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Abstract: GPT (Generative Pre-trained Transformer) represents advanced language models that have
significantly reshaped the academic writing landscape. These sophisticated language models offer
invaluable support throughout all phases of research work, facilitating idea generation, enhancing
drafting processes, and overcoming challenges like writer’s block. Their capabilities extend beyond
conventional applications, contributing to critical analysis, data augmentation, and research design,
thereby elevating the efficiency and quality of scholarly endeavors. Strategically narrowing its
focus, this review explores alternative dimensions of GPT and LLM applications, specifically data
augmentation and the generation of synthetic data for research. Employing a meticulous examination
of 412 scholarly works, it distills a selection of 77 contributions addressing three critical research
questions: (1) GPT on Generating Research data, (2) GPT on Data Analysis, and (3) GPT on Research
Design. The systematic literature review adeptly highlights the central focus on data augmentation,
encapsulating 48 pertinent scholarly contributions, and extends to the proactive role of GPT in critical
analysis of research data and shaping research design. Pioneering a comprehensive classification
framework for “GPT’s use on Research Data”, the study classifies existing literature into six categories
and 14 sub-categories, providing profound insights into the multifaceted applications of GPT in
research data. This study meticulously compares 54 pieces of literature, evaluating research domains,
methodologies, and advantages and disadvantages, providing scholars with profound insights crucial
for the seamless integration of GPT across diverse phases of their scholarly pursuits.

Keywords: LLM; GPT; systematic literature review; GPT in research; data augmentation; feature
extraction; synthetic data generation

1. Introduction

The advent of advanced language models, particularly those exemplified by GPT
(Generative Pre-trained Transformer) and LLMs (Large Language Models), such as GPT-3,
has profoundly influenced the landscape of academic writing. These technologies have
demonstrated considerable utility in the realm of scholarly endeavors, providing valuable
support in idea generation, drafting processes, and surmounting challenges associated
with writer’s block [1–3]. However, a comprehensive understanding of their implications
in the academic context necessitates an acknowledgment of the nuanced interplay between
their benefits and limitations, as evidenced by scholarly investigations [4,5]. The scholarly
discourse on GPT and LLMs reveals a dichotomy wherein their application in academic
writing is accompanied by notable advantages and inherent challenges [1–3]. Noteworthy
studies delve into the intricate dynamics of human–machine interaction, emphasizing the
imperative of judiciously integrating AI tools into the fabric of writing practices [4]. Further-
more, recent contributions extend the conversation to encompass copywriting, elucidating
the multifaceted impact of AI on diverse professional roles and creative processes [5]. Thus,
while these technologies offer promising prospects for enhancing research writing, their
conscientious and responsible utilization becomes paramount.
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The primary challenges identified in recent scholarship pertaining to the utilization
of GPT and LLMs in research writing converge on concerns related to accuracy, potential
biases, and ethical considerations [6]. Addressing these challenges requires a concerted
effort to establish ethical guidelines and norms, ensuring the judicious use of LLMs in
research endeavors [6]. The academic discourse underscores the significance of upholding
scientific rigor and transparency, particularly in light of the potential biases embedded in
LLM outputs [3–5]. Papers in [7–9] collectively suggest that while LLMs offer innovative
tools for research writing, their use must be accompanied by careful consideration of ethical
standards, methodological rigor, and the mitigation of biases. As highlighted in [7–9],
one of the darning issues of using GPT or LLM-based technology in authoring academic
publications involves the use of AI-based paraphrasing to hide potential plagiarism in
scientific publications.

Notwithstanding the concerns associated with the authoring aspect of research, the
review at hand strategically narrows its focus to explore alternative dimensions of GPT
and LLM applications in scholarly pursuits. Specifically, the examination focuses on
data augmentation, where GPT and LLMs play a pivotal role in enhancing research data,
generating features, and synthesizing data [10–12]. As shown in Figure 1, with GPT’s
advanced language understanding capabilities, features can be extracted from plain text
information. It should be noted that previously, feature extraction from plain texts involved
various natural language processing techniques like entity recognition, sentiment analysis,
classification, and others, as shown in [13–18]. With the introduction of GPT and associated
technologies, a simple prompt can extract various features from plain text (Figure 1).
Moreover, as depicted in Figure 1. Semantically similar content could be added by GPT
being part of the data augmentation process, improving the diversity and robustness of the
data. Furthermore, rows of data could be synthetically generated by GPT, facilitating the
training of the machine learning process during times of data scarcity or confidentiality
(shown in Figure 1).
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Figure 1. Conceptual diagram of how GPT performs feature extraction, data augmentation, and
synthetic data generation.

In the recent literature landscape, various reviews have emerged concerning the adop-
tion of GPT in research [19–21]. However, a critical research gap persists, as none of these
reviews comprehensively explores GPT’s substantial capacity and capability in the realms
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of generating, processing, and analyzing research data. To address this significant void,
this literature review meticulously scrutinizes 412 scholarly works, employing rigorous
exclusion criteria to distill a curated selection of 77 research contributions. These selected
studies specifically address three pivotal research questions, delineated as follows:

• RQ1: How can GPT and associated technology assist in generating and processing
Research Data

• RQ2: How can GPT and associated technology assist in analyzing Research Data
• RQ3: How can GPT and associated technology assist in Research Design and prob-

lem solving

In Figure 2, the systematic literature review adeptly highlights the central focus on
data augmentation with GPT, encapsulating 45 highly pertinent scholarly contributions.
Beyond this primary focus, the study delves into the proactive role of GPT in facilitating
critical analysis of research data [22–25] and shaping research design [26–28]. Significantly
advancing the scholarly discourse, this study pioneers the development of a comprehensive
classification framework for “GPT’s use of research data”, marking a seminal contribu-
tion. By critically scrutinizing existing research works on data augmentation, the review
uniquely establishes a classification system encompassing six overarching categories and
14 sub-categories, providing a systematic and insightful perspective on the multifaceted
applications of GPT in research data. Furthermore, the judicious placement of all 45 seminal
works within these meticulously defined sub-categories serves as a sagacious validation of
the intellectual rigor and innovation inherent in this classification framework, thereby sub-
stantiating its rationale and scholarly significance. Ultimately, the meticulous comparative
analysis of 54 extant literary works, rigorously evaluating research domains, methodologi-
cal approaches, and attendant advantages and disadvantages, provides profound insights
to scientists and researchers contemplating the seamless integration of GPT across diverse
phases of their scholarly endeavors.
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Figure 2. Use GPT and associated LLM in all phases of research. 48 scholarly works on data
augmentation (Starred denoting the main focus of this review), 12 existing publications on critical
analysis (i.e., research data analysis), and 10 papers on research design.

2. Research Methods

This systematic literature review rigorously investigates the application of GPT, LLM,
and related technologies across various research phases following the PRISMA method,
an acronym for Preferred Reporting Items for Systematic Reviews and Meta-Analyses.
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PRISMA represents a meticulously structured approach for conducting and reporting
systematic literature reviews and meta-analyses within the realm of academic research.
The PRISMA method encompasses key components such as the identification, screening,
eligibility assessment, and inclusion of pertinent studies, as well as the extraction and
synthesis of data from the selected literature. This systematic approach is underpinned by
a commitment to reducing bias and enhancing the reproducibility of the review process.
Employing a meticulously devised strategy, as depicted in Figure 3, we formulated a
comprehensive set of search keywords. These keywords were then utilized across multiple
databases, including IEEE Xplore, Scopus, ACM Library, Web of Science, and PubMed,
leading to the initial identification using their supported advanced queries. As seen
from Figures A1–A5 in Appendix A, the actual implementation of advanced queries
varies from platform to platform. However, all these advanced queries implemented the
conceptual query design represented in Figure 3. Additionally, we explored other sources
like Litmaps [29], yielding nine supplementary resources. Innovative visualization tools like
Litmaps showed related research in our domain of interest, thereby highlighting papers that
might have been missed from mainstream databases. Figure A6 of Appendix A shows how
Litmaps identified 20 possible citations that might be within the domain of interest. After
identification of possible records from IEEE Xplore, Scopus, ACM Library, Web of Science,
and PubMed, duplicated records were identified and removed. From the records without
duplicates, the screening process was performed in two stages. In the first stage, screening
was performed by careful inspection of the titles and abstracts. If the title and abstract of a
record contained the keywords but focused on a completely different area of research, then
that record was excluded. For example, the records shown in Figure A1 (i.e., GPT as virtual
assistant in medical surgery), Figure A2 (i.e., comparison of ChatGPT, GPT, and DALL-E2),
and Figure A4 (i.e., research in nanomaterials and nanotechnology) of Appendix A were
excluded because these studies did not focus on “GPT in Research”. In stage 2 of screening,
full-text articles were downloaded, inspected, and critically reviewed for eligibility. From
reading the full text, if the article had an insignificant focus on the research questions set
out in RQ1, RQ2, and RQ2, the article was excluded. Finally, 77 articles relevant to the
research questions were included in this study.

Figure 3. Search keyword used for obtaining relevant existing academic works on “GPT, LLM, and
associated technologies in different phases of research”.

It should be noted that the extensive set of criteria represented in Table 1 is a modified
version of an earlier work on systematic literature review [30]. Figure 4 presents a schematic
diagram elucidating this systematic review process. Our analysis reveals that 48 of these
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papers directly address GPT/LLM applications in research data phases, while another
22 contribute insights on their utilization in research analysis and design.

Table 1. Inclusion and Exclusion criteria for both peer-reviewed and grey literature.

Category Criteria

In
cl

us
io

n

Pe
er

R
ev

ie
w

ed
Li

te
ra

tu
re

• (GPT OR LLM) AND (Research Design OR (DATA AND (Augment OR Generate OR Feature
Extraction)) OR Data Generate) AND (GAP OR Question OR Problem)

• Review studies, Survey/Questionnaire based qualitative or quantitative studies, Original Research
articles

• Paper indexed in popular peer-reviewed sources (i.e., IEEE Explore, ACM Library, PubMed, Scopus,
and Web of Science)

• Papers focusing into research questions RQ 1–RQ 3
• Studies available in English language
• Studies available in full text

G
re

y
Li

te
ra

tu
re • Websites focused into low code development platforms and their features

• Indexed in popular search engines (i.e., Google and Microsoft Bing)
• Articles authored by either by the GPT/LLM vendor or third-party benchmarking company
• Article available in English language

Ex
cl

us
io

n

Pe
er

R
ev

ie
w

ed
Li

te
ra

tu
re • Tutorial Papers

• Short papers less than four pages
• Poster Papers, Editorials, Abstract (i.e., lacking detailed Information)
• Papers prior to 2019 (Since GPT was introduced in 2019)

G
re

y
Li

te
ra

tu
re • Websites referring to peer reviewed literature

• GPT Platforms promoted by bloggers, consultants or third-party companies
• Tutorial Videos and discussions on GPT
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Significantly, a subset of 6+ papers [3–9] underscore major concerns associated with
GPT-based technologies in research authorship, citing issues such as hallucinations, biases,
ethical dilemmas, and the potential for AI-assisted plagiarism concealment. Consequently,
this review conscientiously excludes GPT-based research authoring from its primary fo-
cus areas.
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3. Existing Research on GPT’s Use in Research Data

As shown in Figures 2 and 4, the major focus of this review study is on the use of GPT
in research data. As a result of the systematic literature review process, 48 existing pieces of
literature were found to be highly relevant to “GPT on Research Data”. This section would
summarize these papers.

GPT and other large language models (LLMs) provide versatile tools for various data-
related tasks. They excel at generating coherent, contextually relevant textual data, making
them ideal for content creation across diverse fields. LLMs can synthesize realistic synthetic
data, which is especially valuable in domains with privacy concerns or data scarcity. In
data augmentation, these models enhance existing datasets by adding new, synthesized
samples, thereby improving the robustness of machine learning models. Furthermore,
LLMs are capable of extracting and generating features from complex datasets, aiding in
more efficient and insightful data analysis. The adaptability of these models to different
data types and their ability to tailor their output make them powerful tools in data science
and AI development.

The study in [31] presents the GReaT (Generation of Realistic Tabular data) approach,
which uses transformer-based large language models (LLMs) for the generation of synthetic
tabular data. This method addresses challenges in tabular data generation by leveraging
the generative capabilities of LLMs. [32] discusses a method that combines GPT technology
with blockchain technology for secure and decentralized data generation. This approach
can be beneficial in scenarios where data privacy and security are paramount. [26] explores
the use of GPT for augmenting existing datasets. It demonstrates how GPT can be used
to expand datasets by generating new, realistic samples, which can be particularly useful
in fields where data is scarce or expensive to obtain. A study in [33] presents a novel
application of GPT for feature extraction from unstructured data. It showcases how GPT
models can be fine-tuned to identify and extract relevant features from complex datasets,
enhancing data analysis and machine learning tasks. Ref. [34] details an early version of a
GPT-based system for data anonymization, highlighting its potential to protect sensitive
information in datasets while retaining its utility for analysis. Research in [35] focuses on
using GPT for generating synthetic datasets for training machine learning models. This is
especially useful in domains where real-world data is limited or sensitive. The work in [36]
investigates the potential of Foundation Models (FMs), like GPT-3, in handling classical
data tasks such as data cleaning and integration. It explores the applicability of these
models to various data tasks, demonstrating that large FMs can adapt to these tasks with
minimal or no task-specific fine-tuning, achieving state-of-the-art performance in certain
cases. The study in [37] discusses advanced techniques for text data augmentation, focusing
on improving the diversity and quality of the generated text data. It emphasizes methods
that can generate nuanced and contextually appropriate data, enhancing the performance
of machine learning models, particularly in natural language processing tasks. Ref. [38]
explores the use of GPT-based models for feature extraction and generation, showcasing
their effectiveness in identifying and creating relevant features from complex datasets,
which is critical for enhancing data analysis and predictive modeling.

The work in [39] introduces LAMBADA, a novel method for text data augmentation.
It leverages language models for synthesizing labeled data to improve text classification
tasks, particularly in scenarios with limited labeled data. Ref. [40] focuses on the augmen-
tation of medical datasets using transformer-based text generation models. It particularly
addresses the challenge of data scarcity in the medical domain by generating synthetic
clinical notes, which are then evaluated for their utility in downstream NLP tasks like
unplanned readmission prediction and phenotype classification. A study in [41] presents
a method called PREDATOR for text data augmentation, which improves the quality of
textual datasets through the synthesis of new, high-quality text samples. This method is
particularly useful for text classification tasks and demonstrates a significant improvement
in model performance. Work in [42] presents a novel approach for enhancing hate speech
detection on social networks. It combines DeBERTa models with back-translation and
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GPT-3 augmentation techniques during both training and testing. This method signifi-
cantly improves hate speech detection across various datasets and metrics, demonstrating
robust and accurate results. The work in [43] presents DHQDA, a novel method for data
augmentation in Named Entity Recognition (NER). It uses GPT and a small-scale neural
network for prompt-based data generation, producing diverse and high-quality augmented
data. This approach enhances NER performance across different languages and datasets,
particularly in low-resource scenarios. The study in [44] introduces the I-WAS method, a
data-augmentation approach using GPT-2 for simile detection. It focuses on generating
diverse simile sentences through iterative word replacement and sentence completion, sig-
nificantly enhancing simile detection capabilities in natural language processing. Ref. [45]
explores generation-based data augmentation for offensive language detection, focusing
on its effectiveness and potential bias introduction. It critically analyzes the feasibility and
impact of generative data augmentation in various setups, particularly addressing the bal-
ance between model performance improvement and the risk of bias amplification. Ref. [46]
explores the use of GPT-2 in generating synthetic biological signals, specifically EEG and
EMG, to improve classification in biomedical applications. It demonstrates that models
trained on synthetic data generated by GPT-2 can achieve high accuracy in classifying
real biological signals, thus addressing data scarcity issues in biomedical research. The
work in the [47] document describes a study on fine-grained claim detection in financial
documents. The research team from Chaoyang University of Technology uses MacBERT
and RoBERTa with BiLSTM and AWD-LSTM classifiers, coupled with data resampling and
GPT-2 augmentation, to address data imbalance. They demonstrate that data augmentation
significantly improves prediction accuracy in financial text analysis, particularly in the
Chinese Analyst’s Report section. Ref. [48] discusses the role of ChatGPT in data science,
emphasizing its potential in automating workflows, data cleaning, preprocessing, model
training, and result interpretation. It highlights the advantages of ChatGPT’s architecture,
its ability to generate synthetic data, and addresses limitations and concerns such as bias
and plagiarism.

Research work in [49] details an approach for automating the extraction and classi-
fication of technical requirements from complex systems’ specifications. It utilizes data
augmentation methods, particularly GPT-J, to generate a diverse dataset, thereby enhancing
the training of AI models for better classification accuracy and efficiency in requirements
engineering. Ref. [50] investigates data augmentation for hate speech classification using a
single class-conditioned GPT-2 language model. It focuses on the multi-class classification
of hate, abuse, and normal speech and examines how the quality and quantity of generated
data impact classifier performance. The study demonstrates significant improvements in
macro-averaged F1 scores on hate speech corpora using the augmented data. The study
in [51] explores the use of GPT models for generating synthetic data to enhance machine
learning applications. It emphasizes the creation of diverse and representative synthetic
data to improve machine learning model robustness. The paper in [52] focuses on augment-
ing existing datasets using GPT models. The method involves generating additional data
that complements the original dataset, thereby enhancing the richness and diversity of data
available for machine learning training.

The research in [12] examines the generation of synthetic educational data using
GPT models, specifically for physics education. It involves creating responses to physics
concept tests, aiming to produce diverse and realistic student-like responses for educational
research and assessment design. The reference in [53] discusses the revolutionary role
of artificial intelligence (AI), particularly large language models (LLMs) like GPT-4, in
generating original scientific research, including hypothesis formulation, experimental
design, data generation, and manuscript preparation. The study showcases GPT-4’s ability
to create a novel pharmaceutics manuscript on 3D printed tablets using pharmaceutical
3D printing and selective laser sintering technologies. GPT-4 managed to generate a
research hypothesis, experimental protocol, photo-realistic images of 3D printed tablets,
believable analytical data, and a publication-ready manuscript in less than an hour. Ref. [54]
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focuses on the application of GPT models to augment existing datasets in the field of
healthcare. It presents a method for generating synthetic clinical notes in Electronic Health
Records (EHRs) to predict patient outcomes, addressing challenges in healthcare data
such as privacy concerns and data scarcity. The paper in [11] deals with textual data
augmentation in the context of patient outcome prediction. The study introduces a novel
method for generating artificial clinical notes in EHRs using GPT-2, aimed at improving
patient outcome prediction, especially the 30-day readmission rate. It employs a teacher–
student framework for noise control in the generated data. The study in [55] focuses
on leveraging large language models (LLMs) like GPT-3 for generating synthetic data to
address data scarcity in biomedical research. It discusses various strategies and applications
of LLMs in synthesizing realistic and diverse datasets, highlighting their potential for
enhancing research and decision-making in the biomedical field. Ref. [56] discusses the
use of GPT models for enhancing data quality in the context of social science research.
It focuses on generating synthetic responses to survey questionnaires, aiming to address
issues of data scarcity and respondent bias.

The seminal work in [57] explores the use of GPT-3 for creating synthetic data for
conversational AI applications. It evaluates the effectiveness of synthetic data in training
classifiers by comparing it with real user data and analyzing semantic similarities and
differences. The paper in [58] presents a system developed for SemEval-2023 Task 3,
focusing on detecting genres and persuasion techniques in multilingual texts. The system
combines machine translation and text generation for data augmentation. Specifically,
genre detection is enhanced using synthetic texts created with GPT-3, while persuasion
technique detection relies on text translation augmentation using DeepL. The approach
demonstrates effectiveness by achieving top-ten rankings across all languages in genre
detection, and notable ranks in persuasion technique detection. The paper outlines the
system architecture utilizing DeepL and GPT-3 for data augmentation, experimental setup,
and results, highlighting the strengths and limitations of the methods used. Ref. [59]
explores using GPT-3 for generating synthetic responses in psychological surveys. It
focuses on enhancing the diversity of responses to understand a broader range of human
behaviors and emotions. The study in [60] investigates the use of GPT-3 in augmenting
data for climate change research. It generates synthetic data, representing various climate
scenarios, to aid in predictive modeling and analysis.

The research in [61] leverages GPT-3.5 for augmenting Dutch multi-label datasets in
vaccine hesitancy monitoring. The paper discusses how synthetic tweets are generated
and used to improve classification performance, especially for underrepresented classes.
Romero-Sandoval et al. [62] investigate using GPT-3 for text simplification in Spanish fi-
nancial texts, demonstrating effective data augmentation to improve classifier performance.
Rebboud et al. [63] explore GPT-3’s ability to generate synthetic data for event relation
classification, enhancing system accuracy with prompt-based, manually validated synthetic
sentences. Quteineh et al. [64] present a method combining GPT-2 with Monte Carlo Tree
Search for textual data augmentation, significantly boosting classifier performance in active
learning with small datasets. Suhaeni et al. [65] explore using GPT-3 for generating syn-
thetic reviews to address class imbalances in sentiment analysis, specifically for Coursera
course reviews. It shows how synthetic data can enhance the balance and quality of training
datasets, leading to improved sentiment classification model performance. Singh et al. [66]
introduce a method to augment interpretable models using large language models (LLMs).
The approach, focusing on transparency and efficiency, shows that LLMs can significantly
enhance the performance of linear models and decision trees in text classification tasks.
Sawai et al. discuss using GPT-2 for sentence augmentation in neural machine translation.
The approach aims to improve translation accuracy and robustness, especially for languages
with different linguistic structures. The method demonstrated significant improvements in
translation quality across various language pairs.

The paper in [10] focuses on using GPT-2 to generate complement sentences for aspect
term extraction (ATE) in sentiment analysis. The study introduces a multi-step training
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procedure that optimizes complement sentences to augment ATE datasets, addressing the
challenge of data scarcity. This method significantly improves the performance of ATE
models. A study in [67] explores data augmentation for text classification using transformer
models like BERT and GPT-2. It presents four variants of augmentation, including masking
words with BERT and sentence expansion with GPT-2, demonstrating their effectiveness in
improving the performance of text classification models. Another recent work by Veyseh
et al. focuses on enhancing open-domain event detection using GPT-2-generated synthetic
data [68]. The study introduces a novel teacher–student architecture to address the noise
in synthetic data and improve model performance for event detection. The experiments
demonstrate significant improvements in accuracy, showcasing the effectiveness of this
approach. Waisberg et al. discuss the potential of ChatGPT (GPT-3) in medicine [69]. The
study highlights ChatGPT’s ability to perform medical tasks like writing discharge sum-
maries, generating images from descriptions, and triaging conditions [69]. It emphasizes
the model’s capacity for democratizing AI in medicine, allowing clinicians to develop AI
techniques. The paper also addresses ethical concerns and the need for compliance with
healthcare regulations [69].

The paper “Investigating Paraphrasing-Based Data Augmentation for Task-Oriented
Dialogue Systems” by Liane Vogel and Lucie Flek explores data augmentation in task-
oriented dialogue systems using paraphrasing techniques with GPT-2 and Conditional
Variational Autoencoder (CVAE) models [70]. The study demonstrates how these models
can effectively generate paraphrased template phrases, significantly reducing the need for
manually annotated training data while maintaining or even improving the performance of
a natural language understanding (NLU) system [70]. Shuohua Zhou and Yanping Zhang
focus on improving medical question-answering systems [71]. It employs a combination of
BERT, GPT-2, and T5-Small models, leveraging GPT-2 for question augmentation and T5-
Small for topic extraction [71]. The approach demonstrates enhanced prediction accuracy,
showcasing the model’s potential in medical question-answering and generation tasks.

4. A New Classification Scheme: GPT on Research Data

The previous section summarized 48 existing research works on the use of GPT in
generating research data. This section demonstrates the extensive classification framework
developed to group these 48 existing literary works on the use of GPT for data augmenta-
tion, natural language processing-based feature extraction, machine learning model-based
data cleaning, transformation, performance improvement, etc. As seen in Figure 5, re-
search data enhancement using GPT could be grouped into six categories. Each of these
six categories hosts two or more sub-categories. In this section, all these categories and
sub-categories will be described. Most importantly, all 48 existing works of literature would
be classified into one or more of these categories (as shown in Tables 2–7).

4.1. Data Generation and Augmentation

• Synthetic Data Creation: Focuses on using GPT models to generate artificial data that
mimics real-world data, useful in scenarios where data privacy is crucial or actual data
is limited. Literature in [31,35,51,52,56,57] could be attributed to this sub-category.

• Text Data Expansion and Enhancement: This involves leveraging GPT to create new
textual content and enhance existing datasets, thereby improving machine learning
models’ performance and addressing data scarcity [12,26,37,39,41,48,53,54,65].
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4.2. Natural Language Processing (NLP) and Text Analysis

• Feature Extraction and NER: This encompasses the use of GPT for identifying salient
features within unstructured data and enhancing named entity recognition (NER)
capabilities [33,38,43]. As shown in Figure 6, prior to the era of GPT, various NLP
techniques like entity recognition, sentiment analysis, and category classifications
were used for extracting features from textual data like social media posts, as shown
in [13–18]. Then these extracted features were used by machine learning techniques
for obtaining insights and analytics. However, with the advent of GPT, features could
be extracted with a simple GPT prompt like “Categorize these data into the following
categories (1) animals, (2) plants, and (3) equipment,” as shown in Figure 5.

• Text Simplification and Classification: Covers the application of GPT in simplifying
complex texts for better understanding and classification, particularly in specialized
fields like finance [10,62,64,67].

• Text Augmentation and Linguistic Feature Detection: This refers to the use of GPT for
generating text that aids in the detection and analysis of specific linguistic features,
such as similes or event relations. Works in [44,63] (Event Relation Classification) [53]
are categorized within this bucket.
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Table 2. Categorizing existing literature into the “Data Generation and Augmentation” category.

Reference Area of Research Method Used Advantages Disadvantages

[31] Realistic Tabular Data
Generation

Textual Encoding and
LLMs for Tabular Data

Versatile, less
preprocessing, authentic

synthesis

May require large models
for complexity

[26] Data Augmentation GPT for expanding
datasets

Generates new, realistic
samples

May not capture specific
domain nuances

[35] Synthetic Data
Generation for ML

GPT for synthetic dataset
creation

Useful in
limited/sensitive data

scenarios

Potential biases in
generated data

[37] Text Data Augmentation Advanced text
augmentation techniques

Improves data diversity
and quality

May require significant
computational resources

[39] Text Data Augmentation LAMBADA for text data
synthesis

Effective for improving
text classification with

limited data

May not generalize
across all data types

[41] Text Data Augmentation PREDATOR for text
synthesis

Enhances text dataset
quality, useful for
classification tasks

Specific focus on text
data, may not generalize

to other data types

[48] Data Science Automation ChatGPT for automating
data science workflows

Streamlines data science
tasks, generates synthetic

data
Bias, plagiarism concerns

[12] Educational Research,
Physics Education

Generating synthetic
responses for physics

Produces realistic
student-like responses

Limited to specific
educational contexts

[52] Data Augmentation,
Machine Learning

Augmenting datasets with
GPT-generated data

Increases dataset
richness; aids model

training

Risk of introducing
biases in synthetic data

[51]
Machine Learning,

Synthetic Data
Generation

Generating diverse
synthetic data using GPT

models

Enhances model
robustness; improves

data diversity

May not capture nuanced
real-world scenarios

[54] Healthcare, EHR Data
Augmentation

Generating synthetic
clinical notes using GPT

models

Addresses healthcare
data scarcity and privacy

Specific to healthcare
data, may lack versatility

[56] Social Science Research
Generating synthetic

survey responses with GPT
models

Addresses data scarcity
and respondent bias

May not fully capture
human variability

[58] Multilingual Text
Analysis

Genre and persuasion
techniques detection using

GPT-3 and DeepL

Effective in multilingual
context; top rankings

achieved

Limited by translation
accuracy and text

generation capabilities

[57] Conversational AI Synthetic data creation for
AI using GPT-3

Useful for AI training;
analyzes data similarities

Less effective than real
user data

[65] Sentiment Analysis with
Class Imbalance

GPT-3 for generating
synthetic reviews

Balances training data,
improves model accuracy

[53]

Text Augmentation and
Linguistic Feature

Detection generating
comprehensive research

documents

GPT-4 for scientific
research generation

Accelerates medical
research, demonstrates

multidisciplinary AI
capabilities

Inaccuracies in literature,
experimental data

challenges
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Table 3. Categorizing existing literature into the “NLP and Text Analysis” category.

Reference Area of Research Method Used Advantages Disadvantages

[33] Feature Extraction from
Unstructured Data GPT for feature identification Efficient in complex datasets Requires fine-tuning for

specific tasks

[38] Feature Generation and
Extraction

GPT-based models for feature
extraction Effective in complex datasets Requires model tuning for

specific tasks

[43] Named Entity Recognition
(NER)

DHQDA using GPT for NER
data augmentation

Enhances NER performance,
effective in multiple languages

May require complex model
training and fine-tuning

[44] Simile Detection in NLP I-WAS with GPT-2 for simile
sentence generation

Enhances simile detection
with diverse sentences

May require iterative
adjustments and fine-tuning

[62] Text Simplification in Spanish
Financial Texts GPT-3 for data augmentation

Effective augmentation for
small datasets, improved

classifier performance
Not specified

[63] Event Relation Classification Prompt-based GPT-3 data
generation, manual validation

Realistic and relevant
synthetic sentence generation,
improved system performance

Manual validation process
required

[64] Text Classification with Active
Learning on Small Datasets

GPT-2 with MCTS and entropy
optimization

Significant performance
increase in classifiers, efficient

for small datasets

Potential for generation of
less relevant or noisy data in

outputs

[10] Aspect Term Extraction in
Sentiment Analysis

GPT-2 for generating
complement sentences

Improves ATE model
performance, addresses data

scarcity

Complexity in optimizing
sentence generation

[67] Text Classification Data augmentation with
transformers

Enhances text classification
model performance

Depends on the transformer
model’s limitations

[53]

Text Augmentation and
Linguistic Feature Detection

by generating comprehensive
research documents

GPT-4 for scientific research
generation

Accelerates medical research,
demonstrates

multidisciplinary AI
capabilities

Inaccuracies in literature,
experimental data
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4.3. Machine Learning Model Enhancement

• Data Cleaning and Integration: Demonstrates how GPT could be used for data cleans-
ing, transformation, and integration activities, as demonstrated in [36].
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• Model Performance Improvement: Details how GPT and other language models are
integrated during the model fitting process to enhance the performance of machine
learning models, particularly those requiring interpretability [53,66,68,72].

Table 4. Categorizing existing literature into the “Machine Learning Model Enhancement” category.

Reference Area of Research Method Used Advantages Disadvantages

[36] Data Cleaning and
Integration

Foundation Models
(e.g., GPT-3)

Adaptable to various data
tasks with minimal fine-tuning,
state-of-the-art performance in

some cases

May require task-specific
adaptations, complexity

in handling
domain-specific data

[66] Enhancing Interpretable
Models with LLMs

Aug-imodels using LLMs
during model fitting

Improves interpretable models
while maintaining

transparency and efficiency

Requires careful
integration of LLMs

[72] Neural Machine
Translation Enhancement

GPT-2 for sentence data
generation

Improves translation accuracy
and robustness

Time-intensive sentence
generation process

[68] Open-Domain Event
Detection

GPT-2 generated
synthetic data,

teacher–student
architecture

Significant accuracy
improvements in event

detection

Complex architecture
and noise management

[53]

LLMs in generating
coherent and

contextually relevant
scientific text

GPT-4 for scientific
research generation

Accelerates medical research,
demonstrates

multidisciplinary AI
capabilities

Inaccuracies in literature,
experimental data

challenges

4.4. Domain-Specific Applications

• Medical and Healthcare: Describes the use of GPT models for generating and augment-
ing data in the medical field, such as patient records, to improve healthcare outcomes
and NLP tasks. Research works in [11,40,53–55,69,71,73] could be directly attributed
to this sub-category.

• Finance and Legal: Discusses the application of GPT in financial and legal document
analysis, aiming to improve prediction accuracy and automate document-related
processes [46,47].

Table 5. Categorizing existing literature into the “Domain-Specific Applications” category.

Reference Area of Research Method Used Advantages Disadvantages

[40] Medical Dataset
Augmentation

Transformer-based text
generation for clinical

notes

Addresses data scarcity in
medical domain, useful for

NLP tasks

Quality of synthetic notes
may vary

[46] Biomedical Signal
Classification

GPT-2 for generating
synthetic EEG and EMG

signals

Addresses data scarcity in
biomedical research, high

classification accuracy

Potential challenges in
generating realistic

biosignals

[47] Financial Document
Analysis

MacBERT, RoBERTa,
BiLSTM, AWD-LSTM,
GPT-2 Augmentation

Improves prediction accuracy
in financial texts

Complexity in combining
multiple approaches

[54] Healthcare, EHR Data
Augmentation

Generating synthetic
clinical notes using GPT

models

Addresses healthcare data
scarcity and privacy

Specific to healthcare
data, may lack versatility

[11] Healthcare, Patient
Outcome Prediction

Textual data
augmentation using

GPT-2 for EHRs

Improves prediction of patient
outcomes

Focused on healthcare
context only
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Table 5. Cont.

Reference Area of Research Method Used Advantages Disadvantages

[55] Biomedical Research
Synthetic data generation

using large language
models

Enhances biomedical research
with diverse data

May face challenges in
data realism and

accuracy

[69] AI in Medicine with
ChatGPT

ChatGPT for medical
tasks

Democratizes AI in medicine,
versatile in medical tasks

Ethical concerns,
regulatory compliance

[71] Medical Question
Answering

BERT, GPT-2, T5-Small
for question

augmentation

Enhanced prediction accuracy
in medical QA

Complexity in managing
multiple models

[74] Medical and Healthcare
Message Generation

AI-generated health
messages using Bloom
for message generation

Efficient generation of health
awareness messages, potential
for wide application in health

communication

Dependence on the
quality and biases of the

underlying AI model

[53]

Medical and Healthcare,
demonstrating the use of

AI in accelerating
research in this domain

GPT-4 for scientific
research generation

Accelerates medical research,
demonstrates

multidisciplinary AI
capabilities

Inaccuracies in literature,
experimental data

challenges

4.5. Security, Privacy, and Ethics

• Data Privacy and Anonymization: Addresses the use of GPT to anonymize sensitive
data, striking a balance between maintaining data utility and protecting privacy [32,34].

• Content Moderation and Ethical Applications: This involves using GPT for ethical
applications, such as detecting hate speech and extracting technical requirements,
ensuring content moderation, and adhering to ethical standards. Research works
in [42,45,49,50] (Technical Requirements Extraction) directly fall into this sub-category.

Table 6. Categorizing existing literature into the “Security, Privacy, and Ethics” category.

Reference Area of Research Method Used Advantages Disadvantages

[32] Secure and Decentralized
Data Gen. GPT with Blockchain Enhances data privacy

and security
Complexity in

implementation

[34] Data Anonymization GPT for anonymizing
data

Protects sensitive
information

Balancing data utility and
anonymity is challenging

[42] Hate Speech Detection
DeBERTa with

back-translation and
GPT-3

Significantly improves
hate speech detection

accuracy

Complexity in integrating
multiple techniques

[45] Offensive Language
Detection

Generative data
augmentation

Potentially improves
model performance Risk of amplifying biases

[49] Technical Requirements
Extraction

GPT-J for data
augmentation in

requirements engineering

Enhances classification
accuracy and efficiency

Requires careful data
preparation

[50] Hate Speech
Classification

Data augmentation with
GPT-2

Improves classification
performance in hate

speech detection

Requires careful tuning to
avoid bias in generated

data
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Table 7. Categorizing existing literature into the “Emerging Technologies and Social Impact” category.

Reference Area of Research Method Used Advantages Disadvantages

[56] Social Science Research
Generating synthetic

survey responses with GPT
models

Addresses data scarcity
and respondent bias

May not fully capture
human variability

[60] Climate Change Research
Generating synthetic
climate reports and
datasets with GPT-3

Broader understanding of
climate impacts

Risk of misrepresentation
and overfitting

[59] Music Recommendation
Systems

Synthetic user review and
metadata generation with

GPT-3

Improved recommendation
accuracy and diversity

Authenticity and bias
concerns in synthetic

data

[61] Vaccine Hesitancy
Monitoring

Generating
anti-vaccination tweets in

Dutch with GPT-3.5

Improved classification of
underrepresented classes

Decreased precision for
common classes;

generalization concerns

[70] Task-Oriented Dialogue
Systems

Paraphrasing with GPT-2
and CVAE

Reduces need for manual
data, maintains/improves
NLU system performance

[58] Multilingual Text
Analysis

Genre and persuasion
techniques detection using

GPT-3 and DeepL

Effective in multilingual
context; top rankings

achieved

Limited by translation
accuracy and text

generation capabilities

4.6. Emerging Technologies and Social Impact

• Climate and Environmental Science: Explores the use of GPT in generating reports and
datasets to broaden our understanding of climate impacts and inform environmental
policies [60].

• Social Media and Public Health: Covers the generation of content like anti-vaccination
tweets to monitor public health trends and sentiment, aiming for better-informed
public health strategies [61].

• Cultural and Societal Applications: This includes the generation of synthetic user
reviews and metadata for music recommendation systems, and the enhancement of
multilingual text analysis for cultural and societal research [58,59,70].

5. Research Analysis

GPT-based technologies allow modern researchers to analyze their data with the help
of prompts. A researcher can use GPT, LLM, and associated technologies for data analysis
and critical research by leveraging their ability to perform complex textual analysis and
pattern recognition in large datasets, aiding in tasks like detecting nuanced patterns in
financial texts [23,24,75,76]. These models also excel at solving intricate problems, such as
those in discrete mathematics, showing significant improvements in advanced versions
like GPT-4. Furthermore, they provide innovative methodologies for analyzing statistical
data, offering insights and predictions with higher efficiency compared to traditional
methods. For example, the paper in [23] presents a novel system for generating data
visualizations directly from natural language queries using LLMs like ChatGPT and GPT-3.
The system, named Chat2VIS (as demonstrated in Figure 7), demonstrates efficient and
accurate end-to-end solutions for visualizing data based on user queries. It addresses
the challenge of interpreting natural language in data visualization and utilizes advanced
LLMs to convert free-form natural language into appropriate visualization code. The study
includes case studies and comparisons of GPT-3, Codex, and ChatGPT performances in
generating visualizations from various types of queries, highlighting their potential in
rendering visualizations from natural language, even when queries are ambiguous or
poorly specified. The study in [24] explores the application of GPT-3 for statistical data
analysis. It proposes a method for analyzing large datasets using GPT-3 to predict insights
from calculated statistics. The research addresses the limitations of existing methods and



Information 2024, 15, 99 16 of 27

compares traditional statistical analysis with machine learning approaches using GPT-3.
It includes experiments on different datasets like e-commerce sales, heart attacks, and
telecom churn rates, assessing GPT-3’s performance in providing insights and its accuracy
compared to traditional methods. The study also discusses the pros and cons of using
GPT-3 in research, focusing on performance, accuracy, and reliability.
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Figure 7. Chat2VIS analyzes data and shows results in visualization with a GPT prompt like “plot
the gross against budget” [23].

The study in [75] examines the application of generative large language models
(GLLMs) like ChatGPT and GPT-4 in accounting research. It emphasizes GLLMs’ ability
to perform complex textual analysis tasks, including those previously achievable only
through human coding. The paper discusses the practicalities of using GLLMs in research,
focusing on model selection, prompt engineering, construct validity, and addressing bias,
replicability, and data privacy concerns. A case study is included to demonstrate GLLMs’
capabilities, specifically in detecting non-answers in earnings conference calls, a task
challenging for traditional automation.

The study in [76] focuses on the application of GPT models in data analysis, specifically
in the context of discrete mathematics education. The study compares the performance
of GPT-3.5 and GPT-4 in solving Proof Blocks problems, highlighting the significant im-
provement of GPT-4 over its predecessor. This comparison demonstrates the evolving
ability of LLMs to handle complex academic and educational tasks, marking a notable
advancement in the application of these models for intricate problem-solving and analysis
in mathematics.

6. Research Design

GPT and LLMs can significantly assist researchers in research design for solving critical
problems in various ways, as shown in [28,75,77–80]. They facilitate solving complex
problems by providing insights into abstract reasoning tasks, enhancing the ability to
conceptualize and tackle intricate issues. LLMs excel in deep textual analysis and detecting
nuanced patterns, making them invaluable for research involving large volumes of text.

GPT models, especially the latest versions, show promise in solving advanced mathe-
matical problems, aiding in disciplines that require rigorous analytical skills. They offer new
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methodologies for conducting research, particularly in fields where traditional approaches
are limited or inefficient.

In essence, GPT and LLMs open new avenues for addressing critical research chal-
lenges, offering tools that combine deep learning, language understanding, and problem-
solving capabilities as summarized in Table 8.

Table 8. Review of existing literature in GPT-based research design.

Reference Applicability of GPT/LLM Assists in Research Example from Document

[77]
Explores GPT’s capabilities in abstract reasoning and
problem-solving with a focus on the Abstraction and
Reasoning Corpus (ARC).

Investigates GPT’s performance and challenges in
solving simple abstract reasoning problems.

[28]
Uses LLMs to augment research on the P versus NP
problem, proposing a Socratic reasoning framework
for complex problem-solving with GPT-4.

Pilot study on P vs. NP problem showing GPT-4’s
capability in developing reasoning pathways.

[75]
Highlights the use of LLMs in complex textual
analysis and problem-solving in various domains,
including applications in finance and accounting.

Analyzes CEO humor in conference calls and clusters
topics in employee reviews using LLMs.

[78]
Details the challenges and strategies of using GPT for
solving ARC tasks, emphasizing the role of structured
representations and external tools.

Demonstrates the enhancement of GPT’s
problem-solving abilities with object-based
representations.

[79]
Examines ChatGPT’s performance in solving verbal
insight problems, comparing it to human
problem-solving abilities in psychological research.

Evaluates ChatGPT’s potential in solving complex
problem-solving tasks.

[80]
Investigates GPT-3.5 and GPT-4’s effectiveness in
solving Proof Blocks problems in discrete mathematics,
demonstrating GPT-4’s significant improvement.

Examines GPT-4’s success in mathematical proof
solving, with a particular focus on combinatorics.

7. Results and Discussion

In accordance with the research questions delineated in Section 2, a sophisticated query
mechanism was introduced in Figure 3. The implementation of this query method varies
across databases used to obtain literature, as each database adheres to its own prescribed
formulation for queries. This study utilized popular databases supporting advanced
queries, including Scopus, IEEE Xplore, PubMed, Web of Science, and the ACM Digital
Library, to compile a comprehensive list of literature. Table 9 details the advanced query
applied to each database, along with the number of records retrieved on 30 January 2024,
when these advanced queries were executed.

Notably, certain databases like Google Scholar were excluded due to the limitations of
their advanced query mechanism. As elucidated in [81], Google Scholar lacks advanced
search capabilities, the ability to download data, and faces challenges related to quality
control and clear indexing guidelines. Consequently, Google Scholar is recommended
for use as a supplementary source rather than a primary source for writing systematic
literature reviews [82]. As shown in Table 9, the number of records retrieved from Scopus,
IEEE Xplore, PubMed, Web of Science, and the ACM Library was 99, 119, 47, 306, and
102, respectively. Conversely, the use of the same advanced query in Google Scholar
yielded over 30,000 results, underscoring the challenges associated with quality control
and indexing guidelines within Google Scholar, as noted in [81,82].

In addition to utilizing the prominent databases outlined in Table 9, an advanced
citation visualization tool, Litmaps, was employed to identify additional relevant stud-
ies [29]. The incorporation of LitMaps in the context of a systematic literature review is
indispensable, given its pivotal role in augmenting the efficiency and efficacy of the review
process. LitMaps functions as a sophisticated analytical tool facilitating the systematic
organization, categorization, and visualization of an extensive corpus of scholarly literature,
encompassing both citing and cited articles. As depicted in Figure 8, Litmaps identified
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nine studies not present in Scopus, IEEE Xplore, PubMed, Web of Science, or the ACM
Digital Library.

Table 9. Variation in advanced queries against each of the databases.

Database Source Advanced Query Records
Returned

Scopus

TITLE-ABS-KEY ((gpt OR llm) AND research AND (design OR analyse OR (data AND
augment*) OR (data AND generat*) OR feature) AND (problem OR gap OR question))
AND PUBYEAR > 2019 AND PUBYEAR < 2025 AND (LIMIT-TO
(LANGUAGE, “English”))

99

IEEE Explore ((GPT OR LLM) AND Research AND (design OR analys* OR (data AND augment*) OR
(data AND generat*) OR feature) AND (problem OR gap OR question)) 119

PubMed ((GPT OR LLM) AND Research AND (design OR analys* OR (data AND augment*) OR
(data AND generat*) OR feature) AND (problem OR gap OR question)) 47

Web of Science ALL = ((GPT OR LLM) AND Research AND (design OR analys* OR (data AND
augment*) OR (data AND generat*) OR feature) AND (problem OR gap OR question)) 306

ACM Digital Library

[[Abstract: gpt] OR [Abstract: llm]] AND [Abstract: research] AND [[Abstract: design]
OR [Abstract: analys*] OR [Abstract: data] OR [Abstract: augment*] OR [[Abstract: data]
AND [Abstract: generat*]] OR [Abstract: feature]] AND [[Abstract: problem] OR
[Abstract: gap] OR [Abstract: question]] AND [E-Publication Date: (01/01/2019 to
31/12 2024)]

102
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The PRISMA flow diagram in Figure 8 illustrates the identification process, where
412 studies were initially identified after the deduplication of 275 studies. Following a
screening process based on title and abstracts, 306 records were excluded due to their lack
of relevance to the theme of “using GPT in performing research”, despite the inclusion of
keywords like GPT or research in the abstract or title. These studies were found to belong
to entirely different areas, with some using the term “research” merely to denote future
research endeavors or directions. Following the initial screening, full texts were obtained
for 106 studies. Subsequently, a detailed analysis led to the exclusion of 29 full-text articles
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as they did not address the original research questions regarding GPT’s role in generating
and processing research data, analyzing research data, or contributing to research design
and problem-solving. Ultimately, 77 studies were included in the systematic literature
review. While a few of these studies did not directly answer the original research questions,
they provided valuable insights into the limitations, issues, and challenges associated with
the adoption of GPT technologies in research activities.

This study conducted a thorough examination of over 77 peer-reviewed papers within
the domain of “GPT in Research.” Given the recent and trending nature of the GPT topic, a
majority of the relevant papers span the past four years. Consequently, a significant 65% of
the scrutinized papers were published in the years 2023 and 2024. The distribution includes
2 papers in 2024, 48 papers in 2023, 18 in 2022, 7 in 2021, and 4 in 2020, as illustrated in
Figure 9.
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To ensure the rigor and reliability of this systematic literature review, the following
measures were meticulously implemented:

• Adherence to Established Guidelines: The review methodologically aligned with es-
tablished guidelines and recommendations from seminal academic works, particularly
the study in [82]. The work in [82], categorized Scopus, PubMed, Web of Science,
ACM Digital Library, etc. as “Principal Sources”. Hence, we exclusively used these
databases.

• Exclusion of Unreliable Sources: A stringent criterion was applied to exclude sources
lacking in quality control and those without clear indexing guidelines to maintain the
overall reliability of the review. Existing scholarly work in [81,82] identified Google
Scholar as one of the sources that lacks clear indexing guidelines. Hence, Google
Scholar was not used as a source.

• Utilization of Advanced Visualization Tools: Advanced visualization tools, exempli-
fied by Litmaps, played a pivotal role in assessing the alignment of identified studies
with the predetermined domain of interest [29]. Litmaps facilitated a comprehensive
evaluation, highlighting potential gaps and identifying relatively highly cited studies
crucial for inclusion in the review process. Figure 8 illustrates the outcomes of utilizing
Litmaps, showcasing the identification of nine significantly cited studies, thereby
enhancing the comprehensiveness of the systematic literature review.

• Strategic Citation Analysis: In addition to advanced visualization tools, a strategic
citation analysis was conducted to ascertain the prominence and impact of selected
studies within the scholarly landscape. High-quality studies with a substantial number
of citations were accorded due attention, contributing to the refinement and validation
of the literature survey (using Litmaps).



Information 2024, 15, 99 20 of 27

8. Conclusions

Existing reviews on GPT [19–21] did not address how GPT could be useful for re-
searchers in generating or augmenting research-related data and analyzing it. To mitigate
this gap, this methodically crafted literature offers a strategic focus on data augmentation,
backed by a meticulous examination of 412 scholarly works. In conclusion, the practical
contributions of this comprehensive literature review are paramount in guiding researchers
towards the judicious integration of GPT and associated technologies in their scholarly
pursuits. By meticulously distilling 77 selected research contributions and developing a
rigorous classification framework for “GPT’s use on research data”, this study provides
a nuanced understanding of the multifaceted applications of GPT in data augmentation,
critical analysis, and research design. Researchers can leverage the findings to inform their
approach to generating and processing research data, analyzing complex datasets, and
enhancing research design and problem-solving. Moreover, the systematic comparison of
54 extant literary works, evaluating diverse research domains, methodological approaches,
and associated advantages and disadvantages, offers a practical roadmap for scientists
seeking to seamlessly integrate GPT across various phases of their academic endeavors,
thereby fostering innovation and efficiency in scholarly pursuits.

The deployment of GPT in research is not immune to inherent limitations, notably
encompassing the issues of ethics [6], biases [7], hallucinations [83] and sycophantic behav-
ior [73]. GPT, while proficient at generating human-like text, is susceptible to generating
content that may be speculative or diverge from factual accuracy, leading to hallucinations
within the generated information [83]. Furthermore, the model may exhibit sycophantic
tendencies, showcasing an inclination to excessively praise or flatter, potentially compro-
mising the objectivity and reliability of the generated output [73]. The manifestation of
hallucinations and sycophantic behavior raises concerns about the model’s capacity to
maintain a rigorous and unbiased approach in generating content for research purposes,
necessitating careful scrutiny and consideration of these limitations in the utilization of
GPT within the academic realm.

Future studies could explore refining GPT through advanced training techniques
to minimize bias, and hallucinations and enhance content accuracy. Additionally, re-
search focusing on developing tailored algorithms to mitigate sycophantic behavior in
GPT-generated content may contribute to more objective and reliable outputs for aca-
demic applications.
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Abbreviations

GPT Generative Pre-trained Transformer
LLM Large Language Models
ML Machine Learning
NER Named Entity Recognition
NLP Natural Language Processing
EHR Electronic Health Records
GReaT Generation of Realistic Tabular data
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Figure A1. Database search from Scopus using Scopus-specific advanced query. From Scopus,
99 documents were returned, including the duplicates. After removing the duplicates, records
were screened. For example, the first record, “Beyond the Scalpel: Assessing ChatGPT’s Potential
as an Auxiliary Intelligent Virtual Assistant in Oral Surgery” is not relevant to the focus of this
study, “i.e., GPT in Research/GPT in Data Augmentation/GPT in Data Generation/GPT in Solving
Research Problem”.
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Figure A2. Database search from IEEE Xplore using IEEE Xplore-specific advanced queries. A total
of 119 documents were returned, including duplicates. After removing the duplicates, records were
screened. For example, the first record was included, and the second record was screened out as this
paper does not address “GPT in research”.
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Figure A4. Database Search from Web of Science using their supported advanced query. From Web
of Science, 306 documents were returned, including duplicates. After removing the duplicates, the
records were screened. For example, the first records were screened out as this paper was focused on
nanotechnology and nanomaterials.
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