
REVIEWPREMIER JOURNAL OF PSYCHOLOGY

1 

Using Large Language Models in Psychological Research:  
A New Frontier for Hypothesis Generation
Vincent Adeyemi

ABSTRACT
Large language models (LLMs) are revolutionizing 
psychology research, particularly in the area of 
hypothesis generation. Psychologists have traditionally 
depended on established methods like comprehensive 
literature reviews, empirical research, and theoretical 
frameworks. Despite their effectiveness, these methods 
frequently fall short of the increasing expectations of 
the data-driven world of today. Since the introduction 
of LLMs, academics have had access to instruments 
that can analyze large volumes of text, spot complex 
patterns, and produce original ideas that may inspire 
new, creative research questions. This article examines 
how LLMs can improve hypothesis formation in the 
social, developmental, and therapeutic domains, 
among the other subfields of psychology. It looks 
at their main benefits, namely their capacity to 
automatically scan vast amounts of psychological 
literature, creatively combine disparate materials, 
and identify patterns at scale. It also recognizes 
their drawbacks, including their dependence on 
perhaps skewed training data, their inability to 
comprehend complex situations, and their inability 
to match artificial intelligence (AI)-driven theories 
with accepted research practices. Their responsible 
implementation also emphasizes the importance of 
ethical factors, such as encouraging transparency, 
guaranteeing accountability, and safeguarding privacy. 
Future developments could include the development 
of specialized LLMs for psychology research, hybrid 
strategies that incorporate AI and human expertise, 
and interdisciplinary collaboration to optimize the use 
of these tools. By carefully incorporating LLMs into 
research procedures, hypothesis development could 
be transformed, opening the door to a more profound 
understanding and a more thorough comprehension of 
human behavior.
Keywords: Large language models, Hypothesis 
generation, Psychological research, Ethical 
considerations, Interdisciplinary collaboration

Introduction
The processes that have traditionally driven psycho-
logical research include expert knowledge, empirical 
observation, and iterative hypothesis generation—pro-
cesses requiring creativity and the ability to synthesize 
large amounts of information. Technological advances 
have allowed social and behavioral scientists to collect 
diverse psychological data at scales previously un-
imaginable, driving major advances in psychological 
science and related domains.1 Until recently, the start 
of the digital revolution and, along with that, the avail-
ability of “big data” have resulted in enormous advanc-
es in the knowledge of psychological processes: for the 
first time, researchers were able to analyze patterns, 

behaviors, and interactions in a way and on a scale 
hardly imaginable.2

Recently, large language models (LLMs) have 
transformed into groundbreaking tools in artificial 
intelligence (AI). These are extensive neural networks, 
reaching billions to over a hundred trillion parameters, 
and are trained on vast text datasets. In this setting, 
these models demonstrate exceptional efficacy in 
language understanding, generation, and translation. 
The self-supervised or semi-supervised training 
approach that enables these models to find intricate 
patterns in unstructured textual data is the foundation 
for their comprehensive handling of language-related 
challenges. LLMs’ emergent tendencies, which are 
similar to cognitive processes, increase their usefulness 
in comprehending psychological ideas and human 
language.5,6

The convergence of LLMs and psychological research 
offers promising prospects for hypothesis formulation. 
Psychological research is often initiated on a ground of 
hypothesis, which stands as the foundation of scientific 
inquiry. These hypotheses guide investigations into 
attitudes, behaviors, and beliefs, addressing questions 
about the most basic ways humans think and behave.7 
Traditional methods of hypothesis generation often 
take a lead from established theories, serendipitous 
observations, or interdisciplinary insights.8 However, 
LLMs now offer a new paradigm for hypothesis 
generation; their unparalleled ability to analyze big 
data, observe patterns, and infer relationships has 
the potential to enormously accelerate discovery 
in social, developmental, and clinical psychology.  
The potential to redefine the research process makes 
the LLMs among the most capable tools for starting the 
investigation of new frontiers.

Traditional Methods of Hypothesis Generation in 
Psychology
Traditional hypothesis generation methods have 
always served as the foundation of psychological 
research. These methodologies, although effective, 
frequently fail under the pressures of modern 
research. One of the traditional methods involves the 
application of theoretical approaches. This method 
typically formulates hypotheses based on foundational 
theories, such as Piaget’s stages of cognitive 
development or Freud’s psychoanalytical theory, 
which offer systematic frameworks for elucidating 
psychological phenomena. Attachment theory by 
Bowlby has also been important in the formulation 
of hypotheses on early childhood relationships and 
subsequent emotional development.9 Theoretical 
frameworks guide the formulation of hypotheses but 
may at the same time inadvertently reduce creativity 
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by reinforcing biases already present in the original 
theories.

Empirical observations, both from case studies and 
through naturalistic observation, also have an import-
ant role in the generation of hypotheses. For instance, 
hypotheses about social media influences on learning 
behaviors in classrooms can be generated for testing 
by researchers studying classroom group dynamics.10 
These approaches have their value but tend to be very 
labor-intensive and pose scaling challenges when larg-
er datasets are involved or when new phenomena are 
under exploration.11

The systematic review of the existing literature is an 
essential component in traditional hypothesis genera-
tion. By examining trends and recognizing deficiencies 
in previous research, scholars might formulate new 
study questions and hypotheses. Meta-analyses, for 
example, frequently uncover determinants affecting 
therapy outcomes and stimulate additional research.12 
As the body of psychological literature grows, the man-
ual synthesis and identification of significant patterns 
becomes progressively more difficult.13

While these traditional approaches have been 
essential to the growth of psychological research, their 
limitations underscore the need for complementary 
tools. Emerging technologies, such as LLMs, offer 
the potential to augment traditional methods by 
addressing the issues of scale, bias, and complexity, 
paving the way for more efficient and innovative 
hypothesis generation.

Capabilities of LLMs Relevant to Hypothesis Generation
The adoption of LLMs, such as GPT and BERT, signi-
fies significant progress in psychology. Their capacity 
to analyze vast datasets—from surveys to interview 
transcripts and scholarly articles—allows academics to 
concentrate more on hypothesis formation rather than 
laborious manual analysis. This benefit is especially 
pertinent now since psychology increasingly depends 
on datasets that are too extensive for conventional 
methods to manage efficiently.16

A notable capability of LLMs is their adeptness at 
identifying patterns and trends in intricate data. This 
ability is essential in psychology, where comprehend-
ing the complex interactions between elements such 
as environmental conditions and mental health ne-
cessitates advanced analysis. By seeing these nuanced 
relationships, LLMs might formulate hypotheses that 
researchers may otherwise neglect owing to cognitive 
or resource constraints.17

Apart from pattern recognition, LLMs demonstrate 
the ability for creative hypothesis through the 
recombination of previously learned knowledge in 
new and innovative combinations. This novelty in 
the creation of research questions invites exploratory 
research and challenges the status quo. An LLM trained 
on psychotherapy data could, for instance, formulate 
hypotheses about emergent patterns in interactions 
between clients and therapists that have not yet been 
discussed as an area of formal academic study.19 
Applications of such models can also master the 

automation of routine tasks; these include qualitative 
coding of data and summarizing findings—a task that 
saves researchers from focusing their efforts on the 
design of experiments and interpretation of results.20

Practical Applications in Psychology
LLMs can process and synthesize large volumes of psy-
chological literature quickly, identify gaps in research, 
and propose new lines of investigation. For instance, 
when researching adolescent mental health, an LLM 
could identify recurring themes—such as screen time 
affecting emotional well-being—in a vast pool of texts 
and save  researchers’ considerable time and effort by 
guaranteeing completeness of the coverage.22 Such a 
capability for streamlining literature synthesis contrib-
utes to overcoming one of the principal difficulties to 
hypothesis generation through increased speed and 
scope.

Other than literature review, LLMs can be useful in 
clinical psychology where large volumes accrue, such 
as therapy transcripts or patient notes that seldom get 
utilized. Therefore, extracting meaningful patterns 
from these datasets using language models will help 
generate meaningful hypotheses. For instance, a re-
cent study by Tai et al used LLMs to deductively code 
interview transcripts, comparing their outputs with 
those of human coders to demonstrate how LLMs can 
provide systematic and reliable code identification 
while minimizing analysis misalignment.39

LLMs also handle large-sized behavioral data anal-
yses, including longitudinal analyses, that provide 
complex relationships. For instance, they will be able 
to evaluate variables such as work hours in relation to 
stress levels to hypothesize the predictors of burnout, 
thus enabling a more complex analysis of psychologi-
cal phenomena.24

Recent applications of LLMs have surpassed 
traditional data sources for the analysis of behavioral 
trends on social media websites. These latter platforms 
generate reams of unstructured data in real time, which 
can be processed by LLMs to determine the patterns 
of societal behaviors and psychological trends. For 
example, during a worldwide crisis, an LLM could 
analyze tweet content to assess collective anxiety levels 
and resilience patterns, offering actionable insights for 
public mental health treatments.25

Ethical and Practical Considerations
The integration of LLMs into psychology to generate 
hypotheses is a creation of an array of opportunities 
but at the same time raises critical ethical and practi-
cal challenges. Among the main risks is excessive re-
liance on the generated hypotheses. While LLMs can 
efficiently process voluminous datasets to come up 
with novel ideas, there is a danger in accepting these 
outputs without thorough validation. While LLMs’ hy-
potheses may sound plausible, they are often scientif-
ically weak and can mislead research efforts. Human 
judgment is thus held to be moderately indispensable 
to ensure that the hypotheses generated through AI 
techniques are relevant and valid.26,27
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Another concern is bias in LLMs. With the large 
datasets that they are trained on, LLMs inevitably 
show these biases. This can be even more serious in 
psychological research, as such studies presuppose 
the sample’s representativeness for all the necessary 
demographics. If LLMs show partiality to some opinions 
only because of biased training data, then their results 
cannot be generalized and fair. Researchers must 
proactively work on identification and mitigation if 
they want to keep their contributions impeccable.21,28

Practical solutions for mitigating biases include 
using diverse and balanced training datasets to 
improve the representativeness of model outputs, 
employing bias detection and correction tools, and 
involving interdisciplinary reviews to adjust training 
processes. For example, Ruggeri et al suggested 
developing a methodology for the analysis of machine 
learning to detect and understand biased decisions.29

Another important aspect is transparency in hypoth-
esis generation. It has been a cause for concern that 
LLM models “black-box” how individual outputs came 
to be, reducing the possibility for the reproduction and 
trust of research findings. Several explainable AI tech-
niques can be used to enhance the transparency and 
accountability of the models through detailed records 
of how decisions are made via modeling.30,31

The application of LLMs in psychology also greatly 
involves adherence to standards on privacy. Since 
psychological data is sensitive in nature, participant 
confidentiality is a very important aspect to observe. 
Researchers should follow ethical instructions on the 
protection of privacy and the building of confidence for 
individuals, such as data anonymization and free and 
informed consent.31

More generally, the use of LLMs raises ethical issues 
amid a lack of accountability and possible misuses. 
To overcome the problems, an ethical framework is 
required. The varied viewpoints required to negotiate 
these problems can be obtained through cooperative 
efforts involving psychologists, ethicists, and AI 
developers.30

Limitations of Using LLMs in Hypothesis Generation
LLMs offer remarkable potential for producing 
psychological theories, but they also have significant 
drawbacks. Their insufficient comprehension of 
psychological theories is one of the primary obstacles. 
Large datasets are used to teach the LLMs statistical 
patterns. This leads to a deficiency in comprehension, 
which is essential for understanding more intricate 
psychological constructs. This may yield outputs that 
appear appropriate at face value yet are contextually 
inappropriate or superficially theoretical.33

Besides, LLMs tend to generate very general or unre-
lated hypotheses, especially in highly domain-specific 
research. The generation of novel or topic-specific hy-
potheses may be restricted because of overdependence 
on patterns already contained in data. This limitation 
underlines the main role for human oversight concern-
ing the relevance and novelty of generated ideas.34

Resource availability is also a barrier. Advanced 
computational resources and technical expertise are 
required, both in implementing and fine-tuning LLMs, 
which may not be equally accessible to all researchers. 
This may further increase inequity between well-
resourced and under-resourced institutions with 
regard to the adoption of AI tools.35

Another challenge involves the integration of LLMs 
with traditional research methods. Researchers need 
frameworks that can align the hypotheses generated 
through AI with the existing designs in research and 
validation processes. Using LLMs in psychology 
is further complicated by ethical issues related to 
data privacy, informed consent, and the problem of 
bias perpetuation. This implies that the responsible 
use of LLMs in psychological research requires 
interdisciplinary cooperation and ethical attention in 
order to overcome such significant constraints.

Future Directions
To maximize the potential of LLMs for hypothesis 
generation in psychology, specific developments 
and strategies are required. First is the development 
of LLMs that are designed for use in psychology. It 
would arguably make them more contextually fitting 
and theoretically anchored if they were to be used 
for hypothesis generation, given their training within 
domain-specific data and literature. Custom LLMs 
would raise the relevance of their AI outputs by further 
responding to the needs of research in psychology.37

An alternative method to developing hypothesis 
generation is through the hybrid approach: AI 
combined with the capabilities and judgments of 
humans. An LLM can promptly identify a pattern 
and offer an initial hypothesis that can be further 
developed and verified by researchers. This combined 
approach strikes a balance between scientific rigor and 
computing efficiency.38

Collaborations among data scientists, psychologists, 
and AI experts can resolve technical issues, improve 
model interpretability, and create ethical standards for 
using AI in research. Such collaborations could lead 
to innovative tools that support hypothesis generation 
while upholding rigorous ethical standards.39

Broadly speaking, the impact of LLMs on experi-
mental psychology is huge since they speed up the 
generation of hypotheses and make the creative pro-
cess in finding new research directions faster. Beyond 
this, it is fair to say that their consistent processes 
may be considered yet another factor that could make 
psychological studies more reproducible.40 In light of 
these considerations, pursuing these future directions 
will enable psychology to responsibly integrate LLMs 
into its research practices in such a way that it offers 
innovation but further extends knowledge on human 
behavior.
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