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ABSTRACT KEYWORDS
We re-evaluate the relationship between stages of economic development and entrepreneurship, at the macro Bayesian Model
level. We first conduct a literature review of previous empirical research on cross-country determinants of Averaging,
entrepreneurship in order to put our contribution in perspective. To circumvent problems related to model Entrepreneurship,

uncertainty we use Bayesian Model Averaging (BMA) to evaluate the robustness of determinants of economic
growth in a new dataset of 117 countries in the 2005-2019 period, allowing fixed effects and investigating the
existence of heterogeneity allowing interactions of our focus variable with other regressors. Our empirical
analysis then shows that the variation of self-employment rates across countries are mainly determined

Macro-level
Determinants, Model
Uncertainty, Panel, Self-
employment.

by variations in the unemployment, the stage of economic development and the variations in labor market
frictions. When interactions are taken into account, results confirm that there is a differential effect of labor

market frictions in countries with different levels of income. Frictions in labor market may encourage becoming

self-employed in richer countries.

I. INTRODUCTION

HE empirical literature on the macro-level determinants of

entrepreneurship/self-employment’ has analyzed a wider set
of predictors as potential entrepreneurship drivers. These potential
determinants relate to human capital?, the level of development® and
institutions®. There is a great number of studies in which a large set
of regressors are included in so-called ‘ad-hoc” regressions, based on
previous hypotheses and theoretical propositions.®

! Throughout this paper, we use the terms entrepreneurship and self-
employment synonymously and interchangeably. This operationalization
of entrepreneurship as self-employment is dictated by data availability
considerations.

? Educational attainment and sociodemographic characteristics.

* Economic development, macroeconomic stability —-unemployment,
inflation, government size—, financial development and access to finance and
technological progress.

* Labor market institutions, Globalization, Administrative complexity and the
rule of law, Taxes and Government.

> These works may be classified into two groups: with or without focus

variable. For example, among the former are the works of [1]-[14] and among
the latter the works of [15]-[17].
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Whatever the type of specification is -structural or not® - and
independently of the inclusion of a focus variable, we have a set of
theories and propositions not mutually exclusive and, as in other
fields of economics research, most of the empirical results in previous
literature on the determinants of entrepreneurship at the macro-level
have potential problems of model uncertainty, that is, regarding the
choice of predictors.

To the best of our knowledge, we only can find two previous
attempts to circumvent these potential problems. On the one hand, [16]
adopted an algorithmic approach based on resampling and bootstrap
techniques in a cross section of 69 countries for the year 2014, using
data drawn from the Global Entrepreneurship Monitoring Database
(henceforth, GEM). In short, the method is a step-by-step approach
for finding the subset of explanatory variables leading the best
possible prediction accuracy. With this strategy they select the more
relevant regressors for explaining the national total entrepreneurship
activity (TEA). The strength of Innovation and research and the
level of entrepreneurial education are the best predictors in their
analysis. [17] adopted an alternative solution. They applied a Bayesian
model averaging (henceforth, BMA) to address the issue of model
uncertainty in the framework of the literature on the determinants
of self-employment, following the seminal contribution of [19], who
combined the Bayesian Information criteria model weights and

¢ The adjective structural describes how the specification is derived from a
theoretical model. As [18] states, this approach allows to understand how the
model is identified. The works of [3], [4], [13] and [14] are examples of this
approach in the empirical literature on the determinants of entrepreneurship.
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maximum likelihood estimates for model selection, later revisited in
the works of [20] and [21]. By using 32 predictors, aggregated into
three groups — human capital, level of development and Institutions-—,
they use the BMA approach for correcting model uncertainty. With
a short panel of 80 observations drawn from the GEM, the gross
domestic product per capita, the unemployment and tax rates and
the volatility of inflation are identified as the best predictors of the
entrepreneurship rate, when model uncertainty is corrected for.

Despite the advantages of this last approach, the poor quality of the
database and short period of observation and the non-consideration of
interactions awake serious concerns about the robustness of the last
two previous contributions. The problem may be particularly worrying
if the relationship between self-employment and the potential
regressors was dependent on the state of economic development, as
suggested several previous contributions [22]-[25].

The present study aims to re-evaluate the robustness of the statistical
significance of 21 macrolevel variables as predictors of the cross-country
differences in the level of self-employment taking into account the
potential parameter heterogeneity according to country development
level. To this end, we use an extension of the BMA, suggested by [26],
to re-evaluate the robustness of 21 determinants of self-employment
in a new larger dataset of 117 countries during the period from 2005 to
2019, and investigate the existence of parameter heterogeneity allowing
interactions between potential regressors and the stage of economic
development based in panel data with fixed effects.

This article contributes to the previous empirical literature on self-
employment determinants on the following grounds.

First, we provide new (and updated) empirical evidence on the
drivers of self-employment in a much larger dataset than in the
available empirical literature, including both developed and developing
countries. As usual in prior related literature joint to our focus variable
—the economic development proxied by GDP per capita—, a set of
control variables are also included —e.g., proxies of different type of
institutions, human capital, openness and technological progress,
among others—.

Second, although previous empirical literature devoted to the
identification the drivers of entrepreneurship across countries is
considerable, there is a lack of consensus. Empirical evidence has not
provided unambiguous results and as a result some controversies,
about what are the drivers (and barriers) of entrepreneurship, have
emerged, with deep policy implications. These inconsistencies may be
due to the poor quality of data, to problems related with measurement
issues of some variables and to the discretionary choice of predictors,
the so-called model uncertainty [27].” To circumvent this problem of
specification we use an extended version of the BMA for panel data
allowing interactions and parameter heterogeneity [28] and [26] in
which inference is based on a weighted average of all possible model
specifications, not in a particular one. To the best of our knowledge
this contribution is the first attempt to use the BMA approach
with interactions in the context of the empirical literature on the
determinants of entrepreneurship/self-employment.

Third, the data collected in the new database have been drawn
from different sources ~International Labor Organization Statistics,
OECD Statistics, Penn World Tables (10.0), World Bank and World
Intellectual Property Organization-. For measuring some explanatory
variables, alternative indicators were taken into consideration to
enlarge the sample.

Empirical support is found for the view that national self-
employment rate is affected by unemployment, labor market frictions
and the level of economic development —a nonlinear relationship

7 The potential bias of ignoring this uncertainty is discussed in the works of
[22], [23], [26] and [27]. See [29] for a detailed and recent survey.

consistent with the observed U-shape relationship between GDP and
self-employment-. When interactions are considered, the key finding
is that labor market frictions for the most advanced countries economic
are found to be associated with higher self-employment rates.

The paper proceeds as follows. In Section II we conduct a brief
description of the methodology that we employ and data. Section III
describes the empirical results and, finally, Section IV concludes.

II. METHODS AND DATA

A. Data

Our sample consists of a balanced panel data set formed by
117 economies over the period 2005-2019. Entrepreneurship
is operationalized in terms of self-employment, reflecting data
availability at the time-series level’. Entrepreneurship is defined as
the self-employment rate, which is the number of business owners
—employers and solo self-employed workers— divided by the total
labor force.’ The self-employment rate is drawn from the International
Labor Organization Statistics (ILO-Statistics).

To explain the cross-national variations on self-employment rate,
we include the 21 following variables (see Table A.II in the appendix
for sources and descriptive statistics):

GDP per capita on purchasing power parity (PPP): gross domestic
product converted to international dollars using purchasing power
parity rates. Data are in constant 2017 international dollars.

Agriculture, Services and Industry correspond to the ISIC divisions
1-5, 50-99 and 10-45, respectively.

Exports/Imports of goods and services represent the value of all
goods and other market services provided/received to/from the rest
of the world.

Patent applications are worldwide patent applications filed through
the Patent Cooperation Treaty procedure or with a national patent
office for exclusive rights for an invention.

Internet users. This indicator captures the proportion of individuals
using the Internet based on results from national household surveys.

Human capital index. Index provided by the Penn World Tables
based on the average years of schooling and an assumed rate of return
to education, based on Mincer equation estimates around the world.

Female Labor force participation rate. Proportion of females aged 15
and older who are economically active.

Frictions in Labor Markets. Following [ 13] we use the unemployment-
wage employment ratio as an indicator of labor market frictions. He
argues that labor market frictions make it more difficult to find a job
and cause high levels of unemployment relative to wage employment,
reducing the opportunity cost of self-employment.

Unemployment (Youth unemployment). Share the labor force that is
without work but available for and seeking employment (in the age
interval 15-24, for the younger age group).

Rural population. It refers to people living in rural areas as defined
by national statistical offices. It is calculated as the difference between
total population and urban population.

Total population. 1t is “de facto” definition of population, which
counts all residents regardless of legal status or citizenship.

® Table A.Iand Fig. A.1 in the appendix show a list of the countries included on
the sample and a map with the average self-employment rate over the sample
period, respectively.

° This is a common practice, for convenience although it is aware that

entrepreneurship is a multifaceted concept and look for better indicators is a
major challenge for empirical research.
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Inflation. Proxied by the annual growth rate of the GDP implicit
deflator.

Taxes. The total tax and contribution rate measures the amount
of taxes and mandatory contributions borne by the business in the
second year of operation, expressed as a share of commercial profit.
The labor tax and contributions measures all government mandated
labor contributions that are borne by the business in the second year
of operation, expressed as a share of commercial profit.

Doing Business. The score for starting a business is the simple
average of the scores for each of the component indicators: the
procedures, time and cost for an entrepreneur to start and formally
operate a business, as well as the paid-in minimum capital requirement.

Control of Corruption. This index captures perceptions of the extent
to which public power is exercised for private gain, including both
petty and grand forms of corruption, as well as “capture” of the state
by elites and private interests.

Government Effectiveness. It captures perceptions of the
quality of public services, the quality of the civil service and the
degree of its independence from political pressures, the quality of
policy formulation and implementation, and the credibility of the
government’s commitment to such policies.

B. Methodology

As we mentioned, our objective is to select the appropriate
specification or statistical model for the determinants of self-
employment avoiding the personal discretion of the researcher.
Consider the general model,

e~ N(0,02) (1)

Where y is the self-employment rate and k is the number of
regressors included, from all the possible regressors K. We are
interested in the effect f§ of every particular variable and interaction
included in X. With 21 possible variables, the cardinality of the model
space including interactions would be 241, number of combinations
of the 41 variables/interactions in models of size from 1 to 41. It is not
possible to estimate around 2.199 billion models. If we could estimate
all the models and get the probabilities of every model, the posterior
distribution of the parameter § would be a weighting of the estimate of
f from every particular model M, times the probability that this model
is true given the data.

p(Bly) = T2, p(Bly, My) p(Mily) @)

We use a BMA approach, first introduced by [19], to assess the
implicit uncertainty across models. With BMA we assign a prior
probability to a set of models and update it according to the data.
Then, the posterior model probabilities (PMP) of the top models are
averaged to calculate the posterior inclusion probabilities (PIP) for the
potential determinants.

y=a+ X Br+e¢

The PMP of every model is approximated by the marginal likelihood
times the prior probability of the model, not conditional on the data.

p(M;ly) < p(y|M;) p(M;) 3)

The researcher is in charge of including the prior beliefs on the
model prior. Non-informative prior will assume p(M)=1/2, assessing
the same probability to all the possible models. Under this prior, the
posterior model probability will be proportional to the marginal
likelihood. It is the likelihood function after integrating away all the
parameters of the model (a, S, 0):

p(y|Ml) =fff p(yl Mi' a, .Bk' G) p(a’ .Bk' 0) da dﬁk do (4)
Priors for model-specific parameters. Setting uninformative prior,

we let the data speak. We establish non-informative priors on
intercept p(a@) « 1 and on the deviation p(0) « 1/0. But, in order to

find an analytical solution of the marginal likelihood, we need barely
informative prior for coefficients 8. We assume informative prior on
given o by the g-prior by [30]

p(Bila) ~ NV (0,6%(gX'X)™") (5)

This prior requires only elicitation of g. The variance-covariance
matrix of  has the same structure of the variance-covariance matrix
of OLS estimator, scaled with g, that determines the shrinkage in the
regression parameters

1 JoN—1 v 1 5
EBly, M) = E(X X)X y= Eﬁom

(6)
The marginal likelihood for model M, is given by
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with the residual matrix M, = (I - X(X'X)™ X").

The Bayes factor comparing M, to the null model is given by
n—k;j-1

(1+3) * ®

Fixing g, the marginal likelihood depends on how well the model
fits the data and the size of the model. The use of the g-prior leads to a
marginal likelihood which incorporates Occam’s razor properties: For
a given value of k, p(y| M) and BF[M,: M ] increase as goodness of
fits increases, and for a given goodness of fit, p(y | M) and BF[M,: M ]
increase as k, decreases.

n

[1+ é (1- Rl?)]_%

1
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Literature has provided different options when choosing g. Unit
Information Prior (UIP), proposed by [31], establishes g = n, which
implies that the Bayes Factor mimics BIC [32]. Risk Inflation Criterion
(RIC), proposed by [33], sets g = K? that minimizes the maximum
increase in risk due to selecting rather than knowing the correct
predictors. According to [34], we use the Benchmark prior (BRIC),
g =max (n, K?), that will decide between UIP or BIC depending on the
number of potential regressors K and the sample size n.

Priors over the model space. We follow [21] for the specification of
the prior model probabilities. We establish a fully random prior for the
model and a binomial-beta hyperprior over prior inclusion probability
with prior expected model size k = K/2. This hyper-prior leads to flat
prior inclusion probability™.

Related predictors. In order to know the different determinants of
self-employment rate depending on the income level, we include in
our model interactions of all the variables with the GDP per capita.
Since we want to analyze the determinants of the self-employment
comparing different level of development, we need to control by the
effect of individual variables to compare the effect of the interactions.
Following [26], we include the specification of strong heredity
principle based on [35], which is a special case of George’s dilution
priors [36]. This way, we define prior probabilities across models where
interactions are not present or are present with parent variables, and
assign zero prior probability to models with interactions where some
parent variable is not present.

The rationale behind this specification is that using a uniform
prior over the model space we are interpreting an interaction term
as an exclusive effect of that particular product of covariates and
ignoring the independent effects of the interacted variables. Since we
want to assess the differential effect of the covariates depending on
GDP, we need to evaluate the significance of these interactions in a
model which contains linear terms in both variables in addition to the
interaction variable.

1 In order to check robustness, we tried an informative specification for
expected model size (k = 5). Results do not show significant change.
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Computational Issues. Sampling from the model space. Following
[20] we use Markov Chain Monte Carlo Model Composition (MC3)
to approximate the posterior model probability. Starting with a
random model with a random number of variables, we compute the
posterior model probability and then propose a candidate model in
the neighborhood of the first model, with one variable more or less,
randomly chosen. Then, we can compare the posterior model probability
with the previous one and keep the model with a higher value, that
will be compared with a new candidate from the neighborhood. This
procedure will visit models with higher non-negligible posterior
model probability. Convergence of the MC3 sampler can be checked
by computing the correlation between analytical and frequency-based
posterior model probabilities for a region of the model space. We
estimate 5.000.000 draws, discard the first 1.000.000 draws as the burn-
in sample, and compute the results based on the top 100 models visited
by the Markov chain.

Using the extension of the BMA methodology [20] to a panel data
framework [28], we estimate a country fixed effects panel, including
interactions terms with GDP per capita under the strong heredity prior
over the model space. We present posterior inclusion probabilities
(PIP)11, the mean of the posterior distribution for each parameter (and
interaction) and the corresponding posterior standard deviation (SD).

III. REsuLTs

Table I presents the results of the BMA exercise. We use the
benchmark BRIC prior and establishes a binomial-beta prior on a prior
expected model size of K/2 = 20.5. Using the strong heredity priors,
we only evaluate models which contain the parent variables when
interaction terms are included.

Fig. 1 shows the variables inclusion of variables with highest PIP on
the top visited models and the sign when included. Our analysis, based
on 21 covariates and the interaction of GDPpc with all the variables,
presents a posterior mean model size of 11 variables but identifies
only five variables/terms as significatively determinants of the self-
employment.

First, GDP per capita presents a negative and statistically significant
relationship with self-employment rate, in line with previous literature
[13], [15], [17]. Cross-country analysis show self-employment rates
are lower in richer countries [13] while some propositions and theories
have attempted to provide a rationale for this negative relationship
[37]-[38]. [23] distinguishes three major stages of development in
self-employment rates. The first is characterized by high rates of
non-agricultural self-employment. The second is characterized for a
growing number of transitions to the wage-employment sector. As the
economy becomes more developed fewer people become self-employed.
In the third, the business sector expanded relative to manufacturing
and the improvement in information technologies increase the returns
of entrepreneurship. From this perspective, a U-shape relationship
between self-employment and economic development emerges. Both
arguments suggest a non-linear relationship as the significance of the
coefficient associated to the quadratic GDPpc seems to indicate [39].

The next variables appearing as dominant determining the self-
employment rates are related to the labor market. Unemployment rate
emerges as negative and statistically significant, providing support to the
entrepreneurial-pull hypothesis. As [40] states it has been a traditional
source of controversy among economists, caused by the two competing
hypotheses provided by the theory. The recession-push hypothesis
which states that in times of crisis the lack of job opportunities pushes

"' PIP is considered robust when higher than the prior inclusion probability
(1), which is expected model size by the number of variables. For the flat prior
over the model space k = K/2, m=k/K=0.5.

unemployed into self-employment. By contrast, the prosperity-pull
mechanism suggests a positive comovement between self-employment
and economic opportunities. If this relationship prevails in times of
crisis, entrepreneurs are “pulled” out of self-employment, suggesting
the existence of negative relationship between unemployment and
self-employment. Previous empirical literature provides a large array
of different results. As a result, the exact nature of the relation is still
not clear, since we can only aspire to capture the net effect [15], [17].
Our results support the prosperity pull hypothesis.

TABLE 1. BMA RESULTS

Variable PIP M SD
GDPpc 1,00 -40,71"* 12,23
AGR 0,05 0,03 0,17
EXP 0,48 -0,01 0,01

IMP 0,53 -0,01 0,02

SER 0,11 0,00 0,02
IND 0,02 0,00 0,00

PAT 0,01 0,00 0,00

INT 1,00 -0,03 0,03
HUC 0,08 -0,40 2,15

LFF 0,56 0,04 0,05
UWE 1,00 -171,20%* 12,28
UNE 1,00 -1,28%** 0,10
UNY 0,08 0,00 0,03
RUR 0,21 0,14 0,31
POP 0,01 0,00 0,00

INF 0,02 0,00 0,00

TTX 0,05 0,00 0,01
LTX 1,00 0,03 0,17

BUS 0,70 -0,01 0,01
COR 0,73 -5,24 4,60
GOV 0,05 -0,03 0,25
GDPpc2 0,95 1,70*** 0,59
GDPpc x AGR 0,04 0,00 0,02
GDPpc x EXP 0,01 0,00 0,00
GDPpc x IMP 0,02 0,00 0,00
GDPpc x SER 0,00 0,00 0,00
GDPpc x IND 0,00 0,00 0,00
GDPpc x PAT 0,00 0,00 0,00
GDPpc x INT 0,06 0,00 0,00
GDPpc x HUC 0,03 0,03 0,20
GDPpc x LFF 0,01 0,00 0,00
GDPpc x UWE 1,00 23,94*** 1,60
GDPpc x UNE 0,01 0,00 0,01
GDPpc x UNY 0,00 0,00 0,00
GDPpc x RUR 0,19 -0,02 0,03
GDPpc x POP 0,00 0,00 0,00
GDPpc x INF 0,00 0,00 0,00
GDPpc x TTX 0,01 0,00 0,00
GDPpc x LTX 0,17 0,01 0,02
GDPpc x BUS 0,01 0,00 0,00
GDPpc x COR 0,57 0,49 0,47
GDPpc x GOV 0,00 0,00 0,02

PMS 11,77
Corr. PMP 0,9998

PIP, Posterior inclusion probability; M, mean of the posterior distribution
parameter; SD, posterior standard deviation of the parameter; PMS, posterior
mean model size; PMP, posterior model probability. Statistics based on the 100
most visited models by the Markov chain. Bold entries refer to variables who
PIP>0.5. *, p<0.10; **, p<0.05; ***, p<0.01.

Finally, the frictions on the labor market are found to be a
determinant of the variation of self-employment across countries.
The relationship between the ratio unemployed by wage employees
and self-employment is significant and negative. When checking the
importance of interaction terms of GDPpc, only the one with the ratio
U/WE appears to be significant. It means that economies with more
frictions on the labor market tend to present lower self-employment
rate, unless they have higher level of development, in which case the
relationship between frictions and self-employment turns positive.
This outcome is in line with the results provided by [1], [4], [13].
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Fig. 1. Selected models probabilities. Inclusion and sign of variables. In blue,
positive sign; in red, negative sign; and in white, non-inclusion.

IV. CoNncLusION

The contribution of this paper was to provide empirical evidence
on the drivers of self-employment in a new and much larger -
and harmonized- dataset than in the available empirical literature
including 117 countries observed 20 periods and a set of 21 potential
entrepreneurship determinants. As usual in prior related literature,
joint to our focus variable —the economic development proxied by
GDP per capita— a large battery of control variables is also included
—e.g., GDP per capita square, institutions, human capital, openness and
technological progress, among others— and data and we include a new
proxy for capturing frictions in the labor market suggested by [13].
To circumvent problems associated to model uncertainty we adopted
a BMA approach for panel. Our results provide a new explanation
of the cross-country differences in the level of self-employment. We
show that the unemployment rate, the frictions in the labor market
and the stage of economic development are strong determinants of self-
employment across the 117 countries included in our sample. Other
potential drivers are not significantly correlated with self-employment.

APPENDIX

TABLE A.I. COUNTRIES IN THE SAMPLE

Albania Cote d’Ivoire Indonesia Moldova Serbia
Algeria Croatia Iran Mongolia Sierra Leone
Angola Czech Rep. Iraq Morocco Singapore
Argentina Denmark Ireland Mozambique Slovak Rep.
Australia Dominican Rep. Israel Namibia Slovenia
Austria Ecuador Italy Nepal South Africa
Bangladesh Egypt Jamaica Netherlands Spain
Belgium El Salvador Japan New Zealand Sri Lanka
Belize Estonia Jordan Nicaragua Sudan
Benin Eswatini Kazakhstan Nigeria Sweden
Bolivia Fiji Kenya Norway Switzerland
Botswana Finland South Korea Pakistan Thailand
Brazil France Kyrgyz Rep. Panama Tunisia
Bulgaria Gabon Latvia Paraguay Turkey
Burkina Faso Gambia Lithuania Peru Uganda
Burundi Germany Luxembourg | Philippines Ukraine
Cambodia Ghana Madagascar Poland UA Emirates
Cameroon Greece Malawi Portugal United Kingdom
Canada Guatemala Malaysia Romania United States
Chile Haiti Mali Russia Uruguay
China Honduras Mauritania Rwanda Vietnam
Colombia Hungary Mauritius Saudi Arabia Zambia
Rep. of Congo Iceland Mexico Senegal Zimbabwe
Costa Rica India

224 -

SE rate
[10-25
[]25-50
[50-75
W 75-100

Fig. A.1.

TABLE A.Il. VARIABLE DESCRIPTION, SOURCE AND STATISTICS

7, No3

Average Self-Employment rate, 2005-2019.

Covariate Code Source Mean Min Max
Dependent
Self-employed (% of total oy oerar 3067 204 9479
employment)
GDP and components
Log GDP per capita, PPP
(constant 2017 $) GDPpc World Bank 9,42 6,62 11,66
Agriculture, forestry, and
fishing (% of GDP) AGR  World Bank 10,03 0,03 60,28
Exportsof goodsand - pyp g i Bank 4132 532 22890
services (% of GDP)
Imports of goods and
services (% of GDP) IMP  World Bank 44,29 9,00 208,33
Services (% of GDP) SER  World Bank 54,53 12,81 79,33
Industry, including
construction (% of Gp)  IND  WorldBank 2718 0,96 6676
Technological Progress
Patent applications, per
million people PAT WIPO 217,75 0,00 4212,02
Individuals using the
internet (% ofpopulation) INT World Bank 42,18 0,22 99,15
Human Capital
Human Capital Index HUC PWT 2,62 1,12 4,35
Labor Market
Labor force participation
LFF ILOSTAT 51,73 11,28 87,12
rate, female
Ratio Unemployed by jyop  ograr 017 000 113
Wage employees
Unemployment (% of total UNE ILOSTAT 750 0.39 29.25
labor force)
Unemployment, youth (%
of labor force 15-24yo) UNY ILOSTAT 16,58 0,60 58,00
Population
Rural population (% of total iy woqBank 39,65 000 90,63
population)
Population, total in millions POP ~ World Bank 55,00 0,28 1397,72
Institutions
Inflation, GDP deflator INF  WorldBank 5,66 -26,10 9541
Profit tax (% of profit) ~ TTX %P8 4406 1410 28590
Business
Labortaxand = gy Doing o000 00 gg00
contributions (% of profit) Business
Score-Starting a business BUS qug 76,36 13,09 99,98
Business
Worldwide
Control of Corruption COR Governance 0,06 -1,53 2,47
Indicator
Worldwide
Government effectiveness GOV Governance 0,15 -2,08 2,44
Indicator
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