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Abstract—As the amount of scientific literature continues to
grow, it becomes increasingly difficult for scientists to stay up
to date within their own domains. Text mining has been
suggested as a solution to this problem but has hardly
established itself as an alternative to traditional literature
reviews in management studies due to the requirement for
coding knowledge and familiarity with algorithms. To address
this issue, the authors of this paper introduce a no-code
solution to text mining based on hierarchical clustering and
cosine distance for the clustering of scientific abstracts and
titles to create a fine-granular thematic clustering of a research
field of choice. To demonstrate the approach, the authors
applied it to 2,386 social entrepreneurship abstracts and titles,
clustering them into 346 thematic clusters and further
categorizing them into 17 different groups. These groups reflect
different focus points of the literature, such as sustainability or
diversity and inclusion. The authors believe that this approach
is valuable both for early-stage researchers, as well as for
experienced researchers, as it saves resources and is
user-friendly, helping them tackle the ever-increasing amount
of literature.

Keywords—Text Mining; No-Code; Hierarchical Clustering;
Machine Learning; Social Entrepreneurship

I. INTRODUCTION
There is widespread agreement in the academic

community today that studying the published literature
forms an essential part of scientific work, contributing to
building a comprehensive body of knowledge [1]. It is used
to identify existing knowledge gaps and consensus or
disagreement in particular research fields [2] as well as to
improve evidence-based decision-making processes [3]. It is
also argued that literature reviews would form an important
pillar of today’s publication landscape: Several high-impact
journals focus on the publication of such articles and are
often highly cited, thus increasing the reputation of both the
authors and the respective journals [4, 5]. Today, two
phenomena related to the development of academic
literature can be observed: Firstly, the number of
publications in a variety of research fields is strongly
increasing. Secondly, researchers’ opportunities to access
these publications may be better than ever. Both aspects

jointly lead to the question of how to cope with this amount
of available literature. As [6] argue, it was already
considered a challenge for social scientists to keep up to date
on and access primary research three decades ago. At the
same time, they state that there is a general demand for
literature analyses to be up-to-date, comprehensive and of
high quality.

The use of text mining, machine learning algorithms and
other IT-based solutions has already been suggested several
times to tackle this issue [7]. Most of these articles originate
from either medical science [8, 9] or computer science [10,
11]. Especially the affiliation of novel review techniques
with medical research shows a strong similarity to the
situation of systematic reviews when the article of [3] was
published, which is still one of the most cited literature
review methodologies in management to this date. Due to a
variety of reasons, however, these approaches have hardly
been able to assert themselves in the management research
community so far, such as that traditional text mining
techniques involve coding, which can be a time-consuming
and resource-intensive process, as it requires a
comprehensive understanding of programming languages as
well as algorithms involved. As a result, researchers may
encounter difficulties in analyzing large volumes of text
data, which can hinder the advancement of research in
various fields. One promising solution to the challenges
associated with traditional text mining is the use of no-code
platforms. No-code platforms often provide a user-friendly
interface that allows users to analyze large volumes of
different kinds of data without requiring a comprehensive
understanding of programming languages and algorithms,
while also offering an easy reproduction of results, as users
only need the corresponding software version to mirror
them. Additionally, it lowers the entry barrier for researchers
who have not previously been exposed to such technologies
[12].

II. TEXT MINING FOR LITERATURE REVIEWS – THE MACHINE

LEARNING ALGORITHM BASED-REVIEW APPROACH

Indeed, the work of [13], and building on it the study of
[14], show that no-code text mining is a variable alternative
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to traditional coded approaches for literature reviews, and
promise a sound basis for algorithm-based literature reviews.
Reuther used the Orange data mining software, which was
developed at the University of Ljubljana in Slovenia in
1996/1997 [15]. It was chosen because it is open source,
user-friendly, developed in a non-profit university research
context, and constantly updated and developed. His
integration of text mining using the Orange software follows
a seven-step process developed based on systematic review
approaches proposed by [3, 16, 17]. The author termed the
approach machine learning algorithm-based reviews (MLR).
The MLR approach is summarized in Figure 1.

Figure 1 MLR process [13]

The first phase of the MLR approach is the identification
and justification of the review scope, along with the
formulation of the review problem and subsequent review
question. This is similar to the approach suggested by [3]and
includes the development of a review protocol. The second
phase involves the database search, during which researchers
select and define keywords, search terms, and databases for
data collection. The third phase, data collection, involves
generating a list of literature samples for the MLR, which is
then exported from the database(s) and imported into Excel
in preparation for the Orange text mining process. In the
fourth phase, the data import and pre-processing of the text
corpus are carried out using the Orange text mining
software. The fifth phase of the MLR approach is the
visualization of the data using dendrograms derived from
hierarchical clustering based on Euclidean distance metric,
and silhouette plots. At the end of this phase, researchers can
either exit the MLR process by using the identified clusters
to locate and justify a topic for a detailed conventional
review or continue with the sixth phase to make
interpretations based on the findings of the MLR. The sixth
phase involves cluster analysis and synthesis, and the
seventh phase involves the final cluster analysis and
synthesis.

[13] suggests using titles for this procedure due to
computing power restrictions typically faced by
management scholars, as well as access restrictions for full
texts and the lower thematic relevance of some full text
sections such as reference lists.

III. AN ADAPTION OF THE MLR FOR THE USE OF SCIENTIFIC

ABSTRACTS

While using titles only has its advantages, an adaptation
of the approach using abstracts in addition to titles can also
provide useful and relevant results. Abstracts provide a more
comprehensive summary of the article, including key
information such as the research objectives, methods,
results, and conclusions, which can provide text mining
algorithms with more information, leading to a more
accurate analysis of the literature. Furthermore, using
abstracts in text mining allows for the inclusion of relevant
keywords and phrases that may not appear in the title,
resulting in a more comprehensive search.

However, scientific abstracts contain some information
like copyright or a hard textual division into Purpose,
Methodology, Result and Summary. These represent noise
for the algorithm, i.e. irrelevant information, which distorts
the result, and must be removed accordingly. Additionally,
when using abstracts as a basis for text mining, the distance
metric needs to be changed due to the increased
dimensionality of the data, as explained in the following
chapter. The authors therefore recommend using the cosine
distance. Cosine distance measures the angle between
vectors, rather than their distance in space, and is thus a
more accurate measure of the similarity between documents
in high dimensionality, thus improving the effectiveness of
the text mining analysis. Furthermore, the cosine metric was
shown to be the most optimal to compute text similarity in
comparative studies [18, 19].

Thus, the MLR process needs to be adapted if utilizing
abstracts in addition to titles, as shown in Figure 2.

Figure 2 Adapted MLR process for use of abstracts

To underscore the utility of the adapted no-code text
mining approach, this paper presents an exemplary case
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based on the research field of social entrepreneurship,
comprising nearly 5000 papers on Scopus. The large number
of papers offers a suitable test bed for the adapted approach,
which results could also be used as a basis for a more
detailed literature review. Additionally, the composition of
the research team, which includes experts in the field of
entrepreneurship, provides a basis to assert the validity of
the approach's results. The research question the authors
attempt to answer is:

“How can no-code text mining based on abstracts be
utilized efficiently to get a detailed overview of a research
field?”

The structure of the exemplary case is based on the
adapted MLR process displayed in Figure 2.

IV. THE APPLICATION OF THE ADAPTED MLR ON THE CASE

OF SOCIAL ENTREPRENEURSHIP RESEARCH

In this chapter, the authors explore the application of the
adapted MLR process for the case of social entrepreneurship
literature from Scopus, while simultaneously providing an
explanation of the text mining components utilized. The
structure is based on figure 2.

A. Planning

As previously noted, the MLR approach involves an
initial phase focused on identifying and justifying the review
scope, formulating the review problem, and developing
subsequent review questions. Given the exemplary nature of
the investigation of the social entrepreneurship research
field, a detailed explanation of this phase is not provided in
this chapter, as it has already been broadly expounded in the
preceding section.

B. Database Search

The database search was carried out in Scopus, as its
multidisciplinary allows a holistic answer to the research
question. In the preliminary literature search, different
search terms, term combinations and synonyms were tested
to identify and integrate relevant theoretical and empirical
work. However, to ensure the inclusiveness and
comprehensiveness of the literature search, the authors
decided to use the broad search term "social entrepreneur*"
rather than limiting the search to specific terms,
combinations, or synonyms. This decision was made to
avoid reducing the informative value of the results and to
capture a wide range of relevant theoretical and empirical
work, as well as to showcase the capabilities of the adapted
MLR process. Thus, the search string used was the
following:

Scopus: ( TITLE-ABS-KEY ( "social entrepreneur*”)

On February 17, 2023, the search yielded 4,957 results,
which were subsequently filtered to include only English
language papers due to limitations in comparing multilingual
works in Orange. In addition, the search was further refined
by selecting journal articles only and limiting the search to

papers in their final publication phase, resulting in 2,874
results. The corresponding CSV was exported, and
transformed into an XLSX file, suitable for Orange. This
reference list was further manually reduced by 42 due to
missing abstracts and citation information. The file was then
scanned on duplicates, further reducing the list by 446. The
reference list therefore consisted of 2,386 journal
publications.

C. Data Collection

Through copying the titles and abstracts from the source
file, a second file was afterwards created. The source file
contains all the meta-data, abstracts, and titles from the
original data source (Scopus) without modifications, while
the analysis file only includes the necessary text data (i.e.,
abstracts and titles) for text mining and clustering. This
approach was taken based on the authors' experience and
testing, which has shown that Orange achieves more precise
clustering results when using only the necessary text data,
while the inclusion of meta information such as authors or
journal names negatively impacts the clustering process.
Both the master file and analysis file are made available for
easy reproduction of the results.

D. Data Cleaning

The abstracts in the analysis file were cleaned
afterwards. The cleaning process included a removal of the
copyright information (©*; copyright*), as well as removing
structural elements in abstracts (Abstract: ; Purpose: ;
Design/methodology/approach: ; Findings: ; Practical
implications: ; Originality/value: ; Purpose –;
Design/methodology/approach – ; Findings – ; Research
limitations/implications – ; Originality/value –) to reduce
noise within the data, and to align the abstracts.

E. Data Import and Preparation

The analysis file was then uploaded to Orange and used
for creating a text corpus, which is a collection of text data.
The corpus was then pre-processed in a second step, a
process consisting of several different stages. Systematic
preprocessing is necessary as it affects validity,
interpretability as well as reliability of unsupervised learning
models [20]. Due to the higher dimensionality of abstracts,
this step significantly differs from [13] approach.
First, the corpus was tokenized, which describes the process
of dividing text into word units, so called tokens. The
software offers several tokenizer options, Regexp with a \w+
pattern was chosen to create tokens consisting only of
alphanumeric matches. Afterwards, the tokens were
converted to lowercase for term unification. Filtering was
then applied to remove special characters such as periods, as
well as stop words. Stop words are usually functional words
with low-level information in any language, in this case
English, such as articles or prepositions [21]. The
researchers additionally added a specific stop word list
consisting of words which appear often in scientific
abstracts, such as researcher, approach, novel or paper. This
list consists of 79 words in total.
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Next, a term unification method was applied, specifically
the Snowball stemmer [22]. Stemming is a process that
involves converting the various morphological forms of a
word into its base form or stem, with the assumption that
each form carries the same meaning. The stem may not
necessarily correspond to an existing word in the dictionary,
but all word variants should map to the same stem [23].
Thus, a stemmer can effectively reduce the number of word
forms in a corpus, making it easier to analyze and process,
and reducing noise in the process, increasing accuracy. The
Snowball stemmer is based on the Porter stemmer by [24]
and is an improved version of the original.

The last difference to the original MLR in the
pre-processing was that the authors did not incorporate
n-grams, a group of adjacent words in a given text that are
comprised of n number of words [25], in the adapted
approach. While they can be strong indicators for relevant
themes, they also increase the feature space complexity and
thus make the interpretation of the model more difficult.
Since titles have a lower dimensionality, the addition of
n-grams as an enrichment of text analysis is useful, however,
this is not the case for the comparatively high-dimensional
abstracts.

The third and final step in the Data Import and
Preparation phase is the creation of a bag of words. Thus, a
new corpus is created consisting of the entities (rows) and
word counts for each data instance (columns). Rather than
considering the order in which words appear in a document,
a bag of words represents t he entity as a combination of
series of words [26]. Unstructured text data is therefore
converted to structured numeric data in the form of a vector
(vectorization), which can then be used for a calculation of
similarity between the different entities. As already
mentioned, the adaption of the MLR utilizes the cosine
similarity, which is of importance for the choice of
count-based term frequency as a basis for the bag of words
in this paper.

As displayed in Figure 4, the cosine similarity between
two vectors is calculated using the dot product of the vectors
A and B, divided by the magnitude of vector A times the
magnitude of vector B. The choice of count-based term
frequency in this paper over binary or sublinear term
frequency is based on the necessity for computing the dot
product. This is not possible with the binary-based term
frequency, as it only considers whether a term appears or not
in a document, without any regard for its frequency. The
sublinear-based term frequency on the other hand is a type
of term weighting that scales and biases the term weights to
prevent over-weighting and to address the under-weighting
problem and would in theory be usable. However, if the
sublinear function scales down term weights excessively or
if the bias term is too large, the ratios between term weights
become too small, leading to the under-weighting problem
[27]. Therefore, in the context of clustering, the use of
sublinear term frequency is not suitable as it may lead to an
ineffective representation of the data, i.e. making it difficult
for the clustering to distinguish between different instances,
and thus lead to unusable results.

Figure 3 Cosine distance formula

Furthermore, the authors used the document frequency
(df) to calculate the inverse document frequency (idf) as a
weighting scheme. The document frequency is a measure of
the frequency of a term appearing in a collection of
documents. In contrast, inverse document frequency is a
measure of the importance of a term in the document. The
corresponding formula can be seen in Figure 5.

Figure 4 IDF formula

Through calculating the logarithm of the ratio of the total
number of documents in the collection to the number of
documents containing the term, the weights of frequently
appearing terms are weighted down [28]. However, when the
standard IDF is used to calculate the weights, terms that
appear in all documents in the collection, as compared to the
documents used in the creation of this model, will have an
IDF of zero, causing a division by zero error. To avoid this
issue and ensure that the trained model can be used for
future classification of social entrepreneurship abstracts, it is
necessary to use a smoothed version of IDF. The
implementation of IDF in Orange is based on the
TfidfTransformer from scikit-learn [29], which uses a
modified version of the IDF formula, as seen in Figure 6.

Figure 5 IDF formula utilized in Orange [29]

The addition of 1 in the equation ensures that terms that
occur in all documents do not get a weight of 0, as this can
cause issues with further calculations, as explained above.
While this solves the division by zero problem, it can still
result in a situation where the weights of the more frequent
terms are not effectively reduced. Therefore, the researchers
decided to base their bag of words model on the smooth IDF
calculation, as seen in Figure 7.

Figure 6 Smoothed IDF formula utilized in Orange [29]

This formula has a plus 1 on both the numerator and
denominator, leading to more effective reduction of weights
of frequent terms. This resulted in a more accurate and
meaningful ranking of search results, making it a better
choice for the clustering of scientific abstracts in this case.
Finally, the authors introduce regularization, as it helps with
reducing the problem of overfitting [30]. It does so by
penalizing unnecessary model complexity and focusing on
the most relevant features. The two most commonly used
methods are L1 regularization, which adds the sum of the
absolute values of the model parameters to the objective
function, and L2 regularization, which adds the sum of the
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squares of the parameters [31]. Both are available in Orange.
The formula for the regularization penalty term of L1 is
displayed in Figure 8, while the same for L2 is displayed in
Figure 9.

Figure 7 L1 Regularization penalty term formula

Figure 8 L2 Regularization penalty term formula

Therefore, L1 is able to drive some parameters to exactly
zero, thus possibly reducing the dimensionality of the
problem, while the L2 regularization tends to spread the
error across all parameters, keeping the dimensionality [31].
As the authors decided against a reduction of dimensionality,
L2 regularization was implemented to reduce overfitting.

F. Data Extraction and Visualization

Based on the bag of words vectorization, the authors
calculated a distance metric needed for the creation of a
hierarchical clustering. As already mentioned, this adapted
MLR approach utilizes the cosine similarity as distance
metric for the hierarchical clustering, rather than the
Euclidean distance. The Euclidean distance is displayed in
Figure 8, while the later can be seen in Figure 5.

Figure 9 Euclidean distance formula

In the Euclidean distance formula, the distance between
two points is calculated based on the absolute differences
between their corresponding values in each dimension.
These dimensions are represented by the different tokens in
text mining, thus the number of dimensions is equal to the
size of the vocabulary utilized. This means that the more
terms a document has, the higher the dimensionality of its
feature space. However, if the dimensionality of the feature
space increases, the Euclidean distance becomes less
effective [32]. This so called “curse of dimensionality” leads
to distances between points becoming less meaningful with
an increase of dimensions, which tend to converge to a
constant value. Additionally, if the length of documents
varies, which oftentimes is the case for abstracts, the
Euclidean distance calculation is furthermore affected. The
result is that documents with more token will have higher
values in each dimension, thus making them appear more
distant from the documents with fewer words. This,
however, does not necessarily indicate that they are
semantically or conceptually distant, i.e. them not belonging

to the same thematic cluster. Thus, the Euclidean distance is
suitable for the clustering of titles, but not for abstracts.

The cosine similarity on the other hand, as displayed in
Figure 4, is based on an angle of two vectors, rather than the
absolute difference between their corresponding values in
each dimension, leading to a robustness to the curse of
dimensionality, which means that it can handle the
high-dimensionality feature space typical for text data.
Additionally, due to the measurement of similarity through
the orientation between two vectors not being affected by the
length of vectors, it is specifically useful for text mining, and
does not have the same shortcomings as Euclidean distance.
Therefore, the cosine similarity is the metric of choice for
the adapted MLR approach.

After the distance metric was calculated, the hierarchical
clustering was carried out. Hierarchical clustering, as
explained by [33] is a data mining technique that groups data
objects into a tree of clusters. There are two approaches,
agglomerative, where clusters are merged starting from the
bottom, or a divisive, where clusters are divided starting
from the top. The hierarchical clustering algorithm creates a
sequence of nested partitions with a single, all-inclusive
cluster at the top and individual objects at the bottom. Each
intermediate level of the hierarchy combines two clusters
from the lower level or splits a cluster from the higher level.
The result can be displayed as a dendrogram, which
graphically shows the merging process and the intermediate
clusters, and how points can be merged into a single cluster.
In Orange, hierarchical clustering is based on the
agglomerative approach.

A prerequisite for hierarchical cluster analysis is a
linkage function, which is a measure of the distance between
two groups of objects, i.e. between two clusters [34]. There
are, however, different options for linkage functions, which
each affect the result by utilizing different distance
calculations for each subset. Single-linkage uses the shortest
distance between two subsets, average-linkage uses the
average distance between them, and complete-linkage uses
the largest distance between them [33]. Additionally, there is
the Ward linkage, which however mathematically requires
Euclidean distance as the utilized distance metric [35], and is
thus not suitable for this use case. However, there is no
universally optimal choice as each linkage function has their
drawbacks [33]. Thus, researchers often have to utilize
different techniques and compare their results to determine
the most appropriate linkage function for their specific
dataset and clustering objective [36].

After carefully comparing the different results, the
researchers decided to use the complete linkage for the
clustering of the social entrepreneurship abstracts. Its
function as displayed in Figure 11.

Figure 10 Complete linkage formula
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The main reasons for this choice were that the resulting
clusters were well separated and distinguishable in the
dendrogram, as well as the results of the silhouette plot.
Additionally, the complete linkage was able to capture the
global structure of the data and produce clusters that are
compact and have a clear separation from one another,
which was important for the interpretability of the results.

As the final step of this phase, a silhouette plot was
created. The silhouette plot is a valuable tool for evaluating
the quality of the clustering result [37]. It is based on a
calculation of a silhouette score for each object, which
measures how well it is assigned to its cluster as compared
to other clusters. Objects with a high silhouette score are
considered well-clustered, while objects with low scores
may not belong to their assigned cluster. The plot shows the
distribution of silhouette scores for all objects in the
clustering, providing a visual representation of the clustering
quality. By analyzing the silhouette plot, the researcher can
determine whether the chosen number of clusters is
appropriate and adjust it if necessary. The authors used the
height ratio of the dendrogram, a threshold at which the
dendrogram is cut to form clusters, to create a varying
number of clusters, and then compared the resulting
numbers of clusters, average silhouette scores and median
silhouette scores to determine an appropriate number of
clusters for the social entrepreneurship abstracts. The
calculation of the metrics was done through exporting the
silhouette plot results through the Data Table widget, and a
subsequent calculation in an adequate program. It was
observed that these metrics increased significantly until 346
clusters were formed, corresponding to a dendrogram height
of 96.5 percent. Subsequently, a decrease in the height ratio
only led to a minor improvement in the metrics, with the
number of clusters continuing to increase but the cluster size
gradually diminishing in terms of the number of documents
per cluster.

G. Data Interpretation

The clusters are subsequently analyzed for clarity and
research object. The respective clarities are derived based on
the silhouette plot. Clear clusters consist of > 70 percent
positive scored paper, clear-fuzzy clusters are mixed (< 70
%, > 50 %), and fuzzy clusters consist of < 50 percent
positive scored papers. Out of a total of 346 clusters, 243 are
determined to be clear, while 43 are identified as clear-fuzzy,
and the remaining 60 are classified as fuzzy. The fuzzy
clusters, which encompass a total of 417 papers, are
subsequently excluded from the analysis, as the resulting
research object would not accurately describe at least 50
percent of the documents within the clusters and would thus
reduce the significance of the example. The researchers
utilize a multi-faceted approach to extract the research
objects from the clusters, using the select rows function of
Orange. They employ a title-scanning method based on the
Data Table widget, which proved effective in approximately
80% of the cases, the Word Cloud widget for 15% of the
remaining clusters, and again scan abstracts for the final 5%
using the Data Table widget. However, 13 clusters are
excluded because the authors were unable to identify a

theme using any of these methods. In total, the analysis
includes 1,911 papers divided into 274 clusters. Of these,
173 clusters consist of at least four papers, with an average
cluster size of 9, while 101 clusters consist of three papers or
less, with an average cluster size of 2.5. Therefore, the
approach is successful in identifying topics at a very
granular level. The research objects are further categorized
into 17 different groups to provide a more comprehensive
representation of the results. They are displayed, based on
the number of documents within each group, in Figure 12.

Figure 11 Social entrepreneurship literature groups

The focus of the largest group of documents of the social
entrepreneurship literature can be assigned to the group of
sustainability. The clusters are located within all three pillars
of sustainability, i.e. environment (e.g. C208 Country
emissions), social responsibility (e.g. C309 Philanthropy),
and economic (e.g. C15 Solidarity Economy). Other groups
consist, for example, of clusters that focus on social
entrepreneurship in the context of different regions (Group 6
Regions), or of work that focus with the necessary
competencies and educational opportunities for social
entrepreneurs (Group 9 Competencies and Education). To
exemplify the fine granularity of the approach, the authors
show a detailed breakdown of the clusters that together form
Group 8 Diversity and Inclusion in Figure 13.

Figure 12 Detailed view of Group 8 Diversity and Inclusion
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This chart visualizes the distribution of clear research
object clusters related to diversity and inclusion, represented
by the green nodes, and their connection to the group label,
Group 8 Diversity and Inclusion, represented by the teal
node at the top. The blue nodes represent research object
clusters that are considered clear-fuzzy. In this chart, the
blue nodes are “C254 Inclusion” and “C70 Feminism”. The
size of each node corresponds to the amount of research
documents related to that research object. The largest node is
'Women entrepreneurship', which has 30 research
documents, and the smallest node is 'Diaspora', which has
only 2 research documents.

The complete workflow in Orange can be seen in Figure
14.

Figure 13 Adapted MLR approach workflow in Orange

V. CONCLUSIONS AND LIMITATIONS

In this paper, the authors introduce a no-code text mining
approach adapted from the MLR approach by [13], which
offers a new way to explore and analyze research literature.
It is designed to create a fine-granular thematic clustering of
a chosen research field based on scientific titles and
abstracts, which can afterwards be further analyzed and
categorized to provide a detailed overview of the literature
on a given topic. To demonstrate the capabilities of the
approach, the authors apply it to the research field of social
entrepreneurship, an area of growing interest in recent years.

The proposed methodology involves the creation of a
corpus comprising abstracts and titles after the original data
has undergone cleaning. Subsequently, the text undergoes
preprocessing, wherein the authors advocate the use of a
regular expression with a \w+ pattern to tokenize the data,
followed by conversion to lowercase, removal of stop words
(including both common English words and a specific list),
and normalization using the snowball stemmer. Next, a bag
of words is constructed using term frequency as the basis for
count, smooth IDF as document frequency, and L2
regularization. Cosine distance is then computed between
different instances of the data set, which are hierarchically
clustered using a complete linkage function. The number of
clusters is determined by comparing various cluster height
ratios based on cluster quantity, average silhouette score, and
median silhouette score. In the final step, the clusters are
themed using a three-step process that involves title
scanning, word clouds, and abstract scanning. In the given
example, the authors clustered 2,386 papers into 346
thematic clusters and subsequently categorized them into 17
distinct groups, reflecting various areas of focus within the
literature such as sustainability and diversity and inclusion.

The authors highlight the benefits of the approach,
particularly for new researchers, who can quickly and easily
recognize what literature is already available and support
interest finding for future research, which helps them tackle
the evermore increasing amount of literature. However, the
fine granularity can also be beneficial for established
researchers, as it provides an objective approach that helps
remove blinders, leading to the recognition of potentials for
trans- and interdisciplinary approaches. Additionally, text
mining makes it easier for researchers to sort relevant and
irrelevant literature, saving time and resources.

Despite the potential of the no-code text mining
approach, some limitations need to be acknowledged. For
example, that the unsupervised machine learning algorithm
hierarchical clustering is not customizable, meaning that it
may cluster over some meaningless words that the program
cannot interpret. Moreover, no-code is generally not
customizable, which limits its flexibility. Finally, abstracts
are not as meaningful as whole texts, which can limit the
scope of analysis.

Nevertheless, the no-code text mining approach presents
a promising method for researchers to explore existing
literature and identify potential research avenues. As
researchers continue to explore new techniques and
approaches to analyzing research literature, the no-code text
mining approach is a valuable addition to the research
methodology toolkit. With further development and
refinement, the approach has the potential to make
significant contributions to the field of research
methodology, particularly in supporting the identification of
research gaps and new directions.

VI. MATCH AND CONTRIBUTION

The paper fits the call for papers and the field of interest
of the IEEE Technology & Engineering Management
Society because it utilizes innovative technology to help
scientists become more productive and furthermore
discusses sustainable entrepreneurship.
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