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Abstract

This paper revisits the relationship between entrepreneurship and unemployment, challenging
the prevailing notion that new startups uniformly reduce unemployment. The primary objective
is to elucidate how startup motives and economic performance levels influence this relationship,
emphasizing a non-linear dynamic often overlooked. Our methodological contribution lies in dis-
tinguishing between opportunity and necessity entrepreneurship, revealing that the impact on
employment reduction is contingent on economic context. We find that, in economies below a
certain threshold, opportunity entrepreneurs significantly contribute to lowering unemployment,
while necessity entrepreneurs have the predominant effect in wealthier contexts. Although this
study focuses on measurement rather than policy evaluation, it provides crucial insights for pol-
icymakers. It highlights the need for nuanced strategies that account for the motivations behind
entrepreneurship and economic performance to effectively address unemployment challenges.
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1. Introduction

The popular perception among analysts and policymakers is that the creation of new start-ups
(often operationalized with the new self-employed workers) contributes to reducing unemployment.
Indeed, a newly self-employed individual who switches from unemployment to self-employment not
only removes oneself from the ranks of the unemployed but also may create additional employment
opportunities for others. However, restructuring the economy from large to small enterprises, including
self-employed individuals, would not impact the overall unemployment rate as Gibrat’s Law posits.

On the basis of the above arguments, promotion to self-employment is seen not only as a way of
creating jobs for the new entrepreneurs themselves but also creating additional jobs in general, reducing
unemployment. Thus, the effect of positive shocks in self-employment on the unemployment rate, either
by turning unemployment into self-employment -using an expression popularized by Baumgartner and
Caliendo (2008)- or by turning paid-employment into self-employment will depend not only on the
direct effect of reducing unemployment -unemployed workers who becomes new self-employed workers-
but more importantly, on the creation of additional jobs by new entrepreneurs who thus become job
creators.

We cannot rule out that restructuring the economy from large to small enterprises, including self-
employed individuals, would not impact the overall unemployment rate as Gibrat’s Law posits. How-
ever, there is a considerable body of literature on the relative contribution of new startups compared
to existing firms in terms of job creation, at the micro level. Overall, these studies appear to indicate
that the newly self-employed are more important for job creation than those already self-employed
(see, e.g., Acs and Armington 2002, Armington and Acs 2004, van Stel and Storey 2004, Baptista,
Escaria and Madruga 2008, van Stel and Suddle 2008, and Neumark, Wall, and Zhang, 2011).

At the macro level, this idea is empirically supported by a body of empirical literature that appears
to validate the existence of an inverse relationship between entrepreneurship and the unemployment
rate, emphasizing that self-employment can indeed help reduce unemployment levels. This is the
so-called ‘entrepreneurial effect’ (Thurik et al., 2008).

However, much of this work raises serious concerns.

The relationship between self-employment (or entrepreneurship) and unemployment has long been
considered complex, with potential bidirectional causality. On the one hand, increased self-employment
can lower unemployment by generating jobs and creating new opportunities. On the other hand,
high unemployment rates can drive individuals to self-employment due to lack of job opportunities.
This bidirectionality, therefore, has prompted extensive theoretical debate and empirical exploration to
understand the nuances of this relationship (Faria, Cuestas and Mourelle 2010). From this perspective,
it is important to pay attention to reverse causality, as its inadequate treatment can lead to biased
estimates and bad inference.

A second aspect to consider relates to the possible existence of non-linearity in the relationship.
Thurik et al. (2008) indicate that the relationship between self-employment and unemployment is
more intense in wealthier countries, suggesting that higher income levels amplify the entrepreneurial
effect on unemployment reduction. Based on certain stylized facts regarding the patterns of self-
employment rates across countries, several authors have hypothesized that the different evolutions and
sizes of the informal sectors may be related to a country’s stage of development (see, e.g., Acs, 2006;
Acs and Amoros 2008; Amoros, Cristi, Minitti 2009, Arin et al. 2015, Rodriguez-Santiago 2022). In
particular, researchers often argue that countries with lower incomes face high rates of necessity-based
entrepreneurial activity—self-employment as a last resort—because people are unable to find jobs.
That is, people enter into self-employment because of a lack of alternatives. Extending this argument
to the potential capacity of these entrepreneurs to contribute to job creation, one could argue that the
predominance of this type of entrepreneur will be negatively associated with the employment intensity
of self-employment.



Several studies have sought to explore the potential nonlinearity in the relationship between self-
employment and unemployment. Congregado et al. (2010), Faria et al. (2010), Parker et al. (2012),
and Carmona et al. (2012) each utilized diverse methodological approaches to investigate whether self-
employment’s effect on unemployment might fluctuate based on different economic cycles or structural
conditions. For instance, Carmona et al. (2016) found that the positive or negative impact of self-
employment on economic growth depends on various factors, suggesting that the relationship is indeed
nonlinear and complex. More recently, O’Leary (2022) examined this relationship while distinguish-
ing between countries with varying economic performance levels, thus introducing a new dimension
to understanding potential asymmetries. His findings suggest that fostering opportunity-driven en-
trepreneurship in low-performing economies can enhance employment outcomes. A point of interest
related to this type of literature is to understand whether certain macroeconomic conditions influence
the extent to which self-employment contributes to reducing unemployment. For example, Cima et
al. (2017) highlight that these processes of self-employment’s impact on unemployment are more pro-
nounced during recessions. The third critical issue in the literature pertains to the heterogeneity in
self-employment. Empirical studies have traditionally employed the aggregate self-employment rate as
a metric for entrepreneurship. In doing so, they overlook the significant differences that can arise from
the composition of self-employment, which limits our ability to capture only a net effect.

The impact of self-employment shocks on job creation depends on several factors related to the
newly self-employed. These include the type of business they start—whether they establish small
and medium-sized enterprises (SMEs) or larger companies (Haltiwanger, Jarmin and Miranda 2013).
Sectoral patterns also play a role, as do the proportions of employers versus own-account workers
within the business landscapeﬂ Building on Thurik et al. (2008), Haussen and Schlegel (2020) extend
these analyses by exploring heterogeneity within solo self-employment, including differences based on
gender. They use macro-level panel data from 23 OECD countries (1991-2015) and apply population-
weighted vector autoregressive models and Granger-causality tests. Their findings show that solo
self-employment generally has a positive indirect effect on employment in the medium to long term.
However, they note that male solo self-employment tends to drive employment growth more quickly
than female solo self-employment. This disparity is attributed to differences in motivation, sector
selection, and business performance.

Other important source of heterogeneity refers to the economic impact of the substitution effect
between paid employment and self- employment, as well as the crowding-out effect. The latter refers to
the risk that new, subsidized self- employed individuals may displace or disrupt established businesses
and their competitionEl

Finally, the predominance of necessity versus opportunity entrepreneurs is another crucial factor.
At the macro level, necessity entrepreneurs, who start businesses out of necessity rather than oppor-
tunity, tend to have different effects on job creation compared to opportunity entrepreneurs. Studies
have shown that necessity entrepreneurs often perform less well than opportunity-driven onesEl

From this perspective, while opportunity-based entrepreneurs are more likely than necessity-based
entrepreneurs to become employers, one could argue that positive changes in the entry rates of ei-
ther type should contribute to reducing unemployment. This forms the basis of our first hypothesis:
there is a negative relationship between the rate of nascent entrepreneurs and unemployment. Both
nascent necessity and opportunity entrepreneurs contribute to job creation, whether by generating
self-employment opportunities for themselves or by maintaining existing jobs. The impact of these
self-employed individuals on unemployment reduction depends significantly on their contributions to
overall employment growth. Our second hypothesis considers the potential for a non-linear relationship

1See, e.g., Cowling, Taylor and Mitchell 2004; Congregado, Millan and Roman 2010; Congregado, Golpe and Parker
2012; van Stel, Wennekers and Scholman 2014; and Cowling and Wooden 2021; among others.

2Roman, Congregado and Millan (2011).

3 At the macro level, opportunity and necessity entrepreneurs appear to differ in their effects on job creation (Acs and
Varga 2005; Wennekers et al. 2005; Wong, Ho and Autio 2005, Poschke 2013b; 2019; Fairlie and Fossen 2020; Fossen
2021). At the micro level, necessity entrepreneurs show inferior performance (see, e.g., Vivarelli 2004, or Block and
Sandner 2009).



that may vary across nations based on their economic performance. Prior empirical evidence suggests
that the relationship between changes in self-employment and fluctuations in unemployment rates can
differ across countries and over time (Thurik et al., 2008). Indeed, the type of entrepreneurship may
be country-specific (Bosma & Sternberg, 2014), meaning that local ecosystems, including the macroe-
conomic context, can either facilitate or impede the development of various types of startups. Thus,
depending on the economic performance, the characteristics of the entrepreneurial ecosystem, and the
industrial structure—specifically in terms of market concentration and specialization (Aarstad et al.
2016; O’Leary 2022)—the opportunities for entrepreneurship may be more or less fully exploited. In
less competitive sectors or economies with lower economic performance, higher entry rates typically
support larger-scale enterprises, which can significantly impact unemployment reduction. Conversely,
in highly specialized economies with lower unemployment, new startups may primarily serve to fill ex-
isting employment gaps. In such cases, the reduction of unemployment may be influenced by transitions
from unemployment; many of these transitions involve individuals with low employability, specifically
categorized as necessity entrepreneurs.

The aim of this paper is to revisit the complex relationship between self-employment and unemploy-
ment, specifically focusing on how economic performance and startup motives influence this dynamic.
Our estimates identify how unemployment rates are affected to a greater or lesser extent by shocks
to self-employment, using the methodology of panel threshold regression models initially proposed
by Hansen (1999). This model allows for an endogenous identification of the threshold at which the
system switches from one regime to the other. To relax the lagged exogenous regressor assumption
and the autoregressive bias, the Seo and Shin (2016) estimator are thus employed to obtain unbiased
dynamic estimates of the relationship. To account for potential delays in the transition, following
Gonzalez et al. (2017) we parametrize and fit a logistic transition function. Finally, we have used a
slightly more flexible threshold estimator (Kremer, Bick, and Nautz (2012). This allowed us to follow
a two-step instrumental procedure: adding lags of the endogenous variables as instruments for the
level regressions and using the Protestant ethic variable as an instrument for the differenced series.
The fact that the relationship between unemployment and self-employment is potentially bidirectional
raises concerns about endogeneity bias becoming a serious issue in our results. In order to circumvent
endogeneity bias, our findings undergo an additional robustness check through the use of a proxy
for the influence of the Protestant ethic as an instrumental variable, uncorrelated with the error but
highly correlated with entrepreneurship, inspired by Weber’s thesis (Schilpzand and de Jong 2021).
The contribution of this work is fourfold: i) firstly, it provides robust findings that help shed new light
on the mixed evidence that previous empirical literature seemed to yield regarding the contribution of
new startups to unemployment reduction; ii) secondly, it combines different approaches that config-
ure a methodological strategy to address the analysis of these types of relationships in cross-country
analysis at the macro level, without ignoring the potential non-linearity of relationships and poten-
tial endogeneity issues in a single framework; iii) thirdly, to correct the potential endogeneity bias, it
employs an original instrumental variable —the penetration of the protestant ethic in each country, a
variable uncorrelated with the error but highly correlated with entrepreneurship—, and iii) fourthly,
Fourthly, this work recognizes the unveiling of the interplay between start-up motives and economic
performance as a crucial determinant of how entrepreneurship impacts unemployment reduction. By
distinguishing between opportunity-driven and necessity-driven entrepreneurship, we emphasize the
nuanced dynamics that govern this relationship across different economic contexts..

Our findings reveal several key insights: i) we challenge previous literature by demonstrating that no
systematic relationship exists between aggregate self-employment rates and unemployment. Instead,
we propose that the relationship is non-linear and varies depending on economic context; ii) our findings
also reveal that opportunity-driven entrepreneurs significantly contribute to lowering unemployment
in lower-performing economies, while necessity-driven entrepreneurs dominate in higher-performing
contexts.

This distinction underscores the importance of recognizing the heterogeneity of self-employment
motivations. While this study centers on measurement rather than policy evaluation, the insights



derived can inform policy discussions. Policymakers should promote opportunity entrepreneurship in
struggling economies while reconsidering the role of necessity entrepreneurship in advanced economies
to effectively address unemployment challenges.

The remainder of the paper is organized as follows. Section 2 provides an overview of the method-
ology used in this paper, while section 3 discusses the data used and reports our empirical findings.
Finally, section 4 concludes the paper and suggests avenues for further research.

2. Empirical strategy

As mentioned, our objective is to investigate how unemployment rates respond to self-employment
shocks, i.e., to explore the employment intensity of self-employment growth. In other words, we wish to
investigate whether cyclical self-employment influences subsequent cyclical unemployment (and how).
Examining the response of unemployment rates to self-employment shocks involves estimating the
following equation:

Ay = p; + B1Asy + PaAgiy (1)

where As, Au and Ag are the growth rates of self—employmentﬂ unemployment and GDP per
capita, respectively, in period ¢ for country 4.

The relationship described by equation [I] can be rewritten as a ‘gap’ equation, where all variables
are measured in terms of the cyclical components or deviations from long-term trends. The empirical
relationship can then be represented by the following equation:

ugy = pi + By + Pagiy + et (2)

where u§, = u; — uy; 85 = sit — siy and g5, = git — gj3. Thus, u, captures the cyclical component
of the unemployment rate, u;; is the current unemployment rate, and wj; is the trend level of the
unemployment rate; correspondingly, s§, represents the cyclical self-employment rate (self-employment
gap), si: is the observed self-employment rate, and uf, is the natural self-employment rate or equilibrium
rate. Finally, gf, represents the cyclical component of per capita Gross Domestic Product (or the value
of the Output Gap), g;; stands for the GDP per capita itself, and g}; represents the (potential) output-
trend.

A Hodrick-Prescott filter is used to decompose the variables in their cyclical and trend components,
which are directly unobservable (Hodrick and Prescott, 1997)E|

In our context, Equation [2] can be modified by including some limited dynamics to capture the
inertia of the labor market and to avoid, in the standard fixed effect and logistic estimates the con-
temporaneity issue:

ujy = pi + Bssi_y + Buug_y + 5991‘%4 + €t (3)

where the parameter for the new term uf,_; any potential long memory (but stationary) pro-
cesses not controlled by the other regressors, s§,_; explains the direct cyclical contribution of cyclical
self-employment to cyclical unemployment variations and ouptut gap gf,_; defines a set of possible,
procyclical-dependent regressors which are neither embodied by the limited inertia of the labor markets
nor by its relationship with self-employment opportunitiesEI

4Self-employment and entrepreneurship will be used interchangeably throughout this study. However, not all self-
employment is entrepreneurial.

5Following Ravn and Uhlig (2002) the filtering has been executed using as a smoothing parameter the suggested
A = 6.25 for yearly frequencies, and a periodogram has been graphed post filtering to check for the consistency of the
procedure.

6Time series analysis in panel data is subject to omitted variable bias and the issue of contemporaneity. Both



2.1. Asymmetries, endogeneity and small panel limitations

If we estimate equation [3| directly, three potential problems may arise. The first is that modeling
the relationship, implicitly or explicitly, with a linear reaction function assumes, by construction, a
symmetric behavior. Ignoring the existence of asymmetry when it is present may lead not only to a
mis-specified model, producing bad forecasts and erroneous inferences in hypothesis testing, but also
to incorrect inferences.

The second is that if self-employment depends on unemployment, there is a feedback effect from
unemployment to self-employment. Thus, the linear model is not directly identifiable, i.e., there is
a potential reverse causation problem. In previous empirical literature on the relationship between
unemployment and self-employment, different solutions have been suggested to circumvent this prob-
lem. The most widespread solution has been the use of instrumental variables. Another proposed
solution is the use of systems of simultaneous equations (see, e.g., Thurik et al., 2008). An alternative
approach to this problem is suggested by Candelon, Colletaz and Hurlin (2013, p.890), who observe
that the reverse causation issue can also be interpreted as a consequence of threshold effects. From
this perspective, one could argue that an increase in the unemployment rate pushes people into self-
employment and that self-employment then causes changes in the unemployment rate (Faria, Cuestas,
and Mourelle, 2010). Following this reasoning, the use of a linear specification leads to an estimated
correlation that takes into account both the influence of unemployment on self-employment in the first
phase and the influence of self-employment on the unemployment rate in a second phase. The use of
threshold models makes it possible to identify the influence of self-employment on unemployment in
different phases (regimes).

An additional source of potential endogeneity is also caused by the contemporaneity issue. Thresh-
old model, since their inception, would ideally take into account the weak exogeneity of the regressors
as well as the potential exogeneity of the threshold variable by ‘direct instrumentation’ of the regressor
matrix, which would be substituted by its ¢-periods lagged equivalentﬂ Endogeneity is also a natural
consequence coming from the ideal set-up of a dynamic panel: lags of the regressand employed to frame
the inertia of the employment/unemployment cycles are very likely to present parametric estimates
plagued by a downward bias of the estimates.

Potential heterogeneity of the elasticity of unemployment with respect to self-employment shocks
is also a relevant issue. It is often assumed that the relevant parameters are common across countries.
However, we argue that the employment intensity of self-employment will differ when countries differ
significantly not only in labor market institutions but also in levels of income and labor market dy-
namics. The introduction of asymmetries allows the estimated parameters to vary across countries so
that the relationship is characterized by cross-country heterogeneity. In particular, we assume that
at each date in the threshold model, the countries are divided into a small number of groups, where

would accentuate endogeneity problems affecting estimates and dispersion measures (variance). The choice for a lag
in the endogenous variable is motivated by the existence of a series of historical factors which might not be captured
by the covariate of the model. In a time series application furthermore, the choice of an autoregressive structure
of one lag serves as an indicator of what kind of residual memory might be left into the endogenous variable after
filtering and controlling for with the exogenous covariates: values of the single autoregressive parameter very close to one
indicate long run memory and potential nonstationarity. On the other hand, contemporaneous values of the independent
variables in the right-hand side might be correlated with the error term. This is the issue of contemporaneity. As the
relevant conditions corr(s$,,e;t) = 0, Vt, corr(g§,,€it) = 0, Vt cannot be guaranteed, the independent variables have been
introduced with a lag. This is also the most sensible choice in policy applications (like in classic time series intervention
analysis) to reduce the contemporaneity issue and give a time-consistent causal interpretation to the estimates and is
also obtained by construction in error correction models. Only vector auto-regressive applications with some sort of
structural decomposition of the error term can address the contemporaneity issue by decomposing innovations other
than introducing lags. Based on prior literature, the use of lags in any econometric specification is justified by the
fact that the relationship between changes in self-employment and unemployment is not immediate. While it is true
that transitions from unemployment to self-employment have a contemporaneous effect on unemployment, most of the
employment created by new self-employed individuals will take time to materialize fully. Thus, the effects of changes
in self-employment on unemployment may manifest with a temporal delay. This necessitates the inclusion of lags to
capture both short-term and long-term effects. Previous studies often employ alternative lag structures to address this
dynamic relationship (Thurik et al., 2008; Haussen and Schlegel, 2020).
"See, Seo and Shin (2017) for an exhaustive introduction to this issue.



each group is defined by a given elasticity of unemployment with respect to self-employment shocks,
according to an observable variable.

To partially circumvent the assumption explained in the paragraph above, we resort to a first
difference, generalized method of moments in the spirit of the Arellano and Bond estimator. Thorough
first differencing, we would sort out of the equation any individual time invariant characteristic which
would drive cross-country heterogeneity. Deeper lags of the regressand would act as an instrument
for the autoregressive component, while a single lag structure would be used for the two remaining
regressors. The FD-GMM estimator would thus allow for both the contemporaneous regressors and
the (lagged) transition variable to be endogenous[f|

Subsequently, a logistic function based transition application will take care of potential heterogene-
ity in response magnitude with respect to a gradual adjustment of the threshold with respect to an
estimated central value and slope. We assume paid-employees and unemployed /inactive people need
time to take a decision and actually make transition to self-employment. Although we could capture
the timing of the transition, an additional degree of heterogeneity comes from considering how steep
such transition could be according to the estimated threshold values detecting transitions from boom
to bust phases of the cycle. Uncovering such changes in the speed of transition justifies the use of the
Panel logistic threshold regression proposed by Gonzalez et al. (2017).

Finally, in the last application of this piece of research, we will tackle an alternative definition
of entrepreneurship based on entry flows (the GEM Nascent entrepreneur definition). We anticipate,
given some non-informative results coming from the application of the Seo and Shin (2016) estimator,
that such section will exploit the small panel efficient properties of an alternative one, the Kremer,
Bick and Nautz (2012) estimator.

2.2. Baseline model

Following the reasoning from the previous subsection, equation should be modified to charac-
terize a more flexible model in which parameters vary not only across individuals but also over time,
allowing for the presence of asymmetries in the relationship. In our application, two competing mea-
sures are taken as potential thresholds: the level of per capita income and the unemployment rate. The
heterogeneity of the relationship will then be endogenously determined in the threshold model. The
model splits the sample into different groups of observations, depending on the value of the threshold
variable.

A panel threshold model, in its most generic rendition and using our variables of interest, would
be defined as follows:

(4)

it T

ue, = Hit B‘EL Sjp—1 T B(L) (T 5 9m-1 +e ifdyy—1 <k
i + 5§ s SG_q + 5u My ug_q + ﬁg )gictﬂ +ei if diy—1 >k

where u; represents the unobserved fixed effect, d;;—1 is the lagged threshold variable, and k is the
threshold parameter endogenously retrieved value. In this model, the observations are divided into two
regimes, depending on whether the threshold variable d;;_;1 is smaller or greater than the threshold
parameter k. The two regimes are distinguished by different regression slopes, B,(LL’H), ﬁ(gL’H)
(L,H) . . . e .
B . However, there is no reason to impose only two regimes. A more general specification, with p

and

thresholds, could be parametrized as:

i+ B 86+ By + BV + e if dig—1 < ka
we = 0 e B+ B+ B e Tk S di ks -
(P)ge (P) (P) e ‘ if d. k
pi+ Bssi_q T Buug g + By g1t Eit I dit—1 > Kp—1

8See, Seo and Shin (2016) compared to Gonzalez et al. (2017).



The specification in equation , up to p = 2 will be the benchmark model used for the estimates
reported in the next section. Before doing that however, we need to briefly explain the fixed effects,

dynamic fixed effects and logistic smooth transition effects methods we employed to get an estimate
of the ﬂq(f), §”> and ﬁép)

2.3. Hansen (1999) Fixed Effects model

Let us consider the following single-threshold model, which augments @) with a common time
invariant fixed effect p together with the individual effect p; and X;1—1 € wit—1, Sit—1, git—1:

Ui = o+ X1 (dig—1 < k) B1 + X1 (dig—1 > k) Ba + i + €ir (6)

The model belongs to a class of panel threshold models recently developed by Candelon, Colletaz
and Hurlin (2013), who extended the model of Hansen (1999) to encompass the relationship between
self-employment and unemployment with parameters that vary not only across individuals but also
over time. This allows for asymmetries in the self-employment cyclical parameters, depending on
national wealth or on labor market cyclical parameters’ estimates. Equation @ can thus be rewritten
in terms of an indicator function:

Ui = p+ Xy (dig—1, k) B+ i + €i (1)

which would then define two distinct regimes:

. XitI (dit—l < k)
Xt (dit—la k) - { Xl (dit—l > k) (8)

In substance, if k& in (8) is given, than we can consistently OLS-estimate vector
8= ﬁL’H>,ﬂ§L’H),5§L’H)). When £ is unknown, a grid-search needs to be done over a subset of
values of the threshold variable d;;_1. Instead of using the whole information set, the search is thus
restricted over ki, and kp,q., which represent chosen quantiles of d;;_1. Ultimately, the chosen value
of k is the one that minimizes the sum of squared residual of any possible model along the grid search:

k = argminSSR(k) (9)
k

As a general strategy, following Hansen (1999) once the threshold parameter is estimated, the next
step is to test the null hypothesis of linearity, using the following likelihood ratio test:

 SSRinear — SSR(K)

Fy 5

. (10)
where SSRjinear 18 the sum of squares of the linear model, S SR(I%) is the sum of squared errors of
the threshold model and 62 denotes a convergent estimate of o2. Because under the null hypothesis,
the threshold parameter dit — 1 is not identified, the asymptotic distribution of Fj is not standard and
does not follow a chi-squared distribution. Candelon, Colletaz and Hurlin (2013) solve this problem by
using bootstrap simulations to compute critical values of the distribution of the statistics of the tests of
the number of thresholds. In the cases of two or three thresholds, the same procedure is applied. If the
p-value rejects the hypothesis of linearity, then we can discriminate between one and two thresholds.

Once the threshold effect is proved, the same procedure is sequentially applied to test a specification
with p regimes versus p + 1 regimes. The process is complete when the null hypothesis is accepted.



2.4. Seo and Shin (2016) Dynamic Fixed Effects model

Once the threshold effect, the number of thresholds and its values have been determined and
estimated, it is time to tackle the endogeneity issue by relaxing the assumption of lagged regressors and
accounting for the downward bias in the autoregressive estimates of unemployment. As we have already
mentioned, Seo and Shin (2016) offer an estimator which tackles such issues through an instrumented
generalized methods of moments estimator in the first differences of the variable. Given an alternative
rendition of :

wy = o+ X508 + (1, X5,) 01 {dir > k} + pi + it (11)

after first differencing, we would get:

Auy = AXQt,B + (1, AX;t) ol {st > ]{1} + Eit (12)

In equation , first differencing the model allows us to remove any idiosyncratic or common
time invariant effect from the equation, allowing for an estimate of the unknown parameters 3, § and
the exact value of £k by GMM estimation. Most importantly, Seo and Shin (2016) prove that, under
specific regularity conditions, estimates from the GMM ends up being asymptotically normal, and as
such standard inference on the parameters across the difference regime applies.

As we already stated, a FD-GMM also allows to solve the contemporaneity issue both for the
regressors and the threshold: this of course comes at a price. In terms of inference, testing for a
threshold effect with a contemporaneous threshold values might sound an odd choice, considering any
economic action, especially in the labor markets, is usually taken with some unknown degree of delay.
We thus opted, to test for possible threshold behavior for both the contemporaneous values of our two
candidate thresholds and their one period lagged delaysﬂ

2.5. Gonzalez et al. (2017) Fixed effects logistic smooth transition model

To furtherly deepen our analysis, we ask whether or not regime switching in the unemployment /self-
employment relationship takes place abruptly or whether or not it sensible to gradual changes in the
transition variables. In order to do so, we employ the Gonzalez et al. (2017) panel smooth transition
regression methodology (PSTR, henceforth).

Let us consider a non contemporaneous model of the kind:

Wir = i + M + Boxie—1 + Bizi—1f (di—1;7. k) + €it (13)

where u;; can be considered a scalar, ;1 is a k dimensional vector of exogenous variables, p; and
A¢ represent individual and time fixed effect, and e;; represents the error term.

Following the authors, the transition function f (d;;—1;7, k) is a continuous function of the observ-
able threshold variable d;;—; and is naturally bounded between 0 and 1. This implies that the coeffi-
cients of this two extreme values would thus be 8y and Sy + 51. In general, the exact transition value
k determines the shape of function f (d;;—1;7, k) and thus gives us an estimate of Sy + 81 f (dit—1;7, k)
for any individual ¢ in any given point of time ¢.

Following the authors once more, the required functional form for the implicit function f could
take a simple logistic shape:

9The linearity test however proved that the un-delayed selected threshold variables could not guarantee rejection of
the null hypothesis of nonlinearity. That is why, in the remainder of the paper, all results shown consider a delayed
threshold.
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f(di—1;7v, k)= 1+exp | —7 H (diz—1 — kj) withy>0and¢; <ca<...<¢n (14)
j=1

As an important standpoint, the restriction observed in serve a very specific functional form:
the transition needs to be monotonic and , as v — oo, f (di—1;7, k) becomes basically an indicator
function, and we are back to the benchmark Hansen (1999) specification. Clearly, when v — 0, the
model collapses to a standard panel fixed effect estimator.

As with the two preceding models, the PSTR can be generalized to serve a sequence of smooth
transitions to different states. In that case, the model transitions additively:

T
wie = i + M+ Bowis1 + Y Bjwie1f; (dl(»i),l;%‘, k‘j) + et (15)

j=1

in , the model additively transition across r regimes. Again, if v — oo and dgg)_l = djt—1, We
are back to the Hansen discrete threshold modelling with r + 1 transitions/regimes.

The opportunity to make use of this PSTR modelling comes with the possibility to run a threshold
starting from an initial parameter value for k, a positive, nonzero value for g and then recursively
optimizing the fit of the logistic by updating new values for k. Furthermore, following the authors we
offer an alternative to the bootstrapped, residual based Hansen nonlinearity tests we discussed two
section before to introduce an alternative, nonlinear Lagrangian Multiplier test which is based on a
Taylor expansion around a zero value for the slope of the logistic, essentially testing Hy : v = 0.

2.6. The Kremer, Bick and Nautz (2012) estimator

The Kremer, Bick and Nautz (2012) dynamic panel threshold estimator builds on Hansen (1999)
in a way close to Seo and Shin (2016), but presents the possibility of performing the analysis through
a 2SLS estimator (Caner and Hansen 2004) which allows us to qualify our protestants variable as an
instrument for the first step difference equation, and the lag of the objective variable as an instrument
for the level equation. This allowed us to partially circumvent the limitations on the trimming value
which depend on the small dimensions of our panel, at the cost of resorting to a two step analysis
instead of a single GMM estimate.

The Kremer, Bick and Nautz (2012) estimator presents an additional advantage over the Seo and
Shin (2016). Instead of first differencing or demeaning this estimator controls country-specific fixed
effects by subtracting an average of all future values of a variable (say y for simplicity):

1
Yit — = (W) + - -+ vir) (16)

Tt
T—-t+4+1

error terms will thus be uncorrelated and we will be sure the distributional assumptions from
Hansen (1999) were not violated. This comes with a small disadvantage: the model targets a single
regime-dependent variable, mantaining the linearity assumption for the rest of the model. Besides the
major differences seen above, the Kremer, Bick and Nautz (2012) estimator is based on a canonical
threshold model regression:

Yir = pi + Brzad (qie <) + Bhzied (qie > ) + €it, (17)

where, subscripts ¢ = 1,..., N represent the country and ¢t = 1,...,T index the time. p; is the

country-specific fixed effect, and the error term is e ~ (0, 02) I(+) is the categorical indicator that
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defines the regime switch conditional on the values of threshold variable ¢;;, and the threshold level
v« zi¢ is a m-dimensional vector of explanatory regressors which can include lagged values of y and
other endogenous variables.

Together with Equation , the model requires a set of instrumental variables z1;; and after the
initial differentiation can either be estimated by GMM or with a two stage least square procedure
(2SLS), which permits a discretional selection of the instrumental variables required for the first and
the second step of the computation. As in Seo and Shin (2017), the value v is computed recursively
and being the model slightly simplified in terms of its regime-dependent components (only n; is
allowed to be regime dependent) we managed to increase the trimming value up to the canonical and
literature-based 10% without any further issue.

3. Data and Results

In this section, after a brief description of our data, the empirical results are presented in several
steps. First, we discuss the stationary properties of the self-employment /entrepreneurship and unem-
ployment series. Second, we check the null of linearity and in the case of rejection, seek the ‘best’
threshold variable. Third, we report estimates for the static (Hansen, 1999) dynamic (Seo and Shin,
2016) and smooth (Gonzalez et al., 2017) transition models of the relationship for the different regimes
defined by the selected threshold variable. Fourth, we utilize a different metric for entrepreneurship,
specifically nascent entrepreneurs, measured using data extracted from the Global Entrepreneurship
Monitor, with the aim of assessing whether the significance of the relationship may be influenced by
this factor. Finally, we employ the same dataset to explore the heterogeneity of self-employment by
taking into account the start-up motive. In both cases, the characteristics of the panel lead us to use
the Kremer, Bick, and Nautz (2012) estimator.

3.1. Data

As noted above, our goal is to examine whether positive entrepreneurship shocks can cause reduc-
tions in unemployment and whether the employment intensity of these shocks is asymmetric across
countries, depending on economic conditions and the predominant type of start-up. To this end, we
use a sample of over three decades of annual time-series data, covering the 1990-2020 period, for 23
OECD countries, including Australia, Canada, Iceland, Japan, New Zealand, Norway, Switzerland, the
EU-15 and the United States. As noted, and as in most previous studies, in this article, entrepreneur-
ship is operationalized as self-employment, reflecting data availability at the time-series level (Parker,
2009)IE| Self-employment series come from two different data sources. Self-employment rates are taken
from World Bank database, where self-employment rates are defined as a percentage over total em-
ployment. Unemployment rate is also sourced from the World Bank databank website and represented
as a percentage over the total labor force. The second proxy for self-employment is represented by
the GEM TEA rate taken from the Global Entrepreneurship Monitor. The opportunity and neces-
sity entrepreneurial series were collected from the same source. GDP per capita is taken from the
World Bank database and is measured in thousands of US dollars at 2017 constant prices (constant
PPPs). The last time series included in our analyses is the harmonized unemployment rate, which is
provided by OECD Main Economic Indicators. Finally as previously mentioned, we employ the series
on protestantism as instrumental variable in the relationship. This time series were sourced from
www.theglobaleconomy.com. The countries for whom we could retrieve the series for instrumentation

101n this respect, we are aware that entrepreneurship is a multifaceted concept and self-employment rates or business
ownership rates are limited as proxies (Wennekers and Thurik, 1999; Congregado, 2008; Iversen, Jorgensen and Malchow-
Moller, 2008). Although self-employment or Total Entrepreneurship Activity (TEA, henceforth) may be close to the
Knightian entrepreneur, these are far from being optimal indicators of other vectors that define the entrepreneurial
function. In any case, self-employment rates and the TEA are the only variables available to measure entrepreneurship
at the country level over long time periods.
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were: Australia, Austria, Germany, Denmark, Spain, Finland, France, Great Britain, Ireland, Nether-
lands, Norway, New Zealand, Portugal, Sweden, United States. Given the much smaller magnitude of
the database and to avoid collinearity resulting in null results the objective variable had to be switched
from cyclical to complete unemployment rate.

As our interest lies in analyzing transitions related to the downturns and upturns of the business
cycle, all the variables have been filtered in order to disentangle cyclical fluctuations from any sort
of trend may it be deterministic or stochastic, following Hodrick and Prescott (1997) and Ravn and
Uhlig (2002). The selected bandwidth which would allow us to disentangle fluctuations from trends,
given our yearly frequency was A = 6.25.

We offer a brief look at the periodograms for the cyclical components of self-employment, unem-
ployment and GDP per capita in Australia in Figures and [3] Although with different degree of
success, reversion to the original value of —6.00 might be an issue, especially at higher frequencies,
to the right of the second vertical line. One possible explanation is of course given by the nature
of the procedure, since the Hodrick-Prescott is a high pass filter. Furthermore, we just not need to
consider every single country as an isolated study case, but need to consider overall estimates once
time invariant idiosyncracies and common effects will be taken out of the equation by our estimators.
To circumvent the issue of establishing a specific, country by country bandwidth-length to increase
the accuracy of the filter, in the next session we will present the panel unit root results for the cycli-
cal component of each variable. This will give us an idea of the overall stationarity of the cyclical
component panel, and give us weak confirmation of the validity of the average filtering we executed
by considering a panel-invariant bandwidth A, identical for each of the 23 countries included in the
analysis. To get some preliminary understanding of the strength of the relationship between cyclical
unemployment and cyclical self-employment and to determine how heterogeneous such relationship is
across cross sectional units, Table |1 reports the inter-country correlations between the two measures.

Figure 1: Periodogram, cyclical self-employment in Australia

Sample spectral density function

6.00 ! ! I6.00
I I
5 I I
2 4001 I I -4.00
= I I
& | |
I I
5 £ 20090 i r2.00
pugc) !
59 '
SS 0.007 ! -0.00
28 |
QD |
S8 2004 ! r-2.00
[} |
2 I
3 I
& -4.00 I +-4.00
1%2]
-6.00¢ | ‘ ‘ ‘ _F-6.00
0.00 0.10 0.20 0.30 0.40 0.50

Frequency
Points evaluated at the natural frequencies.

13



u cyclical component from hp filter

logGDPpc cyclical component from hp filter

Log periodogram

Log periodogram

Figure 2: Periodogram, cyclical unemployment in Australia
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Figure 3: Periodogram, cyclical GDP per capita in Australia
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Table 1: Correlations between cyclical unemployment and cyclical self-employment

Country p
IREY

Australia  0.420
Austria -0.07
Belgium 0.586
Canada 0.209
Switzerland  0.155
Germany 0.614
Denmark 0.405
Spain  0.224
Finland 0.404
France 0.435
Great Britain -0.242
Greece 0.371
Ireland 0.345
Iceland -0.260

Italy 0.085
Japan -0.029
Luxembourg 0.220
Netherlands 0.582
Norway 0.011

New Zealand 0.067
Portugal 0.420
Sweden 0.424
United States 0.143

The table reports the raw, pair-wise correlation between the filtered cyclical self-employment and the cyclical unemploy-

ment variables.
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3.2. Unit root analysis

A crucial point of our estimation methodology has to do with the need to work with stationary
cyclical variables, since the estimators we shall employ later in the article where normally thought with
a fixed T and N — 0o in mind[™]

For this purpose, we use a battery three panel unit root tests: the heterogeneous stationarity test
proposed by Hadri (2000), the Homogeneous hypothesis unit root test proposed by Levin, Lin and
Chu (2002) and finally heterogeneous hypothesis unit root test by Im, Pesaran and Shin (2003). Since
we are already working with the cyclical components of the original filtered variables, we thought
about omitting additional testing for higher order of differentiation, such as Hy : w,® ~ I(2) vs
Hy :w ~ I(1,0), and focus on the the I(1) vs I(0) case. However, given the heterogeneous efficiency
of the first-step Hodrick-Prescott filtering, we opted for a complete anaylsis of the series up to two
orders of differentiation, in order to get some conclusive inference on the order of integration of the
panel.

The outcome of the tests is reported in Table [2l Both the Levin, Lin and Chu (2002) and the Im,
Pesaran and Shin (2003) unit root tests allowed us to reject both the Homogeneous and Heterogeneous
null hypotheses on the order of integration of the process up to I(2), underlying the stationarity of the
three series. The Hadri Stationairty test, even when we imposed a relatively long Bartlett kernell lag
window (around 9 lags) was also unable to reject the null of non-stationarity at 1%.

All in all, we are able to comfortably consider the overall panel stationary. As a caveat, all the
testing equations were fitted with a non-zero constant as a unique deterministic component. That
comes from the fact that filtering the series naturally de-trends them. Additional results on the order
of integration of the data are, however, available on request.

1 Although filtered series would be deemed as stationary by definition, the statistical qualities of the stationary
component depend on the filtration parameters. For such reason we opted to run a preliminary analysis to test for the
stationarity of the filtered series.
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Table 2: Panel integration analysis. Variables: cyclical self-employment rate, cyclycal unemployment
rate and cyclical GDP per capita. Panel obs.: N = 23; T = (1991-2019).

Series  Test Hy H, Lags Stat Decision

m (1) ™)) (v (Vi)

5¢¢ ALLC Hom I(2) Hom I(1 or 0) 0 -22.756%** not 1(2)
LLC Hom I(1) Hom I(0) 6 -24.524%*% Hom I(0)
ATPS Hom I(2) Het I(1 or 0) 0 -22.194%%* not 1(2)
IPS Hom I(1) Het 1(0) 6 -18.552%% Het 1(0)
AHadri Hom I(1 or 0) Het I(2) 0 -4.525 not Hom I(1 or 0)
Hadri Hom I(0 Het I(1) 0 4.154 Hom 1(0)

€ ALLC Hom I(2) Hom I(1 or 0) 0 -25.413%** not 1(2)
LLC Hom I(1) Hom I(0) 0  -19.371%** Hom I(0)
AIPS Hom I(2)  HetI(lor0) 0  -19.470%%* not 1(2)
IPS Hom I(1) Het I(0) 0 -15.616%** Het I(0)
AHadri Hom I(1 or 0) Het 1(2) 0 2,971 not Hom I(1 or 0)
Hadri Hom I(0) Het I(1) 0 2.313 Hom I(0)

¢ ALLC Hom [(2)  HomI(lor0) 0 281109 not 1(2)
LLC Hom I(1) Hom I(0) 0 -24.463%** Hom I(0)
AIPS Hom I(2) Het I(1 or 0) 0 -5.590%** not I(2)
IPS Hom I(1) Het 1(0) 0 -3.752%%k Hom 1(0)
AHadri Hom I(1 or 0) Het I(2) 0 2.284 not I(2)
Hadri Hom 1(0) Het I(1) 0 1.661 Hom 1(0)

**% Null rejection at 1% level. All test equations are augmented with their cross-sectional averages and include a nonzero

intercept as the unique deterministic component. (I) Tested time series; (II) Performed tests: Levin, Lin and Chu -LLC-,

Im, Pesaran and Shin -IPS- and Hadri, run in first differences -A- and, where appropriate, levels to follow the Dickey and

Pantula (1987) suggestion; (III-IV) Null and alternative hypothesis. Hom indicates homogeneity of the hypothesis (the

hypothesis entails all cross sections), Het indicates heterogeneity of the hypothesis: the associated order of integration

is valid for at least one cross section of the panel; (V) Most parsimonious lag structure suggested by the AIC, BIC and

HQIC criteria; (VI-VII) Test statistic and decision under the null.
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3.3. Linearity test, threshold selection and Hansen (1999) Fixed Effects
Estimates

Once the cyclical components of the time series have been extracted and the overall stationarity
of the panel checked out, we must check the null of linearity and determine the ‘best’ threshold
Variablelzl We consider two candidates in turn: the level of income per capita and the unemployment
rate, dis—1 = Gi4—1,Uit—1-

On the one hand, it appears logical that past unemployment rates should play a role in regime
switching: a high unemployment rate is a symptom of a low job offer arrival rate, lower reservation
wages, and in general, a higher propensity of the unemployed to react to positive incentives to undertake
self-employment. On the other hand, it is also possible that the self-employed sector is larger in
countries that have lower GDP per capita. If we take entrepreneurship and self-employment to be
equivalent, high levels of self-employment may result from low salaried employment opportunities (see,
e.g., Blanchflower (2004), Acs (2006), Shane (2009), Congregado, Golpe and Carmona (2010) or Loayza
and Rigolini (2011), among others)lﬂ The conceptual distinction between necessity and opportunity
entrepreneurs is also closely related to this VieWE On the basis of the above considerations, one could
argue that the employment intensity of self-employment should differ across countries, depending on
wealth. Therefore, the threshold variable can also be defined as the level of income per capita, according
to the arguments exposed above.

As usual in the estimation of panel threshold regression models, we discriminate between these
two candidates according to a statistical criterion. In particular, we will choose the variable that i)
minimizes the sum of squared residuals (Hansen, 1999) and ii) leads to the strongest rejection of the
linearity hypothesis, based on the results of the already mentioned Fj statistic. There is a sensibility
issue: the grid-search necessary to calculate the transition value depends on the width of the trimming
window. In order to accommodate such possibility, we test for all possible trimming values in the
neighborhood between a 5th percentile to 95th percentile rolling window, reducing it slowly until the
rolling window equals a total number of observations as those comprised between the 25th and the
75th percentile. The results of the grid-search and the corresponding values for the linearity test, the
optimal threshold value k together with the residuals sum of squares of each bootstrapped model and
its corresponding probability value are reported in Table [3]

The likelihood ratio test F clearly leads to the rejection at 5% of the null hypothesis of linearity of
the relationship across all possible trimming choices but only when the threshold variable is income per
capita. Some weak hint at threshold behavior could be find, close to five percent, only when the selected
threshold for lagged unemployment was estimated at around a 7.03% unemployment rate (close to the
overall average of the panel) with a 0.2 percentiles regression window. This result suggests estimating
the model in a non-linear form, using national economic performance as the threshold variable and
excluding the unemployment rate as a candidate. According to Hansen’s procedure, it is necessary
to estimate and test two thresholds, and so on, until the corresponding F-test is statistically non-
significant.

Following this strategy, we re-ran the test for a trimming window of 0.1, 0.2 and 0.3 percentiles,
reducing the grid-search amplitude to save some computational time and avoid computational errors
given by the reduced number of total observations at our disposal. The null of a single threshold
against an alternative three-regimes specification was never rejected under any canonical confidence
level.

Based on its significance level, we thus checked for the only optimal threshold. The threshold

12 According to Candelon, Colletaz and Hurlin (2013) the only constraint is that the threshold variable cannot be
time-invariant. We also add, naturally, that in order to control for the issue of contemporaneity-induced endogeneity
the all the threshold variables have been lagged once.

138ee Gérxhani (2004) for a survey of informality in developed and less developed countries.

14 Acs (2006) suggests the use of the ratio of opportunity to necessity entrepreneurship as a useful indicator of the
relationship between entrepreneurship and economic development.
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results, their confidence intervals and the p-values of the corresponding linearity tests are reported in
Table The threshold estimate indicates when the transition between the two regimes occurs. For
example, if real GDP per capita of a country exceeds the threshold (378988$), the country in question
switches from the lower to the upper regime. By contrast, the first regime is obtained when national
per capita income is below 378988. As we tabulate the outcomes of the model, 31% of the observations
appear to belong to the lower regime, around 69% to the upper one. However, countries that switch
from one regime to the other combine episodes below and above the threshold. That is, any country
may experience episodes where the per capita income is either above or below the threshold value.

Table 3: Hansen (1999) bootstrapped Linearity tests: Linearity against a single threshold

Trimming Statistic Git—1 Uit —1
I [an (11T) 1v)
0.1 &k 30931%  7.030%

RSS 198.057 201.086
Fy 23.710 14.070
P —wvalue 0.039%* 0.1392
02 &k 378988  7.030%
RSS 198.902 201.086
Fy 20.990 14.070
P —wvalue 0.050** 0.059*
0.3 k 37898%  4.970%
RSS 198.902 204.730
A 20.99 2,860
P —walue 0.017** 0.707
04 k 37898%  4.330%
RSS 198.902 203.252
Fy 20.99 7.360
P —wvalue 0.020%*  0.265
049 k 30931$  2.950%
RSS 198.057 201.851
Fy 23.71 11.690

P —walue 0.027%* 0.221

** Null rejection at 5% level. All tests have been bootstrapped with 5000 repetitions. The null tested is of linearity
against the null of a nonlinear, jump-like threshold transition. Column (I): trimming value as a proportion of the
whole series; Column (II): revelant statistics; Column (IIT) lagged GDP per capita as a threshold; Column (IV) lagged
unemployment rate as a threshold.

Table 4: Threshold selection
Trimming & Cl—- CIl+ P-values
M ) @y Qv ()
0.1 30931%  30916$ $ 0.039
0.2 37898%  37550% $ 0.050
0.3 37898%* 37853% 37918% 0.017*
$ $
$ $

0.4 378988 37550 0.020
0.49 30931$ 30595 0.027

* Selected threshold. Column (I): trimming value as a proportion of the whole series; Column (II): threshold value;

Column (III) upper confidence interval; Column (IV) lower confidence interval.
Let us now observe the result of the Panel Threshold application, which correspond to the threshold

value k = 37898% with a trimming window of 0.3. Considering the residual some of squares of the
Fy for dis—1 = gi+—1 and conditional on the rejection of the null hypothesis, another threshold value
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would be identifiable, with & = 30931 at the 0.1 trimming valuelEl We thus present the results for
both threshold values for the lagged GDP per capita threshold. In order to keep the analysis cohesive,
we also offer present the estimates for the only (marginally) statistically significant nonlinear model
which comprises the lagged unemployment rate as a threshold, when its value is equal to k = 7.03%.

Results of the panel threshold estimates can be seen in Table

Our results do not confirm the existence of a systematic (and inverse) relationship between new
(aggregated) entries into self-employment and the unemployment rate, as a significant portion of
previous literature has pointed out (Thurik et al., 2008; Apergis and Payne, 2015; Haussen and Schlegel,
2020; Komninos et al., 2024). Instead, our results indicate that the relationship is not linear and thus
does not operate under certain regimes, in line with the results of O’Leary (2022). Specifically, there is
statistically significant evidence of a contribution from new entrepreneurs to unemployment reduction,
but only in economies classified under the high economic performance regime (defined as having a per
capita income level above the threshold).

Furthermore, estimates also show the existence of inertia in unemployment, such as dependence of
unemployment on prior labor market dynamics. This effect however appears stronger, both in columns
(IT) and (III) of Table[5} in countries when their income is above the endogenously retrieved GDP per
capita threshold thresholdE;l

There is however a strong caveat to direct-effect or even causal interpretations that we will tackle
in the next subsection: the built in endogeneity given by the presence of an autoregressive component
(whose magnitude might probably be upward-biased) and the assumed exogeneity of the regressors
and the threshold value.

15We already point out that this might be a sign of smooth transitional behavior: although the double threshold
F5 test null hypothesis of double threshold behavior was rejected, the existence of more than one feasible threshold
conflicting with Hansen (1999) selection choice might be indicative of a gradual transition from a lower to an upper
state. We shall elaborate and present some evidence of such transition in the section dedicated to the Gonzalez et al.
(2005-2017) estimator

16 At this point, we might be tempted interpret the previous puzzling findings on unemployment persistence as follows:
when cyclical unemployment is very high, it usually has a certain persistence, becoming itself the source of further
persistence. As a matter of fact, this is also visible in Column (IV) of Table if the unemployment rate is used as
a threshold, the lagged value of the endogenous variable used as a regressor does jump up in value and is perhaps the
highest in magnitude across the three specifications.
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Table 5: Hansen (1999) bootstrapped threshold fixed effect estimates

Thresholds — git—1 git—1 Uit—1

(I (ID) (111) (Iv)

Trimming 0.3 0.1 0.2

k 37898$% 30931$ 7.03%

U Yl 0.175%RE 0.010 0.068
“(0.069) (0.115) (0.082)

Sip_1cvelel _0.116 -0.002 0.179*
(0.131) (0.193) (0.101)

Git—1 Vel 29 8IFFFE  _46.004%FF 15601 FF*
(4.424) (7.535) (3.132)

Wig_q Cvelel(.302%%* 0.287%%% 0.374%%%
(0.061) (0.050) (0.055)

Sig_qCYCleH 0231k _0.203%F*F  -0.132
(0.102) (0.089) (0.133)

Git— Yl 19 239%%x 11 185%KF  _14.216%**
(2.441) (2.200) (2.995)

T 28 28 28

N 23 23 23

R? 0.280 0.283 0.270

**% Null rejection at 1% level; ** Null rejection at 5% level; * Null rejection at 10% level. Country fixed-effects included.
Column (I): relevant statistics; Column (2),(3), (4): estimated parameters for the indicated threshold variable value.
The apex values cycleL and cycleH indicate that the cyclical regressor component belongs to either the regime below

(L) or above (H) the threshold. Standard Errors in parentheses. Objective variable: cyclical unemployment rate, u;:°.

21



3.4. Seo and Shin (2016) dynamic FD-GMM estimator

To deal with the endogeneity issues deriving from the presence of an endogenous dynamic regressor
and the contemporaneity issue of the threshold variable, this section presents the estimates of the
First Differenced, Generalized Methods of Moments based estimator from Seo and Shin (2016). To
get a more precise idea of the severity of the structural endogeneity issue in the previous section, we
will allow deeper lags of the endogenous variable to act as instrument for the estimates after first
differencing and allow the contemporaneous value of GDP per capita and unemployment to act as
thresholds[T]

The results for the Dynamic Panel estimation from Seo and Shin (2016) are reported in Table
[6l As before, the threshold value, conditional on a set of trimming intervals, was selected according
to its statistical significance. Column (I) in this regard, differs from column three because, once a
contemporaneous GDP per capita variable is selected as a threshold, the optimal threshold value,
478808, stands closer than ever to the panel average, equal to 459848%. This allows for the majority
of the observations to switch over to the lower regime (58% against the 30% from the Hansen (1999)
estimates) and effectively reduces the inertia effect of unemployment. The sum of all periods spent
under the threshold ends up weighting more than the sum of all periods spent over the threshold among
all 23 nations our database considers. If we accept contemporaneity of the threshold, the effect is still
present in the upper regime, but its anti-cyclical impact on the present value of the unemployment
cycle is now less than half the pro-cyclical impact of self-employment in high regime countries.

Once again, estimates of the impact of cyclical self-employment on cyclical unemployment are
statistically not distinguishable from 0 in the low GDP per capita regime. As before, we verify
again that there is no systematic and inverse relationship between new entries into self-employment
(in aggregate terms) and the reduction of the unemployment rate; rather, this relationship is only
statistically significant when economies are in the high economic performance regime (i.e. a nonlinear
relationship).

All in all, consistency of the upper regime self employment leads us to conclude that, as it might
be expected, positive shocks to self-employment put downward pressure on unemployment not only
because some unemployed individuals create their own jobs (self-employed workers) but because some
of them become job creators, taking advantage of such possibility in the best conditions possible,
offered by the higher regime.

The result remains the same, such that there is only evidence of a systematic relationship between
new entries into self-employment in situations where the economy is positioned in period ¢ within the
high economic performance regime.

To keep the analysis consistent, we present, in Column(III), the best possible dynamic represen-
tation for the most statistically representative unemployment threshold. Besides the threshold value
4.033% being much lower relative to the average of the panel (7.349%) the estimates did no catch
any meaningful correlation, aside from some weak persistence of the endogenous variable in the upper
regime.

17We might allow an alternative to direct usage of lagged regressors in the models, allowing for contemporaneity of
both the threshold variable and the cycle components, but in terms of dynamics of the labor market, given that changes
in the business cycle might take some time to reflect into actual values, we will leave the cyclical regression in their
lagged form.
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Table 6: Seo and Shin (2016) FD-GMM dynamic estimator

Thresholds  g;t—1 Git Uit—1

(1) (I (111) (1v)

Trimming 0.02 0.02 0.03

k HAB8TE*¥*¥*  47880%***  4.033%***
(5096) (5435) (1.219)

U1Vl _0.156 -0.249 -2.826
(0.504) (0.254) (1.877)

54y cvelel 0.287 0.366 0.125
(0.703) (0.814) (0.909)

gi—1Velel  38.502%%%  _22.839%  23.387
(14.543)  (12.551)  (32.626)

Uip_ Vel 1488 1.980%**  3.206*
(1.669) (0.541) (1.891)

sip_qVeleH  _6.314%%% 5 5209%FF 1952
(2.748) (1.620) (1.014)

gir—1 Vel 37811 24.075 -37.508
(47.451)  (26.594)  (37.866)

T 28 28 28

N 23 23 23

**% Null rejection at 1% level; ** Null rejection at 5% level; * Null rejection at 10% level. Country fixed-effects included.
Column (I): relevant statistics; Column (2),(3), (4): estimated parameters for the indicated threshold variable value.
The apex values cycleL and cycleH indicate that the cyclical regressor component belongs to either the regime below

(L) or above (H) the threshold. Standard Errors in parentheses. Objective variable: cyclical unemployment rate, u;:°.

23



3.5. Seo and Shin (2016) FD-GMM estimator: tackling reverse causality
with additional instrumentation

Results obtained in the previous section underline the relative importance of upper-regime self
employment rates on job creation once a given GDP threshold has been passed. A direct inference
in terms of conditional elasticity however, appears to be difficult as the estimated self-employment
coefficient overlaps the results of the Hansen Panel estimates by a tenfold. This upward bias in visible
in Table[6] where a 1% increase in cyclical self employment in period ¢ in the upper GDP regime would
correspond to more or less a 6% decrease in cyclical unemployment (with an elasticity of —6.314***
for the cyclical lagged self-employment coefficient).

In order to account for possible additional endogeneity issues, possibly driven by omitted variable
bias and depending on the quality of the best descriptors for unemployment rates, this section exploits
the GMM methodology of Seo and Shin (2016) to add an additional instrument in the differencing
procedure of the estimator, which we would assume to be correlated enough with our variable of
interest, self employment.

The selected instrument was thus the percentage of Christian Protestants in all available countries
and time periods.

The relationship between entrepreneurship/self-employment and unemployment is influenced by
reverse causality, where both variables can affect each other. While entrepreneurship is often viewed
as a driver of job creation (Audretsch et al., 2001), high unemployment can motivate individuals
to pursue self-employment, especially during economic downturns (Parker, 2009). This bidirectional
relationship complicates the analysis, as rising unemployment may lead to increased self-employment
rates (Thurik et al., 2008). Failing to address reverse causality can result in bad inference and biased
estimates, risking overestimating or underestimating the effects of entrepreneurship on unemployment.

To accurately estimate the relationship, using instrumental variables (IV) is essential for addressing
endogeneity issues. A suitable IV should be strongly correlated with entrepreneurship but exogenous
to unemployment. Protestantism serves as an effective instrument, as Weber (1905) linked it to higher
entrepreneurial activity through cultural norms emphasizing individual responsibility and discipline.
Empirical studies have supported this correlation, indicating that Protestantism does not directly corre-
late with unemployment rates, thus satisfying the exogeneity condition for IVs (Becker & Woessmann,
2009; Guiso et al., 2006).

The Protestant ethic encourages traits conducive to opportunity-based entrepreneurship, distin-
guishing it from necessity entrepreneurship, which arises from economic need (Williams & Nadin,
2010). While Protestant values foster a proactive entrepreneurial spirit, they are less associated with
addressing unemployment directly, focusing instead on promoting economic agency and growth (Au-
dretsch & Thurik, 2001). Consequently, the connection between Protestantism and entrepreneurship
is more closely related to opportunity-driven initiatives rather than necessity entrepreneurship, under-
scoring the importance of considering these dynamics in economic analyses.

In sum, by incorporating Protestant Ethic Penetration, we mitigate endogeneity issues by providing
a more exogenous source of variation in entrepreneurial activity. This approach is especially valuable
in studies where measuring the impact of entrepreneurship is challenging due to potential reverse
causality or confounding factors.

After checking for pairwise correlation and statistical significance at 1% after the Bonferroni Correc-
tion, the calculated, significant value of the correlation between s; and p; (the percentage of Christian
Protestant in any given year for all available subsetted countries) amounted to —0.5686*. This section
reports the estimates of the adjusted, Seo and Shin (2016) FD-GMM dynamic estimator with the
above-cited additional instrument paired with some deeper lags of the dependent variables.

After some remodeling of the data, the number of observations at our disposal results in a panel
of 330 entries, distributed along 22 periods, from 1992 to 2013, across 15 different countries.
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To ensure adherence with the results from the previous section and show the non-marginal effects on
the magnitude of the coefficients after instrumentation, Table[7]reports the estimated values for the best
fitting model with and without instrumentation, considering the lag of GDP as a threshold once more.
Comparing the results of Table [7] for the instrumented version and the non-instrumented model, we
observe how the upward bias in the magnitude of the coefficient for s;;_1°Y**“H now shows the expected
sign and a more reasonable, literature-observed magnitude, as a 1% increase in self-employment at
time ¢ will now suggest a 0.6% decrease in unemployment. The results for self-employment in the
instrumented estimates stay consistent for all possible trimming windows, conditional on the amount
of available observations left in the database after balancing the panel to run the estimates properly,
with a threshold value consistently estimated in the neighborhood of 48000$I§|

Together with the effect of the lagged regressors and the use of an FD-GMM estimator, the use of
additional instrumentation further reduces the endogeneity bias up to the highest degree possible in
an application of our kind. This result, as we will see in the long-run multiplier section, stands slightly
above the naive linear panel applications but is dwarfed by the results of the nonlinear application,
that we shall present in the next section.

In the short term the —0.553 estimate for the short run elasticity relative to cyclical self employment
co-movements with unemployment in Table [§|shows an effect of job creation which almost doubles the
—0.331 computed by the Standard Hansen Estimates and visible in Table

Table 7: Seo and Shin (2016) FD-GMM dynamic estimator, instrumented

Thresholds  git—1 Git—1

1) (I1) (I11)

Trimming 0.02 0.2

k 56227$HH* 4877 GH*
(767) (4311)

w1l -0.019 0.004
(0.025) (0.049)

sjp_cvelel_0.287 -0.078
(0.276) (0.140)

Git—1velel0.785 0.367
(0.175) (0.288)

U1Vl 0,126 -0.607*
(1.660) (0.358)

Sig_qcYelel 3,479 -0.553%*

(5.056) (0.310)
Gir—1velet 17,924 1.793*
(13.476) (0.959)

Instrument  No Yes
T 22 22
N 15 15

**% Null rejection at 1% level; ** Null rejection at 5% level; * Null rejection at 10% level. Country fixed-effects included.
Column (I): relevant statistics; Column (II),(III): estimated parameters for the indicated threshold variable value. The
apex values cycleL and cycleH indicate that the cyclical regressor component belongs to either the regime below (L) or

above (H) the threshold. Standard Errors in parentheses. Objective variable: unemployment rate, w;¢.

18We tested all possible trimming windows from 10% to 1%: results stayed absolutely consistent with the values
reported in Column (II) of table m and are available in Table The upward jump on the average threshold value can
be mainly explained by the composition and higher relative GDP per capita of the subset of countries available for
instrumentation.
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Table 8: Threshold selection, instrumented model

Trimming & Cl- Cl+ P-values
@ (1n I avy (v
0.01 52968%  47169% 58766 0.001
0.02 48771$* 40321$ 572218 0.001
0.03 48775% 40247% 57304% 0.001
0.04 48718% 40278% 57160$ 0.001
0.05 48781%  40330% 57233% 0.001
0.10 487408  40295% 57185% 0.001

* Selected threshold. Column (I): trimming value as a proportion of the whole series; Column (II): threshold value;

Column (III) upper confidence interval; Column (IV) lower confidence interval.

3.6. Gonzalez et al. (2017) Fixed effect logistic smooth transition model

In the previous section, the use of FD-GMM estimator allowed us to correct for both the magnitude
of the GDP per capita threshold and the relative magnitude (and thus importance) of the cyclical
parameters of self-employment and unemployment, drawing a comparison showing how labor market
inertia and entrepreneurial spirit affect unemployment across the selected threshold.

There is however a missing piece in the puzzle: the likelihood of such transition to take place in a
given neighborhood of the exact threshold value, conditional on the speed of change of the threshold
variable. In the section dedicated to nonlinearity identification and static Fixed effects estimates, we
detected two possible competing &k values for the GDP per capita threshold. Our hypothesis is that
such sharp difference might be capture by a model capable of smoothing out the regression across a
dynamic threshold.

To keep the analysis consistent, we will focus again on both our candidate thresholds. In order to
account for a potential, non-sudden transition, we follow Gonzalez et. al and employ a Lagrangeian
Multiplier test that compares the 'null’ of linearity with a smooth, nonlinear transition multiple regime
model. The authors suggest following Luukkonen, Saikkonen and Terdsvirta (1988), which start from
a first order Taylor expansion of the transition function f (d;;—1;7,k) around its slope 7, setting its
starting value to 0. After a reparametrization of the model, we would thus be left with an auxiliary
regression function testing the null Hy : v = 0 and amounting to:

H{:Bi=Bi-1=Bia=...=p1 =0 (18)

for any possible ¢ = 1,...,m where m is the maximum number o threshold, and the ; coefficients
indicate the different parameter values of the regressors, excluding the nonlinear ones. Following the
results from the Hansen (1999) linearity test, we set ”i” to 1. Results for the LM tests are visible
in Table 0] The null of linearity is strongly rejected in favor of the statistical significance of the
polynomial Taylor expansion, thus allowing to reject strongly the original null hypothesis Hy : v = 0.
That said, we are now left with the estimate of the optimal logistic transition function, including its
regime parameters, the slope of the logistic and the threshold value for both GDP per capita and the
unemployment rate. We remind that, based on the validity of previous estimates, our thesis is that the
GDP per capita, as the "best performing” transition threshold, and given the results of the Hansen
(1999) procedure, might present, albeit weakly, some form of smooth transition.
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Table 9: LM tests, Terasvirta et al.(1988)

Variable LMy P —walue LMpg P —value
m (1v) w( (v
Ovsl  gi—1 15.450***  0.001 4.920%**  0.002
Ovsl w1 13.370***  0.004 4.255%*%*  0.005

** Null rejection at 1% level. Lagrangean multiplier tests

Table 10: Gonzalez et al. (2017) Panel Smooth transition regression

Thresholds  gj1—1 Uit—1

) (I (111)

k 432108***  7.052%***
(10088%) (0.001%)

¥ 0.003*** 1660%***
(0.001) (69)

wyy_p cvelel 0.218%** 0.067
(0.057) (0.090)

si_1¥elel 0,055 ~0.179%#*
(0.103) (0.088)

Gir—1Yelel  _23.670%*F  _15.550%**
(5.844) (5.393)

wip—1veeM 0.071 0.307#+*
(0.076) (0.1408)

sip_1veleM 0,310 0.047
(0.203) (0.179)

gitflcyClEM 14.060%** 1.221
(5.514) (10.400)

uitflcyClEH 0.289%** (0.374%%*
(0.068) (0.078)

SitflcyCZEH -0.365%** -0.132
(0.151) (0.156)

gitflcydEH -9.616%** -14.330%**
(2.511) (6.836)

T 28 28

N 23 23

**% Null rejection at 1% level; ** Null rejection at 5% level; * Null rejection at 10% level. Country fixed-effects included.
Column (I): relevant statistics; Column (II),(III): estimated parameters for the indicated threshold variable value. The
apex values cycleL, cycleM and cycleH indicate that the cyclical regressor component belongs to either the regime below
the threshold (L), the intermediate nonlinear regime (M) or to the regime above the threshold (H). Standard Errors in

parentheses. Objective variable: cyclical unemployment rate, wu;+¢.
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Estimates for the optimized models are available in Table[I0] We will focus once more our attention
on GDP per capita as a threshold: although we kept testing for unemployment as a threshold, and
albeit the threshold value could be estimated precisely enough at 7.052%, the sharpness of the transition
(v = 1660) suggested a perfectly discrete jump between regimes, so that a smooth, or even remotely
smooth transition function was not achievable, even after quite a few rounds of optimization. An
illustration of the tentative transition function for d;;_1 = u;;—1 can be seen in Figure F_Il

Figure 4: Logistic transition function for u; ;1
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Let “s now focus on d;;—1 = gs+—1. After a first round of optimization, where the starting value for
the logistic was set close to 0 for both the slope and the threshold value, we are left with the following
estimates, v = 0.0002 and k = 43210$. We use such final values again to rerun the algorithm, focusing
on increasing the value of 7 in order to find the best fit for the model, gradually leaving the standard
threshold fixed effect (y = 0). After some rounds, We identify the most significant slope parameter
in the neighborhood v = (0.1,0.3)@ Table [10] thus reports results of the model for v = 0.15 and
k = 432108.

As we can see, in column (II), the transitional effect is still present, and the final value of the
threshold finds itself in-between the estimates for the Fixed effect Hansen (1999) type estimator and
the FD-GMM estimates of Seo and Shin (2016). The optimized threshold value also appear to be the
closest to the panel average. A representation of the smoothing function for the threshold value with
respect to the observed GDP per capita values is visible in Figure [f] while its corresponding, nonlinear
parameter variation is available in Figures @, Iﬂ and

19Estimated coefficient for the values across the 0.1 - 0.3 interval all brought similar results in terms of magnitude and
sign.

201n Figure@we also offer an illustration of the response (value) of the logistic smooth function given different threshold
values and the corresponding estimate of the self-employment coefficient.
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transition function

Figure 5: Logistic transition function for g; ;1

1.00-

0.50-

2e+04 4e+04 Ge+04 Ge+0d

lagGDPpc

Figure 6: Coeflicient transition for g; ;¢
coefficient laglogGDPcycle

1e+05

~10-

~15-

L e L e TP TPy

0.04-

0.03-

0.02-

0.01-

0.00-

2404 4404 6e+04 8404
lagGDPpc

29

16405

‘o's

lea-d



Figure 7: Coeflicient transition for u;;—1¢
coefficient laglogucycle
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Figure 8: Coeflicient transition for s; ;1€
coefficient laglogscycle
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The nature of the results consistently follow the estimates of the non dynamic and dynamic fixed
effects threshold estimators. Once we enter the upper regime, self-employment negatively enters the
relationship, although with some delay, identifiable in the immediate neighborhood of the estimated
GDP per capita threshold value. As the nonlinear estimates do not take the upward bias of the au-
toregressive unemployment coefficient into account, the very relevant change in the relative magnitude
between the coefficient for u;;—1¢ and s; ;—1¢ is once again lost. Without any doubt, we observe how
the regime switch did not contribute much to change the inertia of unemployment (the u;;—1¢ co-
efficient just raised by 0.071 in the neighborhood of the threshold) but added very significatively to
the relationship between cyclical unemployment and cyclical self-employment, weighting more than a
six-fold than the lower regime in the higher one, after the transition has been completed (coefficient
of ui’t,lc = —0.365>.

In this case, the results regarding the relationship, using the aggregate self-employment rate, merely
confirm the previous findings while also providing evidence of the relationship in the medium regime,
not just in the high regime.
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Figure 9: Surface response graph for s; ;¢
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3.7. An alternative metric for entrepreneurship using the Kremer, Bick
and Nautz estimator (2012)

To verify whether our results may be affected by the aggregate entrepreneurship metric adopted, in
this section we present the findings obtained using the TEA measure, specifically nascent entrepreneur-
ship, sourced from the GEM database. This option presents an additional challenge if we want to con-
tinue working with panel threshold estimators due to the nature of the short panel. This challenge is
addressed through the use of a more flexible estimator: the Kremer, Bick, and Nautz (2012) estimator.

We now switch our definition of entrepreneurship, focusing on the so-called nascent entrepreneur
(nit) the way it has been defined by the Global Entrepreneurship Monitor (GEM). In particular, we
shall focus on the The nascent entrepreneurship rate as a variable measuring...

...when one or more persons start to commit time and resources to founding a new firm.
If they do so on their own, and if the new venture can be considered as an independent
start-up, they are called nascent entrepreneurs.

The GEM puts at our disposal a measure of nascent entrepreneurial intensity normalized as a per-
centage of the total workforcelzl The data out our disposal spans the 1992-2020 period for a group of
around 13 countries. After controlling for the availability of the exogenous instrument we have been
using, such number naturally decreases.

Unfortunately, given the limited size of the database, computations of the models conditional on
the availability of the original instrumental variable in each time period for each cross sectional unit
where not possible: thus, as far as the Seo and Shin estimator goes, we can only provide the estimates
for the standard GMM-FD estimator and the more refined estimates augmented with additional lags
of the endogenous regressors, n;; and ;.

Table[12] gives us an overview of the possible threshold value option for our three specifications. As
we would expect, although performing surprisingly well until a cut off equivalent to a 0.04 trimming of

21Together with a second ratio which relates nascent entrepreneurs to the total of self entrepreneurs, thus including
nascent intrapreneurs as well.
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the time dimension of each cross section, the threshold estimates for the standard model in Column I
quickly collapses to a different and non significant threshold value at 0.05. As we already observed with
the business creation measure, taking into account endogeneity through additional instrumentation of
the regressors does help the procedural identification of the threshold: columns IIT and IV show a
much more stable and significant value across all possible trimming levelﬂ

Final estimates for the models cited in this section are finally available in Table On a posi-
tive note, we observe how business ownership and nascent entrepreneurship do differ in terms of the
threshold governing the transition across states: the low, 15000$ confirmed threshold in the previous
section has now left space to a much higher value, in the neighborhood of 420008.

On the negative side, the use of the GEM database, conditional on the necessity to look for a way
to control for endogeneity, comes with a strong limitation: as we observe Table we will find hardly
any parameter to be statistically relevant, and instrumental lags to make hardly any difference in the
GMM estimation across the three models presented: this is due to the disproportion between the N
and the T dimension, as the latter now amounts to more than a threefold of the former, thus making
the estimates of the transition highly imprecisﬂ

Table 11: Seo and Shin (2016), GEM Estimates

(I (1T) (I11) (IV)
k 42369$F** 423698FFF  42369$%F*
(11175) (11173) (11173)
w1l _0.053 -0.053 -0.053
(3.336) (3.336) (3.336)
N1l 1,404 -1.404 -1.404
(4.184) (4.184) (4.184)
gir—1velel 2,977 -2.977 -2.977
(8.190) (8.190) (8.190)
wip_qvele 11,493 -1.493 -1.493
(2.980) (2.980) (2.980)
N1t 2 668 2.668 2.668
(19.478) (19.478) (19.478)
Gir—1VeH 14,818 14.818 14.818
(9.661) (9.661) (9.661)
Instrument no (dep. only) wi—1 wip—1 and ngp_q
T 28 28 28
N 9 9 9

**% Null rejection at 1% level; ** Null rejection at 5% level; * Null rejection at 10% level. Country fixed-effects included.
Column (I): relevant statistics; Column (2),(3), (4): estimated parameters for the indicated threshold variable value.
The apex values cycleL and cycleH indicate that the cyclical regressor component belongs to either the regime below
(L) or above (H) the threshold. Standard Errors in parentheses. Trimming value of the T' dimension: 0.04. Objective

variable: unemployment rate, w;+.

22As for any other exercise of the sort contained in this draft, trimmings were considered up to the maximum,
literature-relevant limit of 15% (0.15). No relevant changes in the above considered patterns were detected, apart from
the impossibility of the regression window to compute correctly the threshold value at 0.15 given the far too small
number of observations left after the trimming procedure

23The Seo and Shin (2016) estimator still relies on asymptotics that require the N dimension to converge faster
to infinity than the 7' dimension: although one could get away with a higher number of time periods in an empirical
application, a strong disproportion between the two dimensions is very likely to cause precision issues, as in our case. The
issue, we need to point out, did not change when considering the rate of nascent entrepreneurs calculated with respect
to the total of self-employment (That is, considering intrapreneurship as well and standardizing nascent entrepreneurs
by the self-employment total).
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Table 12: GEM, Threshold selection
Trimming dep. only  w;_1 Uip—1 and ngp_1
1 (1) (v)
0.01  42383%***  42383F***  42383F***
0.02  423948***  423938***  42393%***
0.03  42385F***  42384$***  42384F***
0.04 423698***  42369$***  42369%***
0.05 39516% 423748***F  42375FF*F*

Threshold value for the range 0.01 — 0.05. Column (I): trimming value as a proportion of the whole series; Column (II):
instrument: lag of dependent variable; Column (III) instruments: lag of unemployment; Column (IV): instrument: lag

of unsemployment and nascent entrepreneurship. ***:significant at 1%; **: significant at 5%; *: significant at 10%.

The unsatisfactory results from the Seo and Shin (2016) estimates shown above, which lead to very
low statistical precision, can be explained in terms of: the limited amount of total observations at our
disposal, which limits both the grid-search (number of repetitions in the algorithm estimating the true
value of the threshold) and puts strong limitations on the trimming value (which is limited between
0.01 and 0.05, being fairly distant from the 0.10 - 0.15 upper limit established by practitioners); the
asymptotic limit given by the theory related to the Hansen (1999) estimator and all the most recent ones
derived from it, favoring the N dimension rather than the T' dimension; the possible existence of some
patterns of heterogeneity in the self-employment measures (say, pull and push factors differentiating
the measure) that might be affecting the estimates.

In relationship to the three limitations defined above, this section presents, in Table [I3] the esti-
mates from the Kremer, Bick and Nautz (2012) dynamic panel threshold estimator.

Table [13] reports two different normalizations for nascent entrepreneurship, available in the GEM
database: w’—Lf% as the ratio between nascent entrepreneurs and total work-force; 2% as the ratio
between nascent entrepreneurs and self-employed. In both cases, as the main body of our research
concluded that the lagged value of GDP would perform better in nonlinearity testing and as such
be more apt at capturing nonlinearities in the models, we report g;;—1 as the only feasible regime
switching indicator.

Focusing on our results, the implementation of the Kremer, Bick adn Nautz (2012) estimator,
keeping in mind advantages and limitations already highlighted with respect to those seen in the main
analysis, shows results which fall, to some extent, in line with those seen in the main text. In the
lower regime, when g;;—1 is taken as a Threshold variableﬂ n;+—1 appears disconnected from cycle:
in the upper regime, the relative statistical significance of the variable picks up, and we are left with
a pattern of strong dependence on national health.

We would also need to remember how delicate the procedure might be when a threshold value is
not uniquely identified even if the modelization imposes a two-regimes structure. In Figures [L0] and [L]]
we report the estimate for the « value for the threshold models in Columns (I) amd (II) of Table (13]):
for GDP, a unique value confirming the threshold behavior of the model is identified. On the contrary,
when unemployment is taken as a threshold, two potential local values, both capable of rejecting the
mull of linearity and very close one to the others, are detected by the recursive estimates of the model,
impacting the precision of the estimated coefficients.

24We again tested for u;s_1 as a potential threshold with the linearity test, and found out once again that the null of
linearity could not be rejected
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Table 13: Kremer, Bick and Nautz (2012), GEM Estimates

0 (D) ()

n definition 2% wa%

k 37441 $*** 37441 $***

C.I.low 30642 30642

C.1.high 48904 48904

Uit —1 1.108*** 1.077*F**
(0.081) (0.095)

Git—1 0.001** -0.001
(0.000) (0.000)

Ngp_ cvelel -0.211 -0.733
(0.248) (0.461)

Ngp_1°vetet -0.070%* -0.533%**
(0.029) (0.124)

Threshold Git—1 Git—1

Instruments  wug, protestants  wu;, protestants

T 21 21

N 7 7

**% Null rejection at 1% level; ** Null rejection at 5% level; * Null rejection at 10% level.
definitions; Columns (II),(III): estimated parameters for the indicated threshold variable value. The apex values cycleL
and cycleH indicate that the cyclical nascent entrepreneur parameter belongs to either the regime below (L) or above
(H) the threshold. Standard Errors in parentheses. Trimming value of the T dimension: 0.10. Objective variable:
unemployment rate, u;+. Up to 4 lags of the instrument protestants were evaluated to enter the first step regression of

the 2SLS procedure after differencing. Up to 4 lags of the instruments u;; were evaluated to enter the second step (level)

regression of the 2SLS procedure after differencing. Country-specific sfixed effects included.
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Figure 11: Value of v, unemployment
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The additional modelization above adds to the robustness of the results, but it is still, considering
the 147 total observations at our disposal and the three-to-one ratio of the dimensions of the panel, a
bit far away from being totally conclusive. As aggregation techniques to obtain longer time series and,
perhaps more importantly in our framework, additional country enter the GEM granting a balanced
panel dataset, additional evidence will be needed in the future.

In sum, there is statistically significant evidence of a contribution from new entrepreneurs to un-
employment reduction, but only in economies classified under the high economic performance regime
(defined as having a per capita income level above the threshold). This finding is robust regardless
of the metric used (self-employment/nascent entrepreneur), the database employed (ILO/GEM), the
threshold panel model utilized, and the treatment of reverse causality.

3.8. Exploring heterogeneity: Start-up motive

The composition of the self-employment sector can significantly influence the dynamics of the
entrepreneurship-unemployment nexus, highlighting the need for a nuanced understanding of how dif-
ferent types of self-employment contribute to overall economic outcomes, particularly job creation
and labor market dynamics. Although most empirical studies seem to have overlooked this issue,
some works have considered the heterogeneity of self-employment from various perspectives. Aper-
gis (2015) focuses on identifying potential differences in this relationship by utilizing disaggregated
self-employment rates that distinguish between incorporated and unincorporated businesses. Mean-
while, Haussen and Schlegel (2022) explore gender differences in this relationship and examine the
participation of solo self-employed workers in new entries to self-employment. Finally, Apergis and
Payne (2016), revisit empirically the relationship using the Kaufmann Entrepreneurship Index for U.S.
states, a metric that aims to provide a better approximation of entrepreneurship measurement than
the classical operationalization through self-employment.

In parallel to this last group of studies, we aspire to contribute to a better understanding of this
relationship by exploring a source of heterogeneity that can potentially affect the employment intensity
of self-employment: the motivation behind becoming an entrepreneur. The startup motive is closely
related to the business economic performance of a venture, one of whose dimensions is its capacity to
create employment (Caliendo et al., 2014). Therefore, controlling for the startup motive equates to
recognizing that not all new self-employment is entrepreneurial. In this way, we investigate the idea
that not all self-employment is inherently entrepreneurial (true entrepreneurs), aiming to isolate the
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contribution of this type of self~employment to job creation in contrast to “non-entrepreneurial” forms.

At this point, we hypothesize that much of the previous literature has likely overlooked the fact
that not all self-employment contributes in the same way or under the same circumstances to the
reduction of unemployment. In particular, we argue that depending on the type of self-employment
(by start-up motive) driving the change in self-employment rates (opportunity-based versus necessity-
based entrepreneurs), the impact on the unemployment rate can vary, depending on their level of
economic performance.

To this purpose, we exploit what the GEM database currently has to offer in order to tackle
additional sources of heterogeneity coming from pull and push entrepreneurial definitions available
in the database. We employ two entrepreneurial definitions based on the concept of necessity and
opportunity: nascent opportunity workers over the total of self-employed (%2 %), and nascent necessity
workers over the total of self-employed ((*2%). Results for the four measures are visible in Table
evaluated with respect to the threshold variable g;;_1 and estimated once again with the Kremer, Bick
and Nautz (2012) estimator

The heterogeneity the two measures embody grant us some additional insights over the results
shown in the main body of our work: the first effect, related to entrepreneurial creation, is visible in
Column (III) and can be directly compared the final results from the Shin and Seo (2016) estimates. For
GDP values above a given threshold, the negative relationship between unemployment and necessity
self employment kicks in.

On the other side, a similar effect is given by nascent pull entrepreneurship: although the effect for
nascent opportunity entrepreneurs appears to be weaker, it is statistically precise (Column (II)), with
the obtained results implying a negative relationship between Nascent opportunity entrepreneurship
and unemployment below a certain GDP threshold. This would suggest that nascent opportunity
entrepreneurship act as a job-creating force in those countries characterized by a situation of lower
economic performance.

Whatever the case, table denotes a strong, negative net effect (-0.701 in column (III) compared
t0-0.216 in column (II)) on the necessity entrepreneurship side when countries face time periods where
GDP is standing above the threshold value, in the upper regime.

In sum, the finding is that there is a systematic relationship between self-employment once we con-
trol for the startup motive, but regime-dependent. Specifically, we categorize self-employed individuals
based on their start-up motive (opportunity vs. necessity entrepreneurs). We then investigate whether
changes in new entries of opportunity or necessity entrepreneurs drive unemployment reductions, and
whether these effects are different depending on the level of economic performance. The results sug-
gest that reductions in unemployment are driven by positive changes in the proportion of opportunity
entrepreneurs when a country is operating below a certain income threshold (i.e., in low performing-
countries), whereas changes in the participation of push-factor or necessity-based entrepreneurship
lead to significant reductions when a country is above that threshold (in higher-performing countries).

This has several implications and potential explanations. First, in economies within the first
regime, promoting opportunity-driven entrepreneurs proves to be effective in reducing unemployment.
This result points to the importance of having an appropriate ecosystem and incentive structure
that supports the emergence of these "true entrepreneurs” for job creation, in these contexts. These
strategies not only foster economic growth but also contribute to a decrease in the unemployment rate.
One possible interpretation is that if an economy is positioned below the threshold, there is room to
qualify entrepreneurship, thus transforming society into a more entrepreneurial one and enhancing the
employment intensity of self-employment. This entails fostering entrepreneurship and ensuring that
new entries consist of scalable businesses with a higher likelihood of becoming job creators.

In contrast, in economies within the second regime, opportunity-based entrepreneurs do not seem

25Notice that we have abstracted one again from presenting the results with u;;—1 as a threshold: in none of the four
specifications of the table such variable was found to be a valid threshold or resulted in statistically significant estimates.
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to significantly impact unemployment reduction. This may be due to increased competition and
the generally smaller average size of new firms. However, variations in the share of necessity-based
entrepreneurs do appear to reduce unemployment. One can hypothesize that in these economies—some
of which may be nearing full employment—the opportunity cost of self-employment for a significant
number of skilled workers or those with in-demand skills may be elevated, as many of the most
lucrative business opportunities may have already been captured. In such economies, self-employment
may serve as a refuge for workers with lower employability, who will account for a substantial portion
of the growth in newly created jobs. This process may be further accelerated by emerging trends in
the labor market, such as the rise and increasing penetration of on-demand employment characteristic
of the gig sector. While this effect may not be entirely desirable, it can help workers with lower
employability and those marginally attached to the labor market gain employment. On the downside,
a large portion of these jobs are associated with dependent forms of self-employment, often precarious,
and with the substitution of traditional salaried jobs for flexible work arrangements —such as those
in the gig economy.

Table 14: Kremer, Bick and Nautz (2012), Nascent Opportunity and Nascent Necessity Entrepreneurs,
GEM Estimates

@) (II) (I11)

n definition 2% 9%
k 30904 F#** 48903 %***
C.I.low 30642 30642
C.1.high 48903 48903
Ujt—1 0.982%** 0.867***
(0.049) (0.092)
Git—1 0.001 -0.001
(0.000) (0.000)
Ny cvetel -0.216%* -0.175
(0.110) (0.115)
g1 Yelet -0.005 -0.701%**
(0.025) (0.124)
Threshold Git—1 Git—1
Instruments  u;, protestants  wu;, protestants
T 21 21
N 7 7

**% Null rejection at 1% level; ** Null rejection at 5% level; * Null rejection at 10% level. Column (I): relevant definitions;
Columns (II),(III): estimated parameters for the entrepreneural definition. The apex values cycleL and cycleH indicate
that the cyclical nascent entrepreneur parameter belongs to either the regime below (L) or above (H) the threshold.
Standard Errors in parentheses. Trimming value of the T" dimension: 0.10. Objective variable: unemployment rate, w;.
Up to 4 lags of the instrument protestants were evaluated to enter the first step regression of the 2SLS procedure after
differencing. Up to 4 lags of the instruments u;; were evaluated to enter the second step (level) regression of the 2SLS

procedure after differencing. Country specific fixed effects included.

4. Conclusions

This study examined the intricate relationship between entrepreneurship and unemployment, fo-
cusing on key issues such as non-linearity, reverse causality, and the heterogeneity of self-employment
types. By applying panel threshold estimators, the research offered a nuanced understanding of how
different forms of entrepreneurship—specifically opportunity and necessity entrepreneurship—affect
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unemployment rates across various economic contexts. The findings reveal shortcomings in existing
literature that often assumes a linear and systematic relationship between aggregate self-employment
and unemployment. Our initial results indicate that such a relationship is only present in economies
characterized by high economic performance.

The contributions of this work are critical to enhancing our understanding of the entrepreneurship-
unemployment nexus. Previous studies have frequently overlooked the complexities involved in this
relationship, primarily focusing on aggregate metrics without considering the underlying dynamics that
differentiate types of entrepreneurship. Our findings demonstrate that the dynamics of self-employment
are not uniform. The analysis of startup motives highlights that the economic impact of entrepreneur-
ship is contingent on a country’s economic performance. Specifically, the results showcase the essential
role of startup motives: opportunity entrepreneurs drive unemployment reduction in low-performing
economies, while necessity entrepreneurs significantly impact high-performing contexts. This interplay
between startup motives and economic performance underscores the necessity of considering the mo-
tivations behind self-employment to gain clearer insights into how different types contribute to overall
economic outcomes, especially job creation.

Although primarily focused on measurement, this paper carries practical implications for policy-
makers. A nuanced understanding of the differentiated impact of self-employment types can inform
strategies that promote entrepreneurship as a means to address unemployment challenges. This is par-
ticularly relevant in light of recent trends in self-employment observed in leading economies, including
the notable growth of the gig economy. Additionally, the study opens avenues for future research,
especially regarding the quality of jobs created through entrepreneurship and the evolving dynamics
of labor markets influenced by economic conditions. By further exploring these aspects, scholars can
refine their understanding of the complex relationship between entrepreneurship and unemployment
in a rapidly changing economic landscape.

In summary, this research offers valuable contributions to the literature, calling for a re-evaluation of
assumptions surrounding self-employment’s effects on unemployment rates. The findings are especially
pertinent considering the recent evolution of self-employment in leading economies. As emphasized by
Boeri et al. (2020) and Henley (2022), there has been a significant rise in self-employment, particularly
due to economic shifts associated with digital platforms and gig work. This trend reflects not only the
changing nature of work but also the growing importance of entrepreneurial activity in job creation.
Recent data indicate that a substantial portion of job growth in leading economies is linked to self-
employment, encompassing various forms of gig work that offer flexibility but also present challenges
in terms of job security and benefits. The dynamics of necessity and opportunity entrepreneurship are
closely associated with these trends, highlighting the need for policymakers to recognize and differenti-
ate between these two paths. By doing so, they can better address the unique challenges arising from
the gig economy and ensure that self-employment contributes positively to economic development.

This study encourages several promising avenues for future research, particularly related to the
nuanced relationship between entrepreneurship and unemployment. One critical area involves mea-
suring not only the contribution of changes in self-employment rates to unemployment reduction but
also the quality of the employment generated. This focus is increasingly relevant given that much of
the employment growth post-Great Recession has been driven by atypical forms of self-employment,
which often replace traditional employment relationships and can be associated with precariousness
and underemployment (Borowczyk-Martins & Lalé 2020; Bell & Blanchflower 2021; Congregado et al.
2024b).

Moving beyond aggregate analyses that fail to distinguish between different types of entrepreneurs
is essential. This study underscores the importance of examining the distinctions between necessity
and opportunity entrepreneurs, as well as exploring new dimensions such as the voluntary nature of
self-employment and the phenomenon of underemployment. Utilizing alternative measures of unem-
ployment and self-employment, including involuntary part-time employment and marginally attached
workers, will enhance our understanding of these dynamics. Such an approach can explain the varied
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findings while reflecting new trends in labor markets, particularly the rapid rise of contracting and atyp-
ical self-employment arrangements. Leveraging Labor Force Surveys for identifying these dimensions

can significantly improve our understanding of the dynamic relationship between entrepreneurship and
unemployment.
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