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ABSTRACT

KEYWORDS

Cluster analysis (CA) has been used in many diverse disciplines to
develop classifications or taxonomies. In the entrepreneurship
literature, cluster analysis has been used to test theory as well
as to develop new theory, for example, by creating taxonomies of
types of entrepreneurs, firms, and business strategies. This paper
reviews the major studies using clustering techniques in top
entrepreneurship focused journals from 1990–2019. The data
show that cluster analysis is being used less frequently in the
entrepreneurship field. Some suggestions for how and where it
can be appropriately used in future research are provided.

Cluster analysis;
entrepreneurship; taxonomy

Introduction
Cluster analysis (CA) is “a generic name for a variety of mathematical
methods numbering in the hundreds that can be used to find out which
objects in a set are similar” (Romesburg, 2004, p. 2). Typically, CA is used to
group observations (cases) together based on how similar they are to each
other with regards to certain variables. CA can therefore be used by researchers as an exploratory technique to identify patterns, specifically, distinct
groups within a dataset. Using CA in this manner is sometimes criticized
as being atheoretical (Ketchen & Shook, 1996, p. 443). While it might be
more correct to say instead that CA used in this way is inductively generating
theory, CA can also be used deductively, as a confirmatory technique (Fisher
& Ransom, 1995) to validate the classification or taxonomy component of
a previously developed theory. To do this, scientists can perform CA using
a number of sophisticated algorithms (Barney & Hoskisson, 1990; Hatten &
Schendel, 1977; Jain, 2010; Romesburg, 2004) and this can be accomplished
using common statistical software such as SPSS, Stata, SAS and R (Maechler
et al., 2016; Mooi & Sarstedt, 2010).
CA has been used extensively to develop classifications or taxonomies in
many fields. For example, the technique has been used in the medical literature
to classify tumors (Horvai et al., 2012), in the astronomy field to classify asteroids
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(Zappala et al., 1995) and in the food science literature to classify fruits and
vegetables based on their antioxidant profiles (Patras et al., 2011). These techniques have also been used in the strategic management literature, for example,
to group firms based on the strategies they implement (Hambrick, 1984; Miller,
1988; M. Peneder, 2010). Similarly, McDougall and Robinson (1990) used CA to
identify eight “archetypes” of competitive strategies for new firms. CA has been
employed extensively in the entrepreneurship literature as well. Notable examples include McMahon (2001) developing a taxonomy of small and medium
sized firms using variables such as firm age, size, and growth as well as Birley and
Westhead’s (1994) development of a seven-group taxonomy of founders, based
on their motivations for starting businesses. Similarly, Gibcus et al. (2009) used
CA to develop a five-group taxonomy of entrepreneurial decision makers. So,
for creating taxonomies at least, CA has proven valuable to entrepreneurship
researchers. In addition, CA has been commonly used in multiple levels of
analysis in the entrepreneurship literature, such as environment, firm, and
individual levels.
There have been some criticisms of CA as a technique and how it has been
applied. Ketchen and Shook (1996) discuss some of the criticisms of the
technique, such as its reliance on researcher judgment, the absence of statistical
tests to reject or fail to reject hypotheses, and the lack of a theoretical basis for
developing clusters (p. 442). Further, by using CA on a set of data, a set of
clusters will be generated by the algorithm (Barney & Hoskisson, 1990; Hatten &
Schendel, 1977), regardless of whether actual underlying meaningful clusters
exist. This leads to Reger and Huff’s (1993) observation that “Clustering techniques can be criticized, however, since by their nature they will break the data
available into subsets, however weak the association among data points.” (p.
109). Reliance on researcher judgment and CA’s auto-deterministic nature argue
for caution both in using CA and in the interpretation of results.
Some criticisms of CA have more to do with how it has been applied. For
example, Ketchen and Shook (1996) found that in the strategic management
literature, a priori theory was rarely used to determine the number of clusters
and that insufficient effort was made to validate and determine the reliability of the
solution obtained by the CA, a problem they describe as perhaps “the most
neglected issue in cluster analysis” (p. 449). Punj and Stewart (1983) note that
the results of CA can be very sensitive to what variables are used in a CA, as the
inclusion of irrelevant variables can create a solution that is not useful. Thus,
researchers should be careful to provide a rationale for selecting the variables that
they use in a CA. These perceived weaknesses of CA and its use lead to the
question: Is CA still useful to entrepreneurship researchers, and if so, under what
circumstances?
The purpose of this paper is to review previous use of CA in the entrepreneurship literature to determine if it is still a useful statistical technique,
and if so, to indicate when the use of some form of CA might be appropriate.
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This paper contributes to the entrepreneurship field in a couple of ways.
First, there has yet to be a comprehensive review of the use of CA in the
entrepreneurship field, unlike other methodologies, such as conjoint analysis
(Lohrke et al., 2010). Doing so allows for an examination of overall trends in
the use of this technique, as well as what contexts it has been used in the
field. Other fields have found such a review useful, judging by citation count.
Marketing’s review (Punj & Stewart, 1983) has garnered over 2600 citations,
whereas Ketchen and Shook’s (1996) review of the strategy literature using
CA has been cited over 1800 times according to Google Scholar. Secondly,
this paper provides domain specific recommendations for how entrepreneurship researchers can use cluster analysis in the future. While other research
has provided critiques of cluster analysis and how it can be used in the future
in related management fields, such as strategic management (Ketchen &
Shook, 1996) and operations management (Brusco et al., 2017), this paper
develops recommendations for using CA within the field of entrepreneurship
going forward. First, emerging areas of entrepreneurship research are highlighted as potentially fruitful areas for theory development using CA, specifically through building taxonomies. Second, we discuss using multiple
regression in conjunction with CA. Third, CA is offered as a possible solution to entrepreneurship’s “outlier problem.”
This paper proceeds as follows. First, we discuss the various statistical
methods grouped under CA. Then we systematically review its use in the
entrepreneurship literature, specifically in eight highly regarded entrepreneurship focused journals and six leading management journals that publish
articles in the entrepreneurship field. Next, we demonstrate that CA is a valid
statistical technique in many circumstances and delineate where it could be
used inductively and deductively to generate and validate entrepreneurship
theory and suggest some specific directions for future research.
Common clustering algorithms
Clustering methods are commonly classified into two groups: hierarchical
methods and partitioning methods (Şchiopu, 2010). Hierarchical cluster
analysis (HCA) is an umbrella term for a number of specific clustering
algorithms, including single linkage, complete linkage, and Ward’s methods
of clustering (Jain, 2010). HCA involves the computation of a “resemblance
coefficient” (Romesburg, 2004, p. 93) among all pairs of subjects in the
dataset. Clusters are developed either using an agglomerative mode or division mode (Jain, 2010). Agglomerative mode involves starting with each
object as its own cluster, and then combining objects in the dataset to form
larger and larger clusters (Jain, 2010). Division mode entails the opposite,
starting with all objects in one cluster and then breaking up the cluster into
smaller and smaller clusters.
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The results of the analysis are visually displayed in the form of a dendrogram
(commonly referred to as a “tree” diagram). With HCA, the dendrogram
provides the user some guidance regarding how many final clusters (groups)
are appropriate. This technique can be used in an exploratory or confirmatory
analysis. However, since HCA involves calculating a resemblance coefficient for
every subject pair in the dataset, this has traditionally been “computationally
prohibitive” (Jain et al., 1999, p. 278) to use with datasets containing a large
number of subjects or variables. What defines computationally prohibitive is
a moving line, based on computer processing speed. In addition to processorbased difficulties, it is likely that dendrograms will become progressively harder
to interpret as more cases are added.
Conversely, partitioning clustering algorithms find the optimal cluster assignment for objects in a dataset given the number of clusters the researcher has
specified (Jain et al., 1999). Partitioning CA is less computationally intensive
than HCA, and thus is more efficient with larger datasets. However, the requirement that the researcher specify the number of desired clusters (groups) can be
a disadvantage. K-means clustering is a common partitioning algorithm; other
algorithms include mixture resolving and mode seeking.
When using CA with large datasets, another option that can be used is
Two Step CA. Two Step CA is a modified form of hierarchical CA that
involves a pre-clustering phase before the actual hierarchical clustering is
performed. Two Step CA can be used with large datasets and can make use of
both categorical and numerical variables (Şchiopu, 2010). The pre-clustering
phase involves developing many small sub-clusters. Then the clustering phase
involves subsuming the sub-clusters into larger clusters. The user can select
the number of clusters desired or the optimal number of clusters can be
found automatically (SPSS Inc, 2001).

Methodology
Sample

One goal of this paper is to explore the use of CA techniques in the entrepreneurship literature over a recent period (1990–2019). Because our goal was to
examine CA in a stream of literature, and that stream is very broad we avoided
a particular definition of entrepreneurship, and when in doubt, tended toward
inclusiveness. If an article was found in an entrepreneurship outlet, used CA,
and was not on a topic outside the scope of entrepreneurship (bibliometric
analysis or geographic clustering for example) it was included. For the included
journals not considered entrepreneurship outlets, articles were included if the
subject of the cluster analysis was nascent or practicing entrepreneurs, business
owners, SMEs, small firms, or family businesses or related topics. In order to find
high quality relevant CA articles in the entrepreneurship field we began with
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Ann-Wil Harzing’s Journal Quality List. There are eleven journals on this list
with entrepreneurship as the primary subject area. Of those journals, six (Journal
of Small Business Management, International Small Business Journal, Journal of
Business Venturing, Entrepreneurship and Regional Development, Small Business
Economics, and Entrepreneurship: Theory and Practice) are considered by the
Australian Business Deans’ Council to be top tier (A or A*) journals. Those
journals form the nucleus of our review.
Space and time restrictions make it difficult, if not impossible to include
every possible outlet of entrepreneurship CA research. However, it was
important to include other journals that published entrepreneurship research
at a high level, so several additional journals were selected for inclusion based
on our experience and the recommendations of senior entrepreneurship
scholars. First, Strategic Entrepreneurship Journal, while being listed as
a strategy journal, focuses extensively on entrepreneurship. Second, because
we are defining entrepreneurship broadly to include family business, Family
Business Review was included. Finally, a sample of high-quality management
journals (Academy of Management Journal, Journal of Management Studies,
Administrative Science Quarterly, Journal of Management, Organization
Studies, and Organization Science) were included in our search.
Thus, our final sample was drawn from fourteen A or A* journals known to
publish at least some empirical entrepreneurship research. For each of the
journals we conducted a Google Scholar search using the following search
term: entrepreneur OR entrepreneurship OR “family business” OR “small
business” AND “cluster analysis” source:“Journal Name” where journal name
was substituted with the name of the searched journal. Variations of terms in
quotes were tested for this study. For example, “family-business” was used
instead of “family business” with no change in search results. Removing quotes
produced different, but less useful results. For example, removing the quotes
from “family business” resulted in fewer articles, whereas removing the quotes
from “cluster analysis” added many additional, but ultimately useless (for our
purposes) articles. These searches resulted in 560 potential articles. In addition,
a supplemental search was made through the most complete academic database
for each individual journal. Ebsco, Gale, Sage, Science Direct, Wiley, and JStor
were consulted as appropriate. Each article was individually reviewed for relevance. Articles were excluded that used CA in a way tangential to the field of
entrepreneurship, such as those more focused on another discipline or those
using CA to group authors who publish in the discipline. We also excluded
articles that used cluster analysis to combine variables (clustering by variables)
instead of grouping objects/cases. This is because such a use of cluster analysis is
rare, as factor analysis is commonly used to perform this task. In total, 100
articles meeting the criteria were found. While included in the search, Academy
of Management Journal, Administrative Science Quarterly and Organization
Studies yielded no relevant journal articles.
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Results

Table 1 provides a summary of the number of articles published using cluster
analysis (CA) over time by journal. Note that the articles included in this
review are denoted in the reference list with an asterisk (*). The use of CA
was highest in the period from 2000 to 2004, with 24 articles published in all
the journals examined. From 2010 to 2014, this decreased to 15, and to 12
from 2015 to 2019. While the Journal of Business Venturing published
a number of articles using CA in the 1990s, the technique has been used
less in articles published in recent years. Ten articles were published using
CA from 1990 to 1994, and five from 1995 to 1999. However, CA was only
used in two articles published in Journal of Business Venturing from
2015–2019. Similarly, while Entrepreneurship: Theory and Practice published
a number of articles using CA in the late 1990s and early 2000s, the use of
this technique has since declined. While five articles using CA were published from 2000 to 2004, none has been published since 2008. Journal of
Small Business Management and Small Business Economics do not display the
same strong downward trend; however, since 2010 only three and two
articles have been published using CA in each of these journals respectively.
No clear trend emerges in Entrepreneurship and Regional Development either.
A total of eleven articles using CA have been published over the 1990 to
2019 period. The number of articles published from 1990 to 1994 was two,
the same number published in the 2015 to 2019 period. International Small
Business Journal has had an increasing number of articles published using
CA since 2010. While only one article was published using CA from 2000 to
2009, there have been nine articles published since 2010 using CA.
Appendix A shows for each article the sample and unit of analysis, what
clustering method was used, the variables used to perform the CA, whether the
CA was used in an exploratory or confirmatory manner, whether the results of
the CA were used as an independent variable in a multiple regression analysis,
Table 1. Summary of articles using CA by Journal and year published.
Journal
Entrepreneurship & Regional Development
Entrepreneurship Theory & Practice
Family Business Review
International Small Business Journal
Journal of Business Venturing
Journal of Management
Journal of Management Studies
Journal of Small Business Management
Organization Science
Small Business Economics
Strategic Entrepreneurship Journal
Total
Percentage

90-94
2
2
1
1
10
0
1
0
0
1
0
18
18%

95-99
3
3
0
0
5
0
0
3
0
3
0
17
17%

00-04
1
5
4
1
6
0
0
2
1
4
0
24
24%

05-09
2
1
2
0
0
2
0
3
0
4
0
14
14%

10-14
1
0
2
6
1
0
0
1
0
2
2
15
15%

15-19
2
0
3
3
2
0
0
2
0
0
0
12
12%

Total
11
11
12
11
24
2
1
11
1
14
2
100
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and how the results of the CA were then applied for each article. With regards to
level of analysis used, common levels used include individuals (such as entrepreneurs, managers, and investors), firms, and environmental factors. At the individual level of analysis, entrepreneurs make up the most common sample (Birley
& Westhead, 1994; Fischer & Reuber, 2003; Jayawarna et al., 2011; Korunka
et al., 2003; Westhead, 1990). These studies tend to use rather homogenous
samples, such as entrepreneurs within a narrow age range or operating firms
within one type of industry. Also, these studies tend to use a limited number of
variables measuring related (although still distinct) constructs as inputs into the
CA. For example, Jayawarna et al. (2011) used seven factors representing
motivations for sustaining a business to classify owners in a sample of young
firms. Likewise, Fischer and Reuber (2003) used CA to classify owners on the
number of years of experience they have in export-related work and the relevance of this prior work experience. Thus, in this example, the CA was used to
create a taxonomy based only on measures of exporting experience.
Furthermore, the sample was narrow, consisting of owners of SMEs that are
involved in exporting or have an interest in doing so in the future. Westhead
(1990) used CA to classify founders on six factors derived from a wide variety of
variables, including measures of age, previous unemployment, motivation, status, birthplace, location of last employer, and the size of last employer. However,
the sample used is somewhat homogenous, consisting of founders of new
manufacturing firms.
Studies at the firm level of analysis used input variables such as firm demographics (Ling et al., 2007), resources (Borch et al., 1999; González-Pernía et al.,
2012; Hilmersson, 2014) and strategy (Bantel, 1998; Covin, 1991; Galbraith et al.,
2008; Shane & Kolvereid, 1995). While these studies are similar to studies
published in the strategic management literature, their focus is on small and
sometimes young firms. Hilmersson (2014) made use of a sample of Swedish
SMEs to conduct a CA, classifying firms based on their knowledge resources.
Measures of internationalization, institutional, business network, and social
network knowledge were used as input variables in the CA. Shane and
Kolvereid (1995) classified firms based on their strategy, measured by the
price and quality of their products compared to competitors, making use of
a sample of small firms from Great Britain, Norway, and New Zealand. Galbraith
et al. (2008) used a sample of high-tech manufacturing SMEs, using measures of
R&D focus and technology strategy as input variables into the CA. They then
performed another CA classifying firms based on manufacturing flexibility and
manufacturing modularity. Like with studies using CA at the individual level,
those at the firm level of analysis tended to use narrow, homogenous samples
and used a limited number of related variables as inputs into the CA. The use of
homogenous samples is generally a good practice when performing a CA, as
doing so will more likely lead to a solution with a parsimonious number of
clusters. The use of a limited number of related (yet distinct) variables as inputs
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into the CA is more likely to lead not only to a parsimonious number of clusters,
but clusters that are distinct from one another on a limited number of
dimensions.
Interestingly, when it came to the clustering technique used, Hierarchical
clustering was the most commonly used technique, with 44 (44 percent) of
the articles using only Hierarchical clustering. The high level of usage might
be explained by the fact that the results can be easily summarized visually
using a dendrogram (Romesburg, 2004) and multiple solutions can be easily
explored. Hierarchical clustering is most effective with smaller sample sizes,
which may be another reason for its substantial use. 21 (21 percent) of the
articles made use of K-means CA, while 13 (13 percent) of the articles used
multiple techniques and seven (7 percent) used some other technique.
Commonly, those using multiple techniques made use of both Hierarchical
and K-means CA. However, most of the articles provided little, if any,
rationale for their choice in clustering technique. Also of concern is the
fact that 15 (15 percent) articles did not clearly specify which clustering
technique was being used.
In Appendix A, the column labeled E/C/U is coded “E” if the study used CA
in an exploratory manner, “C” if used in a confirmatory manner and “U if this
was undefined. Articles were classified as “confirmatory” if there was any notable
hypothesizing about the existence of underlying groups and what such groups
would look like. If the underlying group structure was not hypothesized about
(other than that an underlying structure was likely to exist) the study was
classified as “exploratory.” In addition, articles where this was unclear were
classified as “undefined.” Articles were also put into the undefined category if
they simply used CA to split a sample using a single input variable, such as done
by Patel and Terjesen (2011) and Puig et al. (2018).
Twenty-four (24 percent) of the articles used cluster analysis in
a confirmatory, or deductive manner. A good example of using cluster analysis
in a confirmatory manner can be seen in the paper by Sue Birley (2002):
“Attitudes of Owner-Managers’ Children towards Family and Business Issues.”
This article hypothesized that there would be three clusters (groups) for children
of business owner-managers: family in, family out, and family-business jugglers.
They used a multi-item measure of attitudes about family business to create the
clusters. They found a two cluster (group) solution, with a clear delineation
between family in and family out groups, with family-business jugglers not
forming a distinct cluster. Sixty-seven (67 percent) of the articles used CA in
an exploratory manner, and nine (9 percent) were classified as undefined.
The variables used to create the clusters varied greatly, as did the use of the
CA results. In many cases, CA was used to provide a taxonomy and
a summary description of the groups making up the taxonomy. Many studies
attempt to discover significant differences in the clusters based on clustering
variables. While this approach is not problematic per se, it can be
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overemphasized. CA algorithms are designed to group data based on the
clustering variables (Barney & Hoskisson, 1990; Reger & Huff, 1993). The
fact that there would be significant differences between the clusters on these
variables may not be all that noteworthy. More interestingly, many studies
looked for significant differences between the clusters on variables not used
in the CA but theorized to be related to cluster membership. This was done
to validate that the solution obtained from the CA and test hypotheses about
how cluster membership predicted an outcome. Techniques such as ANOVA
and MANOVA were often used to test for significant differences between the
groups, or clusters (Borch et al., 1999; Stanley et al., 2017).
Finally, some studies used a form of multiple regression (such as ordinary
least squares and logistic) in which cluster membership was used as an
independent variable, along with other independent variables, to predict
a dependent variable. The use of these techniques allowed for cluster membership to predict an outcome variable, holding other variables (the other
independent variables) constant. For example, Carrasco-Hernandez and
Sánchez-Marín (2007) used CA to obtain three clusters representing firm
types: family owned and managed firms, professionally managed family
firms, and nonfamily firms. Along with variables measuring firm size, firm
age, industry, and CEO education level, dummy variables representing cluster membership (or firm type) are used to predict average pay level and
variation, as well as the “temporal orientation of incentives” (p. 220) of the
firms. A similar approach was to run separate regression analyses for each
group/cluster. An example of this is the paper by Basco (2014) which used
CA to group firms by their strategy. Then, separate OLS regressions were run
(predicting performance) for three of the strategy groups.
In Appendix A, the column labeled NR/MR/SR is coded “SR” (separate
regressions) if the article included separate regression analyses based upon
cluster membership and “MR” (multiple regression) if cluster membership
was used as an independent variable in a multiple regression analysis (such as
OLS or logistic regression). Papers were labeled “NR” (no regression) if
multiple regression analysis was not used at all or if it was used in
a different manner (such as using cluster membership as a dependent variable). Overall, 11 (11 percent) of the articles used variables representing
cluster membership along with other independent variables in a multiple
regression (OLS or logistic regression), and four (4 percent) of the articles
ran separate analyses based on cluster membership.
As with all research methods, reliance on researcher judgment to some
degree is inherent in CA. It is the researcher who must determine which
variables to include, what algorithm to use, and which solution to accept
(number of clusters). Interestingly, we found that many of the articles did not
seem to do a thorough job of explaining and justifying the decisions they
made with regards to these issues. Of specific interest is the lack of theoretical
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basis for developing clusters, as Ketchen and Shook (1996) found this
frequently in the strategic management literature. The same issues appear
in the entrepreneurship literature reviewed as well. Sixty-seven (67 percent)
of the articles examined use CA in a purely exploratory manner. Researchers
tended not to specify the number of clusters they expected a priori or
describe what they anticipated them to look like with any detail.
CA has been used in research since the 1950s, and in entrepreneurship
research since at least the 1970s. This paper focuses on relatively recent use of
CA, from 1990 to present. During this time period CA has often been used to
create taxonomies of firms or entrepreneurs. This use has declined in recent
years. This paper found that one of the major criticisms leveled by Ketchen
and Shook (1996, p. 442) about the use of CA in the strategic management
literature, a lack of theoretical basis for developing clusters, is applicable to
the entrepreneurship literature as well. This is seen by the low percentage of
articles in the sample that used CA in a confirmatory manner.
Recommendations for future research involving cluster analysis
Cluster analysis has been, and will continue to be, a valuable tool for
entrepreneurship researchers, specifically in early stage research. It is useful
for developing taxonomies, which can later be validated and used to build
new theory. CA results can also be used in regression analysis or similar
techniques to examine how “membership” in a certain cluster might predict
other variables. It is further useful for identifying non-obvious outliers that
could skew and ultimately invalidate findings from some datasets. Finally, the
advent of automated CA, and the adoption of best practices in CA from
other disciplines will increase the strength of research within the field.
Developing and validating taxonomies

Despite the decline of CA’s use in recent years, there are research problems
in the entrepreneurship field that it could help to answer. Much of the past
research using CA in the entrepreneurship field focused on developing
taxonomies of businesses, business owners, or environments. Then differences among the groups making up the taxonomy were examined. For
example, Woo et al. (1991) used CA to examine whether entrepreneurs
grouped into the craftsmen and opportunists classifications discussed in the
previous literature. However, using CA as a tool to develop taxonomies of
entrepreneurs or companies seems to have become less common, perhaps
due to the instability associated with such classification schemes. This could
be due to the diversity among entrepreneurs, who may not fit well into
a handful of homogenous groups. This does not mean that developing
taxonomies, or empirically derived classification systems has no value in
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the entrepreneurship field. Taxonomies, while certainly simplifications of
a more complex reality, do allow for easier understanding of phenomenon
and can be a building block to theory development.
There are several areas where the building of a beginning taxonomy could
be a useful stepping-stone to theory development. First, in the entrepreneurial ecosystem there are discrete resources such as incubators, accelerators, coworking spaces, hacker spaces, and maker spaces. There are funding sources,
such as venture capital, angel investors, and banks. There are government
programs such as the Small Business Development Centers, government
sponsored loans, venture funds and contests, and university entrepreneurship
centers. There have been some definitional differences in the literature, (see
Isabelle, 2013) for incubator vs. accelerator, and (Capdevila, 2013) for hacker
vs. co-working vs. maker spaces. Often the products and services provided by
one resource are duplicated by another, and many of the resources provide
multiple goods and services, sometimes alone, other times in partnership
with other ecosystem members. Therefore, a better understanding of the
reality of a given ecosystem, and a particular resource’s place in it might be
gained by examining what other resources it “groups” with.
Second, crowdfunding is emerging in entrepreneurship as a frame of
reference for examining existing theories as well as a new context in which
entrepreneurship takes place. Some categories in crowdfunding research are
very well articulated, such as the difference between debt, equity, reward, and
donation-based crowdfunding (De Buysere et al., 2012). Other groups are
indistinct. The popular perception is that crowdfunding is used to raise funds
to begin businesses, but there are growing numbers of existing companies
turning to crowdfunding to launch new products and even clear out aging
inventory. Determining if these campaigns are distinct from new launches
from a success standpoint could be one use of CA. Determining if supporters
view these campaigns differently is another. In both examples, there are
additional CA appropriate questions that could be formulated. Beyond
these two examples we see uses for CA in examining “side-hustles,” entrepreneurship “contests,” and socially responsible entrepreneurship.
CA has been used to classify firms based on the strategies that they pursue
(Morris et al., 2013; Shane & Kolvereid, 1995). The strategies firms use can
vary substantially, at least in the specific details. However, firms may display
a succinct number of configurations of strategies, which can be identified
using CA (Raymond & St-Pierre, 2011). Identifying these allows researchers
to understand them more clearly as well as develop and test theory regarding
their success (or lack of) in a given environment. CA seems to continue to be
a useful approach to organizing the strategies that are pursued by small and/
or new firms. Likewise, CA seems to continue to be useful for classifying the
external environments that entrepreneurs and firms find themselves in, such
as done by Zahra (1996). Firms may find themselves in complex political or
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competitive environments, and the use of CA may allow such environments
to be distilled down to a limited number of clusters that can be more easily
understood and used in subsequent analyses.
Use with multiple regression analysis

While many studies in the field have used CA as a tool to develop taxonomies,
some studies have subsequently used the cluster membership as a variable in
a multiple regression analysis (Arocena & Núñez, 2010; Carrasco-Hernandez &
Sánchez-Marín, 2007; Galbraith et al., 2008; González-Pernía et al., 2012; Littunen,
2003; Littunen & Tohmo, 2003; Patel & Terjesen, 2011; Puig et al., 2018;
M. R. Peneder, 2008; Raymond & St-Pierre, 2011). However, this was only done
in 11 (11 percent) of the 100 studies in the analysis. There are times where
developing a taxonomy might be the primary research objective, and perhaps
using a technique such as ANOVA to test for significant differences among clusters
may be a sufficient analysis. However, interesting and relevant research questions
often involve more than obtaining a taxonomy, and thus may require examining
complex relationships among variables. Using results from a CA in a multiple
regression analysis allows the researcher to move beyond the question of whether
underlying groups exists in a dataset, and to see if these underlying groups can be
used along with other variables to predict outcome variables of interest.
The use of multiple regression analysis after conducting a CA assumes that
a CA should be conducted in the first place. In such a situation, a researcher may
have the option to simply not run a CA and use the variables that would be used
in the CA directly in a regression analysis. For example, assume a researcher has
a sample of entrepreneurs and measures of how important they rate various
reasons for starting a business, such as need for autonomy, approval of others,
avoiding taxes, making money, or creating a product or service that has
a positive impact on society (Birley & Westhead, 1994). These variables could
be used directly as independent variables in a regression analysis to predict an
outcome such as the performance of their business firm. However, it may be that
the entrepreneurs would not vary randomly on the measured dimensions, but
may follow a limited number of patterns, or configurations. For example, it may
be that a CA would reveal that there is a distinct group of entrepreneurs who
start a business both to create a product or service that has a positive impact on
society and to seek the approval of others, but are not motivated by autonomy.
The existence of such a group may not be obvious without conducting a CA, and
the combination of these motivations may have a noticeable impact on any
dependent variable of interest, such as the performance of their firm. Once the
major patterns in startup motivations are identified, the cluster membership
variables can be converted to dummy variables, and along with other independent variables/control variables, can be used to predict outcomes of theoretical
interest.
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Identifying and examining multi-dimensional outliers

Many common variables used in the entrepreneurship field exhibit a high
degree of skewness and univariate outliers are prevalent, especially with
variables measuring resources available, firm revenue, firm growth, and
growth expectations (Crawford et al., 2015). However, CA can be used to
go beyond examining these univariate outliers and can be used to identify
multi-dimensional outliers in a dataset. Multi-dimensional outliers can be
“hidden” from casual observation and can evade common outlier detection
techniques. Detecting an outlier on a single characteristic is fairly straightforward, but as research topics become more complicated, with more interrelated constructs, what constitutes an outlier becomes more difficult to
determine. Consider someone or something that is just a little bit better on
several dimensions, but not so much better on any one dimension that you
would notice by looking at that dimension alone. Someone who is a little bit
stronger than average, a little more handsome or beautiful, a little bit smarter,
and a little bit wiser would have a decided advantage in life, or entrepreneurship. Such a person would not be noticed as an outlier by examining traits
individually, but would certainly be a multi-dimensional outlier, and would
be likely to skew data that contained him or her.
For instance, in other domains, outlier detection has been explored via
unsupervised learning. Additionally, prior research discussed outlier detection in identifying irregularities relative to credit card usage (Agaskar et al.,
2017; Jyotindra & Ashok, 2011; Panigrahi et al., 2009; Wu et al., 2010), health
care issues (Joudaki et al., 2015; Sheshasaayee & Thomas, 2017), insurance
activities (Ghani & Kumar, 2011; Jurek & Zakrzewska, 2008; Sithic &
Balasubramanian, 2013; Thiprungsri & Vasarhelyi, 2011), financial accounting (Deng & Mei, 2009; Glancy & Yadav, 2011; Sharma & Panigrahi, 2012),
and money laundering (Khac & Kechadi, 2010; Liu et al., 2011). In the
clustering context, outlier detection entails first partitioning the data of
interest and subsequently identifying each group as one of two types: (1)
a non-small membership cluster potentially containing both regular and
irregular data points, or (2) a small membership cluster having only irregular
objects. To distinguish between non-small and small membership clusters,
a minimum cardinality or membership threshold must be structured. Data
points residing in small membership clusters are all treated as potentially
anomalous, whereas data points in non-small membership clusters are
further evaluated to disentangle the regular and irregular items. In achieving
this, outlier detection is performed. Once again, this entails establishment of
a threshold such that data points outside this value are viewed as irregular.
Moving forward, all identified outliers are further investigated to determine
whether they are indeed unusual.
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The benefit of outlier detection to the entrepreneurship domain should be
explicitly considered and explored in future research. In addition to entirely
novel studies, prior entrepreneurship research might be incrementally
advanced as well. For instance, Morris et al. (2013) investigated issues of
performance relative to Russian food service companies. In extending their
work, outlier detection might be done in an effort to: (1) disentangle the
exceptionally high and low performers (that is, anomalies) from the other
normal performers, (2) make formal observations about the characteristics of
these outlier organizations, and (3) reevaluate the final clusters after removal
of legitimate anomalies.
Use of “automated” cluster analysis

CA’s complexity may contribute to its infrequent usage in entrepreneurship
research. Davis developed the Technology Acceptance Model (TAM), and it
assists in predicting the extent to which a given form of technology will be
adopted by individuals (Davis, 1985, 1989). The TAM identifies two fundamental predictor variables, ease of use and perceived usefulness. As these variables
increase, the propensity for adoption also increases. Given the various technicalities associated with effective cluster analysis, its ease of use would clearly be
low, thus mitigating adoption. In response to this problem, future research
should explore how clustering could become more fully automated.
This complexity becomes apparent when one considers that many types of
clustering algorithms exist, and no single approach is optimal. The preferred
method is often dependent upon the data being analyzed (Alpaydin, 2010), and
this leads to an important point: for a given number of clusters, each algorithm
might produce a different set of outcomes. In this context, a requisite level of
technical expertise is necessary to decide what clustering model best represents
the data of interest, a non-trivial task. For instance, Figure 1 depicts visually the
results of a CA performed on actual customer data from a financial institution,
using four variables measuring the creditworthiness of a set of credit card
customers. The data has been clustered into three partitions using four distinct
algorithms. The means for the four variables used in the cluster analysis in each
cluster can be seen for all four algorithms in Table 2. Each algorithm produces
different information, although the Complete-Link solution is most unique. For
instance, in cluster one, average account age is only two months and the mean
late payment rate is 63 percent in the Complete-Link model. By contrast, average
account age is between 41 and 48 months and late payment rate is between 10
and 11 percent for the other three algorithms. Such findings lead to an important
observation. Specifically, if intending to use cluster analysis, one cannot simply
select a single algorithm (such as K-means) in advance and then subsequently
rely blindly upon the produced data for explanatory purposes. To do so would
often yield misleading or false observations. Instead, a variety of algorithms and
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Figure 1. CA results using four distinct algorithms.

parameter settings must be explicitly and objectively evaluated in an effort to
find the most appropriate model. This fact offers opportunities for future
research relative to key aspects of the clustering process.
Extrapolating this, if a data set is evaluated using six algorithms and
a number of clusters ranging from three to 30, at least 168 separate models
would need to be created and analyzed. Furthermore, each might be
different in terms of outcome. This illustrates how time-consuming and
cumbersome cluster analysis can quickly become. In addition, a question
arises concerning the appropriate basis for deciding which model is preferred in a particular setting. Obviously, a suitable indicator (or set of
measures) of cluster quality must be incorporated to justify the final
decision. Numerous measures are available for this purpose such as the
silhouette coefficient, Krzanowski-Lai index, Calinski-Harabasz metric.
Other indicators have been proposed to decide cluster quality as well.
Even so, a second look at the results above reveals that three of the four
models show similar (although not identical) results when grouping this
data set. That would seem to indicate that there is an underlying “truth” in
the data that CA is revealing.
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Table 2. Mean values for the three cluster model using four unique algorithms.
Variable
Cluster 1
Account Age
Credit Limit
Additional Assets
Late Payments

Complete-Link

K-means

Partition around Medoids

Ward’s Method

2
$ 3,101
.2
63%

48
$ 3,668
0
10%

41
$ 3,114
0
11%

41
$ 2,844
.01
11%

Cluster 2
Account Age
Credit Limit
Additional Assets
Late Payments

97
$ 9,126
3.1
6%

151
$ 13,441
.03
3%

136
$ 11,719
0
3%

128
$ 11,346
0
4%

Cluster 3
Account Age
Credit Limit
Additional Assets
Late Payments

84
$ 7,233
.3
7%

89
$ 8,209
1.1
7%

92
$ 8,570
1.1
7%

93
$ 8,641
1.1
7%

The above illustration highlights significant potential for future research.
Specifically, efforts could be made to: (1) identify a particular metric or subset of
measures most appropriate for assessing model quality in a general sense, and (2)
develop simulation routines employing an array of pertinent algorithms and
parameter settings to automatically generate and analyze cluster models.
Automation would make the process significantly more user friendly, and more
likely encourage increased adoption and usage of clustering by both researchers
and practitioners in ostensibly any domain. Automation may be particularly
helpful in the entrepreneurship field, where the use of CA has declined and
researchers who have not had much exposure to the methodology may be overwhelmed by the number of decisions that have to be made by the researcher.
While still in the early stages, researchers have already begun to explore
how such automation could occur. Byrnes (2015, 2019) explores the issue of
mitigating complexity in cluster analysis routines using automation. This
entails systematic development and deployment of software to eliminate
the historical manual decision points in areas such as algorithm usage,
model selection, and outlier detection. In addressing the algorithm problem,
a simulation routine is formulated that executes a variety of clustering
algorithms on a target dataset. In confronting the nontrivial task of model
selection, a cross-validation experiment is first developed and conducted in
an effort to identify an appropriate metric of cluster quality. Results show the
silhouette coefficient is a suitable candidate for use in model selection
processes. In handling outlier detection, a cluster representative (that is,
mean vector) is used as a baseline measure for each normal cluster. Next,
within each normal cluster, Mahalanobis distance from the cluster representative is calculated for each object. Then, a threshold is applied, above which
a data point is deemed potentially anomalous. In achieving this, the work of
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Acuna and Rodriguez (2004) is adopted. More specifically, the researchers
find an object residing more than three times the inter-quartile range beyond
the 75th percentile as a severe outlier. With this threshold incorporated, its
Mahalanobis distance from the cluster mean is then computed. Finally, each
object with a Mahalonobis distance greater than the threshold value is treated
as a potential outlier. All of the above routines are included in software and
performed automatically. It is hoped that research will continue in this
domain such that automated cluster analysis will eventually become ubiquitous in data analytics.
Use of best practices developed in other fields

Researchers in other fields have discussed some of the limitations for how
CA has been used and have provided recommendations for how it can be
used more effectively in the future (Brusco et al., 2017; Ketchen & Shook,
1996). Many of the best practices developed in other fields are applicable to
the entrepreneurship domain, as the mechanics of using CA is essentially the
same. Of these best practices, several seem to be overlooked largely in the
entrepreneurship field, and should be adopted in future research using CA.
As previously stated, one of these is providing more rationale for both
selecting the input variables used to develop the CA and selecting the
number of clusters to have in the solution. One approach is a deductive or
confirmatory approach, where the variables selected for use to develop
clusters are based on previous theory (Ketchen & Shook, 1996). While the
increased use of theory to guide such choices is recommended, there are
times where CA may be appropriate, even with little theoretical guidance
available. In these instances there are empirical variable selection procedures
such as the RC_VAF developed by Steinley and Brusco (2008) that can be
used to help in selecting variables to use in a CA. Whatever approach is used,
researchers should make it clear what approach they are using to make these
decisions, and the rationale for using it.
A limitation of CA is that clustering algorithms are designed to create clusters,
and they will create clusters even if no meaningful underlying structure actually
exists (Barney & Hoskisson, 1990; Hatten & Schendel, 1977; Reger & Huff,
1993). To show that the actual solution obtained has clusters that are meaningful
and distinct from one another, researchers have used techniques such as
ANOVA to examine whether there are statistically significant differences
among the clusters on the variables that were used in the CA. While this
approach has been used in the entrepreneurship literature, such an approach
is not an adequate form of validation (Brusco et al., 2017; Milligan, 1996).
However, using ANOVA or a related technique to examine differences among
clusters on variables exogenous to the CA has been recommended as a best
practice in the operations management literature (Brusco et al., 2017). Such
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a practice makes sense in the entrepreneurship field as well, and there have been
a few examples of the use of this approach in previously published studies in the
field, such as Borch et al. (1999) and Korunka et al. (2003). For example, Borch
et al. (1999) used measures of firm resource configuration in the CA. They then
validate the clusters by testing for significant differences in firm strategies among
the clusters.

Conclusion
This paper discusses CA and its use in entrepreneurship research. It shows
that this once popular statistical technique’s use has waned over time within
the entrepreneurship domain. It outlines CA’s use between 1990 and 2019
and demonstrates that its use has been primarily exploratory and inductive.
It has been, and continues to be, used at various levels of analysis. Other
fields where robust research using CA is ongoing have been highlighted,
indicating its continued usefulness as a research tool. This paper further
provides domain specific and methodological directions for future research.
CA may be particularly useful in entrepreneurship research because of the
emergent nature of entrepreneurship as a field. When new phenomena are
discovered it is often necessary to organize specific instances into groups in
order to make sense of them. CA has been referred to as typology construction and classification analysis (Hair et al. 2013), both of which are methods
of organizing individual data points into groups in order to better understand them. Relatively new phenomena of interest to entrepreneurship scholars include so called “side hustles,” crowdfunding, business model canvases,
angel investment groups, and digital nomadic entrepreneurs, to name a few.
CA could benefit entrepreneurship research by first suggesting novel groupings, which could serve as a building block for further theory development.
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respondents in 11
willingness cognitions (seeking focus,
countries.
commitment tolerance, opportunity motivation),
and arrangement cognitions (protectable idea,
resource access, venture specific skills).
121 active exporter firms Measures of the international experience of the Hierarchical CA.
and 67 pre-exporter firms. business owner (length of experience and
experience level).

412 children of business
owners.

Sample/Unit of Analysis
12 members of a crossfunctional team
developing a new
product.
534 Owner-managers of
businesses from 16
countries.

Korunka et al.
(2003).

Fischer and
Reuber
(2003).

Mitchell et al.
(2002).

Birley (2002).

Birley (2001).

Author
Hitt et al.
(1999).

(Continued).

C
NR

E
NR

E
NR

C
NR

C
NR

C
NR

(Continued )

Cluster were examined for significant
differences in measures of the international
experience of owner, perceived role of
exporting, attention paid to key information
sources, recognition of network-related
barriers, awareness of export support programs,
and use of export support programs.
Clusters are labeled and described. Test for
significant differences in gender, age of the
entrepreneur, size of the planned business, and
subjective perception of the probability of
starting the business.
Created cluster membership variable
representing type of business (family or
nonfamily). Separate regressions were
performed based upon cluster membership.

Differences among clusters are examined based
upon age, sex, education, attitude toward
venturing, venturing likelihood, as well as
measures of ability, willingness, and
arrangement cognitions.

Cluster membership frequencies for each of the
countries in the sample and mean scores on
the sixteen issues statements for each cluster
provided.
Means scores on the sixteen issues statements
for each cluster are provided.

E/C/U
NR/MR/SR
Use of Clusters
E
Clusters were labeled and their attributes were
NR
discussed.
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Dekker et al.
(2013)

532 Belgian family firms
with at least 10
employees.

Career sequence, measured by position held,
firms size/type, and responsibility type.

100 CEOs of Italian firms.

Measures of financial control systems, nonfamily Latent Class
involvement in governance systems, human
Clustering.
resource control systems, decentralization of
authority, and top-level activeness.

Hierarchical CA.

C
NR

Measures of family and business tendency with K-Means CA.
regards to strategic process, the board of
directors, human resources, and succession.

732 Spanish family firms.

E
NR

E
NR

E
NR

C
MR

Mahérault
(2004).

C
NR

E
MR

554 Spanish firms with
Percentage of capital owned by the family, the K-Means CA.
more than 15 employees. percentage of managerial positions held by the
family, and intention of family to continue the
business.

Not provided.

CarrascoHernandez
and
SánchezMarín
(2007).
Basco and
Pérez
Rodríguez
(2009)
Salvato et al.
(2012).

Not clearly stated.

C
NR
C
NR

E/C/U
NR/MR/SR

Percentage of capital owned by the family, the K-Means CA.
number of family managers, and the expectation
that the future president of the business would
be a family member.
108 initial public offerings. Firm size, operating profitability, growth and
Not provided.
returns for shareholders, and debt to equity
ratio.

104 family and 96 nonfamily owned Finnish
firms.
2,116 new ventures and
3,724 operating firms with
at least one employee.

Clustering
Algorithm

Twenty-seven items measuring family needs and Hierarchical CA.
goals.
Measures of clan, bureaucratic, and market
Hierarchical CA
control mechanisms.
(Ward’s method).

Variables used in Clustering

Chua et al.
(2004)

Littunen
(2003).

Author
Sample/Unit of Analysis
Family Business Review
File et al.
183 family offices.
(1994).
Moores and
287 Australian family
Mula (2000). firms.

(Continued).

(Continued )

Clusters are compared for significant differences
on variables used in the CA, as well as ownership
structure of the firms they work for.
The clusters are described and compared based
on the variable used in the CA.

The performance of firms in each cluster are
compared.

The clusters are described based on the
variable used in the CA, as well as the core
business and the percentage that received
venture capital funding before the initial public
offering.
The clusters are used to predict pay level, pay
mix, and temporal orientation of incentives
provided to employees.

The clusters are compared for significant
differences on demographic variables.

Clusters are described based on the goals/
needs of the families they serve.
Clusters are compared for significant
differences on variables used in the CA, as well
as demographic variables.
Cluster membership variable used as an
independent variable in logistic regression.

Use of Clusters
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170 German family firms.

Rau et al.
(2019).

501 Spanish SMEs.

193 Spanish
manufacturing SMEs.

40 retail firms in
Guatemala.

Two-Step CA.

Hierarchical and
K-means CA.

Clustering
Algorithm
Two-Step CA.

E
NR
E
NR
E
MR

K-Means CA.

Two-Step CA
(solution
confirmed with
K-Means and
Hierarchical CA).

E
MR

E
NR

E
NR

E
MR

E
NR

(Continued )

Cluster are described and compared for
significant differences on personal and business
variables.
Clusters are described and compared for
significant differences on variables used in the
CA as well as variables measuring performance,
firm size, and age. Cluster membership
variables used in regression analysis.

Clusters are described and compared on
variables used in the CA, cluster membership
variable used in regression model.
Clusters are compared for significant
differences on variables used in the CA.

Clusters are described and compared for
significant differences on variables used in the
CA, as well as performance and acquisition
activity.
Clusters are compared on differences on
variables used in the CA.

Clusters are described and compared for
significant differences on variables used in the
CA. Results are compared to a sample of nonfamily firms.
Cluster are described and compared for
significant differences on outcome variables. CA
is replicated and results are compared.

E/C/U
NR/MR/SR
Use of Clusters
E
Clusters are compared for significant
NR
differences on variables used in the CA, as well
as firm performance.

Hierarchical CA.

Measures of proactivity for strategic orientation, Not provided.
complexity for marketing strategies, and the
scope of strategic maneuvers.
Twelve occupational health and safety
K-Means CA.
management dimensions.

Six factors measuring commercial ambition,
Hierarchical and
independence, investment, practicality, personal iterative
ambition, push.
partitioning CA

Variables used in Clustering
Percentage of equity owned by the family,
number of employees that are family members,
number of generations working for the business,
firm age, and succession intentions.
Six value categories- universal responsibility,
benevolence, persistence, cohesion and
solidarity, power and innovation, and
embeddedness.
Measures of the structural, cognitive, and
relational dimensions of family social capital.

Factors firm use in choosing banks: price, service
and speed, personal treatment, number of
branches, electronic banking, and loyalty.
211 English business
Seven motivation factors: achievement,
Jayawarna
flexibility, materialism, power, status,
et al. (2011). owners.
community, and role model.
Raymond and 292 French and Canadian Measure of product development capability,
St-Pierre
manufacturing SMEs.
market development capability, networking
(2011).
capability, technological capability, HR
development capability.

Spillan and
Ziemnowicz
(2003).
Arocena and
Núñez
(2010)
Iturralde et al.
(2010).

International Small Business Journal
Ennew et al.
59 private management
(1994).
buy-ins in the United
Kingdom.

Sanchez-Ruiz
1491 family firms.
et al. (2019).

Sample/Unit of Analysis
314 German family firms.

Author
Stanley et al.
(2017)

(Continued).
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311 Austrian SMEs.

180 Italian international
new firms.

Brustbauer
(2016)

Cerrato and
Fernhaber
(2018).

Covin et al.
(1990).

57 small manufacturing
firms.

3,181 new Spanish textile
and footwear
manufacturing firms.
Journal of Business Venturing
Birley and
65 counties in the United
Westhead
Kingdom.
(1990).

732 Spanish family firms.

Basco (2014).

Puig et al.
(2018).

Sample/Unit of Analysis
203 SMEs from the EU,
Russia, and China.

Author
Hilmersson
(2014).

(Continued).

E
NR

E
NR

Hierarchical CA
(Ward’s method).

Hierarchical CA
(Ward’s method).

Agglomeration, persons per sq. km., percentage
employed in agriculture, forestry or and fishing,
average domestic rates paid, domestic average
ratable value, male average gross weekly
earnings, percentage unemployment rate,
unemployment rate change.
Ten strategic factor scales- advertising, efficiency
and quality concerns, industry awareness,
product-related issues, planning-related
activities, customer support, long-term financial
orientation, external independence, external
financing, and high product prices.

E
NR

C
SR
E
NR

(Continued )

Firms using the four strategies are compared
on strategic posture, firm performance, number
of employees, sales revenue, and firm age.

The seven sales environments are compared
based upon the number and rates of private
business sales.

Regression using decision-making variables to
predict performance is done for each cluster.
Clusters are compared for significant
differences on variables used in the CA
measures of strategic orientation.
Clusters are described and compared for
significant differences on variables used in the
CA as well as variables measuring performance,
size, age, human capital, and innovation.
Cluster membership variable used as an
independent variable in Cox regression
analysis.

E/C/U
NR/MR/SR
Use of Clusters
E
Clusters are described and compared for
NR
significant differences on the variables used in
the CA.

U
MR

Hierarchical CA
(Ward’s Method).

Hierarchical CA
(Ward’s Method).

K-Means CA.

Clustering
Algorithm
Hierarchical and
K-Means CA.

Days elapsed from establishment until entry into Hierarchical CA.
the international market.

International intensity and geographic scope.

Measures of risk identification, risk assessment,
and risk monitoring.

Variables used in Clustering
Factors measuring internationalization
knowledge, institutional knowledge, business
network knowledge, and social network
knowledge.
Four strategic orientation factors.
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Galbraith and
De Noble
(1992).
Zahra (1993)

C
NR

Hierarchical CA
(Ward’s method).

Measures of manufacturing, technology, and
market strategies.

Six environmental variables- dynamism, hostility, Hierarchical CA
rivalry, technological opportunities, growth
(Ward’s method).
opportunities, and demand for new products.

102 firms in six Standard
Industrial Classification
codes.

E
SR

E
NR

C
NR

Hierarchical CA
(average linkage
between groups).

Hierarchical CA
(Ward’s method).

U
NR

(Continued )

Examined if the Craftsman-Opportunist
distinction in the literature was sensitive to the
variables used in the CA.
Clusters are described and compared for
significant differences on measures of
infrastructure and site requirements.
Cluster membership used to test hypotheses
regarding variations in corporate
entrepreneurship in various environmental
settings.

Cluster membership used to confirm hypothesis
regarding the development of the venture
capital industry within countries.

Standardized cluster means are compared for
variables used in the CA.

E/C/U
NR/MR/SR
Use of Clusters
E
The six founder types identified are compared
NR
based upon the size of their firms, amount of
revenue of their firms, profitability of their
firms, and the type of work their firms do.

Nearest centroid
clustering.

Clustering
Algorithm
Hierarchical CA
(Ward’s method).

77 high-tech firms.

Sample/Unit of Analysis
Variables used in Clustering
269 new firm founders in Birthplace (Wales or not), father’s social status,
Wales.
parent founders, qualifications, number of
previous employers, location of last employer
(Wales or not), size of last employer, position in
last job, corporate status of last employer,
industry (manufacturing or nonmanufacturing),
age, motivation for starting the firm,
unemployed prior to startup, previous founding
experience.
Miller, Spann & 94 manufacturing
Eight variables measuring resource sharing.
Lerner
strategic business units.
(1991).
Ooghe et al.
Venture capital industries Pro rata amount of the sources of funds that
(1991).
in countries by year.
came from the different investor groups for
a particular country and year, the pro rata
amounts of funds invested in different
categories, investment stages, geographic
location, and degree of syndication in the
investment section and perceived characteristics
of venture capital industries.
Woo et al.
510 new businesses.
Goals for the business, owner’s background, and
(1991).
management style.

Author
Westhead
(1990).

(Continued).
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Sample/Unit of Analysis
405 owners of new
businesses.

176 executives of
manufacturing
companies.

162 adolescent firms.

176 fast food franchises.

Bantel (1998).

Dant and
Gundlach
(1999)

Loan officers provided
information on 192 firms
identified as problem
loans.
73 venture capitalists.

Zahra (1996).

Muzyka et al.
(1996).

Gopinath
(1995).

Ostgaard and 159 small English firms.
Birley (1994)

Author
Birley and
Westhead
(1994).

(Continued).

Six factors representing the strategic approaches K-means CA.
engaged in by the firms in the sample:
technology product leader, product/market
breath and aggressiveness, marketing/sales
expertise, quality/service niche, customer
alliances and specialization.
Measures of autonomy and dependence.
Hierarchical CA.

Criteria the venture capitalists use in making
K-means CA.
investment decisions (financial criteria, productmarket criteria, strategic-competitive criteria,
fund criteria, management team criteria,
management competence criteria, deal criteria).
Three factor scores representing environmental Hierarchical CA
factors- dynamism, hostility, and heterogeneity. (Ward’s method).

Six components- market differentiation, product K-means CA.
innovation, broad market segmentation,
distribution, growth through outside capital, and
differentiation through quality.
Four distinct strategies by used by the banksHierarchical CA
managerial, financial, legal, and restructuring.
(Ward’s method).

Clustering
Variables used in Clustering
Algorithm
Seven components- need for approval, need to K-means CA.
independence, need for personal development,
welfare considerations, perceived instrumentality
of wealth, tax reduction and indirect benefits,
and follow role models.

C
NR

C
NR

E
SR

E
NR

(Continued )

Clusters are compared for significant
differences for variables used in the CA, as well
as measures of experience, competition, and
success.

Descriptive statistics on firm age, size, and
return on assets (ROA) were calculated.
Regressions for the relationship between
technology strategy and ROA were performed
for each of the five clusters.
Significant differences are tested for among
clusters based upon environmental and firmlevel variables. Clusters are mapped onto K-r,
specialist-generalist 2 × 2 matrix.

Descriptions of each cluster is provided
significant differences are examined among
clustering variables.

E/C/U
NR/MR/SR
Use of Clusters
E
Test for significant differences between clusters
NR
on business, personal background of the
founder, and work experience of the founder,
financial base, customer and supplier base,
competitive structure, and future of the
business variables.
E
Clusters are described and compared for
NR
significant differences on variables making up
the components used in the CA, as well as
network measures.
E
Descriptive statistics regarding loan
NR
characteristics and relationship with bank were
calculated for each cluster.
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Sample/Unit of Analysis
103 non-diversified
manufacturing firms.

Ling et al.
(2007).

71 SMEs.

Clustering
Algorithm
Hierarchical CA
(Ward’s method).

Six measures of financial bootstrapping.

Hierarchical CA.

Firm age and size.

K-means CA.

Measures of exploratory orientation, exploitative K-means CA.
orientation, and behavioral integration.

Dimensions of entrepreneurial orientation and
sustainability orientation.

Hierarchical and
K-means CA.

Not specified.

Hierarchical CA
(Ward’s method).

Hierarchical and
K-means CA.

Hierarchical CA
(Ward’s method).

Six variables measuring environmental difficulty. K-means CA.

Three components measuring firm size, imitative Not specified.
behaviors, and initiative.

Variables used in Clustering
Measures of pioneering/following and
environmental hostility.

1501 high-growth firms in Nineteen measures of firm growth.
Sweden with more than
20 employees.
65 restaurant chains.
Measures of managerial expertise, capital
scarcity, monitoring costs, agency costs,
expansion through franchising.
43 firms (38 being
Network structure measures and innovation
entrepreneurial.
performance.
105 failing entrepreneurs Measures of economic failure, psychological
in Tunisia.
failure, involuntary exit.

262 small business in
Sweden.

DiVito and
24 small sustainable
Bohnsack
fashion firms.
(2017).
Journal of Management
Lubatkin et al. 139 SMEs.
(2006).

Tan et al.
(2013).
Khelil (2016).

Combs et al.
(2004).

Winborg and
Landström
(2001).
Delmar et al.
(2003).

Minguzzi and 104 small Italian firms.
Passaro
(2001)
Nicholls-Nixon 454 young firms.
et al. (2000).

Author
Covin et al.
(2000)

(Continued).

U
NR

E
NR

E
NR

U
NR
C
NR

C
NR

E
NR

E
NR

U
NR

(Continued )

Clusters are compared for significant
differences for variables used in the CA, as well
as performance.
Clusters compared on sales growth.

Clusters are compared for significant
differences for variables used in the CA, as well
as measures of changes, experimentation, and
performance.
Significant differences are tested for among the
six measures of financial bootstrapping for the
clusters.
Clusters are labeled, and performance and
demographic differences among clusters are
examined.
Clusters are compared for significant
differences for variables used in the CA, as well
as performance measures.
Clusters are compared for significant
differences for variables used in the CA.
Clusters are labeled, described, and synthesized
with initial typology. Clusters are compared for
significant differences for variables used in the
CA.
Clusters are labeled (as profiles) and described.

E/C/U
NR/MR/SR
Use of Clusters
C
Clusters are compared for significant
NR
differences for variables used in the CA, as well
as competitive tactics.
E
Clusters are labeled and described.
NR
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Author
Sample/Unit of Analysis
Variables used in Clustering
Journal of Management Studies
Covin (1991). 111 small manufacturing Eleven strategic variables measuring managerial
firms.
activities and business practices.
Journal of Small Business Management
Shane and
544 business owners in
Measures of firm strategy (measures of cost and
Kolvereid
Norway, Great Britain, and quality).
(1995).
New Zealand.
Kotey and
224 small furniture
Performance measures- productivity, industry
Meredith
manufacturers in New
leadership, creating new jobs, business stability,
(1997).
South Wales.
profit rates, cost of production, community
development, business growth.
Miller and Kim 630 individuals aged 50 or Four scales representing community attachment
(1999).
older.
measures- sentiment, belongingness, formal
involvement, and informal involvement.
Miller and
1008 small business
Five factors representing components of
Besser
operators in rural Iowa.
community values.
(2000).
Paige and
278 craft retailers in
Three success factors- satisfaction with goals,
Littrell
Southeastern U.S. states. craft and cultural orientation, and personal
(2002).
expression.
Yusuf and
297 small businesses in
Planning sophistication measured by four
Saffu (2005). Ghana.
components- analytical tools, functional analysis,
efficiency and competitor analysis, and industry
analysis.
Galbraith et al. 44 high-technology firms CA1: R&D focus and technology strategy.
(2008)
in Scotland.
CA2: Manufacturing flexibility and
manufacturing modularity.
Latham (2009). 83 startup and 54
Open-ended statements regarding the use of
established software
strategies of revenue generation, cost reduction,
firms.
and asset reduction.
Morris et al.
289 small and medium
Variables representing value created by the
(2013).
sized Russian food-service companies, geographic coverage of the
companies.
company’s activities, and vertical boundaries.

(Continued).

Compare startup and established firms based
on association with the three clusters.
Clusters are labeled with descriptive terms. The
seven clusters are compared for significant
differences based upon performance measures

E
NR
E
NR

U
NR
E
NR
U
NR
E
NR

E
MR
U
NR
E
NR

Not specified.

Hierarchical CA
(Ward’s method).

Hierarchical CA
(Ward’s method).
Hierarchical CA
(Ward’s method).
Hierarchical CA.

Hierarchical CA
(Ward’s method).

Hierarchical CA.

WordStat 4.0,
exact method not
stated.
Hierarchical CA.

(Continued )

Cluster membership variables used in
subsequent regression analysis.

Significant differences are tested for with
regards to various demographic characteristics
and firm performance.

Significant differences are tested for among
cluster based up demographic and
psychographic variables.
The clusters are compared for significant
differences on variables used in the CA as well
as demographic variables.
Significant differences are tested for among
cluster based up strategy variables.

Differences among clusters were examined
with regards to performance, strategy, and
personal values.

Clusters are labeled. Significant differences on
measures of firm strategy are examined.

Clusters are labeled and compared on variables
used in the CA, as well as performance metrics.

C
NR

Hierarchical CA
(Ward’s method).

Use of Clusters

E/C/U
NR/MR/SR

Clustering
Algorithm
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26 small manufacturing
firms.

150 small firms in
Scotland.
Reid and Smith 150 small firms in
(2000).
Scotland.

Smith (1999).

Panizzolo
(1998).

Davidsson
80 Labor Market Areas
et al. (1995). (LMAs) in Sweden.

Small Business Economics
Nooteboom
225 Dutch SMEs.
et al. (1992).

Hierarchical and
K-means CA.

Measures of perceived advantages, internal
constraints, and external context that could
explain computer aided design/computer aided
manufacturing adoption and practices of
implementation.
Three measures of performance- growth in firm
employment, profitability, and productivity.
Three measures of performance- growth in firm
employment, profitability, and productivity.

Hierarchical CA
(Ward’s method).

Not specified.

Not specified.

Gross firm birth rate, firm turnover rate, firm net Hierarchical CA
new birth rate, firm gross expansion, firm size
(Ward’s method).
turbulence, firm net expansion.

Measures of perceptions/opinions regarding the Hierarchical CA
market and the market of government policy
(Ward’s method).
research.

Organization Science
Schulze et al. 1,376 private firms in the Measures of incentive pay and use of strategic
(2001).
U.S.
planning.

Author
Verbano et al.
(2015).

Clustering
Sample/Unit of Analysis
Variables used in Clustering
Algorithm
105 Italian manufacturing Technological intensity, firm size, and ten factors K-Means CA.
SMEs.
representing open innovation dimensions and
firm specific factors.
Chevalier et al. 291 business owners who Reasons for Entrepreneurs’ Retirement Decision Hierarchical and
(2018)
were within ten years of Inventory (composed of the following four
K-means CA.
retirement.
subscales- push, pull, anti-push, and anti-pull).

(Continued).

E
NR
E
NR

E
NR

E
NR

E
NR

C
NR

(Continued )

Clusters were examined for significant
differences in measures of perceptions/opinions
regarding the market and the market of
government policy research.
Clusters are compared on gross firm birth rate,
firm turnover rate, firm net new birth rate, firm
gross expansion, firm size turbulence, firm net
expansion, as well as other regional statistics.
Clusters are labeled and compared on
measures of perceived advantages, internal
constraints, and external context that could
explain CAD-CAM adoption and practices of
implementation.
Clusters are labeled and used in later bivariate
analyses.
Cluster were examined for significant
differences in variables used in the CA as well
as other demographic variables. Cluster
membership was used as the dependent
variable in ordered logit model.

Clusters are compared for significant
differences for variables used in the CA, as well
as demographic/performance metrics.

E/C/U
NR/MR/SR
Use of Clusters
E
Clusters are labeled and described. Clusters are
NR
compared for significant differences based
upon variables used in the CA.
E
Clusters are labeled with descriptive terms. The
NR
clusters are compared for significant differences
on intention to retire and four subscales of the
Reasons for Entrepreneurs’ Retirement Decision
Inventory.
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293 SMEs in Lithuania.

Aidis (2005).

160 informal investors
from Croatia, Hungary,
and Slovenia.

44 industry sectors in 10
countries.

Szerb et al.
(2007).

Peneder
(2008).

Meijaard et al. 1411 small Dutch firms.
(2005).

196 firms in metal-based
manufacturing and
business services in
Finland.

Sample/Unit of Analysis
188 owner-managers of
SMEs (121 were active
exporters and 67 were
pre-exporters).
63 Nigerian firms.

Littunen and
Tohmo
(2003).

Ibeh (2003).

Author
Fischer and
Reuber
(2003).

(Continued).

Firm turnover and net entry.

Relationship to the investee, country of
residence, have startup skills, fear failure, see
opportunities, know an entrepreneur, and
demographic variables.

Variables representing skill barriers,
environmental barriers, informal barriers, and
formal barriers.
Nine constructs of organizational structure.

Variables measuring participation in firm
management by different interest groups.

Hierarchical and
K-means CA.

Not specified.

Not specified.

Hierarchical CA
(Ward’s method).

Not specified.

Export entrepreneurial orientation, consisting of Not specified.
ten measures of the attitude the firm has toward
exporting.

Clustering
Variables used in Clustering
Algorithm
The amount and perceived relevance of export- Hierarchical CA.
related work experience.

C
MR

E
NR

E
SR

E
NR

E
MR

C
NR

(Continued )

Clusters are described based on the
organizational structure of the firms in each
cluster.
Clusters are labeled and significant differences
are examined on relationship to the investee,
country of residence, have startup skills, fear
failure, see opportunities, know an
entrepreneur, funding amount, business
ownership experience, and demographic
variables.
Significant differences in clusters are examined
based upon price-cost margin, growth of labor
productivity, value added growth, and
employment growth.

Ten measures of the attitude the firm has
toward exporting, and descriptive statistics
were compared between clusters and
examined for significant differences.
Examined the percentage of high growth and
other firms in each cluster and tested for
significant differences. Used cluster
membership (management style) as
independent variable in regression model.
Use logistic regression to predict cluster
membership obtained from CA.

E/C/U
NR/MR/SR
Use of Clusters
E
Cluster were examined for significant
NR
differences in various variables related to
exporting.
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Hierarchical and
nonhierarchical
CA.

K-Means CA.

Hierarchical CA.

Disengagement from the startup, and ten
learning and feasibility analysis variables.

Network range and tie strength (separate CA).

Thirteen firm attributes.

E
NR

U
MR

Clusters are described and compared on
variables used in the CA.

Cluster membership variables used in
regression analysis.

E/C/U
NR/MR/SR
Use of Clusters
E
Descriptive statistics for measures of
MR
innovation, entrepreneurial capabilities, and
output and resources are provided for each
cluster. Cluster membership used in regression
to predict initial productivity and productivity
growth.
C
Disengagement from the startup, learning and
NR
feasibility analysis variables, and descriptive
statistics are compared among clusters. Clusters
are labeled and described.

Abbreviation Definitions:
E = Exploratory Use of CA; C = Confirmatory Use of CA; U = Undefined
NR = CA Results Not Used in Multiple Regression; MR = CA Results Used in Multiple Regression; SR = CA Results Used in Separate Regressions

509 nascent
entrepreneurs who either
disengaged (273) or got
the business started (236).
Strategic Entrepreneurship Journal
Patel and
452 transnational
Terjesen
entrepreneurs.
(2011).
Powell and
26 biotechnology firms.
Sandholtz
(2012).

Yusuf (2012).

Clustering
Algorithm
Hierarchical CA.

Variables used in Clustering
Measures of innovation and entrepreneurial
capabilities.

Author
Sample/Unit of Analysis
GonzálezPanel data of 17 Spanish
Pernía et al. regions.
(2012)

(Continued).

40
M. CRUM ET AL.

