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ABSTRACT Currently, studies involving a digital twin are gaining widespread interest. While the first
fields adopting such a concept were in manufacturing and engineering, lately, interest extends also beyond
these fields across all academic disciplines. Given the inviting idea behind a digital twin which allows the
efficient exploitation and utilization of simulations such a trend is understandable. The purpose of this
paper is to use a scientometrics approach to study the early publication history of the digital twin across
academia. Our analysis is based on large-scale bibliographic and citation data from Scopus that provides
authoritative information about high-quality publications in essentially all fields of science, engineering
and humanities. This paper has four major objectives. First, we obtain a global overview of all publications
related to a digital twin across all major subject areas. This analysis provides insights into the structure of the
entire publication corpus. Second, we investigate the co-occurrence of subject areas appearing together on
publications. This reveals interdisciplinary relations of the publications and identifies the most collaborative
fields. Third, we conduct a trend and keyword analysis to gain insights into the evolution of the concept and
the importance of keywords. Fourth, based on results from topic modeling using a Latent Dirichlet Allocation
(LDA) model we introduce the definition of a scientometric dimension (SD) of digital twin research that
allows to summarize an important aspect of the bound diversity of the academic literature.

INDEX TERMS Data science, digital twin, scientometrics, natural language processing.

I. INTRODUCTION
In recent years, there is a tremendous interest in the concept
of a digital twin as exemplified by the ever increasing number
of publications. The idea of a digital twin can be stated simply
as follows: A digital twin is a digital representation of a
real-world object that is essentially indistinguishable of its
real-world counterpart. Here digital representationmeans that
a digital twin is a software implementation and a real-world
object could be either a system or process that has a phys-
ical representation, e.g., an engine, a biological cell or a
manufactural process. For a collection of further but similar
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definitions see [11] and for a specific and detailed definition
of a biological digital twin see [15].

David Gelernter’s book Mirror Worlds [16], published in
1991, is widely credited with introducing the broad idea
behind a digital twin. However, it was Michael Grieves who
outlined the concept and model of a digital twin in more
technical terms in the early 2000s [18]. One of the first
practical applications of a digital twin can be found in a study
of aircraft structure conducted by [41]. Overall, it is widely
believed that digital twins will play a pivotal role in the fourth
industrial revolution, as they have the potential to signifi-
cantly improve the operational efficiency in manufacturing
and production [1], [42].

Since its beginnings, the idea of a digital twin inspired
many studies, especially in engineering and manufacturing.
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As a consequence, in recent years more and more papers are
published seemingly across all academic disciplines. In order
to obtain a better understanding of this diverse corpus of
publications and to get insights into trends and used method-
ologies, we conduct a scientometric analysis. In general,
scientometrics studies the scientific activity of a field or
topic using quantitative methods, with the aim of providing
insights into the structure, dynamics, and impact of scien-
tific research [22], [26]. Scientometrics involves analyzing
large-scale bibliographic and citation data to identify patterns
and trends in scientific communication and collaboration,
e.g., as documented by publications. Sometimes, one distin-
guishes between scientometrics and infometrics, however, the
differences are subtle and there are no generally accepted
distinctions [19]. For this reason, in this paper, wewill refer to
our study as scientometric analysis of publications focusing
on a digital twin.

For our analysis, we use data from Scopus - a citation
database provided by Elsevier - that provides authoritative
information about high-quality publications in essentially
all fields of science, engineering and humanities. In total,
we obtain over 6000 publications from Scopus allowing
a comprehensive scientometric analysis. The objective of
this paper is threefold. First, we gain a global overview of
all publications related to the digital twin across all main
subject areas of academic disciplines. This includes informa-
tion about the number of citations, citations per publication,
evolution of publications and citations per publication type.
Importantly, these analyses will be based on either subject
areas or publication types - we distinguish between 27 subject
areas spanning all academic disciplines and 8 paper types -
allowing insights into the structure of the entire publication
corpus. Second, we investigate the co-occurrence of subject
areas on publications. This allows us to gain insights into
the interdisciplinary relations of the publications and identify
dominating fields. Third, we conduct a keyword analysis that
allows us to derive subject area-specific constituents of a
‘‘digital twin’’ and to identify trends. Finally, we perform
a Latent Dirichlet Allocation (LDA) [5] analysis for topic
modeling. By analyzing the frequency and co-occurrence
of keywords across subject areas, LDA allows us to extract
topics and provides insights about the most important themes
used in the field of digital twin research. Based on this,
we will introduce the definition of a scientometric dimension
of digital twin research.

So far, a number of papers appeared providing also a
scientometric or bibliometric analysis of a digital twin. For
instance, the paper by [46] conducted a bibliometric analysis
of 514 articles related to a digital twin as found in the Web
of Science (WoS) database. They studied, e.g., core journals,
institutions, countries and a theme map. In [47], 1158 pub-
lications from Web of Science and 745 records from the
Derwent Patent Database were analyzed with a focus on the
construction industry. Similarly narrow studieswere provided
by [29] analyzing 197 journal articles in architectural, engi-
neering, construction, operation, and facility management

(AECO-FM) industry, [20] analyzed 77 publications about
architecture, engineering, construction, and facility manage-
ment (AEC-FM) industry, [35] studied 817 journal papers
from the Smart City, Engineering and Construction (SCEC)
sectors and [27] investigated 276 publications about smart
manufactoring. In contrast to these scientometric studies, our
paper is different with respect to the following aspects. First,
we provide an extensive analysis by using over 6000 publica-
tions from the Scopus database. Second, we do not narrowly
focus on selected subject areas but study 27 main subject
areas across all academic disciplines. Third, our analysis is
not limited to a descriptive analysis but we conduct also
an inferential analysis, e.g., by utilizing a Latent Dirichlet
Allocation (LDA) model. As a consequence this allows us to
derive a subject-specific, data-driven interpretations of digital
twin research as present in the literature.

This paper is organized as follows. In the next section,
we introduce our data and statistical methods we use for
our analysis. Then we present the results of our descriptive
and scientometric analysis of publication data from Scopus.
Based on these findings, we provide a discussion of their
meaning and finish with a summary and a conclusion.

II. METHODS
In this section, we describe the data and methods we need for
our analysis. We start with a description of the data and then
we provide information about the used analysis methods.

A. DEFINITION OF MAIN SUBJECT AREAS
For our analysis, we use a categorization of academic disci-
plines. Specifically, we use the authorative definition of such
a categorization provided by Scopus. In Table 1, we show
an overview of these categories consisting of 27 main fields
spanning all areas of science, engineering and humanities.
This allows us to get a comprehensive overview of the entire
literature utilizing a digital twin.

We would like to note that every listed publication in
Scopus is assigned to at least one of the these 27 categories.
That means publications that are narrowly focused on only
one topic will be uniquely labeled by just one category but
interdisciplinary studies or broad research work can have
more than one category label. In the results section, this will
be studied in detail to learn about the interdisciplinarity of the
subject.

B. SEARCH AND SELECTION OF RELEVANT PAPERS
In order to include only publications that are closely related to
studies about the digital twin, we use the following filtering
for querying the Scopus database. Specifically, we limit our
search to publications that use the term ‘‘digital twin’’ in
the title. This is very restrictive and has the advantage that
only publications with a dedicated focus on a digital twin are
considered. That means publications using the term ‘‘digital
twin’’ in a broader context of a study will not be considered.

As a result from this query, we find 6314 publications
in the Scopus database. These publications can assume one
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TABLE 1. Overview of 27 main subject areas provided by the scopus
database used for our study.

of the following eight paper types: ‘‘Article’’, ‘‘Book’’,
‘‘Book Chapter’’, ‘‘Conference Paper’’, ‘‘Editorial’’, ‘‘Let-
ter’’, ‘‘Review’’ and ‘‘Short Survey’’. Additional information
we gather for each publication are publication year, keywords
and number of citations. All of these features will be analyzed
in the results section.

For finding the publications, we utilized the ‘‘rscopus’’
package in R to retrieve papers relevant to our search keyword
‘‘digital twin’’. Our search gives a total of 6314 papers,
from which we extracted additional attributes such as sub-
ject area, citations, year of publication, subject area label,
and keywords using the ‘‘eid’’ identifier. The subject area
labels cover a broad range of sub-categories across various
fields, from which we use the major 27 categories listed
in Table 1.

C. TEXT ANALYSIS AND NATURAL LANGUAGE
PROCESSING
For analyzing keywords provided by the publications,
we conduct a text analysis based on natural language pro-
cessing (NLP). For this, we use the following steps outlined
below.

1) PREPROCESSING
For the preprocessing of the keywords, we follow [44].
Specifically, for preparing the keywords for the analysis we
filter them in the following way:

• Remove the term ‘‘digital twin’’.
• Remove all keyword containing the term ‘‘twin’’.
• Select only keywords with a frequency >= 5.
• Remove keywords with length <= 5.

2) ANALYSIS OF KEYWORDS
In order to identify important keywords we perform two types
of analysis. The first studies the frequency of keywords and
the second tests their statistical significance.

For the first analysis we select the top 35 keywords of each
subject area and exame their proportional representation in
different years for digital-twin-related concepts and imple-
mentations. Importantly, from a top keyword selection we
calculate the probablity of each keyword by

pi(j) =
frequeny of the ith keyword in subject area j

total frequency of all keywords in subject area j
,

(1)

for every subject area, and select the keywords with
pi(j) > 0.01.
The second analysis involves identifying significant key-

words within a particular subject area. For this analysis,
we used the following hypothesis: Suppose we have a set of
all subject area SA = {sa1, sa2, . . . san} where |SA| gives the
total number of subject areas. If the probability of success
of a keyword kwi ∈ saj is greater than 1

|SA|
, then kwi is

significantly represented in saj compared to a random appear-
ance. We conducted a hypothesis test to select significant
keywords, with the null hypothesis (H0) stating that the true
probability of success is less than or equal to 1

|SA|
, and the

alternative hypothesis (H1) stating that the true probability of
success is greater than 1

|SA|
.

H0 : True probablity of success ≤
1

|SA|

H1 : True probablity of success >
1

|SA|

To test these hypothesis, we apply a Binomial test where
the probablity of k successes is estimated from a Binomial
distribution. The z-score is calculated as follows:

z(kwi, saj) =
(k − np)

√
np(1 − p)

(2)

where the n is the total occurrence of a keyword (kwi) irre-
spective of a subject area and k is the number of successes
if it occurs in a particular subject area saj, and p =

1
|SA|

.
For controling the false discovery rate (FDR), we used the
Benjamini-Hochberg (BH) procedure [13] and select key-
words for which the FDR is less than a significance level of
α = 0.05.

3) SUB-SUBJECT AREAS ANALYSIS WITH A BIPARTITE GRAPH
For a publication it is possible to possible to have in addi-
tion to subject areas also sub-subject areas. For example
subject area engineering (‘‘ENGI’’) can be subdivided into
Control and Systems Engineering, Aerospace Engineering,
Ocean Engineering, Mechanical Engineering, Electrical and
Electronic Engineering. Simlarly this applies to other subject
areas as well. Using such sub-subject areas allows to see
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which keywords are related to the fine structure of subject
areas.

For this analysis we first construct a bipartite graph as
follows: Let document Di have a set of sub-subject areas
sasub = {sasub1 , sasub2 , . . . sasubp }, and keywords, kw =

{kw1, kw2, . . . kwn}. We construct a bipartite graph, Gi =

(sasub, kw,Esasub,kw), where Esasub,kw = (sasub, kw) is the
connection matrix between sub-subject areas and keywords.
The final graph G is constructed by the taking union of all
{G1,G2, . . .Gm} subgraphs constructed from m documents,
G = G1 ∪ G2 ∪ · · · ∪ Gm. We then apply louvian [6] to the
bipartite graph to detect its modules Dugué [12] modularity.

4) STATISTICAL ANALYSIS AND TOPIC MODELING
For the analysis of the data from Scopus, we use various
methods. Specifically, for identifying significant correlations
between the rank order of different publication statistics,
we use Spearman’s rank correlation test [36] for a signifi-
cance level of α = 0.05.
For topic modeling, we use a LDA (Latent Dirichlet Allo-

cation) model to discover underlying topics or themes in
different subject areas [5], [21]. LDA utilizes a Gibbs sam-
pling technique to estimate the parameters of the model.
For the LDA analysis, we assume that each subject area
in the collection is a mixture of a small number of topics,
and each topic is a probability distribution over keywords
in the whole keywords set. The goal of LDA is to discover
the underlying topics and their associated probabilities in the
collection as well as the distribution of topics in each subject
area. This is obtained by maximizing the likelihood of the
observed data, given the topic assignments for each word
in each subject area, and the topic distributions across the
entire matrix of subject areas (rows) and keywords (columns).
For the topic modelling using LDA we used Gibbs sampling
to estimate the distribution of topics in each subject area,
as well as the probability distribution of keywords in each
topic.
In our analysis, we first apply LDA to optimize the number

of topics for all subject areas. For this, we run a LDA analysis
for 2 to 27 topics and calculate density-based metrics for
adaptive LDA model selection proposed by Cao et al. [8]
and Deveaud et al. [10] which maximize the intra topic and
minimize inter topic similarity, metrices for optimal number
of topics.
For identifying the optimal number of clusters in a den-

drogram, we use the Ball & Hall (BH) index [2], [50] that
estimates the average distance of instances to their respective
cluster centroids. The BH-index is obtained by

BH =
1
C

C∑
k=1

∑
i∈Ck

∥xi − ck∥2 (3)

where C is the number of clusters, ck are centroids of cluster
Ck and xi are vectors of observations of the ith instance in
cluster Ck . The optimal value of BH is the maximum value
of the second successive differences.

All parts of the analysis are conducted by using the statis-
tical programming language R [31].

III. RESULTS
In the following, we study the publication data from Scopus.
This analysis is subdivided into four parts. First, we provide a
global overview of all publications related to the digital twin
across all main subject areas of academic disciplines. This
includes information about the number of citations, citations
per publication, evolution of publications and citations per
publication type. Second, we investigate the co-occurrence of
subject areas on publications. This allows us to learn about the
interdisciplinary relations of the publications. Third, we con-
duct a trend and keyword analysis for obtaining insights into
domain-specific keywords and their usage over time. Fourth,
we perform a topic modeling analysis to gain a detailed
understanding of the diversity of keywords.

A. GLOBAL OVERVIEW
We start our analysis by providing an overview of publi-
cation statistics. In Figure 1 A, we show the total number
of publications for each subject area that have more than
10 publications. That means the categories dentistry (DENT),
nursing (NURS), psychology (PSYC) and veterinary (VETE)
have been removed from the 27 available categories (see
Table 1).

From Figure 1 A one can see that engineering (ENGI) and
computer science (COMP) have by far the most publications
followed by mathematics (MATH). In the next group, we find
12 subject areas which all still have more than 100 publi-
cations where the largest four are decision sciences (DECI),
energy (ENER), materials science (MATE) and physics and
astronomy (PHYS). Finally, there are 8 subject areas with less
than 100 publications.

Figure 1 B shows the number of citations for the subject
areas. The subject areas with the highest number of cita-
tions are the same as for the total number of publications
(Figure 1 A) and also the order of the remaining subject areas
seems similar. In order to confirm this, we perform Spear-
man’s rank correlation test, r , for the number of publications
and the number of citations.

r(number of publications, number of citations) = 0.974

with p-value = 4.496e− 15

As a result, we obtain a correlation of r = 0.974 with a
p-value of 4.496e− 15 which is significant for a significance
level of α = 0.05. It is also interesting to note that the subject
area with the smallest number of citations (pharmacology,
toxicology and pharmaceutics (PHAR)) is also the subject
area with the smallest number of publications.

As a measure of importance for publications, we show in
Figure 1 C the number of citations per publications which is
given by

citations per publication =
number of citations

number of publications
. (4)
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for each subject area. Here the subject area with the highest
number of citations per publication is economics, econo-
metrics and finance (ECON) and the subject area with the
smallest number is again pharmacology, toxicology and phar-
maceutics (PHAR). Overall, the order of the subject areas in
this figure looks considerably different to Figure 1 A and B.
To confirm this, we perform Spearman’s rank correlation tests
for correlation, r , and obtain the following results:

r(number of publications, citations per publication) = 0.204

with p-value = 0.350

and

r(number of citations, citations per publication) = 0.357

with p-value = 0.094

As one can see for a significance level of α = 0.05 non of the
tests is significant indicating that the observed orders of the
subject areas are different from each other.

Next, we take a look at the time course of publications.
In Figure 2, we show the number of publications for the
subject areas over the years. It is interesting to note that
dedicated publications about digital twin started only recently
in 2005, however, it took a fewmore years until 2016 to reach
a noticeable number of publications per year. Since then the
number of publications grows continuously across all subject
areas.

For our next analysis, we focus on the article types of
publications. In Figure 3 A and B, we show the number
of publications and the number of citations per publication
type respectively. The paper types ‘‘conference paper’’ and
‘‘article’’ are by far the most common publication types.
Interestingly, the highest number of citations per publication
type is obtained for ‘‘book’’ followed by ‘‘review’’ despite
the fact that the number of publications in these categories is
low to moderate.

Figure 3 C shows a heatmap giving the number of pub-
lications per subject area and publication type. The highest
numbers are observed for engineering (ENGI) and computer
science (COMP) for the publication types article and confer-
ence paper. It is interesting to note that 6 out of the 7 published
books are also in these two subject areas. To identify signif-
icant entries in Figure 3 C, we estimate the mean values in
the cells expected by chance via a Binomial distribution with
p = 1/23 and n corresponding to the sum of the columns.
From this and a significance level of α = 0.05 we estimate
the following threshold values for the 8 article types: 279.9
(article), 1.1 (book), 22.4 (book chapter), 317.3 (conference
paper), 6.6 (editorial), 1.0 (letter), 26.3 (review) and 2.3 (short
survey). In Figure 3 C, we highlight all significant cell entries
in yellow.

In Table 3, we show a list of the 10 most cited publications
across all subject areas. Most of these publications (6) are
articles and 3 conference papers. It is important to highlight
that only three publications are categorized by a single subject
area (engineering (ENGI)) while all other publications are

TABLE 2. Subject specific summary statistics of the number of citations
for the top 8 subject areas (ENGI, COMP, MATH, MATE, DECI, ENER, PHYS,
SOCI) in Figure 1 B. The columns correspond to the mean value of
citations, top 20%, top 5% and top 1% of citations per subject area.

assigned to two or more subject areas. This will be studied in
more detail in the next section. The most diverse publication
is a book chapter by [18] assigned to four subject categories
(ECON, BUSI, MATH and ENGI).

Regarding the distribution of citations it is interesting to
note that the mean number of citations of all publications
is 11.3. Furthermore, 20% of all publications have more
than 10 citations, 5% of all publications have more than
42 citations and 1% of all publications have more than
167 citations. When looking at subject specific numbers for
the top 8 subject areas (ENGI, COMP,MATH,MATE, DECI,
ENER, PHYS, SOCI) in Figure 1 B, we find the results
shown in Table 2. These results are similar to the subject
area independent results indicating overall a rapid decay in
the number of citations per paper.

In order obtain more detailed insights about the top cited
publications in particular application domains, we show in
Table 4 two examples. Specifically, the top part shows the
five most cited publications in the earth and environmental
sciences (EART, EVNI) and the bottom part lists publications
in the life sciences (BIOC, HEAL, IMMU, MEDI, PHAR,
NEUR, NURS). As one can see from this table, only three
publications in the life sciences are within the top 1% of the
most cited papers but all of the shown publication are within
the top 5%.

B. INTERDISCIPLINARY RELATIONS
For the next analysis part, we focus on interdisciplinary
relations between publications. To gain insights into such
interdisciplinary relations of publications we conduct two
types of analysis. First, we study the distribution of sub-
ject areas per publication and, second, we investigate the
co-occurrence of such fields.

The first analysis is shown in Figure 4 A. The histogram
shows the frequency of publications in dependence on the
number of subject areas found per publication. It is interesting
to note that the vast majority of publications is connected
to more than one subject area, however, the number of pub-
lications with only one subject area is still 2042 papers.
Specifically, the probability to observe two or more subject
areas per publication is given by

Pr(two or more subject areas) = 0.65 =
4147
6294

. (5)
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FIGURE 1. Overview of publications in Scopus about digital twin. A: Total number of publications in the 23 subject areas of Scopus that
have more than 10 publications. B: Number of citations of these publications. C: Number of citations per publication.

FIGURE 2. Evolution of the number of publications over time for the 23 subject areas shown in Figure 1 A-C.

Overall, the distribution is rapidly decaying and only the
paper by [3] is connected to seven subject areas, namely,
COMP, DECI, ENER, ENGI, MATH, MEDI, PHYS.

The pairwise co-occurrence of subject areas per publi-
cation is shown in Figure 4 B. This heatmap shows all
possible pairwise co-occurrences regardless of the total
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FIGURE 3. Overview of publications per article type. A: Number of publications per article type. B: Citations per publication. C: Heatmap of
the pairwise co-occurrence of the 23 subject areas and 8 article types. Significant values are highlighted in yellow.

TABLE 3. Most cited publications across all subject areas and publication types.

number of subject areas of a publication. Given the results
from the preceding analysis it is not surprising to see that
the highest numbers are obtained for engineering (ENGI)
and computer science (COMP) followed by MATH-COMP
andMATH-ENGI. Significant values are again highlighted in
yellow and the threshold for this test is 94. Interestingly, the
common significant subject areas for engineering (ENGI) and
computer science (COMP) are the eight fields SOCI, PHYS,

MATH, MATE, ENER, DECI, CENG and BUSI. Hence,
these 10 fields engage in significantly more collaborations
with each other than other fields.

To gain insights into higher-dimensional dependencies,
we repeat a similar analysis as for Figure 4 B but for three
subject areas instead of two. The problemwith such an analy-
sis is the visualization because it requires a three-dimensional
representation. In order to avoid such visualization issues we
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TABLE 4. Most cited publications in earth and environmental sciences (EART, EVNI) (top) and the life sciences (bottom: BIOC, HEAL, IMMU, MEDI, PHAR,
NEUR, NURS).

show two-dimensional projections for selected subject areas.
The results of two projects are shown in Figure 4 C and D.
Specifically, Figure 4 C is a projection on engineering (ENGI)
and Figure 4 D on computer science (COMP) because these
two fields are most frequently involved in pairwise collabo-
rations, corresponding to the highest column (or row) sums
in the heatmap in Figure 4 B. The cells in the two heatmaps
in Figure 4 C and D show

counts(i, j, ENGI) (6)

counts(i, j, COMP) (7)

where i and j correspond to the 19 subject areas in Figure 4 C
and D (subject areas with no publications were removed).

For the three-dimensional co-occurrence of subject areas
in Figure 4 C and D, we observe that DECI, MATH, MATE
and PHYS are the most dominating combinations excluding
COMP and ENGI respectively.

C. TREND ANALYSIS AND IMPORTANCE OF KEYWORDS
1) FREQUENCY ANALYSIS OF KEYWORDS
In order to identify trends, we analysis the top 35 high-
frequency keywords for different subject areas and study their
prevalence over the years. To obtain the year-wise proportion
of each selected keyword we condition on the subject area
and the year. Based on this, we calculate the proportion value
for a given keyword as the fraction of its frequency count
and the total number of all frequency counts. Hence, the
resulting proportion value for each keyword is a normalized
number between zero and one. We visualize these results
using stacked histograms where one histgram is obtained for
a year and subject area. The results of this analysis are shown
in Figure 5.
For this figure, we selected the six subject areas ENGI,

COMP, SOCI, MEDI, ENER and MATH to obtain a good
overview of different disciplines. As one can from Figure 5,
in the initial years, only a few common keywords are popular,
such as modeling and simulation-related keywords. However,

in recent years, the concept of digital twin has diversified
and is no longer limited to just modeling or simulations,
as evident from the increasing number of associated key-
words. For instance, Figure 5 reveals that the digital twin
concept is widely used in Industry 4.0, smart manufacturing,
digitalization, and machine learning, with AI-related tech-
niques being commonly employed in various subject areas.
Nevertheless, the core concepts, such as simulation, mod-
eling, real-time, and others, continue to show a significant
presence, emphasizing that the fundamental understanding
of the digital twin is crucial to recognize its wider poten-
tial. Furthermore, the digital twin concept has expanded to
other fields of research, including smart city, smart grid,
precision medicine, healthcare delivery, sustainability, and
virtual reality, indicating its evolution towards a process-
oriented direction, encompassing detailed characteristics and
requirements of various applications thereby diversifying the
scope of research. Another observation from Figure 5 is that
regardless of the subject area there is a consolidation process
over the years with respect to the keywords. This is sensible
because it indicates the maturing of the fields in a way that
there is general agreement what a digital twin means.

To give a succinct summary of this consolidation, we show
in Table 5 the top 5 keywords for 2022-2023 of different sub-
ject areas ENGI, COMP, ENER, MEDI, MATH, and SOCI
(as used in Figure 5). All of these keywords can be also
found in the stacked histograms in Figure 5 which are clearly
conserved over time after the initial phase. For instance,
for ENGI, the top 5 most frequent keywords are modeling,
simulations, optimization, performance, and real-time, while
for COMP they are modeling, real-time, simulations, perfor-
mance, and cyberphysical systems; see Table 5.

2) SIGNIFICANCE ANALYSIS OF KEYWORDS
The next analysis aims to identify important keywords in
comparison to other subject areas. For this analysis, we are
using statistical hypothesis testing based on a Binomial
test [14]. On a technical note, we would like to remark that
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FIGURE 4. Common subject areas per publication. A: Histogram of the number of subject areas per publication.
B: Heatmap of the pairwise co-occurrence of subject areas on publications. Significant values are highlighted in yellow
whereas the threshold is 94. C: Projection on engineering (ENGI) with a significance threshold of 23. D: Projection on
computer science (COMP) with a significance threshold of 19.

TABLE 5. Top 5 most frequent keywords of the six subject areas in Figure 5 for the years in 2022-2023.

we use a FDR (false discovery rate) control as a multiple test-
ing correction for this analysis. This analysis differentiates

keywords for subject areas by comparing them with all other
subject areas. For example, it would exclude high-frequency
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FIGURE 5. Trend and frequency analysis of the top keywords over time for six subject areas. The color highlights different keywords.

keywords if they are equally distributed across subject areas
(see the discussion in the method section). In Table 6,
we show a maximum of 20 significant keywords for each
subject area ordered based on their significance (from low
to high). In total, we find 2193 (COMP), 3147 (ENGI), 21
(ENER), 32 (MATH), 6 (MEDI), and 1 (SOCI) significant
keywords. It is important to note that we found already that
the subject areas COMP and ENGI occur together more often
(see Figure 4), and therefore, it is plausible that the keywords

are strongly overlapping between them. Thus, we observe
similar significant keywords in these subject areas. Further-
more, one can see that there is also considerable overlap with
the most frequent keywords shown in Table 5.

3) MODULE ANALYSIS OF A BIPARTITE GRAPH
Finally, we conduct an analysis of sub-subject areas and
keyword associations using a bipartite module detection
algorithm [6]. For this we construct a bipartite graph and
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then apply a module detection algorithm. The results of this
analysis are shown in Table 7. The applied Louvain algorithm
finds 11 modules, with a modularity score of 0.343. This high
score indicates that sub-subject areas can be grouped under
different keywords that are specific to those research areas.
From each module, we select the top 10 subject areas and the
top 20 keywords. These results are useful for understanding
the common themes of different sub-subjects along with the
common keywords in those respective sub-subject areas. For
example, the sub-subject areas of module two (see Table 7)
are mainly related to energy and sustainability. The common
research theme of these sub-subject areas can be understood
based on the co-occurring keywords, which show that energy
and sustainability-related areas mainly focus on real-time
modeling leveraging new technologies (IoT, digitalization)
using AI or data-driven models for various operational and
maintenance tasks that can save energy and result in sustain-
able outcomes.

D. TOPIC MODELING
Next, we study topic modelling with the Latent Dirichlet
Allocation (LDA) [5] and use metrics from [8] and [10]
for the optimization. Basically, the LDA model allows to
generate two types of probability distributions one is a set
of topic distributions over subject areas and the other is a
set of keyword distributions within each topic. From this one
can gain insights into the underlying themes in digital twin
research and the relationships between topics and subject
areas. In our case, keywords will be organized as topics.

The results from the optimization proceedure to find the
optimal number of topics is shown in Figure 6 A. Specifically,
Deveaud’smetric [10] shown on the left-hand side determines
the optimal number of topics that maximizes the calculated
information divergence between topics. This approach finds
an optimal value for eight topics. Second, Cao’s metric [8]
shown on the right-hand side is based on the convergence
of the cosine distance and the cardinality between topics in
the LDA. Figure 6 A (right) shows that the optimal topics
converge when the number of topics reaches eight. That
means for our data both metrics suggest the same number of
optimal topics.

Using this cutoff for eight topics, the resulting distribu-
tion of these topics for different subject areas is shown in
Figure 6 B. This figure illustrates the subject areas where
the topics are ranked consecutively. Regarding the top ranks
of the topics one finds the following: Topic 7 ranks first in
COMP, DECI ENGI, andMATH, Topic 5 ranks first in AGRI,
ARTS, HEAL, IMMU, MEDI, PHAR, Topic 3 ranks first in
EART, ENER, ENVI, SOCI, Topic 4 ranks first in BIOC,
CHEM, MULT, PHYS, Topic 2 ranks first in NEUR, Topic 6
is in BUSI, ECON, and Topic 8 is in CENG, MATE. That
means 7 of the 8 topics rank first for at least one subject area.
Only Topic 1 provides never the largest proportion.

In order to obtain overall proportions for all subject areas,
we average over all individual distributions in Figure 6 B.

This gives the subject area independent results shown in
Table 8. Aside from the overall proportions this table includes
also the top keywords for each topic. The topics with the
highest overall probabilities are topics 7, 5, 3, and 4 respec-
tively. When discussing the ranks of topics for subject areas,
we found that Topic 1 provided never the largest proportion
of a subject area. From Table 8, one can see that a reason for
this is due to the low proportion of Topic 1 which is 0.080.

Regarding the meaning of the topics one can recognize
a structure with respect to specific domains. For example,
Topic 1 pertains to the operation and maintenance of smart
grids, incorporating key terms such as physical modeling,
real-time monitoring, and data-driven approaches. It encom-
passes various aspects of digital twin technology and aims
to facilitate efficient energy management within smart grids.
Topic 2 mainly focuses on cyber physical sytem, along with
edge computing and key technologies, AI, and simulation for
intelligent manufacturing and production, these technologies
enable the creation of a digital twin that can be used to
monitor and optimize the performance of a physical system or
product through simulation. Topic 6 relates to the digital twin
research with the incorporation of blockchain technology for
supply chain management that can enhance the security and
reliability of supply chain management and enable new busi-
ness models through smart contracts, autonomous vehicles,
and trekkings. Topic 8 relates to the digital twin and research
for additive manufacturing and related technologies. Other
topics include a mix of AI and ML applications for smart
energy grids, industrial manufacturing, transportation, and
other industrial applications.

Finally, we use the distributions obtained from the LDA
model to perform a hierarchical clustering. Specifically,
we use the set of topic distributions over subject areas (shown
in Figure 6 B) to estimate a dendrogram where a topic
distribution serves as profile vector for a subject area. For
the distance measure we use the Euclidean distance and for
the hierarchical clustering Ward’s method. The result of the
clustering is shown in Figure 7. This dendrogram consists of
23 branches corresponding to the same 23 subject areas as
in Figure 4 A. The optimal number of clusters (three) was
identified with the Ball & Hall index [2] giving a value of
0.4507. This index is widely used because of its consistency
that has been demonstrated for a large number of different
data sets [24], [43]. In our case, we study the robustness by
varying the publication years up to 2023, 2022, 2021 and
2020 respectively of the considered publications for which
the Ball & Hall index results always in three optimal cluster.
For the results in Figure 7 these three optimal clusters consist
of the following subject areas: BIOC, CHEM, and AGRI,
ARTS, EART, ECON, ENER, ENVI, HEAL, IMMU, MEDI,
MULT, NEUR, PHAR, SOCI, and PHYS, CENG, MATE,
BUSI, DECI, MATH, COMP, ENGI. Overall, the observed
clusters are sensible as can be seen from the groups (BIOC &
CHEM) or (PHYS, DECI, MATH, COMP, ENGI) which
makes intuitively sense.
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TABLE 6. Significant keywords as a result from a Binomial test and a FDR control.

From Figure 7, one can see that there is clearly further
sub-structure in the dendrogram suggesting possibly more
than three clusters. However, the Ball & Hall index is known
to be more conservative by selecting only the most prominent
clusters that are evidently present in a dendrogram.

Based on the dendrogram in Figure 7 B, we suggest the
introduction of a new measure we call scientometric dimen-
sion (SD). Specifically, we define a scientometric dimension
as the optimal number of clusters in a dendrogram found
with the Ball & Hall index based on the output of a LDA.
In our case SD = 3. This allows a quantitative sum-
mary of the observed diversity we found across a number
of different analysis methods and indicates that keywords
attributed to a digital twin are field-specific, although, there
are also commonalities which bound this diversity. Over-
all, this underlines that the concept of a digital twin is a
flexible idea and hints why a universally accepted, domain-
independent definition has yet to be established.

IV. DISCUSSION
In this paper, we studied the scholarly literature of digital twin
research. Abstractly, this can be seen as an exploration of the
space of published literature. Based on data from Scopus,
we made a number of interesting observations. On a global
view, we observe that by far most articles have been published
in engineering (ENGI) and computer science (COMP) and
these fields receive also the highest number of citations; see
Figure 1. In contrast, among the least active fields are health
professions (HEAL), immunology & microbiology (IMMU)
and pharmacology, toxicology & pharmaceutics (PHAR).
These findings are intuitive considering that in engineering
and computer science the usage of simulations has a long

tradition. However, it is interesting to see that mathematics
(MATH) and physics & astronomy (PHYS), which are the
authoritative fields for developing simulations, fall somewhat
short in this respect. A reason for the reluctant usage of
the term ‘‘digital twin’’ in these fields may be related to
the lack of a clear (formal) definition to set it apart from
(ordinary) simulations. Regarding the efficiency of publica-
tions, it is worth highlighting that publications in economics,
econometrics and finance (ECON) receive most citations per
publication.

From analyzing publication types, we find that the most
frequent publication types are journal articles and conference
papers. Interestingly the highest citations per publication type
are for books followed by reviews receive. From studying the
co-occurrence of subject areas and publication types we find
that by far most publications are for conference papers and
journal articles in engineering (ENGI) and computer science
(COMP); see Figure 3. Regarding the citations per subject
area we find papers in materials science have the highest
mean number of citations; see Table 2.

The second part of our analysis focuses on interdisciplinary
relations among subject areas. From this we find that the
mean number of subject areas per publication is 2.16 and
the mode of this distribution is 2. That means most publica-
tions are only associated to two subject areas. Furthermore,
it is interesting to see that the maximal number of subject
areas per publication is as high as 7; see Figure 4 A. Less
surprising it that the two fields with the highest number of
co-occurrences are engineering (ENGI) and computer sci-
ence (COMP). From Figure 4 B, we find that the most
interdisciplinary field is engineering (ENGI) having signif-
icant co-occurrences with 11 other subject areas, namely,
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TABLE 7. Sub-subject areas and their associated keywords found from modules in a bipartite graph connecting sub-subject areas and keywords. Shown
are the top 10 sub-subject areas and the top 20 keywords ordered based on frequency (low to high). The first column corresponds to the module numbers.

SOCI, PHYS, MATH, MATE, ENVI, ENER, DECI, COMP,
CHEM, CENG and BUSI.

In order to obtain insights into higher-dimensional rela-
tions between subject areas, we extended the above analysis
to the co-occurrence of three subject areas and visualized
two-dimensional projects on particular subject areas. These
results are shown in Figure 4 C and D where projections
on engineering (ENGI) and computer science (COMP) are
displayed because these two fields were by far the most
frequent combinations we found from a pairwise analysis
of subject areas (see Figure 4 B). It is important to note
that for the analysis in Figure 4 C and D only publication
with at least three subject areas have been used while for

Figure 4 B publications with two or more subject areas have
been considered. A consequence of this can be observed
in the value of the significance threshold which was in
Figure 4 B 94 while in Figure 4 C and D it is 23 and
19 respectively. This change in the value of the significance
threshold leads to a number of differences. First, while the
field Biochemistry, Genetics and Molecular Biology (BIOC)
has no significant co-occurrence with any other field in
Figure 4 B, it is significant for 3 respectively 2 fields in
Figure 4 C and D. Interestingly, for environmental science
(ENVI) the roles are reversed that means in Figure 4 B there
are two significant fields while in Figure 4 C and D there are
zero.
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FIGURE 6. LSA analysis of the publication data. A: The Deveaud metric (left) and Cao metric (right) to select the
optimal number of topics for the LDA. The vertical, dashed line indicates the optimal solution for 8 topics.
B: Results of the LDA showing prevalence for different topics across subject areas. The corresponding topics are
shown in Table 8.

Regarding higher-order subject areas, from Figure 4 C
and D, we find decision sciences (DECI) and mathemat-
ics (MATH) on number three and four behind COMP and
ENGI. It is interesting that also these subject areas are rather
technical without a clear singleton application. This could
indicate that so far literature about a digital twin is still in
the experimental stage to find the best applications.

Finally, in the third part of our analysis we study a trend
analysis and topic modeling. For the trend analysis, we inves-
tigated the frequency of author provided keywords over time.
There are two notable observations arising from this analysis.

First, it appears that each subject area is undergoing a consoli-
dation process and, second, the keyword sets used to describe
each subject area are diverse. The former observation sug-
gests that these fields are maturing, with a growing consensus
on what constitutes a digital twin; see Figure 5. However,
this consensus is not universal; rather, it is subject-specific.
This is reflected in the diversity of keyword sets, which
vary depending on the subject area; see Table 5. Given that
different subject areas have distinct focuses, this observation
is unsurprising. Consequently, it seems that there is no single
definition of a digital twin that can be applied across all
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TABLE 8. Summary of the LDA analysis shown in Figure 6 B. Shown are the top 20 keywords of 8 topics and their overall prevalence in subject areas
(proportion).

FIGURE 7. Dendrogram from the LDA analysis using the set of topic distributions over subject areas. It consists of 23 branches
corresponding to 23 subject areas with an optimal number of 3 clusters identified with the Ball & Hall index. For the distance measure the
Euclidean distance has been used and for the hierarchical clustering Ward’s method.

subject areas and academic fields. Instead, its meaning is
contingent on the specific context in which it is used.

This diversity is also confirmed by a significance analy-
sis of keywords and a module analysis of a bipartite graph
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considering sub-subject areas. From this analysis, we iden-
tified 11 modules representing common sub-subject areas
and their associated keywords. Specifically, the bipartite
graph consist of two sets of vertices - sub-subject areas
and their corresponding closely connected keywords - and
the module detection algorithm identifies closely connected
non-overlapping sets of vertices of sub-subject areas and
keywords. The high modularity (0.349) indicates that sub-
ject areas and keyword associations can be categorized
into different sets where certain sub-subject areas and key-
word associations are more tightly connected than other
groups. Therefore, different modules indicate a preference
of sub-subject areas, with the research topics diversifying
different research subjects and keywords related to digital
twin research. Thus, this approach can be used to describe
subject-specific research themes compared to other sub-
subject areas. Overall, the bipartite graph analysis andmodule
detection approach provide insights into the organization and
structure of research topics and their associated keywords.
Therefore, it can be used to describe common subject-specific
research themes compared to other sub-subject areas.

To gain even more detailed insights into the diversity of
subject areas, we used topic modeling with a LDA model.
A LDA is a quite complex model that estimates two sets
of probability distributions. One is a set of topic distribu-
tions over subject areas and the other is a set of keyword
distributions within each topic. That means in contrast to
the frequency analysis of keywords the LDA estimates the
optimal number of topics and the associated distributions
simultaneously. Here it is important to note that the topics
remain constant over the subject areas. Overall, by analyzing
the frequency and co-occurrence of keywords across subject
areas, the LDA extracts topics and provides insights into the
most important themes in the field of digital twin research.

From this analysis, we obtain three main findings. First,
all topics are not uniformly distributed across the subject
areas, instead, the contribution of a topic various consid-
erably; see Figure 6 B. For example, topic 6 makes the
smallest contribution for CHEM while for BUSI it makes the
largest contribution. Second, there is no dominating topic for
any subject area but several topics are needed. Specifically,
to obtain a coverage of 50% for most subject areas more
than one topic is needed. This indicates that each subject
area is a mixture of the underlying topics demonstrating
the interdisciplinarity of the research problems. Third, the
topic making the largest contribution to a subject area varies.
Specifically, from Figure 6 B, we can see that topic 7 ranks
first in COMP, DECI ENGI, and MATH, topic 5 ranks first in
AGRI, ARTS, HEAL, IMMU,MEDI, PHAR, topic 3 ranks first
in EART, ENER, ENVI, SOCI, topic 4 ranks first in BIOC,
CHEM, MULT, PHYS, topic 2 ranks first in NEUR, topic 6 in
BUSI, ECON, and topic 8 in CENG, MATE.

The interpretation of these results suggests that the mean-
ing and the basic understanding of digital twins may differ
between subject areas, as can be seen from the different
proportions of different topics; see Figure 6 B. From the

different topic proportions in the different subject areas, it is
evident that research related to a digital twins needs to be
understood in a domain-specific context. That means dig-
ital twin research needs to be understood in terms of the
uniqueness of the research question and its interdisciplinary
character. Another insight is that, besides the traditional digi-
tal twin-related keywords, Industry 4.0, smart manufacturing,
digitalization, new technologies, and AI and ML-related
keywords are top keywords significantly associated with dif-
ferent topics. The co-occurrence of these words in different
topics indicates that the digital twin is not seen from a tradi-
tional perspective but an area dominated by technology, AI,
and data science, with significant applications in industrial
settings and smart manufacturing.

Finally, we would like to highlight that this diversity is
not limitless but bound. This was demonstrated by a hierar-
chical clustering of the output from the LDA model. Using
the conservative Ball & Hall index to identify the opti-
mal number of clusters we found only 3 main clusters; see
Figure 7. While there is clearly further sub-structure in the
dendrogram suggesting possibly more than three clusters the
identified 3 clusters are evidently the most dominating ones.
This result suggests that among the 23 studied subject areas
3 main interpretations of a digital twin are prevalent in the
literature which is surprisingly low dimensional considering
that domain-specific elucidations are pronounced. Overall,
we suggest to use this as a summary statistics and call it
scientometric dimension (SD) of digital twin research.

The last point we would like to make is to note that no
analysis is without limitations. For example, our study could
be repeated for publication data from the Web of Science
(WOS). While WOS and Scopus are authoritative and similar
in many aspects they are not identical with respect to the
listed information nor do they use the same definitions for
subject areas. This could lead to variations in parts of our
analysis. Hence, our results should be seen in the context of
the used data from Scopus and all interpretations relate back
to annotations and categorizationsmade for this bibliographic
and citation resource.

V. CONCLUSION
Over the past few years, there has been a significant increase
in the number of publications examining digital twins. To gain
insights into trends and the structure of this literature, we con-
duct a scientometric analysis using large-scale bibliographic
and citation data from Scopus.

From our analysis we obtain four key findings. First, the
majority of articles on digital twins are published in the fields
of engineering and computer science, which also receive
the highest number of citations. However, publications in
economics, econometrics, and finance receive the highest
number of citations per publication. Additionally, while jour-
nal articles and conference papers are the most common type
of publications, books have the highest number of citations
per publication. Notably, papers in materials science receive
the highest mean number of citations. Second, we observe
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that most publications on digital twins are interdisciplinary
involving two or more subject areas, with an average of
2.16 subject areas per publication and a maximum of 7. The
two fields with the highest number of co-occurrences are
engineering and computer science, followed by decision sci-
ences and mathematics. Third, a trend analysis of keywords
revealed a consolidation process after an initial phase, result-
ing in a stabilization of keywords over time. Importantly, each
subject area has its own unique set of characteristic keywords,
indicating a diversity in the interpretation of the concept of
digital twins. Forth, the diversity of the digital twin concept
as found in the literature is not limitless but bound. This is
confirmed by a hierarchical clustering of the output from
a LDA model identifying only 3 main clusters among all
subject areas. This forms the bases of a summary statistics
for the bound diversity of the scholarly literature, we call
scientometric dimension (SD) of digital twin research.
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