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Abstract
Understanding the worldwide drivers of qualified entrepreneurship is a key issue in 
economic policy design. To help policy decisions exert their intended impact, we 
aim to cluster a wide range of countries on the basis of their levels and trends in self-
employment productivity using a finite mixture model applied to a new large data-
set of 121 countries covering the period of 1991–2019. Our results point to three 
groups of high-, medium-, and low-productive means and tendencies, the geographi-
cal distribution of which suggests that they can be reinterpreted using the three 
stages of economic development, namely, innovation-, efficiency-, and factor-driven 
economies. Notably, we find that widespread digitalization and low unemployment 
enhance the probability of transitioning into a highly productive cluster. However, 
we failed to find that industry weight or employment protection legislation strict-
ness serve as determinants in the transition between groups. Suggestive rationales 
for these results and implications for the entrepreneurship policy agenda are also 
provided.

Keywords  Entrepreneurship · Productive self-employment · Model-based 
clustering · Finite mixture models · Cross-country analysis · Transition probabilities

JEL classification  M13 · J24 · C11 · O43

1  Introduction

Policymakers tend to encourage entrepreneurial activity because it is viewed as a 
key driver of economic growth, job creation, and innovation. Consequently, they 
implement portfolios of policies to promote entrepreneurship/self-employment and 

 *	 Ana Rodriguez‑Santiago 
	 ana.rodriguez@dege.uhu.es

1	 University of Murcia, Murcia, Spain
2	 Department of Economics and CCTH, Faculty of Business Administration, University 

of Huelva, Huelva, Spain

http://crossmark.crossref.org/dialog/?doi=10.1007/s00191-024-00863-9&domain=pdf


	 M. Camacho et al.

1 3

to support small and medium firms as a solution to weak economic performance and 
deficient job creation. However, as the seminal work of Blanchflower (2004) pointed 
out, the level of self-employment itself does not guarantee economic growth. In fact, 
as Poschke (2013) noted, both developed and developing countries sometimes show 
the same self-employment rates despite having different growth patterns.

Among others, Shane (2009) and Congregado et al. (2010) warn that encouraging 
more people to become entrepreneurs does not necessarily lead to economic devel-
opment. The strong negative cross-country association between self-employment 
and the level of income per capita in both less-developed and developing countries 
and the mixed evidence regarding the impact of entrepreneurship on growth at the 
macro level constitute indications of something being wrong in the usual linkage 
between the size of the aggregate self-employment sector and economic growth, as 
the works of Pietrobelli et al. (2004), Wennekers et al. (2010), Arin et al. (2015), and 
Rodriguez-Santiago (2022) have found.

Not trying to be exhaustive, Maloney (2004), Acs (2006), Poschke (2018, 2019), 
and Allub and Erosa (2019) pointed out that self-employment exhibits substantial 
heterogeneity and that cross-national differences could be behind this apparent puz-
zle and suggested examining the relationships between qualified self-employment 
(rather that the aggregate rate) and economic development. In this context, Stam 
(2015) and Stam and Van de Ven (2021) investigated the determinants of optimally 
productive entrepreneurship and the pillars of the entrepreneurial ecosystem, which 
are particularly important for devising an effective national competitiveness strategy.

This body of literature encompasses three main categories of research focusing 
on the determinants of self-employment rates at the macroeconomic level. Firstly, 
studies such as those by Acs et al. (1994) delve into the influence of macroeconomic 
factors like capital per worker and industry composition. Secondly, research by Pie-
trobelli et  al. (2004), Arin et  al. (2015), and Rodríguez-Santiago (2022) examines 
the impact of income per worker on self-employment rates, highlighting the adverse 
effects of macroeconomic instability on entrepreneurial activities. Thirdly, investiga-
tions by Blanchflower (2000), Centeno (2000), Robson (2003), and Torrini (2005) 
scrutinize labor market dynamics and regulations, including employment protec-
tion legislation, while others such as Fölster (2002), Anokhin and Schulze (2009), 
Djankov et al. (2010), Estrin et al. (2012), Belitski et al. (2016), and Dutta and Sobel 
(2016) focus on the role of corruption and taxation. Lastly, various articles, includ-
ing those by Sobel (2008), Acs et al. (2008), Estrin et al. (2012), Bjørnskov and Foss 
(2016), and Urbano et  al. (2020), explore the influence of institutions and institu-
tional quality on entrepreneurship.

For these reasons, our paper follows this literature by focusing on the analysis 
of self-employment productivity (output per self-employed worker) with a twofold 
purpose. Our first purpose is to cluster countries worldwide to identify groups with 
some degree of similarity regarding their level and trend in self-employment pro-
ductivity. With this classification, policymakers could examine cluster membership 
to determine whether their countries have performed on par with other countries in 
similar economic circumstances and to provide warning of unfulfilled expectations.

Our second purpose is to determine what drives country memberships and, as a 
result, what characteristics are shared by countries that makes them similar to their 
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cluster and different from other clusters in terms of self-employment productivity. 
This analysis may provide implications for country policymakers regarding which 
policy variables have the greatest degree of influence on country-level self-employ-
ment performance and to consider which strategies would be appropriate to promote 
movements towards more productive clusters.

In our study, we use finite mixture models to analyze the varied landscape of 
self-employment productivity across different countries. These models offer numer-
ous advantages over alternative approaches, particularly in their capacity to provide 
inference on individual classifications and overall clustering. The following para-
graphs lay out a robust foundation for comprehending the chosen methodology.

To capture the worldwide heterogeneity in self-employment productivity, we rely 
on finite mixture models. These model-based classification methods exhibit several 
advantages over their alternatives, which classify according to similarities. First, the 
clustering in finite mixture models works on a statistical basis, which facilitates the 
conduction of inference on the estimates for individual classifications and for the 
clustering as a whole. Second, in the context of finite mixture models, a number 
of statistical criteria have been developed to objectively assess the optimal number 
of clusters. Third, exogenous explanatory variables explaining cluster formation can 
be easily and explicitly incorporated in the clustering procedure. Thus, model-based 
classification facilitates designing guidelines for policy recommendations based on 
an analysis of outcomes.

In finite mixture models, each cluster is assumed to have its own density. In our 
approach, we assume that this density is determined by both the group-dependent 
level of self-employment productivity and its group-dependent trend, or long-term 
direction, over the sample period. Thus, the model characterizes the homogeneity 
within each cluster not only by level of self-employment, which could be viewed as 
either high, moderate, or low, but also by the intensity in the overall evolution of the 
data path.

In addition, the model defines the probability that a country belongs to a given 
group. In this case, we consider a logit-type structure that depends on the influence 
of unit-specific exogenous variables on cluster membership. According to the litera-
ture, we postulate that these exogenous variables characterizing the ex-ante likeli-
hood of membership in a given cluster are of four types. First, following Acs (2006), 
who consider that improvements in information technologies such as telecommuni-
cations may increase the returns to entrepreneurship, we use the World Bank’s Digi-
tal Adoption Index (DAI).

Second, following Fairlie and Fossen (2020) and Cowling and Wooden (2021), 
we also consider the country-specific labor market situation as measured by the 
unemployment rate to be an influencing factor on whether a country is affiliated with 
a certain cluster of self-employment productivity. Third, in line with Blanchflower 
and Shadforth (2007), who examine whether self-employment was stimulated in 
the United Kingdom through changes in the industrial sector, we include the rela-
tive weight of the industrial sector. Finally, we follow Centeno (2000) and Robson 
(2003), who examined the interaction of self-employment and labor market rigidity, 
to propose the Labor Market Rigidity Index (LAMRIG) as an additional exogenous 
determinant of cluster membership.
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In the empirical analysis, we compile a new large internationally comparable 
database of 121 countries covering the period from 1991 to 2019 and use the finite 
mixture model to obtain the following results. First, our data-driven approach points 
to three distinct groups of countries. The first group characterizes the countries with 
the highest productivity level and the steepest productivity trend. The second group 
comprises countries with a medium level of productivity and a flatter trend than that 
in the first group. The third group characterizes the countries with the lowest pro-
ductivity level and the least pronounced trend in self-employment productivity.

The main results and contributions of the paper can be summarized in the follow-
ing statements: firstly, referring to the geographical distribution of groups; secondly, 
regarding the disparities in self-employment productivity across these groups; and 
thirdly, concerning the pivotal elements influencing transitions between groups.

In accordance with the resulting geographical distribution of groups, we followed 
the categories of countries suggested by Porter et al. (2002) to categorize the groups 
according to their levels of competitiveness across the stages of economic devel-
opment. The first cluster tends to include most innovation-driven economies with 
higher wages, level of innovation and associated standards of living. The second 
cluster includes countries in the efficiency-driven stage, who require the develop-
ment of more efficient production processes and the ability to harness the benefits of 
existing technologies. Countries in the factor-driven stage predominate in the third 
cluster, which is composed of the least developed countries, where subsistence agri-
culture, extraction businesses, and unskilled labor are prevalent.

Second, despite the significant differences in the levels of self-employment pro-
ductivity across these three groups, our results do not suggest that they will eventu-
ally converge. The reason is that the productivity of countries in the lower produc-
tive groups tends to grow over the sample period at a slower rate than that in the 
higher productive groups. Therefore, the trajectory of the least productive countries 
will not tend to catch up unless policymakers take measures to close the productivity 
gap. Thus, doing nothing is the best guarantee of failure in promoting the conver-
gence process.

Third, our research identifies two key elements in the national entrepreneurial 
ecosystem that can enable less productive countries to reverse this tendency by 
determining the key factors that influence group membership. In line with the inter-
sections of digital technologies and entrepreneurship that have been documented by 
Jafari-Sadeghi et al. (2021), our results show that designing a nuanced digital strat-
egy with policies tailored to promote adoption and diffusion of digital technologies 
is especially important in facilitating the transition to the innovation-driven group.

In addition, we find that unemployment is a barrier to moving countries from the 
efficiency-driven to the innovation-driven group. In line with Thurik et al. (2008), 
who detected a dynamic interrelationship between self-employment and unemploy-
ment rates, we find that the labor market dynamic is also related to self-employment 
productivity. We postulate that the structural unemployment rate tends to favor the 
entry of marginal entrepreneurs who erode average productivity into self-employ-
ment. Thus, active labor market policies that are oriented to stimulate the search for 
salaried work offers hinder the promotion of self-employment among the less pro-
ductive unemployed and thus appear to be advisable as a strategy for catching-up.
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Interestingly, we failed to find that industrialization intensity or the rigidity of 
employment protection legislation were key elements in transitioning to more pro-
ductive groups. The former is in line with the findings of Acs and Naudé (2013), 
who do not see industrial policies as merely functional policies without considera-
tion of firm or entrepreneurial specifics. The latter agrees with Robson (2003), Tor-
rini (2005), and Kanniainen and Vesala (2005), who found that employment protec-
tion legislation restrictiveness had little impact on aggregate self-employment.

The outline of the rest of the paper is as follows. Section 2 presents the model and 
provides an overview of the key statistical elements used to understand the empiri-
cal results. Section 3 describes the database and presents and discusses the results. 
Section 4 concludes and provides policy implications and further avenues of future 
research.

2 � Data and methodology

2.1 � Data description

In this paper, we focus on the productivity of self-employment as a proxy for the 
quality of entrepreneurship. In particular, we consider GDP per self-employed per-
son, i.e., the output per self-employed worker, as our measure of productivity. To 
compare productivity levels across countries, GDP is converted to international dol-
lars using purchasing power parity rates, which account for the differences in rela-
tive prices among countries.1

Self-employed workers are those workers who, working on their own account, 
with one or a few partners or in a cooperative, hold the type of jobs defined as 
self-employment jobs. These data are taken from the International Labor Office 
(ILOSTAT) database. Self-employed workers include the following four subcatego-
ries: employers, own-account workers, members of producers’ cooperatives, and 
contributing family workers.

The dataset of covariates that are used in the logistic prior to classifying each 
country in a specific group is created with four variables meant to capture group-
specific differences. The first structural variable captures the labor market situation 
by using the average unemployment rate provided by the ILOSTAT database. This 
is measured as the percentage of the total labor force that is without work but have 
been seeking work in a recent past period and is currently available to work.

The second structural variable, which reflects the level of industrialization, is the 
average of industry added value as a percentage of GDP, including the ISIC divi-
sions 05-43. These data are taken from World Bank national accounts and OECD 
National Accounts Statistics. The third structural variable is meant to capture the 

1  In particular, we converted GDP to international dollars using purchasing power parity rates, in con-
stant 2017 international dollars, from the World Development Indicators database, World Bank and 
Eurostat-OECD PPP Programme. For Canada, we use real GDP at constant national prices in millions 
2017 US dollars, which is taken from Penn World Table 10.0.



	 M. Camacho et al.

1 3

rigidity of employment protection legislation. For this purpose, we use the average 
of the market legislation rigidity index, as detailed by Campos and Nugent (2018).

Finally, we use a fourth structural variable to measure the level of digitaliza-
tion. In particular, we use the Digital Adoption Index provided by the World Bank, 
which is a composite index measuring the spread of digital technologies in a country 
across three dimensions of the economy, namely, those of people, government, and 
business. To facilitate interpretation, the data have been normalized so that countries 
with values over 0 will be above the sample average, and vice versa.

Estimation in finite mixture models requires handling balanced panels. Therefore, 
our effective dataset is composed of annual self-employment and the four country-
level covariates for a large set of 121 countries, spanning from 1991 to 2019. The 
list of countries, their code, average GDP by self-employed for the period, and the 
values of covariates can be found in the Appendix Table 4.

2.2 � Model specification

In this paper, we investigate pooling within a time series panel using a finite mix-
ture of an unspecified number of separate distributions.2 For this purpose, let 
y = {yit} , i = 1, ...,N;t = 1, ..., T  be a panel, where i and t refer to country-specific 
self-employment productivity and year, respectively. In addition, we assume that the 
time series arise from K hidden groups in such a way that all the time series within 
a certain group are characterized by the same econometric model and depend on the 
same set of parameters, which are heterogeneous across groups.

The approach used is based on formulating a time series model for each univariate 
time series yi =

{
yi1,… , yiT

}
 in terms of the group-specific sampling density. For group 

k , the density is p
(
yi|�k

)
 , and the unknown group-specific parameters � =

{
�1,… , �K

}
 

take values in a parameter space � . In this case, the same model is valid for all the time 
series within a given group, although with different parameters across groups. Further-
more, we also assume that the time series are independent within each cluster.

In this context, it is convenient to introduce a latent group indicator Si , which 
takes a value out of the discrete set {1, ...,K} , indicating to which group the time 
series belongs; that is, Si = k indicates that yi belongs to group k . We assume that 
S = (S1,… , SN) are a priori independent. Thus, knowing Si is equivalent to knowing 
the group-specific parameters and the density p

(
yi|�Si

)
.

The joint sampling distribution reads as

However, an important issue in this specification is that neither the number of 
clusters nor the group membership are known a priori. In contrast, we use model-
based clustering techniques based on Bayesian classification rules to determine 
K and to estimate the group indicator Si along with the group-specific parameters 
�1, ..., �K from the data.

(1)p(y|S, �) =
∏K

k=1

∏
i∶Si=k

p
(
yi|�k

)
.

2  For further details on finite mixture models, see Frühwirth-Schnatter (2006).
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To overcome the issue that group membership is unknown in practice, we assume 
that each time series of self-employment productivity is taken to be a realization of 
the mixture probability density function of K separate distributions

where the mixing proportion Pr
(
Si = k||Zi, �) is the probability that yi belongs to 

group k . Thus, the probabilities of group membership are posited to rely on vectors of 
country-specific variables, Zi , each comprising g variables, and on the parameter set 
� = (�1,… , �K), where each �k represents a vector of g elements, with k=1,…,K. For 
clustering purposes, each component in mixture Model (2) corresponds to a cluster.

To complete the model specification, given the time series of self-employment 
productivity of country i , yi , that belongs to a certain group k , Si = k , we consider 
that the expected value of each time series of this group is fully characterized by 
a group-dependent mean and a group-dependent trend. Thus, we model the time-
series dynamics of self-employment productivity as

where the error term is conditionally heteroscedastic, �it ∼ N
(
0,

�2

�i

)
, and 

Si = 1, ...,K.3 For each group, we consider �k = (�k, �k, �2) , and for each country, 
we consider that the series-specific variance weights, �i , where � = (�1,… , �N) col-
lects all of the weights. For a given cluster i belonging to cluster Si = k , parameter 
�Si represents the base values of self-employment productivity that characterizes the 
cluster, while parameter �Si provides the intensity of the increasing or decreasing 
behavior in the series belonging to the cluster over time.

In addition, we follow Frühwirth-Schnatter and Kaufmann (2008), Kaufmann (2010), 
and Hamilton and Owyang (2012), and consider a multinomial logit model to include 
prior information on a particular series in the estimation of the group probability:

where the first group is the baseline group, and we set �1 = 0 . We assume that 
� = (0, �2,… , �K) are independent of the other parameters of the model.

The vector Zi , for i = 1,… ,N , includes the g country-specific average features of 
the labor market structure that determine the classification of the self-employment 
productivity of country i into a specific group, with Z� = (Z�

1,… ,Z�
N
) . The parame-

ters (�2,… , �K) are unknown but group-specific values, and they allow us to estimate 
the prior classification probabilities of country i belonging to a group depending on 
the structural variables Zi.

(2)yit ∼
∑K

Si=1
p
(
yi|�Si=k

)
Pr(Si = k|Zi, �),

(3)yit = �Si + �Si t + �it

(4)Pr
�
S
i
= k��Zi, �) =

exp
�
Z

�

i
�
k

�

1 +
∑K

l=2
exp

�
Z
i
��

l

� ,

3  The advantages of Gaussian mixture modeling are that the estimation methods are well established, 
and the component distributions are thoroughly understood and thus interpretation of the results is facili-
tated.
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These parameters have a nice interpretation because they determine the intensity 
of each structural variable for classifying a country into a certain group. If the j-th 
component of �k for country i is positive, then there is an important role for the j-
th structural variable of country i in making this country more likely to belong to 
group k rather than to part of the baseline group. In contrast, if the component is 
negative, increasing the j-th structural variable of country i increases the probability 
of this country being reclassified toward the baseline group.

2.3 � Model estimation

The model estimation is carried out within a Bayesian framework with the aid of 
Markov Chain Monte Carlo (MCMC) simulation and data augmentation methods 
for finite mixture models. Thus, using the information given in the data, the key 
issue is obtaining a posterior inference on the group indicator, S , the model param-
eters, � , the series-specific variance weights, � , and the intensity of the structural 
variables, �.

Let us start by assuming that the number of clusters K is known, although we will 
set a procedure for determining the number of clusters below.

Priors  The parameter vector is further broken down into parameter blocks, for all of 
which we assume standard prior distributions as follows: The prior distribution of the 
group-specific parameters 

(
�k, �k

)
∼ N(m0,M0) , for k = 1,… ,K ; the variance of the 

error terms and the series-specific variance weights follow inverse gamma and gamma 
distributions, respectively: �2 ∼ IG

(
g0,G0

)
 and �i ∼ G

(
v

2
,
v

2

)
 for i = 1,… ,N ; and 

the parameters governing the prior group probabilities under the logit structure follow 
a normal distribution, �k ∼ N(0, �Ig) , for k = 1,… ,K , where g is the dimension of 
vectors Zi.

Estimation  The sampling scheme to draw from the posterior follows Frühwirth-
Schnatter and Kaufmann (2008) and involves the iteration between the following 
three steps:

(i)	 Classification for fixed parameters. Each time series yi , with i = 1,… ,N  , is 
classified into one of the K groups by sampling the group indicator Si from the 
posterior distribution Pr

(
Si = k|yi, Zi, �, �, �

)
, using the sampling density as well 

as the prior classification probabilities,

 for k = 1, ...,K.

(5)Pr
(
Si = k|yi, Zi, �, �, �

)
∝ p

(
yi|�k, �i

)
Pr

(
Si = k|Zi, �

)
,
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	 (ii)	 Estimation for a fixed classification and � . Conditional on knowing the values 
of S and � , sampling �1, ..., �K is carried out by sampling the group-specific 
parameters from the posterior p

(
�1, ..., �K

||S, y, �) , where each group parameter 
�k is estimated by pooling each time series that currently belongs to group k . 
To sample � , we follow Scott (2011) and use a Metropolis-Hasting algorithm.

	 (iii)	 Estimation of � for a fixed S , � and � . For each i = 1, ...,N , the scale factors 
� = (�1,… , �N) are sampled independently from the gamma distributions.

The MCMC estimation procedure described above is repeated M times, and the 
stacked values of the outcomes of each iteration draw can be used to perform an 
inference. However, the sampler could present label switching problems, and the 
finite mixture model must be identified through some inequality constraint on the 
group-specific parameters. To handle label switching in mixture models, we use the 
identifiability constraint 𝜇1 > 𝜇2 > ⋯ > 𝜇K for all k = 1,… ,K . In other words, the 
constraint implies that the groups are identified by their level of self-employment 
productivity.

Once the model has been identified, we can perform inference regarding which 
time series belong to which group by using the posterior classification probability. 
In particular, we can estimate the posterior probability that a time series yi belongs 
to group k from the MCMC draws by averaging over the M iterations,

2.4 � The number of clusters

For exposition purposes, the number of components of the mixture, K , was known. 
In practice, however, the number of groups will be unknown. To choose the number 
of groups in a straightforward form, one could select the number of components that 
maximizes the marginal likelihood from the set {1,… ,K∗} , where K∗ is an upper 
bound. However, this method will result in a model with an arbitrarily large number 
of groups.

For this reason, we consider selecting the model with the number of groups neces-
sary to maximize the quality of the classification by introducing the entropy of the 
model. If we call ENj the entropy of a model with a fixed number of j groups, the 
method would entail selecting K as the model that minimizes

for j = 1,… ,K∗ . In this expression, larger entropy values indicate worse clustering 
solutions in terms of a quality classification, where the value would be 0 for perfect 
classification.

(6)Pr
(
Si = k|yi, Zi, �, �, �

)
≈

1

M

∑M

m=1
I{

S
(m)

i
=k

}

(7)ENj = −
∑N

i=1

∑j

k=1
Pr

(
Si = k|yi, Zi, �, �, �

)
logPr

(
Si = k|yi, Zi, �, �, �

)
,



	 M. Camacho et al.

1 3

3 � Empirical results

3.1 � Model estimation

Estimation is based on the following priors. For group-specific parameters, we use (
�k, �k

)
∼ N(0, 1000) . The priors of the variances are �2 ∼ IG(1, 1) , and they are 

�i ∼ G(4, 4) for the scale parameters. For the parameters of the logistic model, we 
use the prior � ∼ N(0, �Ig) , with � = 20 and g = 4 . For each run of the MCMC sam-
pler, after conducting a burn-in phase of 2000 iterations to remove dependence on 
the starting condition, 8000 draws are kept to evaluate the estimation.

To select the number of groups, we set K∗ = 6 . Table 1 presents the results of 
the marginal likelihood and entropy for models with up to six groups. As expected, 
the likelihood increases with the number of groups. However, the model specifica-
tion that divides the data into three separate groups is preferred because this model 
reaches the lowest entropy value (0.38) among model specifications.

Table 2 gives the posterior means of the mean and slope coefficients associated 
with each of the three idiosyncratic groups, displaying their standard deviations in 
parentheses indicating that they are all significant at the 5% level. The table shows a 
division of countries into three distinct groups according to the average and trend of 
their respective self-employment productivity. The groups are ordered in decreasing 
order of entrepreneurship productivity levels and trends, with Group 1 being associ-
ated with countries with the highest levels of productivity and the steepest tenden-
cies. In Group 2, we find countries with medium levels of productivity and mid-level 

Table 1   Marginal likelihood of 
various model specifications

For a model with k groups, the table shows the marginal log-likeli-
hood and the rate of disorder (entropy)

k Log-likelihood Entropy

2 – 19654.31 0.41
3 – 18480.34 0.38
4 – 18073.71 0.96
5 – 17301.56 0.45
6 – 16875.48 1.88

Table 2   Group-specific model 
parameters

For groups S
i
= 1, 2, 3 , the table shows the posterior means of esti-

mated group-specific model parameters. Standard errors are in 
parentheses. Parameters � represent the base values of self-employ-
ment productivity and parameters � represent the trend

S
i

1 2 3

� 318.32 99.32 7.45
(3.86) (2.74) (0.53)

� 9.88 2.86 0.27
(0.24) (0.17) (0.03)
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tendencies. Finally, Group 3 contains the countries with the lowest productivity lev-
els and the flattest tendencies.

To complete the description of the groups, Table 3 illustrates the individual char-
acteristics that drive group formation. For this purpose, the table shows the posterior 
means of the estimated logistic coefficients that influence the group probabilities 
and their standard deviations (in parenthesis), with bold indicating that the coeffi-
cients are significant at 95% confidence. The structural variables, which appear in 
columns, represent the averages of unemployment rate, the value added by industry, 
the Labor Market Rigidity Index, and the Digital Adoption Index.

In accordance with the parameter estimates, we find an important role of the level 
of ability of individuals in a country to access and use new information and commu-
nication technologies (ICTs) to make the country less likely to be part of Groups 2 
and 3. Thus, we identify Group 1 as the group of countries with the highest levels of 
adoption of digital technologies, which lead to high levels and an upward tendency 
of productive self-employment. To examine this finding more deeply, Fig. 1a shows 
the prior probability that country i belongs to Group 1, which is conditional on the 
structural variables, Pr(Si = 1|Zi, �) , as a function of the Digital Adoption Index. 
The figure reveals the positive relationship between the adoption of digital technolo-
gies and the probability of being classified in the group with the highest level and 
steepest tendency of self-employment productivity.

In addition, Table  3 shows that countries with high unemployment rates have 
lower odds of being classified in the first group than of belonging to the second 
group. To illustrate this finding, Figure 1 (b) shows that the prior probability that 
country i belongs to Group 2, which is conditional on the structural variables, 
Pr(Si = 2|Zi, �) , is positively correlated with unemployment.

The figures in Table  3 also point to a very interesting finding. The parameters 
governing the membership probabilities that relate to industry size and the rigidity 
of employment protection legislation are not statistically significant. Thus, neither 
the value added by industry nor that added by labor market rigidity seem to play a 
statistically significant role in group formation.

To interpret the dynamics of group membership, Fig.  2 sketches the geo-
graphical distribution of the three groups based on the country’s high-
est posterior probabilities. In particular, country i is classified in Group k if 

Table 3   Parameters governing 
the membership probabilities

For groups S
i
= 2, 3 , the table shows the posterior means of esti-

mated logistic coefficients. Standard errors are in parentheses, with 
bold indicating statistical significance at 95% confidence. Industry 
is value added by industry as a percentage of GDP; LAMRIG Labor 
Market Rigidity Index, DAI Digital Adoption Index

S
i

Unemployment Industry LAMRIG DAI

2 0.85 0.34 0.21 – 0.94
(0.37) (0.29) (0.29) (0.35)

3 – 0.49 0.22 0.34 – 4.72
(0.50) (0.36) (0.40) (0.79)
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Pr
(
Si = k|yi, Zi, 𝜗, 𝜆, 𝛾

)
> Pr

(
Si = j|yi, Zi, 𝜗, 𝜆, 𝛾

)
 , with j ≠ k . A visual examina-

tion of the map allows us to identify the highly productive countries of Group 1 as 
most of the European countries, United States, Canada, Saudi Arabia, Oman, Japan 
and Australia.4 These countries show the highest wages and associated standard of 

Fig. 1    Membership probabilities. Panel (a) shows the prior probability that country i  belongs to Group 1, 
which is conditional on the structural variables Zi , Pr(Si = 1|Zi, �) , as a function of the Digital Adoption 
Index (DAI). Panel (b) shows the prior probability that country i  belongs to Group 2, which is conditional 
on the structural variables Zi , Pr(Si = 2|Zi, �) , as a function of unemployment rate

Fig. 2     Group membership. The map shows the geographical distribution of group membership, where 
country i is classified in Group k if Pr

(
Si = k|yi,Zi,𝜗, 𝜆, 𝛾

)
> Pr

(
Si = j|yi,Zi,𝜗, 𝜆, 𝛾

)
 , with j ≠ k

4  Noticeable exceptions are Portugal, Poland, Ukraine, and Greece.
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living, which can be sustained through businesses that compete with new and unique 
products and companies that compete through innovation and the production of new 
and different goods using the most sophisticated production processes.

The interaction between the medium levels and trends in self-employment pro-
ductivity and high rates of unemployment plays a significant role in forming Group 
2. In this group, we find the remaining European countries and some developing 
and emerging economies, such as southern Africa, Mexico, Brazil, Argentina, Chile, 
Uruguay, Algeria, Egypt, Turkey, Iran, Kazakhstan, South Korea and Malaysia. 
These countries produce standard products and services and are susceptible to exter-
nal, sector-specific demand shocks.

Finally, the countries with the lowest entrepreneurship productivity and the flat-
test productivity trend appear in Group 3. In this group, we find Central and Middle 
African countries, such as Angola, Cameroon, the Central African Republic, Chad, 
and Nigeria; some Asian countries, such as India, Pakistan, Indonesia and Mongo-
lia; and some South American countries, such as Paraguay, Bolivia, Peru, Ecuador, 
and Colombia. These are less developed economies, showing limitations in the 
accessibility of digital technologies, in the level of wages and in competitive advan-
tages accompanied by a heavy reliance on unskilled labor and natural resources.5

3.2 � Connection with the literature

Our empirical findings call for the leveraging of the most closely related scholarly 
knowledge on international self-employment development. First, our model-based 
clustering procedure split the dataset of countries into three distinct groups accord-
ing to their levels and trends in self-employment productivity. According to the clas-
sification of competitiveness across stages of economic development as advocated 
by Porter et  al. (2002), the high-productivity group aligns with economies in the 
innovation-driven stage, the medium-productivity group relates to efficiency-driven 
economies, and the low-productivity group contains factor-driven economies.

Second, our results point to the fact that digitalization seems to be a key factor 
favoring the transition from factor- and efficiency-driven economies to innovation-
driven economies. This is likely because digitalization is a key competitive factor, 
both for a managed economy in which competitiveness is based on efficiency and for 
capturing the best profit opportunities that favor technological and economic leader-
ship. This agrees with recent findings examining the intersection of digital technolo-
gies and entrepreneurship and its impact on the pursuit of sustainable development. 
In this context, Nambisan (2017) and Jafari-Sadeghi et al. (2021) are two significant 
examples.

Third, our results suggest that there is a relationship between labor market 
dynamics (the reduction of unemployment) and the likelihood of a country mov-
ing from a medium to a high-productivity self-employment group. At this point, 
we could argue that a well-functioning labor market generates sufficient wage 

5  One significant exception is China.
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employment opportunities to substantially reduce the relative weight of "necessity 
entrepreneurs," usually marginally attached to self-employment, with respect to 
"opportunity entrepreneurs." This results in an increase in the quality of entrepre-
neurship, becomes a key element in capturing more and better profit opportunities 
and transforms an economy into an entrepreneurial-driven economy.

Thus, it follows that labor market reforms that promote employability and the 
provisioning of employment opportunities in the context of a labor market with ade-
quate dynamism are elements that favor the transition to the innovation-driven group. 
These arguments are in line with the contributions of Acs (2006), Baptista and Thurik 
(2007), Baumol and Strom (2007), Acs et al. (2008) and Van der Zwan et al. (2016).

Fourth, our statistical evidence does not seem to support the idea that the indus-
trial sector plays a significant role in the probability of a country belonging to the 
high-productivity self-employment group. In contrast to this result and in line with 
Lucas (1988), industrialization processes should be accompanied by an increase 
in self-employment productivity as low-skilled self-employment moves to paid 
employment as attracted by larger wages in routine industrial job opportunities.

However, our result agrees with the literature on employer-size wage differentials. 
Davis and Haltiwanger (1996) pointed out that larger employers do not necessar-
ily pay substantially higher wages because the dispersion of wages exhibits a pro-
nounced relationship to employer size. In this context, Poschke (2018) found that it is 
not only the average size of firms but also their dispersion that is significantly higher 
in developed countries, and Shi et  al. (2020) recently suggested the wage-boosting 
effect of innovation in shaping firm wages, which does not necessarily depend on 
firm size. In addition, Acs and Naudé (2013) recognized the complexity of the role 
of entrepreneurs in industrialization, as this role can be inhibited by, for example, 
market failures. For this reason, these authors do not see industrial policies as merely 
functional policies without consideration for firm or entrepreneurial specifics.

Finally, our results do not support that strict employment protection legislation 
promotes self-employment productivity because it does not influence a transition 
toward the group of countries with the highest self-employment productivity. This 
is closely related to the work of Robson (2003), who found very limited evidence for 
a positive relationship between self-employment and the strictness of employment 
protection legislation, as this largely depends on the introduction of suitable control 
variables. Torrini (2005) also failed to find any robust relationship between the self-
employment rate and employment protection legislation in a multivariate context.

3.3 � Policy recommendations

This study provides important guidelines that policymakers are invited to use when 
drawing up effective national strategies and policy aspects for self-employment pro-
ductivity and combatting traditional stereotypes that appear to be less effective for 
transitioning into the group of highly productive countries.

Our analysis identifies three clusters of countries with some degree of similarity 
regarding their level and trend in self-employment productivity. This classification can 
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help national policymakers to verify which group their own country belongs to and 
determine whether their country has performed on par with other countries in similar 
economic circumstances.

Unfortunately, our results provide evidence that the catch-up effect, which predicts 
that all economies will eventually converge in terms of self-employment productivity, 
does not apply. In this context, we consider the inactivity of policy makers to not be jus-
tified and recognize that there is pressure on governments to provide resources to assist 
in promoting changes toward more productive clusters.

According to our results, the first challenge of policy interventions implies improv-
ing incentive structures for entrepreneurs associated with digitalization and promoting 
the introduction of a new culture of digital entrepreneurship. This implies supporting 
the development of digital and entrepreneurship skills by addressing some key barriers 
with a range of policy actions. Examples include embedding digital entrepreneurship 
modules in entrepreneurship education, offering tailored digital entrepreneurship train-
ing programs and improving access to finance for digital entrepreneurship for under-
represented and disadvantaged groups.

The second challenge of policy interventions that are aimed at encouraging self-
employment productivity to facilitate transitioning into the innovation-driven group 
requires decisive measures aimed at reducing national unemployment. To name a few, 
we suggest increasing the attractiveness to private capital, removing the obstacles to 
labor mobility, improving the quality of formal job allocation mechanisms and reduc-
ing rigidities in the housing market. The effectiveness of national policies must also be 
enhanced by ensuring that funds devoted to reducing unemployment are well managed 
and that the monitoring and evaluation procedures are improved to guarantee a consist-
ent long-term strategy for human capital.

Likewise, our results point to avoiding policy measures that are likely to be inef-
ficient in promoting self-employment productivity. Our results do not support imple-
menting industrial policies as merely functional policies without consideration of firm 
or entrepreneurial specifics. In fact, the patterns we find suggest that more numerous 
industry does not necessarily appear to be better for self-employment productivity.

In addition, our results suggest that changes in the rigidity of labor legislation per 
se do not serve to stimulate self-employment productivity. Despite the explicit set 
of rules that govern national employment protection legislation, different degrees 
of regulatory compliance and the possibility of evasion opportunities could explain 
this finding. In any case, we consider that the design of incentive schemes should 
not result in distortions to the allocation of talent between salaried employment and 
self-employment.

4 � Conclusions

This paper reexamines the diversity in the level and dynamics of entrepreneur-
ship across countries in terms of self-employment productivity. To this end, we 
applied a Bayesian finite mixture model for clustering time series to a large data-
set consisting of internationally comparable indicators covering a large set of 121 
countries over the last three decades.
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Our empirical findings point to the existence of three homogeneous groups 
stratified by the following levels of entrepreneurship productivity: high-, 
medium-, and low-productivity countries. These clusters are roughly aligned with 
the three major groups of countries usually considered in the entrepreneurship lit-
erature, namely, factor-, efficiency-, and innovation-knowledge- driven countries, 
and with the literature on managed vs. entrepreneurial societies. In addition, these 
clusters parallel the three different stages of economic development, namely, 
developing, transitioning and developed countries.

In contrast to simpler clustering methods, our clustering approach allows us 
to examine the key structural variables that allocate each country to a particular 
cluster and regulate the transition to higher productive groups. In other words, 
our results not only provide homogeneous country groups regarding the quality 
of entrepreneurship but also point to the institutions or elements in the national 
entrepreneurial ecosystem that enable their high self-employment productivity 
and determine their transition to higher productivity groups. The identification of 
these factors might be particularly useful for policymakers interested in promot-
ing self-employment productivity and for academics who strive to test previous 
theories and hypotheses.

Among the factors guiding the transition between groups, we consider some struc-
tural variables that strengthen or weaken the probability of a nation becoming an 
entrepreneurial economy. These variables are the unemployment rate, which refers 
to the labor market situation; the average of industry added value as a percentage of 
GDP, which measures the level of industrialization; the Digital Adoption Index, which 
measures the diffusion and adoption of digital technologies; and the Labor Market 
Rigidity Index, which is a measure of labor market rigidities. These variables are usu-
ally viewed as common drivers in entrepreneurship (e.g., Audretsch and Thurik 2004) 
and are included in the literature on regional innovation systems and entrepreneurial 
ecosystems (see Cao and Shi 2021 and Qian and Acs 2023 for recent surveys).

Our results suggest that policy measures oriented toward (i) creating and enabling 
environments that foster the accessibility of digital technologies and (ii) promot-
ing initiatives for reducing unemployment are key elements for those countries that 
are generally moving toward becoming highly productive economies. However, the 
results fail to find the share of industrial added value as a determinant of such transi-
tions. In addition, we find that deregulation policies meant to reduce rigidities in the 
labor market are also not important keys for transitioning between clusters.

According to our results, the proposed framework is a very promising tool for 
analyzing the determinants of self-employment productivity. In fact, we look for-
ward to future work addressing the following issues. First, although we focused on 
aggregate self-employment productivity, we see a natural extension to be the explo-
ration of disaggregated measures, mixed incomes, and nonagricultural self-employ-
ment. Second, we could extend the number of additional factors driving the transi-
tion between groups. Third, the method is suitable for exploring the determinants of 
self-employment productivity at the regional level. These extensions were not pur-
sued in this paper due to the cost of reducing the number of observational units. For 
this reason, these extensions have been explicitly left for further research.
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Appendix

Table 4   List of countries and variables values

Country Code GDP/SE U Industry LAMRIG DAI

Angola AGO 24.497 5.25 55.67 2.42 0.33
Albania ALB 36.858 16.58 21.99 1.42 0.58
Argentina ARG​ 198.993 10.96 26.50 1.55 0.66
Armenia ARM 45.961 12.36 25.83 1.77 0.61
Australia AUS 459.129 6.57 25.25 0.98 0.70
Austria AUT​ 752.781 4.86 27.10 1.52 0.84
Azerbaijan AZE 27.612 6.60 47.63 1.72 0.57
Burundi BDI 2.366 1.59 15.32 1.81 0.25
Belgium BEL 720.375 7.78 22.17 1.57 0.77
Benin BEN 7.359 1.33 16.82 1.81 0.22
Burkina Faso BFA 4.517 3.35 22.44 1.60 0.23
Bangladesh BGD 11.061 3.65 24.29 1.90 0.34
Bulgaria BGR 283.491 11.31 24.97 1.73 0.60
Bahrain BHR 2578.197 1.12 43.11 1.20 0.77
Belarus BLR 622.949 9.00 35.22 2.47 0.56
Bolivia BOL 21.674 2.72 27.48 1.86 0.46
Brazil BRA 89.955 8.57 23.63 2.37 0.67
Botswana BWA 148.437 19.47 40.53 1.16 0.47
Central African Republic CAF 2.930 5.65 22.95 1.76 0.14
Canada CAN 551.234 7.79 27.08 0.79 0.68
Switzerland CHE 701.452 3.90 26.33 1.26 0.81
Chile CHL 163.010 7.79 33.61 1.48 0.74
China CHN 22.342 3.94 44.62 1.65 0.54
Cameroon CMR 9.267 5.46 27.04 1.89 0.28
Republic of the Congo COG 19.227 20.11 54.73 1.70 0.30
Colombia COL 51.576 11.28 29.39 1.89 0.62
Comoros COM 18.962 5.97 11.61 2.30 0.24
Costa Rica CRI 137.830 6.79 23.80 2.16 0.63
Czech Republic CZE 414.745 5.56 33.71 1.52 0.71
Germany DEU 886.821 7.27 27.84 2.15 0.82
Denmark DNK 1084.606 6.15 21.61 1.72 0.78
Dominican Republic DOM 67.367 6.32 30.55 1.51 0.48
Algeria DZA 121.042 18.29 37.97 0.75 0.40
Ecuador ECU 49.977 4.20 31.70 1.91 0.55
Egypt EGY 84.688 10.23 33.60 1.68 0.52
Spain ESP 471.988 17.14 24.67 2.46 0.75
Ethiopia ETH 2.864 2.77 12.67 1.39 0.25
Finland FIN 667.819 10.17 27.35 2.21 0.80
France FRA 832.679 9.78 19.87 2.23 0.75
Gabon GAB 171.838 18.70 51.55 1.41 0.36
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Table 4   (continued)

Country Code GDP/SE U Industry LAMRIG DAI

United Kingdom GBR 615.601 6.46 21.16 0.86 0.75
Georgia GEO 29.714 13.32 21.27 1.77 0.58

Ghana GHA 11.240 6.26 24.98 1.13 0.42
Guinea GIN 6.051 4.68 30.34 1.55 0.21
Gambia GMB 10.023 9.23 14.51 1.29 0.34
Greece GRC​ 207.156 13.64 16.87 1.56 0.59
Guatemala GTM 41.541 2.79 23.72 1.41 0.48
Guyana GUY​ 73.140 12.10 22.78 1.27 0.34
Honduras HND 23.981 4.45 27.69 1.01 0.42
Haiti HTI 11.292 11.76 26.13 1.17 0.25
Hungary HUN 433.428 7.94 26.15 1.66 0.66
Indonesia IDN 28.573 5.25 43.24 1.61 0.42
India IND 12.873 5.55 28.10 1.38 0.48
Ireland IRL 675.972 9.29 30.39 0.95 0.65
Islamic Republic of Iran IRN 95.348 11.25 40.86 1.94 0.46
Italy ITA 417.851 9.97 23.55 1.96 0.75
Jamaica JAM 61.279 13.38 21.48 1.16 0.47
Jordan JOR 318.841 14.79 24.62 1.56 0.54
Japan JPN 531.854 3.83 30.06 0.50 0.83
Kazakhstan KAZ 108.193 7.29 34.80 2.08 0.65
Kenya KEN 13.590 3.09 16.99 1.25 0.43
Kyrgyzstan KGZ 22.334 7.34 24.19 1.92 0.46
Korea, Republic of KOR 188.156 3.36 34.45 1.38 0.85
Lebanon LBN 147.666 8.53 18.03 1.20 0.55
Sri Lanka LKA 49.667 7.69 27.79 1.61 0.45
Lesotho LSO 10.967 30.80 32.84 1.29 0.28
Luxembourg LUX 2649.664 4.07 14.01 2.00 0.85
Morocco MAR 33.328 11.08 25.97 1.31 0.54
Madagascar MDG 3.871 3.73 19.30 1.99 0.24
Mexico MEX 126.083 4.02 32.14 2.01 0.57
North Macedonia MKD 157.682 30.69 23.47 1.65 0.54
Mali MLI 6.480 6.64 20.03 1.70 0.30
Mongolia MNG 33.003 6.01 30.55 1.39 0.53
Mozambique MOZ 2.208 3.04 18.01 2.21 0.27
Mauritania MRT 32.243 9.94 30.22 1.82 0.32
Mauritius MUS 174.592 8.32 23.78 1.21 0.58
Malawi MWI 5.032 5.80 17.26 1.75 0.25
Malaysia MYS 171.331 3.32 42.48 0.85 0.67
Namibia NAM 85.788 21.00 26.15 1.06 0.38
Niger NER 2.931 1.42 20.87 1.66 0.16
Nigeria NGA 15.819 4.53 28.11 1.27 0.39
Nicaragua NIC 25.185 6.26 22.12 0.82 0.42
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Table 4   (continued)

Country Code GDP/SE U Industry LAMRIG DAI

Netherlands NLD 718.543 5.08 21.10 2.16 0.83
Norway NOR 1484.825 4.09 32.79 2.07 0.79
Nepal NPL 5.829 2.02 16.65 1.90 0.33
New Zealand NZL 392.084 6.07 23.09 0.49 0.69
Oman OMN 1454.481 3.79 55.44 1.30 0.65
Pakistan PAK 19.697 1.30 20.14 1.15 0.38
Panama PAN 134.825 3.58 21.73 2.42 0.56
Peru PER 31.115 4.17 31.43 1.65 0.54
Philippines PHL 32.266 3.48 33.38 1.64 0.47
Papua New Guinea PNG 11.934 2.55 34.23 1.01 0.32
Poland POL 202.436 11.70 29.27 2.25 0.67
Portugal PRT 277.398 7.92 21.57 2.45 0.76
Paraguay PRY 46.487 5.43 35.19 1.71 0.50
Russian Federation RUS 1023.615 7.43 32.82 2.25 0.72
Rwanda RWA​ 3.422 0.87 17.32 1.77 0.42
Saudi Arabia SAU 2304.870 5.68 53.52 1.02 0.67
Sudan SDN 34.608 15.86 18.33 1.67 0.29
Senegal SEN 14.330 6.84 23.52 1.66 0.34
Singapore SGP 847.965 3.99 28.64 0.86 0.87
Sierra Leone SLE 4.444 3.89 17.04 1.81 0.25
El Salvador SLV 45.943 6.12 25.64 1.77 0.49
Suriname SUR 258.692 10.10 29.41 0.85 0.46
Sweden SWE 844.297 7.26 24.34 2.33 0.82
Chad TCD 4.402 0.89 14.21 1.83 0.20
Togo TGO 6.282 3.44 18.27 1.73 0.23
Thailand THA 39.700 1.32 37.20 1.77 0.59
Trinidad and Tobago TTO 227.752 9.18 47.84 0.58 0.55
Tunisia TUN 107.383 14.97 27.23 1.72 0.54
Turkey TUR​ 143.462 9.30 27.84 1.72 0.61
Tanzania TZA 4.288 2.97 21.21 1.63 0.32
Uganda UGA​ 5.429 2.39 21.15 1.71 0.31
Ukraine UKR 177.219 7.73 30.41 2.23 0.49
Uruguay URY​ 138.175 9.79 24.10 1.27 0.74
United States USA 1496.202 5.85 20.31 0.65 0.73
Uzbekistan UZB 22.841 7.07 24.81 1.55 0.36
Vietnam VNM 11.576 1.90 33.85 1.75 0.49
South Africa ZAF 268.835 28.02 27.15 1.16 0.61
Zambia ZMB 9.058 13.18 31.89 1.23 0.32
Zimbabwe ZWE 12.636 5.17 25.76 0.86 0.32

GDP/SE is the average GDP in thousands (constant international 2017 dollars, PPP) per self-employed 
person; U unemployment rate; Industry is value added by industry as a percentage of GDP; LAMRIG 
Labor Market Rigidity Index, DAI Digital Adoption Index
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