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ABSTRACT

The introduction of generative Al models, especially OpenAl's ChatGPT, has profoundly impacted
several fields. To uncover key fields of research, key research clusters, emerging research topics,
key research contributions within grown and emerging clusters, and key insightful implications
for various stakeholders, this study analyses the early body of scientific literature (n=1873)
related to ChatGPT research indexed in Dimensions (from November 29, 2022 to May 20, 2022)
database using network scientometric approach. This approach employs network mining of two
major networks related to scientific literature for knowledge discovery exercise. Science mapping
analysis using the Fields of Research (FoRs) network revealed key fields of research impacted
by ChatGPT. Scientific literature mining is conducted using publications citation network
analysis with the help of the Flow Vergence model and cluster analysis. Major growth clusters
that contributed and might continue significantly to the network's growth are identified and
found to be associated with education in general, medical education, medical diagnosis and
clinical writing, scientific writing, and systematic literature review. Important emerging clusters
are found to mostly deal with novel applications like harmful content detection in social media,
annotation, assessment, etc., Further, the dynamics of grown clusters and emerging clusters was
tracked on Dec 31, 2023 (after six months). All the clusters are found to have grown significantly.
Cluster merging is witnessed in the case of grown clusters, making the new clusters multi-themed
and overwhelmed by incremental contributions. However, the merger of emerging clusters
contributed to the formation of relatively better-performing clusters. Through this knowledge
discovery exercise, the paper highlights the knowledge and technology advancement of
ChatGPT and its potential in numerous fields and sheds light on pressing problems and the
moral dilemmas raised by its use. The analysis reveals several policy implications for various
stakeholders, including education and research policymakers.

Keywords: ChatGPT, Generative Al, Flow Vergence, FV index, Science mapping, Scientific
literature mining.
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Artificial Intelligence (AI) is evolving quickly and has
impacted many research and industrial practice fields. A recent
breakthrough in the form of sophisticated language models like
ChatGPT, which can produce text responses similar to those
of humans,! may accelerate the invasion of Al into several
unprecedented areas. Let us briefly examine the evolution of Al
language models. The roots of Al language models can be traced
back to the 1950s and 1960s when researchers like Alan Turing
and Noam Chomsky laid the foundation for computational
linguistics and the theory of formal languages.l?! However, it was
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not until the 1980s that the first practical language processing
systems, such as ELIZA and SHRDLU, were developed.”! These
early systems utilized rule-based approaches, where language
understanding and generation were based on predefined rules and
limited in their capabilities and scalability. Al language models
have seen significant milestones, leading to more sophisticated
and robust models.” In the 1990s, statistical language models
based on probabilistic methods, such as n-gram models, became
popular. Compared to rule-based approaches, these models
could learn from large text data corpora and generate more
fluent and coherent text.”! In the late 2000s and early 2010s,
neural network-based language models started gaining attention.
Models like the Recursive Neural Network (RNN) and the Long
Short-Term Memory (LSTM) networks demonstrated improved
language modeling capabilities compared to statistical models.
These paved the way for more advanced models.[®”
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The introduction of the Transformer model by Vaswani et al.,®
revolutionized the field of AI language models. The Transformer
architecture, based on self-attention mechanisms, allows for
more efficient and parallelizable training of large-scale language
models, leading to the development of models like GPT-2 and
GPT-3, which achieved state-of-the-art performance in various
language-related tasks.” The availability of large-scale text data,
advancements in hardware, and deep learning techniques have
been critical enablers in the development of ChatGPT.'” The
GPT-3.5 architecture-based ChatGPT big language model was
created by OpenAl and trained on a sizable corpus of online
content.!"!!

Since its debut, ChatGPT has attracted much interest and has
been used in various contexts, such as chatbots, virtual assistants,
content creation, and more. It is critical to comprehend the
scientific research surrounding each emergent technology.
As Cooper!"™ pointed out, research related to ChatGPT needs
thorough evaluation. Though attempts to review ChatGPT for its
capability, shortfalls, etc., in various fields of applications can be
found, a systematic analysis of the body of literature related to
ChatGPT, especially concerning aspects like 1) key contributing
fields of research, 2) key contributing clusters formed in ChatGPT
literature and their growth prospects, 3) emerging clusters that
need attention, 4) major specific contributions within grown and
emerging clusters, etc., is not found according to the best of our
knowledge. Such an analysis can help determine useful insights
for various stakeholders. This gap is addressed in this work.

The field of Scientometrics deals with the study of quantitative
methods of research on the development of science as an
informational process.”! A scientometric analysis is useful for
learning about research trends, patterns, and effects in a study
area. The network approach to scientometrics or network
scientometric approach, uses various networks associated with
scientific literature for mining scientific literature for knowledge
discovery exercises, especially for extracting key insightful
implications for various stakeholders, including policymakers.
It is critical to examine the scholarly output associated with
ChatGPT to pinpoint the trends and patterns formed in the area
because ChatGPT has attracted considerable attention and has
been widely adopted by researchers and practitioners alike. In the
case of ChatGPT, an early scientometric analysis of the scientific
literature related to ChatGPT can offer insightful information
about the early developments and trends in ChatGPT research
that might reveal the overall influence of ChatGPT on the
scientific community. This prompted the current investigation
which is largely based on early scientometric analysis, the
objectives of which can be stated as:

1. Determination of key Fields of Research (FoRs) formed
by the science mapping behind the ChatGPT literature
at its early stage.
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2. Determination of key research clusters formed within
ChatGPT literature in its early stage and state of
knowledge flow vergence exhibited by these early stage
clusters.

3. Determination of emerging research topics related to
ChatGPT by identifying emerging research clusters at
its early stage.

4. Determination of key research contributions within
substantially grown and emerging clusters at the early
stage.

5. Tracking the dynamics of grown clusters and emerging
clusters so as to,

6. Extrication of key insights that will be helpful for several
stakeholders, including policymakers. The potential
benefits of this investigation are briefly discussed
next. A
analysis pursuing the above-stated objectives can offer
a quantitative and qualitative understanding of the
research output related to ChatGPT. Additionally, by
identifying potential research gaps or areas that need
more study, this analysis can help guide future research
efforts and make it easier to create new ChatGPT
applications and use cases. Also, a thorough awareness
of the research related to ChatGPT can aid in the
decision-making process for academics, practitioners,
and policymakers regarding the course and potential
outcomes of others as well as their own research or
development initiatives. This study can inform the
above-listed as well as stakeholders. Details of the

systematically conducted scientometric

methodology of the investigation are discussed next.

METHODOLOGY

Network scientometric approach for early
scientometric analysis

The body of knowledge represented by scientific literature is
associated with the relationship between so many actors. These
relationships can be represented as networks. A network is a
construct with an underlying graph (set of vertices and links
between these vertices) and information about both of these
sets. Due to the existence of a large number of these kinds of
relationships in scientific literature and the possibility of a network
representation of these, a vast plethora of opportunities are there
for network-based analysis of scientific literature, especially
for scientometric applications. The umbrella of network-based
methods, tools, and techniques useful for scientometric
applications can be termed as the ‘network approach to
scientometrics’ or ‘network scientometric’ approach. Due to
this potential of the network-scientometric approach, the same
is adopted for addressing the above-mentioned objectives. A
concise note on how the objectives can be achieved by using
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relevant network representations relationships within the body
of scientific literature related to a chosen topic (in this case,
‘ChatGPT’) is discussed first before discussing the details of the
methodology.

As the first objective of this study is to determine the key Fields
of Research (FoRs) related to ChatGPT research, mapping
of the relationship between different FoRs associated with
ChatGPT literature has to be done. However, the relationship
among different FoRs is not a direct relationship. FoRs are
indirectly related to each other through the number of common
publications directly associated with each FoR. Thus, to determine
the (indirect) mapping among FoRs, the (direct) mapping of
publications within the ChatGPT literature to different FoRs is
required. This requires the creation of an affiliation or 2-mode
network that represents the relationship between publications
and FoRs. From this affiliation network, a co-affiliation network
of FoRs that reflects the indirect relationship among FoRs can be
constructed. This network can be analyzed with useful network
analysis techniques (which will be discussed shortly) to determine
the FoRs that occupy key positions in the FoR map/network. This
science mapping exercise on ChatGPT literature can address our
first objective.

The next three objectives are related to different aspects of
the knowledge flow relationship between publications in
the ChatGPT literature. Hence, a mapping that reflects the
knowledge flow between the publications is required and hence
the creation of citation networks (with publications as vertices
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and citation links as directed edges) is the best way to carry
out such investigations. As the determination of key research
clusters within ChatGPT literature is the second objective, the
ChatGPT literature (represented by citation network) needs to be
partitioned into different clusters using suitable cluster formation
algorithms (which will be shortly discussed). This can give an
idea about substantially grown clusters (partially addresses the
second objective) and not-so-grown (emerging) clusters (third
objective). The knowledge flow among publications is the key
aspect that determines the present growth as well as the growth
potential of research clusters and also the literature (related to
a topic) as a whole. Hence, an existing model that can reflect
the knowledge flow characteristics within citation networks viz.
the Flow Vergence or FV model™ can be used together with
cluster analysis, for determining the key grown research clusters
(to address the second objective completely). Once key grown
clusters and emerging clusters are determined, important major
specific contributions within these clusters can be determined.
For that key publications within each of these clusters have to be
determined (the FV model can help in this regard too). Then, the
contributions of these publications can be determined through
content analysis (the fourth objective). For tracking the progress
of grown and emerging clusters (objective 5), data is collected
after an interval of suitable duration using the same search term
from the same database. Steps required to achieve objectives 3
and 4 are repeated with the following modification. As finding
out the performance of all the existing clusters after the specific
time interval is beyond the scope (as we are tracking the growth
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Figure 1: Methodology of this study. Step-T1 (&5): Data collection.
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Figure 2: Science map (between FoRs).

of already identified grown and emerging clusters), from the
newly found clusters in the new network, the old clusters are
located using matching process using unique id. This will enable
to track the dynamics of the previously identified grown and
emerging clusters. Proper articulation of the insights garnered
from all these analyses for the benefit of various stakeholders
including policymakers is the sixth objective of this research.
This is how the methodology based on the ‘network approach to
scientometrics’ is utilized to address the stated five objectives of
this research. Now the details of the methodology are discussed.

Methodology of this research based on the network
scientometric approach

The methodology adopted in this study is illustrated in Figure 1.
Creation of a citation network of publications and a co-affiliation
network of FoRs is the key step for network approach-based
methodology. The sequence of steps starting from data collection
is explained next.

Dimensions database, one of the most comprehensive databases
available for scholarly purposes possessing many advantages,®
is used as a source of data collection. Also, Dimensions provides
several useful tags for publications. For instance, each publication
is tagged to Fields of Research (FoR) based on the ANZSRC
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(Australian and New Zealand Standard Research Classification).
This enabled the creation of the Paper-FoR affiliation network.
As we are required to conduct an early-stage analysis of literature
as well as tracking of the progress of some grown and emerging
clusters (subnetworks) at a later period, data collection was
carried out in two phases. For the first phase (denoted by t), data
was collected on May 20, 2023, which covers almost six months
of research related to ChatGPT since its public release. The query
was ‘ChatGPT, and retrieval was based on full data (retrieval
was not restricted to title and abstract). Any exclusions based on
language, documentation type, etc., were not made. This query
retrieved 1873 documents.

Second phase data collection (as part of Step-5)

For the second phase (denoted by t+7), data collection was done
again (on July 15, 2024) using the same search query in such a
way to cover documents published up to December 31, 2023.
Therefore, t symbolizes May 2023 and t+T represents December
31, 2023. This query retrieved 33046 documents.

Step-2 (& 5): Creation of networks

Two kinds of networks were created after suitable preprocessing
of the data (collected during first phase) files. In Figure 1, Ci
denotes the citation network of publications, and WF denotes
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Figure 3: (left) citation network structure related to ChatGPT, (right) k=1 core of the citation network with 15 clusters/communities (shown in different colours)
with emerging clusters highlighted.

the Paper-FoR affiliation network. The creation of the Paper-FoR
affiliation network is done using code developed by the authors.
From the WF network, the co-affiliation network of FoRs denoted
by FF can be formed as:

FF = WF” x WF Q)

Where T represents the transpose of the matrix representation of
the Paper-FoR affiliation network so that WFT = FW.

Creation of citation network is also done in this step using the
code developed by us (on data collected during first phase as
well as second phase). The speciality of the new code is that it
is capable of having publication identification numbers (pub.
ids) available in Dimensions database as vertices. The limitation
of VOSviewer that represents a document in the ‘author-year
format’ is overcome by this. Our code thus, facilitates of ease of
analysis in both phases and thereby making tracking of progress
of subnetworks of our interest easier.

Step-3: Science mapping analysis using network
techniques

Once the FF network is created, it can be analyzed using popular
network analysis techniques such as degree (number of links
associated with a vertex), eigenvector (quality of connections),
etc., Formal (brief) definitions of these are given below:

Degree of a vertex i of a network (having » vertices in total) with
adjacency matrix A= (“g) is given by:

deg; = X 1 a; (2)
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Eigenvector score of a vertex i of a network with adjacency matrix
A= (a,) is given by:

. 1
eig; = 52}':1 a;;x; (3)

Where A is the largest eigenvalue of the matrix A and x
represents the centrality score of neighbor j.'”) Hence, for a
higher eigenvector, a vertex is required to have highly connected
neighbours (reflects quality of connections) rather than more
neighbours (direct connections), making it a relative centrality
score that lies between [0,1]. The closer the score of a vertex to 1,
the more quality/importance attributable to that vertex.

These will help to identify key FoRs associated with ChatGPT
according to the quantity and quality of connections. Network
clusters (Figure 2) are determined using VOS clustering,"® and
related analysis is also done.

Step-4 (& 5): Citation network mining using the FV
model and cluster analysis

This step is also carried out in two phases marked by ¢ and +7,
but in different manners as described as follows.

For citation network analysis at #, the first task is the elimination
of isolated vertices (disconnected vertices). This is done using
a k-core filter,™ with k=1.""l The concept of k-core is briefly
discussed below.

A k-core or core of the order k is a subnetwork of the original
network such that all the vertices in the set of vertices induced by
the subnetwork will have a degree (number of links) of at least k.
According to this definition, zeroth order core or k=0 represents
the original network itself (including isolated or disconnected
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Figure 4: FV indices of grown clusters and the network FV index.

vertices) while core of the order 1 or k=1 gives the subnetwork of
the network with connected vertices only (after eliminating the
isolates or disconnected vertices).

Cluster formation of the k=1 core of the citation network is the
next step. Prabhakaran et al.,'"! used the Line Island Formation
algorithm,? to determine clusters that reveal different naturally
formed connected components within the literature analyzed.
However, the analyzed topic in that study was related to the field
of ‘Information Technology’ for the research area ‘Engineering,
which was a well-developed topic, and hence enough components
(apart from the giant component) were there for gathering
insights. In this case, ChatGPT is a novel topic, but witnessing
very fast growth. Thus, significant components other than the
giant component are difficult to find. Thus, an algorithm that
partitions the giant component fairly and other components (if
it is possible) is required for early scientometric analysis Thus, a

fast community detection algorithm by Blondel et al.,”?
in this work. A brief description of the algorithm is given below.

I'is used

Fast Community Detection Algorithm

Communities or sub-units are sets of highly interconnected
vertices, the determination of which is crucial for retrieving
useful information from the large network structure. The
fast community detection algorithm is designed to optimize
modularity and assigns each vertex to different partitions initially
and then proceeds by computing the modularity gain by placing
vertex i from its community to the community of vertex j. The
gain in modularity for a community for moving a vertex i to a
community C can be computed using:
i\ 2
(@)@

] E in
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Yint ki,in
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where ) inis the sum of the weights of the links inside community
C, ki, in is the sum of the weights of the links from i to vertices
in C, m is the sum of the weights of all the links in the network,
Y tot is the sum of the weights of the links incident to vertices
in C, ki is the sum of the weights of the links incident to node
i. The second phase of the algorithm creates a new network by
treating communities in phase 1 as vertices and links between the
communities as links (weights computed as the sum of weights
of links between vertices of the corresponding communities).
Upon completion of the second phase, the first phase is reapplied
on the new network to iterate (for optimization of modularity)
until no more change is possible and maximum modularity is
attained. The advantages of this algorithm include speed, ease
of implementation and freedom from resolution limit problem,
making it the best choice.

Thus, once community (cluster) determination is done,
substantially grown and emerging clusters can be identified.
However, for determination of relative importance of clusters in
terms of state of knowledge flow and thereby determining key
clusters, FV model has to be applied.

Now, for applying the FV model, the FV indices of each
publication need to be computed. A brief description of the FV
model is attempted.

FV model: Being an information network, the citation network of
publications is supposed to have a knowledge/information flow
from cited papers to citing papers. There are four possible types of
works in a network, viz. (i) papers that received knowledge from
other works, but have not transmitted knowledge to other works,
(ii) papers that have not received knowledge from other works,
but have transmitted knowledge to other works, (iii) works that
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have received knowledge from as well as transmitted knowledge
to other works, and (iv) works that have neither received nor
transmitted knowledge to other works. The works in the fourth
category are isolated and are found to be disconnected from
the network and the merit of those cannot be determined from
network analysis. All the other three categories are supposed to
have a flow vergence (i.e., convergence or divergence) potential
that can be estimated using network analysis methods.

The flow vergence potential of a work is the ability of a work to
transmit knowledge/information (directly as well as indirectly) to
other works and thereby contribute to the formation of knowledge
pathways and also to the growth of the cluster (specific sub-body
of literature) and also to the whole network (body of literature) to
which it belongs to. Network concepts that can be used to reflect
the flow vergence potential are discussed next. A work is supposed
to be in flow divergence mode if its flow vergence potential is high
(> 0) and flow convergence mode if its flow vergence potential
is less than 0. High flow divergence potential means work is
either already having a higher outflux of knowledge (reflected by
indegree) than influx (reflected by outdegree) and will continue
or might soon have a higher outflux.

Using these basic measures of direct knowledge flow and indirect
knowledge flow (reflected by eigenvector) the flow vergence
potential can be expressed as:

indeg;—outdeg;

Wey, = + eig; (5)

indeg;toutdeg;
The centrality measures indeg and outdeg are local measures,
while eig is a global measure, that reflects indirect knowledge
transfer too (and also reflects the quality of knowledge transfer)
making FV index a hybrid centrality measure.

A work in ‘flow divergence potential’ can contribute more to the
growth of the network or the cluster to which it belongs, as it
may get cited by other works or the works that cited it may get
citations where such a possibility may be less for a work-in-flow
convergence mode unless it attains flow divergence mode.!" The
theoretical and rational aspects of the FV model are discussed in
detail by Prabhakaran et al.,'>***! and Lathabai et al.>***]

Now, the network average FV index represents a network's
overall flow vergence mode. If it is greater than 0, the network
is dominated by works in flow divergence mode (the presence of
so many works in flow divergence mode to ensures considerable
growth of the network), and if otherwise, more works need to
become in flow divergence mode to ensure considerable growth.
The network average FV index can be computed as given by
Prabhakaran et al.”!

Where M is the total number of publications in the network.

Similarly, the cluster average FV index represents a cluster's
overall flow vergence mode. If it is greater than 0, the presence of
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works in flow divergence mode in the cluster is enough to ensure
its substantial growth otherwise, the cluster requires more works
in flow divergence mode. The cluster average FV index can be
computed as given by Prabhakaran et al.l'”!

b WFy;
—1(7)

CI’U.'SFV =

Where K is the total number of publications in the cluster.

Now according to the FV model, if >N, , such clusters are more
contributive to the network than the rest of the clusters (which,
having <N,)).

Determining the themes of the clusters formed using the
community detection algorithm is very difficult as it requires
content analysis of all the publications. In the case of ChatGPT,
since most of the works may be dealing with applications of
ChatGPT in various fields, there are chances for finding works
dealing with different applications (themes) within the same
cluster. Therefore, the term/theme that appears in most of the
publications in a cluster is used to represent the cluster. This can
be done by using the WF network. Firstly, the WF network must
be partitioned with the Ci (k=1) cluster membership information
using a matching and filtration process. Then, for each cluster,
the indeg of FoRs needs to be found, which will give the number
of publications to which that FoR is tagged. The FoR with the
highest indeg can be assigned as the dominant theme of the
cluster. The top papers with the highest FV indices can determine
key research papers within each cluster. Content analysis of these
will help to extricate useful insights for the stakeholders.

For second phase, almost all the processes are repeated for citation
network created at t+1. Cluster formation, network FV index
computation and cluster FV indices computation is done at t+T
in the same way as done for network at . However, as analysis at
this phase is intended to track the growth of grown and emerging
clusters identified at #, determination of themes of the clusters
found in new network, content analysis of selected publications,
etc., are not done.

Insights obtained from analyses at steps 3, 4 and 5 can address
objective 6.

RESULTS AND DISCUSSION

After data collection (at first phase), the next step is the network
creation of FF and Ci networks. FF network (with clusters) is
given in Figure 2.

The FF network is undirected (links are not directed), consisting
of 155 vertices (FoRs) and 698 links between them. Upon degree
analysis (see Table 1), the most connected FoR in the science
map is ‘46 Information and Computing Sciences, followed by
32 Biomedical & Clinical Sciences. Out of the top 5, three FoRs
occupy the next three FoRs- ‘40 Engineering, ‘47 Language,
Communication & Culture, and ‘35 Commerce, Management,
Tourism & Services, occupies the next three positions with the
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same connectivity. Here, the 2-digit prefix numbers (like 46,
47, 32, etc.,) are identifiers provided by ANZRC to the major
FoRs (top level in the hierarchy named as ‘Division’) and 4-digit
prefix numbers (like 4608, 3211, etc.,) represent sub FoRs
(level just below top level in the hierarchy named as ‘Group)).
ChatGPT-related research in FoR ‘46 Information and Computing
Sciences’ is directly influencing 84 fields, and it is interesting to
note that ChatGPT-related research in ‘32 Biomedical & Clinical
Sciences’ occupies the next position. As fields ‘40 Engineering’
and ‘35 Commerce, Management, Tourism & Services are
equally impacting many fields, several industries might be going
through technological and business model innovations impacted
by ChatGPT-related research in these FoRs. The rise of ChatGPT
also provided the FoR ‘47 Language, Communication & Culture’
a good position in a ‘science map, which does not happen that
often. Apart from ‘46 Information and Computing Sciences,
the FoR ‘47 Language, Communication & Culture’ can directly
influence ChatGPT evolution too. This may be the reason for the
higher connectivity of this field in the science map.

Interestingly, by virtue of the quality of connections, ‘47 Language,
Communication & Culture’ occupies a high position (second

Table 1: Top 5 FoRs according to degree analysis of the FoR network.

Fields of Research Degree
46 Information & Computing Sciences 84
32 Biomedical & Clinical Sciences 50
40 Engineering 39
47 Language, Communication & Culture 39
35 Commerce, Management, Tourism & Services 39

Table 2: Top 5 FoRs according to Eigenvector analysis of FOR network.

Fields of Research Eigenvector

46 Information & Computing Sciences 1

47 Language, Communication & Culture 0.654
32 Biomedical & Clinical Sciences 0.587
35 Commerce, Management, Tourism & 0.581
Services

4608 Human centered Computing 0.565

position in Table 2). Though ‘32 Biomedical & Clinical Sciences’
has high direct connectivity, the FoRs that are directly mapped
to the FoRs connected with ‘32 Biomedical & Clinical Sciences’
have relatively less connectivity to other fields. This can indicate
the following. Though the ChatGPT-related research happening
in ‘32 Biomedical & Clinical Sciences’ is having a direct impact
on several fields, the fields that are impacted are not having
much impact on many other fields and hence the possibility of a
‘transitive impact’ like ‘46 Information and Computing Sciences’
and ‘47 Language, Communication & Culture’ is not there.

‘4608 Human-centered computing, a subcategory of 46
Information and computing Sciences, is also found to be having
good eigenvector score, and hence it can be regarded as the most
qualitatively influencing subfield of the FoR ‘46 Information
and computing Sciences’ This subfield is specifically important
in the current and coming times as several concerns are already
associated with human safety and many other aspects of the
growth of Al in general and generative AL. Now, the citation
network analysis results using the FV model can be examined.

The citation network (a directed network) created from collected
data is shown in Figure 3 (left). It consists of 1873 papers and
3145 citation links. So many disconnected papers (neither cited
by nor cited any other papers) were removed by applying the k=1
core filter. Our further analyses use the resultant network with
858 publications and 3145 links shown in Figure 3 (right). The
network has 7 connected components (1 giant and 6 small). For
cluster analysis, cluster determination of the resultant network
is done using a community detection algorithm, and 15 clusters
are obtained (with id.s ranging from 0 to 14). The k=1 core of
the citation network, along with clusters (in different colours), is
shown in Figure 3 (right). Out of the 15 clusters (communities),
8 are grown clusters (found in the giant component), and 7 are
emerging clusters (one cluster, i.e., Cluster_7, is found inside
the giant component and other 6 are the small components of
the network). Within a short span, ChatGPT-related literature is
exhibiting the behaviour of a substantially grown topic (with a
giant and some small components and also showing many grown
and emerging clusters).

Table 3: Cluster FV indices of the grown clusters and their themes.

Cluster id. FV index Status Theme

Cluster_10 0.2698 Divergence 46 Information & Computing Sciences
Cluster_9 0.0502 Divergence 32 Biomedical & Clinical Sciences
Cluster_5 -0.0912 Convergence 32 Biomedical & Clinical Sciences
Cluster_11 -0.1079 Convergence 39 Education

Cluster_0 -0.1185 Convergence 40 Engineering

Cluster_8 -0.3129 Convergence 32 Biomedical & Clinical Sciences
Cluster_4 -0.3524 Convergence 32 Biomedical & Clinical Sciences
Cluster_3 -0.5232 Convergence 32 Biomedical & Clinical Sciences
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Cluster FV indices (of tracked clusters) and the
network aveagre FV inddex
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Figure 5: Cluster FV indices of 8 clusters formed at t+T out of 15 clusters at t.

Table 4: Themes of the emerging clusters.

Cluster id. Theme

Cluster_1 46 Information & Computing Sciences
Cluster_2 32 Biomedical & Clinical Sciences
Cluster_6 46 Information & Computing Sciences
Cluster_7 46 Information & Computing Sciences
Cluster_12 50 Philosophy & Religious Studies
Cluster_13 46 Information & Computing Sciences
Cluster_14 39 Education

After the computation of FV indices of publications using (5), the
network FV index and cluster FV indices are found using (6) and
(7), respectively. The network FV index is found to be -0.1546 (<
0), and hence the network is in convergence mode, which means
that more publications with divergence potential are required to
ensure the growth of the network (literature) at a higher pace. The
cluster FV indices of the grown clusters and the Network average

FV index are shown in Figure 4.

Clusters 10 and 9 are in divergence mode (and are high
performing), while clusters 5, 11, 0, 8, 4, and 3 are in convergence
mode. However, Clusters 10, 9, 5, 11, and 0 are contributing more
to the growth of the network (shown in green colour in Figure
4.) as these clusters’ average is higher than the network average
(red colour). Clusters 8, 4, and 3 are relatively less performing
and are shown in yellow in Figure 4. The themes of clusters are
determined using the method specified in section 2 with the help
of the WF network. The themes of the 8 grown clusters and FV
indices values are given in Table 3. It is interesting to note the

presence of ‘32 biomedical and clinical sciences” as a dominant
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Table 5: Top specific contribution details of Clusters 10 and 9.

Clusterid. Publicationid. Title of publications
Cluster_10 pub.1154987241 ChatGPT: Open Possibilities.
pub.1155471102 What Can ChatGPT Do?
Analyzing Early Reactions
to the Innovative AI Chatbot
on Twitter.
pub.1155855793  What Does ChatGPT Say:
The DAO from Algorithmic
Intelligence to Linguistic
Intelligence.
Cluster 9  pub.1154639234  Artificial Intelligence

Discusses the Role of
Artificial Intelligence in
Translational Medicine A
JACC: Basic to Translational
Science Interview with
ChatGPT.

Using ChatGPT to write
patient clinic letters.

pub.1156014992

pub.1156413712  Assessing the performance

of ChatGPT in answering
questions regarding
cirrhosis and hepatocellular
carcinoma.

theme in most grown clusters. Themes ‘40 Engineering’ & ‘39
Education’ dominated two grown clusters. This achieves the

second objective.

For achieving the third objective, the themes of emerging clusters
need to be identified. These are also done using the procedure

mentioned in section 2 with the help of the WF network.

Journal of Scientometric Research, Vol 13, Issue 3, Sep-Dec, 2024



Lathabai, et al.: ChatGPT Research: Insights from Early Studies

Table 6: Top specific contribution details of clusters 5and 11.

Publication id.
pub.1153838233

Cluster id.
Cluster_5

Title of publications

Performance of ChatGPT
on USMLE: Potential

for AI-Assisted Medical
Education Using Large
Language Models.

pub.1155156738  Generating scholarly content
with ChatGPT: ethical
challenges for medical
publishing.

ChatGPT: friend or foe?

Al bot ChatGPT writes
smart essays. should
professors worry?

pub.1155156740

Cluster_11  pub.1153518825

pub.1154007278  Comparing scientific
abstracts generated by
ChatGPT to original
abstracts using an artificial
intelligence output detector,
plagiarism detector, and

blinded human reviewers.

OpenAl ChatGPT Generated
Literature Review: Digital
Twin in Healthcare.

pub.1154069231

The themes determined for the emerging clusters are given in
Table 4. These clusters are too small to discuss flow vergence status.
Most emerging clusters have ‘46 Information and Computing
Sciences’ as the dominant theme. Themes ‘32 Biomedical &
Clinical Sciences, ‘39 Education’ and ‘50 Philosophy & Religious
Studies’ dominated three clusters.

Now, for determining key specific research contributions within
grown and emerging clusters, content analysis of the top three
publications with the highest FV index values and content
analysis of all the publications in emerging clusters are done. The
details of the same are discussed next. Details of clusters 10 & 9
are given in Table 5, clusters 5 & 11 are given in Table 6, clusters 0
& 8 in Table 7, and clusters 4 & 3 in Table 8.

Cluster_10: The top-most paper in this cluster enlisted and
discussed the role of ChatGPT can play in academic writing,
search engines, coding, vulnerability detection and social
media.?® The second work analyzed early tweets (the first month
after the launch of ChatGPT) using LDA and identified functional
domains that can be impacted like creative writing, essay writing,
prompt writing, code writing, and answering questions.”” The
third work observed limitations of ChatGPT to revolutionize
large scale research and linguistic intelligence, but took an
optimistic stance on its potential to contribute to revolutionize
these and Industry 5.0.*
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Table 7: Top specific contributions of Clusters 0 and 8.

Clusterid. Publication id.

Cluster 0 pub.1156217344
pub.1155847243
pub.1156180076

Cluster 8 pub.1155222253

pub.1155380932

pub.1154371389

Title of publications

Role of Chat GPT in Public
Health.

Potential Use of Chat GPT in
Global Warming.

Will ChatGPT transform
healthcare?

How Does ChatGPT Perform
on the

United States Medical
Licensing

Examination? The
Implications of

Large Language Models
for Medical Education and
Knowledge Assessment.

Are ChatGPT’s knowledge
and interpretation ability
comparable to those of
medical students in Korea
for taking a parasitology
examination?: a descriptive
study.

A conversation with ChatGPT
on the role of computational
systems biology in stem cell
research.

Table 8: Top specific contributions of clusters 4 and 3.

Clusterid. Publication id.

Cluster 4  pub.1154888867
pub.1153880110
pub.1154432832

Cluster_ 3  pub.1154632837

pub.1154707004
pub.1155149354

Title of publications

ChatGPT is fun, but not an
author.

Rapamycin in the context of
Pascal’s Wager: generative
pre-trained transformer
perspective.

Abstracts written by ChatGPT
fool scientists.

ChatGPT listed as author
on research papers: many
scientists disapprove.

The AI writing on the wall.

What ChatGPT and
generative Al mean for
science.
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Cluster_9: In the topmost paper,! the role of Al in translational
medicine was prompted to ChatGPT and found that though
responses lacked nuanced insight expected from a person with
in-depth knowledge, indicating it does not have to go a long way
to become an important voice in scientific and medical journals.
The second paper evaluated the readability, factual correctness,
and humanness of ChatGPT-generated clinical letters to skin
cancer patients and emphasized the need for caution and
proactive addressal of potential risks should be ensured for the
safety and quality of patient care.* The third work examined the
accuracy and reproducibility of ChatGPT in answering questions
related to knowledge, management, and emotional support for
cirrhosis and HCC, concluded that ChatGPT can have an adjunct
role as an informational tool for patients and doctors to improve
outcomes.?!!

Cluster_5: The topmost paper evaluated the performance of
ChatGPT on three staged US medical licensing exams, in which
ChatGPT performed at or near passing threshold in all three
steps, suggestive of its potential to be used for medical education
as well as clinical decision-making.*? The second work argued
that the possibility of generating inaccurate or misleading text by
ChatGPT strengthens the concern of scholarly misinformation
and emphasized the need for comprehensive guidance for
Al-generated content usage within scholarly publishing at the
earliest.” The third work opined that with the advancement of
Al generative technologies, editorial policies need to evolve too,
directing more forethought, oversight and investment towards
model training, and Al output detectors as humanity is not yet
ready for a ‘game change’®"

Cluster_11: The topmost work in this ‘39 Education’ dominated
cluster expressed concerns on potential effect on human knowledge
and ability (especially ‘thinking’) and stresses the responsibility of
academia for imposing a healthy distrust to properly deal with
this insurmountable challenge.® The second work evaluated the
abstracts generated by ChatGPT using an Artificial Intelligence
(AI) output detector and plagiarism detector and blinded human
reviewers and found that human reviewers detected 68% of
generated abstracts correctly but incorrectly identified 14%
of original abstracts as generated, pointing towards the gravity
of challenges in review and assessment of scientific articles.’
The third work explored the capability of ChatGPT to create a
literature review article on the topic ‘digital twin in healthcare’
and concluded that the future academic publishing process will
require less human effort, which in turn will allow academics to
focus on their research.?”

Cluster_0: The topmost paper observed that ChatGPT has
the potential to provide informed decisions about health for
individuals and communities and enlisted its limitations and
challenges, advantages and disadvantages too.*! The second one
discussed how Al and NLP technologies, such as ChatGPT, can
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playa crucial role in understanding climate change and improving
the accuracy of climate projections, especially for model
parameterization, data analysis and interpretation, scenario
generation, and model evaluation.® The third paper stated that
ChatGPT can massively transform healthcare if specific clinical
needs are identified for its application.’!

Cluster_8: The topmost work in this cluster evaluated and
analyzed the performance of ChatGPT on the United States
Medical Licensing Examination (USMLE) and found that the
model is comparable to third-year medical students, strengthening
the possibility of usage of ChatGPT as a medical education
tool." The second work with the highest FV index Compared
the knowledge and interpretation ability of ChatGPT with
medical students in parasitology and concluded that ChatGPT’s
knowledge and interpretation ability for this parasitology
examination was not yet comparable to those of medical students
in Korea."? The third work explored with the help of ChatGPT,
how advances in computation can help practitioners by saving
time and freeing researchers (computational systems biology for
example) and found that many of the responses lacked depth and
insight.*’]

Cluster_4: The first work in this cluster emphasized the need to
update license and editorial policies to undertake actions (similar
to scientific misconduct, image alteration and plagiarism) against
usage of not only text, but also figures, images, or graphics
generated by ChatGPT while excluding legitimate Al generated
dataset."! The second work explored the benefits of Rapamycin
usage in the context of the philosophical argument 'Of Pascal's
Wager” with the help of ChatGPT, which successfully picked up
its pros and cons and provided wise recommendations to consult
health care professionals.*! The third one outlined the possibility
of misleading researchers and society through flawed research
conducted with ChatGPT's help and observed that more or equal
focus should be on incentives that lead to publication pressure
that force researchers to go for desperate measures. !

Cluster_3: The topmost work in this cluster discussed the
tendency of some authors to list ChatGPT as an author in the
byline information, and as ChatGPT cannot kept responsible or
accountable, forces editors and publishers are forced to devise
suitable policies to restrict the use of ChatGPT.*”! The second
one emphasized the need and standardization (as in the case
of plagiarism services) of applications like GPTZero to detect
text generated by ChatGPT."! The third work discussed various
aspects of generative Al reviewed the technology's development
and usage status and opined that with judicious oversight from
experts, LLMs may even aid cancer diagnosis by cross-checking
body scan images and academic literature.*!

Now, seven emerging clusters are analyzed. Firstly, clusters related
to ‘46 Information & Computing Sciences’ are analyzed. Details
of publications in clusters 1 and 13 (two small clusters) are given
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in Table 9. Details of clusters 6 and 7 are given in Tables 10 and
11, respectively.

Cluster_1: The first work given in Table 9 in this cluster observed
that ChatGPT’s moral advice is inconsistent and emphasized
on improvement of Users™ digital literacy along with the better
design of ChatGPT and other tools to remain immune from
corruption.®” The other work introduced logic-symbolic

inference that has the capability to deal with various belief

Table 9: Specific contribution details of clusters 1 and 13.

Clusterid. Publicationid. Title of publications

Cluster 1  pub.1157067307 ChatGPT’s inconsistent
moral advice influences users’
judgment.

pub.1157571557 Epistemic considerations
when AI answers questions

for us.

Artificial muses: Generative
Artificial Intelligence
Chatbots Have Risen to
Human-Level Creativity.

The Artificial Creatives:
The Rise of Combinatorial
Creativity from Dall-E to
GPT-3.

Cluster_13 pub.1156408128

pub.1155273939

Table 10: Specific contribution details of Cluster 6.

systems to handle any possible epistemic associated with human
or artificial information processors as reliance on Al to answer
our questions and judge our output raises some epistemic
concerns.”!

Cluster_13: The first work in this cluster given in Table 9
conducted a comparative analysis of human-generated ideas
and six GAIs, including ChatGPT and registered no qualitative
difference, indicating GAIs potential as creative assistants
(upon further technological improvement).* The other work
considered and compared the impacts of generative Al such
as Dall-E, Jasper, or ChatGPT-3 on artists and creatives and
provided suggestions to minimize the likely disruption to the
creative market.*!

Cluster_6: The first work in Table 10 evaluated ChatGPT’s
performance on bibliometric analysis by comparing an existing
bibliometric study on a topic with output provided by the chatbot
and directed researchers to exercise caution when using ChatGPT
as a bibliometric tool.*" The second work revealed the benefits
and problems of ChatGPT usage as a tool for bibliometric analysis
by prompting three valid questions to ChatGPT.” The third
work and fourth works (preprint versions in different archives)
identified the major research areas of ChatGPT through term
and keyword co-occurrence network mapping techniques, and
revealed key terms like AT, LLMs and GPT.F!

Cluster_7: The first work in Table 11 explored the ability of LLMs
like ChatGPT to remedy the surge of online misinformation,
and demonstrated the potential of ChatGPT to improve content
moderation practices and complement the work of human
fact-checking experts.””! The second work the reliability of
ChatGPT for text annotation and classification cautioned
researchers to use ChatGPT for zero-shot test annotation,
underscoring the necessity for thorough validation against

human-annotated data.l*®

The third work investigated the potential of ChatGPT to
understand and detect harmful content by comparing its
performance with MTurker annotations for concepts related to
harmful content such as Hateful, Offensive, and Toxic (HOT) and
provided several insights about the reliability and consistency of
ChatGPT in detecting harmful content in social media.*” The

Cluster Publicationid. Title of publications
id.
Cluster 6 pub.1156582292 How Trustworthy is ChatGPT?
The Case of Bibliometric
Analyses.
pub.1156501765 ChatGPT as a Tool for
Bibliometrics Analysis:
Interview with ChatGPT.
pub.1157011331 Network Visualization of
& ChatGPT Research: a study
pub.1157261271 based on term and keyword
co-occurrence network
analysis.
Table 11: Specific contribution details of Cluster 7.
Cluster id. Publication id. Title of publications
Cluster_7 pub.1157001443

pub.1157452004

Using ChatGPT to Fight Misinformation: ChatGPT Nails 72% of 12,000
Verified Claims.

Testing the Reliability of ChatGPT for Text Annotation and Classification: A

Cautionary Remark.

pub.1157451552

"HOT" ChatGPT: The promise of ChatGPT in detecting and discriminating

hateful, offensive, and toxic comments on social media.

pub.1157618732

Is ChatGPT better than Human Annotators? Potential and Limitations of

ChatGPT in Explaining Implicit Hate Speech.
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fourth work examined ChatGPT’s ability to provide Natural
Language Explanations (NLEs) for implicit hate speech detection
and laid out its potential and limitations for the same.*!

Now the details of the remaining emerging Clusters 2, 12 and 14
are given in Table 12.

Cluster_2: The first paper in this cluster, given in Table 12, aimed
to determine if ChatGPT could be utilized to produce novel
systematic review ideas related to Plastic Surgery and found that
it may be useful for virtual consultations, pre-operative planning,
patient education, and post-operative patient care.'®” The second
paper opined that although ChatGPT may remedy difficult issues
in plastic surgery, a new design of ChatGPT, examination and
modification of ChatGPT code of conduct is required for applying
it for practice, study or instruction, research, etc.,/?

Cluster_12: The first work in this cluster given in Table 12
prompted ChatGPT about how history would have changed had
the attempted assassination of Franklin D. Roosevelt succeeded
and the replies strengthened the conjecture that ChatGPT has
been programmed to have a ‘left wing’ political bias.®®! The
second work in this cluster prompted ChatGPT on whether
Environmental, Social, and Governance (ESG) is a bad idea and
upon a series of follow-up queries, a ‘left-wing’ political bias

Table 12: Specific contribution details of Clusters 2, 12 and 14.

Publication id.
pub.1156378863

Cluster id.
Cluster_2

Title of publications

Utilization of ChatGPT for
Plastic Surgery Research:
Friend or Foe?

Utilization of ChatGPT for
Plastic Surgery Research:
Comment.

pub.1157735882

How Would American
History Be Different If FDR
Had Been Assassinated in
1933: A Chatgpt Essay.

Is ESG a Bad Idea? The
Chatgpt Response.

Cluster_12  pub.1157512963

pub.1157510581

How to Determine Your
'Fair Share' of Taxes: Ask
Chatgpt.

Can ChatGPT and

Bard generate aligned
assessment items? A
reliability analysis against
human performance.

pub.1157527348

Cluster_14 pub.1157966422

Guidance for researchers
and peer-reviewers on
the ethical use of Large
Language Models (LLM:s)
in scientific research
workflows.

pub.1158091256
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behind the coders of ChatGPT is revealed.®” The third work
prompted ChatGPT about the taxation systems and it provided
a balanced answer.[®!

Cluster_14: The first paper in this cluster, given in Table 12,
examined the reliability of OpenAI ChatGPT and Google Bard
LLM tools against experienced and trained humans and found
that ChatGPT and Google Bard's inter-reliability was low against
gold standard human ratings.®® The second work attempted
to provide guidance and norms for applications of LLMs and
for peer review of LLM research and opined that by ensuring
alignment of LLM research with Al ethics, the use of LLMs with
ethical principles and best practices can be ensured.”*”

With this, the fourth objective of this research is achieved. The
fifth objective, i.e., tracking of the growth of the identified (in
phase 1) grown and emerging clusters. This is discussed next.

Tracking of growth of grown and emerging clusters

By December 31, 2024 (phase 2 of our analysis), total publications
have increased up to 33046. Upon the application of the k-core
filter (k=1), the resultant network had 11627 papers and 45319
links. This network had 250 connected components. There
were 284 communities/clusters. The giant component itself
hoards 11027 publications belonging to 35 different clusters/
communities (earlier 8 grown clusters and 1 emerging cluster
were present). Visualization of this network and its communities
is not possible due to its sheer size.

Now, upon analysis, it is found that almost all the grown clusters
have grown considerably, and so do emerging clusters. A more
intriguing fact is that some of the grown clusters are found to
merge (citations received from new entrants in the network glued
those together) to form much larger clusters. More information
on this can be obtained from Table 13.

From Table 13, it is clear that 8 clusters are formed at t+7T out of
15 clusters present at t with or without merger and all of them
are substantially grown. Hence, all these 8 clusters are eligible
for cluster FV computation. Cluster FV indices and network
FV index computed for 8 clusters are shown in Figure 5. The
Network FV index is found to have decreased to -0.354 (from
-0.1546 at t), indicating that network is in convergence mode (in
a greater extent than that at ). This may be due to the flooding
of so many new entrant publications into the network, that
clearly outnumbered and outweighed the works that might have
increased its FV potential and switched to flow divergence mode
from convergence mode. However, abrupt growth indicates
that works identified as the ones with high divergence potential
might have garnered direct connectivity (citations) or indirect
connectivity and played a crucial role in knowledge flow (as
stipulated by the FV model). This exercise, in a sense, can be
treated as a validation of FV model.
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Table 13: Cluster growth found on the second phase.

May 2023 (Phase 1) December 2023 (Phase 2)

Cluster id. Growth type # of papers Cluster id. Merger status # of papers
Cluster_4 Grown 152 Cluster_17 Merger of 1759
Cluster_3 Grown 63 Cluster_17 clusters
Cluster_5 Grown 115 Cluster_17 4,3,5 11 &6
Cluster_11 Grown 177 Cluster_17
Cluster_6 Emerging 4 Cluster_17
Cluster_10 Grown 70 Cluster_29 Merger of 1565
Cluster_0 Grown 41 Cluster_29 clusters

10 &0
Cluster_8 Grown 112 Cluster_23 Merger of 2253
Cluster_9 Grown 109 Cluster_23 clusters

8 &9
Cluster_1 Emerging Cluster_37 Nil 617
Cluster_13 Emerging Cluster_41 Merger of 712
Cluster_12 Emerging Cluster_41 clusters

13 & 12
Cluster_7 Emerging Cluster_31 Nil 600
Cluster_2 Emerging Cluster_56 Nil 264
Cluster _14 Emerging Cluster_79 Nil 455

Coming to tracking of growth of grown clusters, Table 13 clearly
indicates that cluster _17 is formed out of the merger of 4
grown clusters (clusters 3, 4, 5 and 11) and one emerging cluster
(cluster_6). Thus, the merger of two relatively better performing
clusters (clusters 5 and 11), two lesser performing clusters
(clusters 3 and 4) and an emerging cluster (whose performance
was not possible to be assessed at t) resulted in the formation of a
relatively less performing cluster (at t+7). However, from Figure
5, cluster_17 is the best among lesser performing clusters (might
have been mostly due to the effect of publications with high FV
potential from clusters 5 and 11). The highest performing cluster
at t (cluster_10) and another good performing cluster (cluster
_0) merged to form cluster_29 at t+T, which is one of the better
performing clusters (Figure 5), despite its large size at t+T. On the
other hand, two large-sized clusters at ¢, cluster_9 (second best
cluster at ) and cluster_8 (a low performing cluster) have merged
to form a huge cluster viz. cluster_23, which is one of the lesser
performing clusters at t+7T.

It is interesting to note that most of the emerging clusters have
grown and are found to be highly performing. Clusters 1, 7
and 14 are found to be grown without any merger. Cluster_79
(new cluster id. of cluster_14) is the best performing cluster at
t+T, closely followed by clusters 37 and 31 (earlier clusters 1
and 7, respectively). Clusters 13 and 12 (at t), merged to form
cluster_41, which is the least performing among the relatively
high performing clusters at t+1. However, cluster_56 (earlier
cluster_2) is the least performing in the whole group of 8 clusters,
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which is the least grown cluster among the clusters formed out
of emerging clusters, possibly indicating the relative less appeal
of its theme.

Thus, the framework that supports dynamic analysis of the FV
model is found to be highly useful for the analysis of themes
that exhibit a gold rush (like in the case of ‘ChatGPT’). The
dynamic analysis has shown that the merger of early identified
high performing grown clusters may result in relatively good
performing clusters. Merger of high performing grown cluster
with one or more lesser performing clusters might result in a
relatively low performing cluster. Dynamic analysis framework
can also help to determine promising emerging clusters. Thus, the
fifth objective is also successfully addressed.

The sixth objective is to discuss insightful implications for various
stakeholders. It is covered in the next section.

Implications for various stakeholders

Manufacturers of ChatGPT and other Generative Al tools

e Fromtheveryearly FOR mappinganalysis, 32 Biomedical
& Clinical Sciences’ and ‘47 Language, Communication
& Culture’ are the highest mapped FoRs quantitatively
and qualitatively other than ‘46 Information &
Computing Sciences, manufacturers of ChatGPT and
other generative Al tools should Continuously monitor
the discussions from the field ‘32 Biomedical & Clinical
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Sciences’ to get updated information about the issues,
biases related to ChatGPT and GAIs, and challenges
that should be addressed for the safest and most reliable
application in the field. The discussions from 47
Language, Communication & Culture’ can complement
the technological developments in ‘46 Information &
Computing Sciences’ for improving the LLM backbone
of the GAIs.

From the content analysis of the top works in different
grown and emerging clusters, key implications include:

The reliability of ChatGPT should be improved for
its usage for assessment and peer review purposes, if

possible, to achieve a gold standard by human experts.

ChatGPT’s ability should be improved greatly for
medical advice to patients, practitioners, etc., as its
capability to provide insightful recommendations is still
not comparable to an expert in the field.

ChatGPT and other GAIs are not entitled to authorship
(per most leading journals' policies). Some provisions
should be considered to get informed about such
attempts and resist them. For instance, if some researcher
prompts ChatGPT to answer any open or novel research
questions, either restrict from such attempt or report
such attempts as per guidelines provided by legal
or ethical committees of the respective countries or
international bodies (if there are any).

As the output from ChatGPT and GAIs for literature
review queries exhibit discrepancies with that of
human-generated reviews, focus especially on
improving the ability of GAIs to generate clear, bias-less,
and accurate reviews so that researchers could focus

more time on conducting research.

Either restrict ChatGPT from providing morality-related
advice or train the GAIs effectively with updated and
wideset of norms and notions of morality prevailing in
different regions so that answers should apply time, place,
and other important factors that affect morality-related

questions.

As the potential to detect online misinformation and
harmful content is crucial for ChatGPT and GAIs, R&D
activities can also be oriented towards that direction.

GAIs should be free from biases, especially political
bias (as ‘left wing’ bias of coders is detected). Special
measures should be there to ensure a balanced political
perception of ChatGPT.

International policymakers for education and
research

From FoR mapping analysis, the top FoRs according to quantity
and quality are revealed to be ‘46 Information & Computing
Sciences, 32 Biomedical & Clinical Sciences, ‘47 Language,
Communication & Culture, ‘40 Engineering, ‘39 Education’
and 35 Commerce, Management, Tourism and Services, the
following implications are there:

As it is the right time to form policies using ChatGPT,
other GAIs, and other Al tools for research and education,
form expert committees ensuring representation from
all the above FoRs and nationalities for formulating
robust policies.

Special emphasis should be there on regulating the use of
ChatGPT, other GAIs, and other Al tools for education
to ensure that it won't curb the ability of students to
think and solve problems.

Form special ethical committees to set ethical
guidelines for using ChatGPT and other generative
Als for education and research. Other than experts
from the FoRs mentioned above, experts from the field
‘50 Philosophy and Religious Studies’ should also be

included.

The formation of legal committees to form a legal
framework in compliance with the ethical framework
can also be done.

Special emphasis should be made to encourage R&D
in FoR ‘4608 Human-centered Computing’ to ensure a
research and education environment with safe, reliable,
and human-friendly AI tools.

From the analysis of top works in different grown
and emerging clusters, the following implications are
extracted:

Regulations to tackle the authorship issues related to
ChatGPT should be there. Regulations should aim for
source-level reporting of attempts for unfair usage of
GAIs or Al tools for research by legally and ethically
binding the manufacturers to restrict such uses or
report such attempts to the respective committees. Also,
the submitted (to Journals or other publication outlets)
Al-generated text detected from Al output detectors can
also be reported to ethical and legal committees.

Ethical guidelines should specify that GAI and Al tool
manufacturers should not be biased in favour of any
political ideology and should be encouraged to maintain
a balanced political perspective.

As misinformation research

spreading through
publications is also common these days (as witnessed
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during the COVID-19 pandemic), R&D should be
supported to explore the potential of Al and GAI tools
to detect misinformation from research articles and
educational content.

e There should be a special emphasis on R&D to improve
the reliability and competence of Al and GAI in medical
education, scholarly medical writing, clinical diagnosis,
and reporting.

e To ensure that extreme care is taken for medical
education and research regarding the usage of Al and
GAI tools, special ethical and legal guidelines should be
issued, and strict compliance should be enforced.

e Data privacy and other ethical considerations related to
the usage of Al for education, training, and healthcare
should be addressed properly by the ethical and legal
framework, violations should be seriously prosecuted,
and offenders should be judiciously punished.

e The threat of Al replacing teachers, trainers, researchers
and workers in some creative jobs is already there, so a
proper work environment to ensure the coexistence of
humans and Al tools should be ensured.

e It is to be noted that, while most of the clusters have
grown substantially and a lot of new publications are
added to the literature, most of the implications retrieved
from analysis at phase 1 are found to be still relevant due
to their immense gravity and multi-faceted complexity.
The only things that have changed in this regard are the
creation of new benchmarks for reliability, accuracy
of performance and other aspects. Relevance of the
above-mentioned implications may diminish only if
there is advancement through a series of breakthroughs
from synergetic coevolution of different disciplines
of science & technology embracing socio-economic,
environmental and ethical pillars of sustainable
development. However, new themes that came into
existence during phase 2 could reveal so many other
relevant implications, but exploring those is beyond the
scope of this work.

e With the discussion of implications, the sixth objective
is also achieved. Thus, all the objectives are achieved
with the proposed framework thereby demonstrating its
effectiveness.

CONCLUSION

As specified in the introduction, this work intended to develop
a framework to determine the key fields of research, key
research clusters, emerging research themes, and key research
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contributions within grown and emerging clusters for themes that
exhibit ‘gold rush’ kind of attention and growth characteristics as
in the case of ‘ChatGPT’. Various implications including scientific
and technological implications, social implications including
those related to the economy and job market, ethical implications
including the ones related to the risk of life (possibly from medical
applications), etc., that are useful to respective key stakeholders
are also provided.

Methodical contributions of this work

The framework built as a diligent combination of (i) science
mapping using FoRs (provided by the Dimensions database) (ii)
a fast community detection algorithm and (iii) the Flow Vergence
model (powered for dynamic analysis), also enables analysts to
track the development of early identified grown and emerging
clusters. As all the objectives are successfully achieved using the
framework, the framework is effective for analysis of the body
of literature related to new but fast-growing (kind of gold rush)
research topics like ChatGPT in its initial stage of development
and tracking of the same after a suitable duration enabling the
review of some of the insights gathered during the early analysis
stage.

Also, in this work, science map creation from the Dimensions
database is introduced, which is the first of this kind of attempt
according to the best of our knowledge. Citation network creation
using the code developed during this research (that uses unique
publication IDs. provided by the Dimensions database) overcomes
an existing limitation of VOSviewer. This also facilitated tracking
of progress of grown and emerging clusters identified during first
stage of analysis at the second stage. Thus, our contributed code
supports dynamic analysis way better than VOSviewer.

Limitations and directions for further research

In this framework, during first phase, determination of themes
of grown and emerging clusters were done using mapping
publications to FoRs. While this ensures the determination
of these clusters' coarse or broad themes at very early stage,
exploring ways to identify broad themes once early-detected
emerging clusters grow sufficiently is a challenge. This is because,
as network grows and cluster mergers happen, multi-themed
clusters will be formed (as observed in second phase of our
analysis). Also, determination of fine-level themes is required.
Exploration of NLP techniques for addressing both of these
can be really promising. Though Dimensions is one of the most
available comprehensive databases, executing this framework on
other databases might reveal some other important implications.
The package developed for processing Dimensions data can be
expanded to process data from other databases too. These are
some of the enticing possibilities for further endeavours.
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