliable, nuanced find-
ings. LLMs analyze multilingual textual data, accurately detect psychological
structures (Rathje et al., 2023), and derive psychological profiles from social
media (Peters & Matz, 2023). Additionally, LLMs demonstrate competence in
medicine, predicting optimal neuroradiographic imaging modalities for clinical
presentations, though not outperforming experienced neuroradiologists, indi-
cating need for continued improvement (Nazario-Johnson et al., 2023). These
findings demonstrate LLMs’ great potential in data evaluation and analysis.

6.5 Paper Writing and Peer Review Tools

While LLMs are not yet complete replacements for human writing, they com-
pellingly answer questions and generate naturally fluent, informative content—
though without real intelligence, merely generating text based on previously seen
word patterns (Stokel-Walker, 2022). One study had students use ChatGPT
for writing assistance, but results showed no significant differences in quality,
speed, or authenticity between experimental and control groups. The authors
suggest experienced researchers may better guide ChatGPT to high-quality in-
formation than students (Bašić et al., 2023). Another article discusses Chat-
GPT’s prospects and threats in academic writing, emphasizing prioritization of
peer-reviewed sources and noting potential advantages: handling large textual
datasets, automatic abstract generation, and research question creation (Dergaa
et al., 2023). Additionally, LLMs show peer review potential (Van Dis et al.,
2023), with evaluation results consistent with human experts (Chiang & Lee,
2023).

In conclusion, LLMs like ChatGPT are potent academic writing tools capable
of processing large textual datasets and automating previously manual tasks:
scanning papers, extracting essential details, generating objective abstracts, and
creating research questions. They also show peer review potential. However,
researchers must exercise caution, as LLMs can integrate false or biased infor-
mation, causing unintentional plagiarism and misattribution (Dis et al., 2023).

7.1 Challenges and Limitations
Although LLMs’ potential to simulate complex cognitive processes is enormous,
providing new tools to explore human cognition and behavior with wide applica-
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tions across clinical, counseling, educational, developmental, and social-cultural
psychology, their output should not be mistaken for thought but viewed as
complex pattern matching based on probabilistic modeling (Floridi & Chiriatti,
2020). Despite impressive performance, this differs from consciousness or gen-
uine understanding. Capability interpretation must be based on understanding
limitations and operational nature, which may fundamentally differ from hu-
man cognition. Therefore, focusing on LLM potential in psychological research
requires confronting technical and ethical challenges.

First, despite emergent competence (Wei et al., 2022), LLMs’ internal mecha-
nisms remain black boxes from a cognitive and behavioral psychology perspec-
tive. LLMs perform impressively on tasks requiring formal linguistic competence
(knowledge of language rules and patterns) but fail many tests requiring func-
tional competence (cognitive abilities needed to understand and use language
in real-world contexts) (Mahowald et al., 2023). They excel in analogical and
moral reasoning but perform poorly on spatial reasoning tasks (Agrawal, 2023).

Second, while LLMs accelerate AI technology use in clinical and counseling psy-
chotherapy, privacy and ethical issues may arise (Graber-Stiehl, 2023). Gate-
keepers, patients, and professionals relying on ChatGPT for suicide risk assess-
ment or decision-making support may receive inaccurate assessments underesti-
mating actual risk (Elyoseph & Levkovich, 2023) and may bias clinician decision-
making, leading to healthcare inequity (Pal et al., 2023). Additionally, LLMs
in psychiatry research and practice face potential bias and privacy violations
(Zhong et al., 2023).

Third, in educational, developmental, and social-cultural psychology, LLMs face
application challenges. In education, they risk output bias and misuse (Kasneci
et al., 2023). One study found ChatGPT-generated texts were not always con-
sistent or logical, sometimes contradictory (Stojanov, 2023). In social-cultural
psychology, LLMs exhibit human-like cognitive biases (Talboy & Fuller, 2023)
and cultural biases (Atari et al., 2023), plus implicitly darker personality pat-
terns (X. Li et al., 2022). Bender et al. (2021) argue that LLM training data
may reflect social biases perpetuated in research settings.

Finally, as research aids, LLMs have limitations. In writing, they don’t fully
replace humans, generating fluent content without real intelligence—merely
pattern-based text (Stokel-Walker, 2022). Although they simulate human judg-
ments as experimental subjects, understanding of human thought remains lim-
ited (Dillion et al., 2023). Van Dis et al. (2023) note LLMs may accelerate inno-
vation, shorten publication times, and increase scientific diversity and equality,
but may also reduce research quality and transparency, fundamentally altering
scientist autonomy.

In summary, while LLMs offer extraordinary capabilities for psychological re-
search, they present challenges related to bias, ethics, data security, trans-
parency, and technical expertise. Researchers should be fully aware of these
challenges and address them responsibly. Table 6 summarizes these challenges
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and limitations.

Table 6. Challenges and Limitations of LLMs in Psychological Appli-
cations

Author Domain Challenges and Limitations
Mitchell
(2023)

Cognition &
Behavior

Lack of real-world understanding; lack of
abstract reasoning; lack of user intent
understanding

Stella et
al. (2023)

Cognition &
Behavior

Lack of meta-knowledge leads to information
processing limitations; lack of curiosity raises
questions about “creativity” source;
hallucinations: unconscious fabrication
without knowledge source identification

Sartori &
Orrù (2023)

Cognition &
Behavior

Dependence on training data: bias limits
performance on other tasks; lack of
creativity/imagination; lack of autonomy for
complex goals; poor multi-step reasoning;
lack of self-understanding; limited real-world
understanding

Goertzel
(2023)

Cognition &
Behavior

Forgetting: may forget previous knowledge
when learning new tasks; inadequate
common-sense reasoning; lack of systematic
problem-solving demonstration

Peng et
al. (2023)

Cognition &
Behavior

Lack of clear model behavior understanding
makes improvement difficult; lack of formal
behavior description prevents systematic
analysis and unified theory development

Holtzman et
al. (2023)

Cognition &
Behavior

Lack of model behavior interpretability
makes it difficult to understand performance
variations across tasks

Seals &
Shalin (2023)

Cognition &
Behavior

ChatGPT-human analogy differences in
stylistic dimensions, lexical features, and
comprehension devices; ChatGPT may lack
human cognitive/psycholinguistic features

Stade et
al. (2023)

Clinical &
Counseling

Technical limitations: difficulty assessing
suicide risk, substance abuse, safety,
comorbidities, life events; connecting with
patients: difficulty interpreting nonverbal
behaviors; autonomy/therapeutic relationship
problems
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Author Domain Challenges and Limitations
Li et
al. (2023)

Education &
Development

Academic integrity and authorship definition;
assessment methods and consequences; data
privacy/security; teacher-student
relationship; critical thinking skills;
misinformation/bias; interpersonal
communication skills

Kasneci et
al. (2023)

Education &
Development

Technical limitations: insufficient
personalization/adaptation; bias/equity
affecting processes/outcomes; over-reliance
causing creativity/critical thinking decline;
inadequate educator knowledge/expertise;
maintenance costs

Fecher et
al. (2023)

Society &
Culture

Multilingual support and equitable access;
liability issues challenging authorship
mechanisms; bias affecting scientific
objectivity; privacy/data protection;
intellectual property disputes; environmental
impact from carbon emissions

Atari et
al. (2023)

Society &
Culture

Ignoring global psychological diversity
(WEIRD societies) leads to prejudice;
value/moral judgment differences cause
communication problems; self-identity issues
lead to non-WEIRD population stereotypes

Park et
al. (2023)

Society &
Culture

Reduced innovation, bias/discrimination,
culture clash, value differences, status quo
entrenchment

Salah et
al. (2023)

Society &
Culture

Limited social context understanding: good
syntax/semantics but poor social language
nuance capture

Hayes (2023) Society &
Culture

Ethical challenges: AI-generated fake content
raises digital personhood, informed consent,
manipulation, and human interaction
simulation issues

Miotto et
al. (2022)

Society &
Culture

Potential biases: training data biases lead to
unfair results (e.g., reinforcing sexism in job
ad translation)

Bender et
al. (2021)

Society &
Culture

Responsibility/control: complexity makes
output responsibility difficult, leading to
attribution problems and control lack

Tamkin et
al. (2021)

Society &
Culture

Potential harm: propagation of stereotypes,
discrimination, extremism; misinformation
and bullying
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Author Domain Challenges and Limitations
Brown et
al. (2020)

Society &
Culture

Data bias/unfairness harms marginalized
communities; automating bias exacerbates
discrimination; authoritative viewpoint
enhancement undermines marginalized people

Sallam
(2023)

Research
Tools

News generation: GPT-3 news difficult to
distinguish from real news, causing confusion

Gupta et
al. (2023)

Research
Tools

Plagiarism: ChatGPT content may violate
academic norms; copyright: unclear
ownership; transparency: unclear workings;
liability: responsibility for incorrect content

Dergaa et
al. (2023)

Research
Tools

Transparency/explanation: generative AI
mechanisms difficult to explain, causing
credibility doubts

Peters &
Matz (2023)

Research
Tools

Legal/ethical issues: intellectual property,
privacy, compliance concerns

Y. Liu et
al. (2023)

Research
Tools

Integration of erroneous/biased information;
citation problems; impact on academic
integrity/quality; increased inequity;
difficulty recognizing AI content; evaluation
issues

Research
tools

General Direct replacement: ChatGPT not a
complete replacement due to limitations in
certain research types

7.2 Future Directions and Emergent Trends
LLMs have begun permeating different psychology areas, particularly
cognitive/behavioral, clinical/counseling, educational/developmental, and
social/cultural psychology. As capabilities advance, applications will continue
developing.

First, in cognitive and behavioral psychology, multimodal LLMs (OpenAI, 2023)
can combine visual/auditory information with text to better understand and
model emotions, behaviors, and mental states. Neuroimaging data can inform
LLM architectures and parameters, integrating with textual data to create more
accurate, biologically-grounded models of human language and thought.

Second, in clinical and counseling psychology, personal data (social media posts,
medical records, wearable device data) can create tailored LLMs providing more
accurate mental state insights. Combining human clinical expertise with LLM
scalability and computational power can create new diagnostic, treatment, and
intervention tools.

Third, in educational/developmental and social/cultural psychology, building
ethical LLMs requires ensuring design and deployment respect privacy and use
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data fairly and responsibly.

Ultimately, LLM development requires interdisciplinary collaboration among
psychology, computer science, linguistics, and other fields. For psychology re-
searchers, accessible open-source LLM frameworks and tools may become in-
tegral to future research. Table 7 summarizes future directions and emergent
trends.

Table 7. Future Directions and Emergent Trends of LLMs in Psycho-
logical Applications

Author Domain Future Directions and Emergent Trends
D’Oria
(2023)

Cognition
&
Behavior

Delve into Human-Computer Interaction to
understand AI’s ability to mimic human behavior;
explore AI language modeling applications in
human sciences to improve research efficiency and
quality

Crockett
& Messeri
(2023)

Cognition
&
Behavior

Focus on costs of alternative human narratives:
masking human labor behind them and impact on
human well-being

Binz &
Schulz
(2023b)

Cognition
&
Behavior

Explore whether LLMs can learn to explore
purposefully and better utilize causal knowledge;
analyze performance across tasks/contexts for
human-like adaptation; investigate cognitive ability
development during natural human interaction

Huang &
Chang
(2022)

Cognition
&
Behavior

Improve reasoning by optimizing training data,
architecture, and goals; develop better evaluation
methods/benchmarks; explore potential in
problem-solving, decision-making, planning;
investigate other reasoning forms (inductive,
retrospective)

Abd-
Alrazaq et
al. (2019)

Clinical &
Counsel-
ing

Develop more chatbots for schizophrenia, OCD,
bipolar disorder; implement chatbots in developing
countries to address professional shortages;
conduct more randomized controlled trials

Stade et
al. (2023)

Clinical &
Counsel-
ing

Focus on evidence-based practices first for
short-term clinical impact; involve interdisciplinary
collaboration; focus on therapist/patient trust and
usability; design effective clinical LLM evaluation
criteria

Demszky
et
al. (2023)

Clinical &
Counsel-
ing

Develop new therapeutic techniques and
evidence-based practices
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Author Domain Future Directions and Emergent Trends
Hagendorff
(2023)

Education
& Devel-
opment

Develop high-quality cornerstone datasets
encompassing populations and constructs with
psychologically important outcomes (behaviors,
mindfulness, health, well-being); focus on consumer
neuroscience and clinical neuroscience research

Sap et
al. (2022)

Society &
Culture

Developmental psychology: examine LLM
cognitive, social, emotional development over
lifespan; Learning psychology: study
knowledge/skill acquisition and optimization

Schaaff et
al. (2023)

Society &
Culture

Explore interactive/empirical training methods for
true social intelligence; combine static text with
rich social interaction data

Argyle et
al. (2022)

Society &
Culture

Investigate GPT-3 algorithmic fidelity; create “in
silico samples” by conditioning on
socio-demographic backgrounds from large U.S.
surveys

Ziems et
al. (2023)

Society &
Culture

Develop advanced models capturing emotional
context; measure bot emotional capabilities;
explore ChatGPT as empathetic support tool

Van Dis
et
al. (2023)

Research
Tools

Invest in truly open LLMs for transparency and
democratic control; embrace AI advantages while
focusing on ethics and human autonomy; broaden
international discussion on responsible LLM use,
diversity, and inequality

Fecher et
al. (2023)

Research
Tools

Analyze LLM risks/opportunities for science
systems; examine effects on quality assurance,
misconduct, integrity; explore impact on
reputation, evaluation, knowledge dissemination;
balance benefits with scientific principles

8. Conclusion
With rapid AI technology development, particularly continuous advancement
of LLMs like the GPT family, we have entered a new era characterized by un-
precedented machine ability to understand and generate human language. This
represents not just a technological breakthrough but opens doors to potential
applications across psychology.

First, in cognitive and behavioral psychology, LLMs excel across various cog-
nitive tasks. While limitations remain in causal cognition and planning, these
models resurrect association principles, demonstrating distant association and
complex reasoning abilities. LLMs’ adaptability as cognitive models is a signif-
icant strength, enabling new explorations of human cognitive and behavioral
processing mechanisms.
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Second, in clinical and counseling psychology, LLMs can serve as preliminary
diagnostic tools for mental health. While traditional diagnosis relies on pro-
fessional experience and direct patient interaction, LLMs can quickly identify
potential problems like depression and anxiety by analyzing verbal expressions
and textual content. Such diagnosis cannot fully replace professional assessment
but serves as an effective adjunct, helping psychologists understand patients
more quickly or supporting primary interventions. Personalized psychological
intervention is another critical application direction. By combining individual
health data and lifestyle information, these models can provide tailored psy-
chological advice and intervention programs, potentially crucial for improving
intervention effectiveness.

Third, in educational/developmental and social/cultural psychology, LLMs
show similar potential. They provide interactive, personalized learning ex-
periences and generate research tasks based on real-life cases that increase
motivation and enhance learning. Additionally, by analyzing large social media
datasets, these models help researchers track and analyze public sentiment
changes to better understand psychosocial dynamics.

Finally, in psychological research, LLMs can drastically improve efficiency. Re-
searchers can quickly organize and analyze large literature volumes, saving time.
These models also assist in experimental design, data analysis, and even paper
writing, making psychological research more efficient and precise.

In summary, LLM applications in psychology are promising. From research aids
to cognitive modeling, from individualized interventions to personalized learn-
ing, and from individual cognitive abilities to group social interactions, these
models have potential to dramatically improve understanding of human com-
munication patterns, thought processes, and behaviors, leading to more sophis-
ticated theories of mind. However, despite great potential, vigilance regarding
risks and challenges is essential. Ensuring these applications adhere to ethical
standards is vital, especially for protecting individual privacy and data security.
It is also important to recognize that no matter how technologically advanced,
LLMs can only partially replace human professional judgment and experience.
Therefore, these models should be viewed as aids rather than all-in-one solu-
tions.
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