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ABSTRACT
The determinants of firm exit in Germany, with a particular focus on the role of spatial dependence, are investigated. Using 
administrative microdata, a baseline probit model confirms the importance of internal firm characteristics, most notably firm 
size, growth dynamics, and legal form, in explaining exit probabilities. Descriptive spatial analysis based on Global Moran's I 
statistics reveals substantial geographic heterogeneity. To account for these spatial patterns, spatial probit models are estimated 
separately for each county, making the analysis computationally feasible. These estimations indicate that spatial dependence is 
present in a meaningful share of regions, driven primarily by unobserved regional conditions rather than observable firm 
characteristics. While the core internal determinants remain robust across specifications, the significance of the spatial auto
regressive parameter demonstrates that firm exit is influenced not only by firm‐level attributes but also by the broader economic 
environment in which firms operate. These findings highlight the importance of incorporating spatial context into empirical 
analyses of firm survival.
JEL Classification: C21, G33, L25, R12

1 | Introduction 

The study of firm exit has a long tradition in economic analysis. 
Starting with the early contribution of Beaver (1966), an ever‐ 
increasing literature on the internal and external determinants 
of firm exit has evolved. The role of size, financial health and 
macroeconomic determinants, inter alia, is nowadays well 
investigated. However, despite substantial progress in analyzing 
the driving forces of voluntary or forced exit, the spatial 
dimension of firm exit has received less attention.

Firms do not operate in isolation; they interact with other 
market participants and are influenced by regional economic 
factors and policies, which vary across space. If these spatial 
effects are not accounted for, the estimation of the determinants 
of firm exit will potentially be biased (LeSage and Pace 2009). 
This highlights the importance of incorporating a firm's location 
when investigating its performance and subsequently its like
lihood to exit.

Formally, those interactions and regional influences are re
ferred to as spatial dependence. The analysis of spatial depen
dencies is a growing field in the literature, with important 
contributions of authors such as Anselin (1988) and LeSage and 
Pace (2009). Several econometric models have been developed 
to incorporate spatial dependencies. Among them, the Spatial 
Autoregressive Model (SAR) and Spatial Durbin Model (SDM) 
are two of the most widely used to account for spatial depen
dence (Anselin 2002).

This paper builds upon existing literature in the field of firm 
analysis by analyzing not only some of the most important 
internal factors, but also by examining the existence of potential 
spatial dependencies of firm exits in Germany. Germany presents 
an interesting case, as it is the biggest economy in the European 
Union and has a varying economic landscape. The Eastern part 
of Germany, suffering economically from its history as a socialist 
state, is structurally less developed (Reuters 2024), with none of 
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the 40 largest German firms having their headquarters located in 
an ex‐GDR (German Democratic Republic) state (Statista 2024). 
The South of Germany, on the other hand, is characterized by 
many hidden champions that are world leaders in their niche 
(Logue et al. 2015). Furthermore, Germany is organized as a 
federal state, having 16 different powerful states that decisively 
exhibit influence on the economic conditions in their reach. The 
municipality trade tax, relevant for firms, is decided even more 
locally. Therefore, Germany, with its diverse firm demography 
and economic conditions, presents an interesting case to inves
tigate the existence of spatial dependencies in firm exits.

Leveraging new spatial probit models (SAR and Durbin model), 
this paper shows that firm exits in Germany are spatially cor
related. Next to spillover effects, the existence of unobserved 
spatially correlated variables is found to be significant. The use 
of other widely applied spatial econometric techniques, like the 
Global Moran statistic, corroborates these results. The paper 
shows that spatial dependencies have to be taken into account 
when investigating firm exit in order to get more accurate 
results. It adds Germany to the growing list of investigated 
countries and thus adds another piece of the puzzle for a better 
understanding of the determinants of firm exit.

From a methodological point of view, the large number of firms 
(more than one million) makes it infeasible to estimate the 
spatial models directly. To circumvent this issue, we estimate 
the models separately for each German county and report 
aggregate results. Moreover, for estimating the Durbin model, 
we use the conjugate gradient method, which improves the 
computational feasibility even more.

Taken together, these considerations highlight the need to 
account for spatial context when analyzing firm survival and 
point toward a broader research agenda on the regional de
terminants of business dynamics in Germany. The remainder of 
the paper is organized as follows: Section 2 reviews the relevant 
literature. Section 3 introduces the data. Section 4 outlines the 
econometric approach, followed by the empirical results in 
Section 5. Section 6 places the findings in a broader context, and 
Section 7 concludes and motivates further exploration of the 
regional factors that shape business survival.

2 | Literature Review 

In the following, an overview of the existing literature is pro
vided. First, an overview of important determinants of firm exit 
is given. Then, existing literature that investigates spatial 
dependencies in the context of firm exit is presented.

2.1 | Determinants of Firm Exit 

The determinants of firm exit are a widely studied section in 
economics. Early studies primarily focused on internal factors 
influencing firm failure, beginning with the seminal works of 
Beaver (1966) and Altman (1968), who used financial ratios to 
predict corporate insolvency. Further evidence comes from 
Hirsch and Schiefer (2016) and Saridakis et al. (2013), who find 
that financial determinants and liquidity constraints are impor
tant determinants. Other authors focused on external factors, 
emphasizing the importance of the business cycle (Jacobson 

et al. 2013) or macroeconomic determinants, like GDP growth 
and inflation (Dewaelheyns and Van Hulle 2007). In addition, 
interest rates and the development of stock market returns are 
used to predict the likelihood of firm failures (Tinoco and 
Wilson 2013).

In more recent literature, the age and size of a firm have 
evolved as key determinants for firm performance. Studies such 
as Fackler et al. (2013), Farinas and Moreno (2000), Loderer 
et al. (2010), and Cefis et al. (2021) highlight their importance to 
determine the probability of firm exit. However, as Barron et al. 
(1994) argue, once size is controlled for, age does not exhibit an 
influence and is, if any, negatively correlated with firm exit.

2.2 | Size and Firm Exit 

The size of a firm is often proxied by the revenue of a firm and 
its number of employees (Farinas and Moreno 2000). The 
influence of size on a firms' likelihood to exit is quite clearly 
defined, with most studies highlighting the advantage larger 
firms have (Evans 1987; Mata et al. 1995; Farinas and 
Moreno 2000; Audretsch et al. 2000). The phenomenon where 
smaller firms are more likely to exit the market is often referred 
to as liability of smallness, introduced by Aldrisch and Auster 
(1986). Several factors explain how the size of a firm affects its 
performance. Evans (1987) suggests that small firms tend to 
operate below the efficient market level and thus more often 
drop out of the market. On the contrary, larger firms profit from 
economies of scale, which lead to increased competitiveness 
(Chandler 1994). Moreover, Fatica et al. (2022) highlight that 
larger firms typically have better access to external financing, 
reducing their risk of financial distress. A larger size also typi
cally implies more market power (Porter 1980) and a larger
degree of diversification (Markides 1997), both of which lead to 
more resilience and reduce the likelihood of insolvency.

Similarly to size, the growth of a firm can be a determining 
variable. Intuitively, one would expect that a growing firm has a 
lower propensity to exit the market, both voluntarily and forced. 
Supporting that idea, Thornhill (2006) argues that change in 
revenue can be interpreted as a proxy of firm performance. 
Abughniem et al. (2020) find evidence that the firm perform
ance is correlated with growth. On the other hand, authors like 
Bottazzi et al. (2002) and Bartelsman and Doms (2000) do not 
find robust evidence for a link between firm performance and 
growth. Similarly, Hall (1986) argues that the growth rate does 
not significantly influence a firms' propensity to exit, an 
assessment that is backed by Evans (1987).

2.3 | Legal Form and Firm Exit 

Lastly, the legal form of the firm can be an important factor that 
influences a firms' exit probability. Pérez et al. (2004) find that 
privately held firms may struggle to find a successor and thus 
voluntarily exit the market; a problem that public corporations 
do not face. This insight is backed by the contribution of 
Harhoff et al. (1998), who suggest that the age of the firms' 
owner positively correlates with firm exit; implying that sole 
proprietorships exit have a “naturally” higher chance to exit the 
market. Fama and Jensen (1983) investigate the risk‐taking 
behavior of different legal forms of firms and find, that public 
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corporations take larger risks because the decision makers face 
minimal personal risk. In contrast, firms in which owner and 
decision maker are the same person often make more conserv
ative decisions, which can reduce their likelihood to become 
financially distressed. On the other hand, corporations generally 
have better access to financing than firms organized as a sole 
proprietorship (Robb and Robinson 2014) and insufficient fi
nancing can increase the risk of insolvency (Fatica et al. 2022).

2.4 | Spatial Dependence and Firm Exit 

The term spatial dependence describes the concept that a var
iable is correlated with itself over space. In the context of firm 
exits, several contributions provide reasoning for the potential 
existence of spatial dependence, as several unobserved de
terminants of firm exit tend to be correlated across space. For 
example, Buehler et al. (2007) find that regionally varying cul
tural differences can explain the different insolvency rates in 
Switzerland. Similarly, investigating the bankruptcy‐risk of 
firms, Buehler et al. (2012) find that bankruptcy rates tend to be 
lower in agglomeration areas and touristic regions. Further
more, they show that regions with favoring local economic 
conditions, like low unemployment and tax rates, have lower 
rates of insolvency. Several studies support the advantageous 
effect for firms of being located in an agglomeration. For ex
ample, Krugman (1991) shows that firms located in agglomer
ation areas profit from reduced transportation costs and 
economies of scale. Applying a spatial probit model, Maté‐ 
Sánchez‐Val et al. (2018) find that geography plays a decisive 
role in determining the exit likelihood of a firm. Moreover, they 
show that the probability to fail is correlated for geographically 
close firms.

Firms are not only influenced by their internal determinants 
and their location, but also by neighboring businesses. A firm 
can profit from nearby competitors from an easier spread of 
information, ideas and knowledge spillovers (Glaeser and 
Gottlieb 2009; Duranton and Puga 2004) and because of an 
increase in local demand (Moretti 2010). The interconnection 
between firms is also evident when a neighboring firm exits the 
market. This exit can trigger spatial spillovers, as trade re
lationships, outsourcing, or supply chain dependencies may 
spread the firm closure to nearby regions (McCann and Ortega‐ 
Argilés 2013). Applying an autologistic model, Andreano et al. 
(2018) investigate spatial dependencies for the failure of Italian 
manufacturing firms. They find positive spatial spillovers, such 
that the exit of firms in one region increases the exit likelihood 
for firms in neighboring regions.

Another important contribution in this field comes from 
Cainelli et al. (2013) who investigate exit rates in Italian prov
inces. They show that the contagion effect of exit exists in the 
same year already and spreads over subsequent years. Similar 
insights come from Arcuri et al. (2018), who investigate the 
average exit rates in French districts. They find that spatial 
spillovers exist, inter alia, in the same period. Investigating the 
exit rates of Spanish counties, Serra et al. (2022) show that there 
exist spillovers between different sectors. They find that higher 
exit rate in the industry and agriculture sector exhibit spillovers 
on the service sector. Notably, all studies find positive spatial 
autocorrelation, indicating that a firms' likelihood to exit the 
market increases with the exit of geographically close peers.

For the case of Germany, Brixy and Grotz (2007) show that 
there exist regional clusters in firm start‐up and survival. Fur
ther, they find proof for the existence of significant positive 
spatial autocorrelation in the survival rates of firms. However, 
they account for these autocorrelations in a less sophisticated 
way. In particular, they do not consider a probit model. Other 
studies accounting for autocorrelation in Germany investigate 
the case of unemployment (Lehmann and Nagl 2019), job cre
ation (Fahr and Sunde 2006), or migration flows (Barthel and 
Neumayer 2015).

The innovation of our present paper is the consideration of a 
very large and up‐to‐date administrative data set from official 
sources (RDC of the Federal Statistical Office and Statistical 
Offices of the Federal States of Germany 2023a). Moreover, we 
apply a sophisticated spatial probit model and address the 
problem of imbalanced data.

Mayer and Wied (2024) consider the same data set of the present 
paper. They do not consider spatial dependence, but endogeneity 
aspects in the research question, which regressors have an 
influence on the exit probability. With a control regressor based 
on ranks, they address endogeneity issues arising from a poten
tially existing latent variable, which measures the quality of the 
management. It is an open question up to now, if this approach 
also works under spatial dependence. As our data do not contain 
any further information about these latent variables, we do not 
further consider the question of endogeneity.

3 | Data and Descriptive Statistics 

3.1 | Data Sources and Data Description 

The empirical analysis and methods applied use several data 
sources. Data about the exit of firms for the Years 2018 and 2019 
are obtained from the Research Data Center (RDC) (RDC of the 
Federal Statistical Office and Statistical Offices of the Federal 
States of Germany 2023a). Revenue, the number of employees, a 
measurement for productivity, the legal form, state of head
quarter and official municipality key of the firm, and informa
tion about the branches and legal entities are obtained from the 
RDC (RDC of the Federal Statistical Office and Statistical 
Offices of the Federal States of Germany 2023b). The official 
NUTS3 classification number of districts and corresponding 
longitude and latitude information is obtained from Eurostat 
(European Commission 2023) using the R‐package giscoR 
(Hernangómez 2024). A comprehensive list of variables 
included is found in Table 1.

The variable of interest is the binary variable exit . It takes the 
value 1 if the firm exited in the Year 2019 and 0 otherwise. Exit 
follows the definition given at the website of the German Sta
tistical Bureau: “A […] closure in the sense of business 
demography occurs when a combination of production factors 
[…] disappears, there is no reactivation and no other company is 
involved in this process” (Destatis 2024b).

The variables exit rate state and exit rate district are calculated 
by dividing the number of exited firms with the number of firms 
active in that year in a given state or district, respectively. 
Revenue is given in thousands of Euro. The change in revenue is 
defined as a factor variable, and is either More Revenue, Less 
Revenue, or No Change. The variable Productivity is measured as 
revenue per employee. The number of employees is given as the 
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number of employees subject to social security contributions as 
at December 31 of the given year. Only observations with at 
least one employee, following the definition, are included. The 
change in employees is calculated in the same fashion as the 
change in revenue. The legalform of the firm is defined either as 
sole proprietorship; corporations; partnerships and other
(hereafter: partnerships); and Not listed if the firm does not take 
any of the legal forms listed above. All independent variables 
are chosen with a lag of 1 year, following previous examples in 
the literature and to account for potential endogeneity (Elkink 
and Calabrese 2015).

District is one of the 400 districts in Germany, following the 
European NUTS‐3 definition; State is one of the 16 counties in 
Germany. Latitude and Longitude are the geographical co
ordinates of the branch office representing the firm, accurate to 
the meter. Some remarks have to be made in regard to the 
manipulation of the data set, especially regarding the variable 
revenue. First, only firms with revenue with at least 17,501 Euros 
in a given year have the duty to report numbers on revenue. 
Therefore, the smallest firms are effectively filtered out from the 
set of observations. Second, the revenue of a firm is calculated by 
adding up the revenue of all legal entities that belong to a given 
firm—the revenue numbers are not consolidated. Third, reve
nues for legal entities that are members of the same VAT group 
(“Organkreismitglieder”) are only estimated (Destatis 2024a). 
Therefore, revenue can only provide an idea of the size of the 
firm but is not suited for a more concrete analysis.

The next remark concerns the geographical coordinates. As 
outlined above, the observation of interest is the firm. However, 
information about the latitude and longitude coordinates is only 
on the company‐branch‐level. Thus, a two‐step procedure is 
applied to match the firm with the corresponding geo‐ 
coordinates. First, the geo‐coordinates are merged with the legal 
entity. This is a straight‐forward procedure as there exists a 

predefined variable to enable the merge. In the second step, the 
legal entity with the highest revenue in a given district is 
merged with the firm observation. Since there might exist more 
than one legal entity belonging to a given firm in a given dis
trict, that procedure leaves room for a (minor) error. This pro
cedure was developed and discussed with the contact person at 
the RDC and found to be the best possible way, considering the 
data and variables available.

Generally, several steps of manipulation have been carried out. 
In a first step, duplicates and nonrelevant firms are filtered out. 
Next, the data are filtered for firms that are (quasi‐) state related 
or not profit oriented. That excludes organizations and firms 
that are state‐owned, publicly controlled or act as private non
profit organizations. They are not included as they do not follow 
the same economic logic as profit‐oriented private firms. Gen
erally, only observations that are non‐empty for all variables in 
the given years are considered in the analysis.

3.2 | Summary Statistics 

In the following, the summary statistics are presented. The 
overall data set contains 1,160,442 observations, with an overall 
exit rate of 1.08% in the Year 2019. Table 2 provides an overview 
of the state the firm was located in 2018. Exit rates differ subs
tantially between the states, from 1.81% in Schleswig‐Holstein, 
two‐thirds above the average in Germany, to 0.81% in Baden‐ 
Württemberg, where the exit rate is 25% below the national 
mean. Notably, the share is well below the nonmanipulated data, 
where the national exit share averages 12.8% in 2019. The steps 
taken to construct a comprehensive data set of multiple variables 
disproportionately filter out firms that exited the market in 2019.

The question arises, if there might be a bias in our results due to 
this filtering. Under the assumption that smaller firms are 
associated with lower data quality and a potentially higher 

TABLE 1 | Overview of the included variables.

Variable Definition Year

Exit Firm exit 2019
Exit Rate State N exited firms/N total 

firms
2019

Exit Rate District N exited firms/N total 
firms

2019

Revenue Revenue 2018
Productivity Productivity 2018
Revenue dev Change in revenue 2019
Employee No. of employees 2018
Employee dev Change in no. of 

employees
2019

Legal form Legal form 2018
District District 2018, 

2019
State County 2018, 

2019
xcoord Longitude 2018
ycoord Latitude 2018

TABLE 2 | Summary of firms, exit, and exit rates.

N Firms N Exits Exit Rate Deviation

DE 1,160,442 12,549 1.08% —
SH 39,513 715 1.81% 67.3%
HH 29,688 500 1.68% 55.7%
NI 101,444 919 0.91% −16.2%
HB 7841 147 1.88% 73.4%
NW 242,107 2289 0.95% −12.6%
HE 88,075 1232 1.40% 29.4%
RP 56,039 509 0.91% −16.0%
BW 150,433 1219 0.81% −25.1%
BY 204,376 2292 1.12% 3.7%
SL 12,450 113 0.91% −16.1%
BE 50,969 661 1.30% 19.9%
BB 34,764 350 1.01% −6.9%
MV 22,187 201 0.91% −16.2%
SN 61,722 785 1.27% 17.6%
ST 28,315 261 0.92% −14.8%
TH 30,519 356 1.17% 7.9%
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market exit probability, our results might indeed have a down
ward bias. On the other hand, the difference between big and 
small companies is still reflected in the sample, as the following 
summary statistics show.

Table 3 shows the different characteristics between exited and 
nonexited firms. The median firm that exited in 2019 has 209 
employees, which is half the size of nonexited firms. A similar 
difference can be found in the number of employees: the 
median exited firms have two employees compared to four 
employees in the nonexited firm. The differences in mean val
ues are even more substantial; with exited firms generating only 
around 20% of the revenue and employing a little over 1/5 of the 
employees, compared to the average firm.

Table 4 contains further insights in the characteristics of firms. 
The bulk of firms are organized as sole proprietorships, which 
account for 53% of the overall sample. The second‐biggest group 
of firms is corporations which account for 33% of the data set. 
The remaining 24% are organized as partnerships or other firms. 
With 1.42% of all sole proprietorships leaving the market, their 

share is more than 30% above average. Contrarily, corporations 
left nearly half as often as the overall set. Partnerships exit the 
market 13% less often as the overall average.

The development of revenue and the number of employees 
delivers another insight between leaving and non‐leaving firms. 
Firms that managed to grow, both in terms of revenue and 
employees, have a substantially lower exit rate than the total set 
of firms. On the other hand, shrinking firms tend to leave the 
market more often.

These summary statistics already indicate a significant differ
ence between exited and nonexited firms, as well as a clear 
pattern in their geographical distribution.

4 | Methodology: Spatial Probit Regression 

There are several contributions that propose the use of spatial 
models to identify spatial autocorrelation in the data (e.g., 
Anselin 1988; LeSage and Pace 2009). However, the vast 
majority of papers and estimation methods developed to mea
sure spatial dependence consider linear spatial models. When 
working with binary models, such as the probit model, the es
timation is more demanding. McMillen (1992) noted that 
applying standard spatial estimations methods, such as the 
typical Maximum Likelihood (ML) method introduced by Ord 
(1975), to binary models leads to inconsistent estimations, 
because the former imply heteroscedastic errors. McMillen 
(1992) then developed a consistent estimation method for spa
tial probit models, using an expectation‐maximization (EM) 
method. Next to McMillen (1992), another early contribution is 
given by LeSage (2000) who uses the Bayesian Gibbs sampling 
to solve a continuous spatial model. Another method is given by 
Beron and Vijverberg (2004), who use a ML method with the 
recursive importance sampling (RIS). Lastly, the Generalized 
Methods of Moments (GMM), developed by Pinkse and Slade 
(1998) and the lineralized version by Klier and McMillen (2008) 
are valid estimation methods for spatial probit models.

Most methods, however, come with a drawback. Beron and 
Vijverberg (2004) report an estimation time of several hours for 
< 50 observations when using a ML estimation for a SAR probit 
model. Even as computational power has evolved in the years 
since 2004, an estimation with several thousand observations 
would lead to extreme computation times. The GMM, which is 
based on an instrumental‐variable estimation, is computation
ally more efficient than ML estimation and MCMC estimation 
(Wilhelm and de Matos 2013). However, the estimation is quite 
inaccurate, especially when dealing with high autocorrelation 
(Martinetti and Geniaux 2017). Lastly, the Bayesian Gibbs and 
RIS sampler are valid options but only for smaller data sets 
where n 1000 (Martinetti and Geniaux 2017).

To overcome the problems that other estimations methods inherit, 
the method by Martinetti and Geniaux (2017) will be used. The 
authors provide an approximate ML estimation method which 
allows a computationally efficient and accurate approximation of 
the spatial effects when working with binary outcome variables. It 
allows the estimation of the Spatial Lag Model SAR. Generally, the 
spatial probit model is represented as:

Ny Wy X I* = * + + , ~ (0, )n
2 (1) 

TABLE 3 | Summary continuous variables.

Overall Exit No exit

Revenue (in €k)
Mean 5399 856 5449
Median 414 209 417
5th percentile 62 37 63
95th percentile 7451 2051 7525
No. of employees
Mean 21 5 22
Median 4 2 4
5th percentile 1 1 1
95th percentile 45 15 45

TABLE 4 | Summary categorical variables.

Overall Exit No exit
Exit 
rate

Legal form
Sole 
proprietorship

613,029 8711 604,318 1.42%

Corporations 383,415 2300 381,115 0.60%
Partnerships and 
other

162,752 1522 161,230 0.94%

Not listed 1246 16 1230 1.28%
Change in revenue
No change 565,137 7065 558,072 1.25%
Higher revenue 321,388 1582 319,806 0.49%
Lower revenue 273,917 3902 270,015 1.42%
Change in employees
No change 14,764 205 14,559 1.39%
More employees 674,469 5376 669,093 0.80%
Less employees 471,209 6968 464,241 1.48%
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It holds, that

l
mooo
noo

y
y
y

=
1, * > 0
0, * 0,i

i

i
(2) 

where y represents the observed binary dependent variable, y*
is the unobserved latent variable, and are the spatial scalar 
parameters which measure the strength of autocorrelation, 
defined between [−1, 1]. W and M are spatial weight matrices, 
X is a matrix of regressors, and is the corresponding set of 
coefficients. u is the error term and are the disturbances which 
follow a multivariate normal distribution. As it is not possible to 
estimate both and 2 within a probit model, the errors are 
standardized to unit variance = 12 (LeSage and Pace 2009). In
is defined as the identity matrix.

In addition to the SAR model described above, this paper also 
implements a spatial Durbin probit model. This way, we provide 
a comparison of two different models, which partly addresses the 
methodological criticism brought forward in Pinske and Slade 
(2010). The Durbin model extends the SAR by including spatially 
lagged independent variables, thereby providing a more com
prehensive framework for capturing spatial dependencies. Fol
lowing the notation established by LeSage and Pace (2009), the 
spatial Durbin probit model in its latent form can be defined as:

Ny Wy X WX I* = * + + + , ~ (0, )n
2 (3) 

where the variables y W X*, , , , and are defined as in 
Equation (1). The additional term WX represents the spatially 
lagged explanatory variables, and is the corresponding k × 1
vector of coefficients that capture spillover effects from neigh
boring observations' characteristics.

The reduced form of the SDM is given by:

y I W X I W WX
I W

* = ( ) + ( )
+ ( ) .

n n

n

1 1

1
(4) 

This formulation demonstrates how the Durbin model integrates 
both direct effects (X ) and spillover effects (WX ) from neigh
boring observations, with the spatial multiplier I W( )n

1 gov
erning how these effects propagate through the spatial network.

The Durbin model specification enables a richer interpretation 
of spatial interactions compared to the SAR model. While the 
SAR model captures only the endogenous interaction effects 
through the spatially lagged dependent variable, the Durbin 
model additionally incorporates exogenous interaction effects 
via the spatially lagged explanatory variables.

The implementation of the spatial Durbin probit model requires 
special consideration of the spatially lagged explanatory vari
ables. For each explanatory variable xj (excluding the intercept), 
a corresponding spatially lagged variable w xi

n
ij ij=1 is created 

and included in the model. This process effectively doubles the 
number of explanatory variables in the design matrix:

X X WX= [ ]durbin (5) 

where Xdurbin represents the augmented design matrix for the 
Durbin model.

The estimation procedure follows the same approximate ML 
approach used for the SAR model, based on the method by 
Martinetti and Geniaux (2017). The likelihood function for the 
Durbin model takes a similar form to that of the SAR model but 
includes the additional parameters :

L x A( , , ) = ( )n (6) 

where n represents the n‐dimensional multivariate normal 
probability, is the variance‐covariance matrix defined as 

I W I W= ( ) ( ) )n n
1 1 , and A defines the integration 

bounds based on the observed binary outcomes.

In the Durbin model, there is a potentially large inverse matrix 
I W( )n

1, which is multiplied with the potentially nonsparse 
matrix WX . To improve computational efficiency, especially for 
large data sets, the implementation employs the conjugate 
gradient method to avoid explicit calculation of this inverse. 
Instead, the system I W z b( ) =n is solved directly, which is 
computationally more efficient.

The spatial weight matrix is based on the k‐nearest‐neighbors 
(NN) definition, a common and popular approach when con
structing the weight matrix (Dubin 1998). The method defines j
to be a neighbor of i, if j is one of k nearest observations based 
on the Euclidean distance, where k is the maximum number of 
neighbors. The distance is calculated using the longitude and 
latitude data of an observation. As argued by Pace et al. (1998), 
the choice of the weight matrix and the numbers of neighbors 
significantly influence the results. Thus, several weight matrices 
will be used to provide robust results.

Because a Germany‐wide spatial probit estimation is computa
tionally infeasible given the size of the data set and the dimen
sionality of the spatial weight matrix, the models are estimated 
separately for each county. This county‐level approach is meth
odologically preferable, as it preserves the underlying spatial 
heterogeneity and aligns the estimation with the true regional 
structure of firm dynamics. However, due to strict confidentiality 
requirements associated with the administrative microdata, the 
resulting county‐specific coefficients cannot be published. This 
makes it necessary to develop an aggregation procedure that al
lows for meaningful reporting of the results while fully respect
ing privacy constraints.

Such aggregation is not trivial from an econometric per
spective. Each county has its own spatial weight matrix and 
its own distribution of firm characteristics, implying that the 
estimated coefficients correspond to heterogeneous regional 
data‐generating processes. The mean coefficient must there
fore be interpreted as the expected effect across diverse local 
environments rather than as a single national structural 
parameter.

The share of significant coefficients provides a complementary 
and, in many respects, superior measure of the widespread 
relevance of each determinant. Unlike coefficient magnitudes, 
which are sensitive to local scaling, spatial connectivity, and 
nonlinearities the significance indicator abstracts from regional 
idiosyncrasies and reveals whether a variable plays a mean
ingful role in explaining firm exit in a given county. Concep
tually, this measure offers a robust way to summarize 
heterogeneous spatial estimation results. Together, the mean 
coefficient and the significance share provide an informative 
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and methodologically defensible summary of the regional esti
mation outcomes while fully preserving data confidentiality.

Generally, the estimation method allows for different specifi
cations. First, it can be differentiated between the full log‐ 
likelihood and conditional log‐likelihood estimation. As 
Martinetti and Geniaux (2017) note, the full method is com
putational intense and does not always improve the results. In 
fact, the conditional method yields highly reliable and some
times better results, as brought forward by the authors. Because 
of the methods' efficiency, it is recommended for data sets with 
more than a few thousand observations. Therefore, this paper 
will be limited to the conditional log‐likelihood estimation.

Another calibration of the estimation method is given by the 
choice between the variance‐covariance matrix and the precision 
matrix. The use of the latter, which is defined as P = 1, is also 
suggested by LeSage and Pace (2009). Again, for the sake of time 
efficiency, the estimation will be limited to the precision matrix.

The estimates are calculated using the R‐package SpatialProbit 
(Wilhelm and Godinho de Matos 2024).

5 | Empirical Results 

In the following section, the results are presented. First, the 
probit regression results are presented, including one estima
tion with regional FE. Afterwards, the global Moran calcula
tions are presented. Lastly, the results of the spatial probit 
estimation are shown.

5.1 | Nonspatial Probit Regression 

The binary dependent variable of the probit estimation is given 
by the exit decision of the firm. The model is estimated once 

with regional fixed effects and once without them. If the firm 
exited in the Year 2019, then Y = 1 and Y = 0 otherwise. For 
the categorical variables, the baseline estimation is given by sole 
proprietorship for the variable legal form and no change for the 
variables change in revenue and change in number of employees. 
In the estimation with fixed effects, Schleswig Holstein is used 
as the base case. The results of the probit estimation are shown 
in Table 5.

Most variables are significant at the 0.1% level. The only non
relevant variable is revenue. The categorical variables other and 
less revenue are significant at the 5% and 1% levels, respectively. 
As expected, a higher number of employees reduces the likeli
hood to exit the market, further supporting the liability of 
smallness (Aldrisch and Auster 1986). Holding all else equal, a 
switch from sole proprietorship to corporation or partnership 
significantly reduces the likelihood for exit. The larger coefficient 
of corporations compared to partnerships show the advantage 
corporations have compared to privately hold firms. Changing 
from no change in the number of employees to more employees 
reduces the likelihood to exit, whilst a change to less employees 
increases the exit likelihood, ceteris paribus. The same holds true 
for the change in revenue. Those support the insight, that growth 
tends to be an important determinant of firm exit. It also con
tradicts some insights from earlier literature, which indicates that 
growth is not a determining factor (Hall 1986). Interestingly, the 
revenue of a firm does not exhibit a significant influence on the 
propensity to exit, although exited and nonexited firms face a 
substantial difference in their revenue. One reason might be the 
difficulties with the assessment of revenue, outlined in Sec
tion 3.2. Moreover, it could also result from multicollinearity 
issues, which are not investigated in this case.

For the probit model with FE, the same set of variables is sig
nificant. However, some substantial differences compared to 
the model without fixed effects are visible. Foremost, the 

TABLE 5 | Probit estimation results.

Probit 1 Probit 2
Variable Coefficient SE Coefficient SE

Intercept −1.922*** 0.031 −2.127*** 0.027
NEmployees −0.0067*** < 0.001 −0.0068*** < 0.001
Revenue < 0.001 < 0.001 < 0.001 < 0.001
More Employees −0.219*** 0.010 −0.217*** 0.010
Less Employees 0.130*** 0.008 0.131*** 0.008
More Revenue −0.125*** 0.028 −0.125*** 0.028
Less Revenue 0.080** 0.028 0.078** 0.028
Corporation −0.277*** 0.009 −0.271*** 0.009
Partnership −0.111*** 0.011 −0.103*** 0.011
Other 0.236* 0.102 0.244* 0.102
State Fixed Effects No Yes
McFadden's R2 0.0330 0.0379
AIC 134,024 133,378
BIC 134,143 133,677
Log Likelihood −67,002 −66,664

Note: N = 1,160,442. 
***p<0.001; **p<0.01; *p<0.05.
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estimation with regional FE yields better results, as indicated by 
the lower Akaike Information Criterion (AIC) and Bayesian 
Information Criterion (BIC) and higher McFadden R2. Also, the 
higher log‐likelihood of the model signals that the model better 
explains the observed outcome.

Second, the baseline propensity to exit is larger. Given that the 
baseline is given by the state of Schleswig Holstein, the state 
with the highest exit rate, this insight does not surprise. As we 
can see in Table A1 in the Appendix A, being located in another 
state than Schleswig Holstein reduces in nearly every case the 
propensity to exit, c.p. The marginal effects of the variables are 
reported in Table A1 in the Appendix A.

For both estimations, the change to Corporation has the largest 
effect in reducing the likelihood of firm exit. In the non‐FE 
estimation, the likelihood of a firm to exit the market is reduced 
by pt0.68% . compared to pt0.72% . in the fixed effects model.

Notably, being located in Baden Wuerttemberg compared to 
Schleswig Holstein has the largest effect on a firms' likelihood 
to exit and reduces the same by pt30.7% . These results also 
indicate that nonobserved state‐wide characteristics are 
important determinants of firm exit.

5.2 | Global Moran's I 

In the following, the Moran statistic following Anselin (1988) is 
calculated in order to give some basic insights about the degree 
of spatial dependence. The spatial weight matrix is designed by 
using the Queen‐based contiguity definition of neighborhood 
(Dale and Fortin 2014), by which districts are defined as 
neighbors if they share a common border. First for the depen
dent variable, given as the share of firm exits per district in Year 
2019, and then for the standard residuals from both probit es
timations. The residuals are summarized by their respective 
district and the mean value is used.

The results of the Global Moran statistic are given in Table 6. 
All values indicate significant positive spatial dependence. With 
I = 0.336, the autocorrelation is strongest for the dependent 
variable. The residuals of the nonfixed effects model show 
similar values (I = 0.331). Both values are significant at the 5% 
level of significance. The significance level can be interpreted 
such that in none of the randomly permuted cases, the value for 
Moran's I was as high as in the original data set.

The residuals of the FE model show significantly less strong 
autocorrelation, but are still positively correlated and significant 
at the 5% level. This supports the idea outlined above, that the 
exit rates are partially explained by unobserved regional de
terminants. However, it also shows that the fixed effects do not 
properly account for the spatial dependence, as discussed by 
Anselin and Arribas‐Bel (2013).

5.3 | Spatial Probit Regression 

The estimation of Global Moran's has provided evidence that 
the observations are spatially correlated. That necessitates the 
use of a model that can account for these spatial dependencies, 
as the results of the baseline probit regression are biased in the 
case of spatial autocorrelation. Therefore, the Spatial Probit 
Model, outlined in Section 4 is estimated, following the proce
dure by Martinetti and Geniaux (2017). The model is estimated 
including the same set of variables as the first probit model and 
a varying number of neighbors. The SAR and Durbin spatial 
probit models are separately estimated for each German county 
and independent city. Estimating the models at this dis
aggregated geographical level allows us to capture local patterns 
of spatial dependence that may be masked when pooling all 
regions in a single national estimation. Due to strict data pro
tection rules associated with the underlying administrative 
microdata, it is not permissible to publish county‐specific 
parameter estimates. To report the results in a manner that is 
both informative and fully compliant with confidentiality reg
ulations, we therefore summarize the separate estimations by 
presenting, for each coefficient, the mean across all counties 
and the share of county‐level estimations in which the 
coefficient is statistically significant at the 5% level.

The mean coefficient provides a central tendency of the local 
estimations and reflects the average marginal effect of the var
iable across Germany. The share of significant coefficients 
complements this measure by indicating the degree to which a 
variable is systematically relevant across regions. A coefficient 
with a high mean magnitude and a high share of significance 
can be interpreted as a robust determinant of firm exit that 
exerts similar influence across most counties. Conversely, a 
coefficient with a moderate mean but low significance share 
indicates regional heterogeneity, suggesting that the variable is 
important only in certain parts of the country. The same logic 
applies to the spatial autoregressive parameter , where the 
significance share reflects how widespread local spatial depen
dence in firm exits is across the national territory.

The aggregation method can be justified by letting r̂ denote the 
estimator of coefficient in county r R1, …, , with R = 400. 
Under standard regularity conditions for spatial probit models, 
each r̂ consistently estimates the true region‐specific parameter 

r . The sample mean

R
¯ = 1 ˆ

r

R

r
=1

is therefore a consistent estimator of the national average effect 
E ( ) =r R r

R
r

1
=1 , which is substantively meaningful in a heter

ogeneous spatial setting. Likewise, the indicator r z1{ ˆ > ˆ }r0.975
converges to 1{ 0}r , implying that the share of significant 
coefficients consistently estimates the prevalence of nonzero ef
fects across regions. This measure parallels the “frequency of 
significance” in meta‐analytic econometrics and conveys how 
widespread a determinant is without revealing county‐level 
estimates.

Tables 7 and 8 report the corresponding means and significance 
shares for the specifications with NN = 200 and NN = 50 nearest 
neighbors, respectively. Across both neighbor specifications and in 

TABLE 6 | Global Moran's I values.

Type Global Moran's I p

Dependent 0.336 0.001
Residual 0.331 0.001
Residual FE 0.059 0.029
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both the SAR and Durbin models, the internal determinants of 
firm exit exhibit strong consistency. Firm size, proxied by the 
number of employees, and firm growth, proxied by changes in 
employment and revenue, show consistent mean effects, across 
varying neighborhood sizes. The negative coefficients for firms 
with increasing employment and revenue, and the positive coeffi
cients for firms with shrinking employment and revenue, appear 
with a high share of significance across counties. Similarly, the 
legal form exerts a substantial protective effect, with corporations 
and partnerships exhibiting consistently lower average exit proba
bilities than sole proprietorships. The large share of counties in 
which these variables are significant indicates that internal firm 
characteristics remain the primary determinants of exit across the 
German regional landscape.

The evidence concerning spatial dependence is more hetero
geneous. The mean values of the spatial autoregressive 
parameter are modest in magnitude, yet the share of counties 
where is significant suggests that local spatial dependence 
is present in a non‐negligible subset of regions. This finding is 
consistent with earlier Moran's I diagnostics, which revealed 
spatial clustering in the distribution of firm exits but also sub
stantial regional variation in the strength of autocorrelation. 
The Durbin specification shows somewhat higher rates of sig
nificance for , which indicates that local spatial interactions 
may operate through both endogenous dependence in the latent 
outcome and exogenous spatial lags of covariates.

Spatial spillovers through observable firm characteristics, cap
tured by the spatially lagged regressors in the Durbin model, 
appear limited. The mean coefficients of these spatial lags are 
generally small, and the share of counties in which these vari
ables are significant is extremely low. This pattern suggests that 
the principal spatial channel is not the transmission of firm‐level 
characteristics between neighboring firms but rather the influ
ence of unobserved regional conditions that cluster geograph
ically. This interpretation aligns with theoretical considerations 
in regional economics, where local business taxation, regional 
demand conditions, labor market frictions, and institutional en
vironments tend to vary over space and influence exit decisions 
in a spatially correlated fashion. The relative weakness of 
observable spillovers, in contrast, suggests that direct interfirm 
contagion via observable characteristics is limited in this setting.

Overall, internal firm characteristics remain stable predictors of 
firm exits across Germany, whereas spatial dependence exhibits 
meaningful but regionally variable patterns. The relative weak
ness of observable spatial spillovers further suggests that spatial 
autocorrelation in firm exit is driven primarily by unobserved 
regional factors rather than by direct interfirm interactions 
through measurable covariates. This county‐level evidence 
reinforces the central conclusion of the analysis that accounting 
for spatial dependence is essential, while also demonstrating that 
the mechanisms underlying spatial clustering operate unevenly 
across the German economic landscape.

TABLE 7 | Overall spatial probit results (NN = 200).

SAR Model Durbin Model
Variable Mean Share sig. (5%) Mean Share sig. (5%)

Intercept −2.571 1.00 −2.006 1.00
N Employees −0.017 0.60 −0.017 0.40
More Employees −0.392 0.77 −0.386 0.79
Less Employees 0.030 0.73 0.110 0.65
Productivity −0.0004 0.53 −0.0006 0.15
Corporation −0.273 0.70 −0.239 0.65
Partnership −0.252 0.80 −0.251 0.64
Other −0.997 0.87 −1.558 0.85
Revenue 2.363 × 10 7 0.53 −0.0173 0.35
More Revenue 0.228 0.90 0.215 0.70
Less Revenue −1.849 0.87 −3.266 0.93

−0.055 0.17 0.067 0.45
W_N Employees — — −0.0004 0.20
W_More Employees — — −0.013 0.00
W_Less Employees — — 0.012 0.01
W_Productivity — — 8.885 × 10 4 0.30
W_Corporation — — 0.058 0.01
W_Partnership — — 0.010 0.00
W_Other — — −0.001 0.00
W_Revenue — — 8.124 × 10 6 0.12
W_More Revenue — — −0.021 0.00
W_Less Revenue — — −0.004 0.00

Note: Reported values are means across separate county‐level spatial probit estimations. “Share sig. (5%)” denotes the proportion of counties in which the corresponding 
coefficient is statistically significant at the 5% level. Variables with the W_ prefix are spatially lagged covariates included only in the Durbin specification. Dashes (–) 
indicate variables not included in the SAR model.
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5.3.1 | Neighborhood Size and Spatial Dependence 

Although the county‐level aggregation prevents the computa
tion of formal direct and indirect effects in the LeSage and Pace 
(2009) sense for the SDM, the results nonetheless provide 
important insights into the spatial scale at which economic 
interdependencies in firm exit operate. A comparison of the 
NN = 50 and NN = 200 specifications reveals that spatial 
dependencies become more pronounced when broader neigh
borhood structures are considered. In particular, the spatial 
autoregressive parameter exhibits a markedly higher share of 
statistical significance in the Durbin model with NN = 200 than 
with NN = 50, and several spatially lagged covariates become 
significant only under the broader neighborhood definition. 
This pattern suggests that spatial spillovers in firm exit do not 
arise primarily from immediate geographic proximity, but 
rather operate at intermediate spatial scales consistent with 
county or metropolitan‐area structures.

This scale‐dependence aligns with the geographic scope of 
several key economic processes affecting firm survival. Labor 
markets are typically integrated at metropolitan scales, supply‐ 
chain linkages often extend across multiple counties, and 
market competition increasingly follows regional rather than 
purely local patterns. The finding that spatial dependencies 
manifest more clearly at NN = 200 therefore suggests that the 
relevant economic geography for firm exit encompasses wider 

business networks and institutional environments rather than 
simple adjacency.

The aggregated results imply that spatial dependence in firm 
exit patterns is driven predominantly by unobserved spatially 
clustered factors—such as local market conditions, regulatory 
or institutional contexts, business confidence, credit availability, 
or region‐specific demand shocks—rather than by observable 
firm characteristics generating substantial spillovers across 
space. This interpretation is consistent with the limited signif
icance of most spatially lagged regressors and the more frequent 
significance of the spatial autoregressive parameter.

These findings have several policy implications. In economically 
homogeneous regions, targeted interventions addressing specific 
firm characteristics are likely to produce primarily direct effects 
on the treated firms, with minimal spillovers through observable 
channels. By contrast, policies aimed at improving broader 
local business conditions—through infrastructure investment, 
regulatory simplification, or regional economic development 
measures—may generate more substantial spatial multiplier ef
fects by addressing the unobserved factors underlying spatial 
dependence. The stronger spatial patterns observed at interme
diate neighborhood sizes indicate that such policies may be most 
effective when designed at the county or metropolitan scale, 
which aligns closely with the actual spatial structure of labor 
markets and economic interactions.

TABLE 8 | Overall spatial probit results (NN = 50).

SAR Model Durbin Model
Variable Mean Share sig. (5%) Mean Share sig. (5%)

Intercept −2.507 1.00 −1.996 1.00
N Employees −0.016 0.71 −0.016 0.38
More Employees −0.387 0.74 −0.358 0.79
Less Employees −0.174 0.74 −0.163 0.68
Productivity −0.001 0.61 −0.001 0.13
Corporation −0.977 0.68 −0.894 0.64
Partnership −0.744 0.81 −0.650 0.61
Other −2.527 0.90 −1.425 0.82
Revenue −5.307 × 10 6 0.68 −6.116 × 10 8 0.34
More Revenue 0.225 0.90 0.225 0.70
Less Revenue −1.615 0.94 −3.240 0.91

0.000 0.19 0.019 0.31
W_N Employees — — 0.000 0.16
W_More Employees — — 0.000 0.01
W_Less Employees — — −1.882 × 10 5 0.02
W_Productivity — — −3.067 × 10 4 0.21
W_Corporation — — 0.000 0.03
W_Partnership — — 4.148 × 10 7 0.01
W_Other — — 0.000 0.00
W_Revenue — — −1.823 × 10 1 0.10
W_More Revenue — — 0.000 0.02
W_Less Revenue — — −1.610 × 10 7 0.00

Note: Reported values are means across separate county‐level spatial probit estimations. “Share sig. (5%)” denotes the proportion of counties in which the corresponding 
coefficient is statistically significant at the 5% level. Variables with the W_ prefix are spatially lagged covariates included only in the Durbin specification. Dashes (–) 
indicate variables not included in the SAR model.
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Overall, the analysis demonstrates that meaningful spatial 
dependencies in firm exit behavior persist even after accounting 
for firm‐level determinants, but that these dependencies are 
geographically uneven and operate at scales larger than imme
diate firm‐to‐firm proximity. This underscores the importance of 
modeling spatial autocorrelation in firm survival studies and 
highlights the relevance of regional economic environments as 
key determinants of business dynamics.

6 | Discussion and Limitations of Results 

The empirical results confirm the existing literature on the 
internal determinants of firm exit. Firm size, proxied by the 
number of employees, remains one of the most influential 
predictors of exit, supporting the liability of smallness 
(Aldrisch and Auster 1986). Growth dynamics, captured 
through changes in revenue and employment, also play an 
important role: growing firms tend to exhibit a substantially 
lower probability of exit, whereas shrinking firms face mark
edly higher risks. This finding contrasts with earlier studies 
suggesting that growth is not systematically related to firm 
failure (Hall 1986). Legal form continues to matter as well. 
Sole proprietorships exhibit significantly higher exit propen
sities than corporations and partnerships, reinforcing the view 
that institutional structures and access to financing influence 
firm survival outcomes.

A comparison between the pooled probit results in Table 5 and 
the aggregated spatial probit results in Tables 7 and 8 highlights 
the added value of incorporating spatial structure into the 
analysis. While the nonspatial model identifies the key internal 
determinants of firm exit, that is, firm size, growth dynamics, 
and legal form, it implicitly assumes that firms operate inde
pendently of their geographical context. The county‐level spa
tial probit estimations reveal that this assumption is not fully 
valid. The spatial autoregressive parameter is significant in a 
substantial share of counties, indicating the presence of local 
spatial dependence in firm exit that the pooled probit model 
cannot capture. Moreover, the spatial models uncover consid
erable regional heterogeneity in the strength of these depen
dencies, which is obscured in the national‐level estimation. 
Importantly, the core internal determinants remain robust 
across both modeling approaches, but the spatial results show 
that rather than observable firm characteristics, the unobserved 
regional conditions are responsible for the majority of spatial 
dependence.

The spatial analysis yields further novel insights. First, firm exit 
rates differ substantially across Germany and are characterized 
by strong spatial autocorrelation, as evidenced by the Global 
Moran's I results. Second, the county‐level spatial probit esti
mations reveal that unobserved regional conditions are a central 
source of spatial dependence. The spatial autoregressive 
parameter is significant in a non‐negligible share of counties, 
whereas most spatially lagged covariates show low significance 
rates, suggesting that spatial autocorrelation in firm exits is 
driven primarily by unobserved regional factors rather than by 
direct spillovers through observable firm characteristics. This 
interpretation is consistent with regional differences in local 
business environments, such as taxation, demand conditions, or 
institutional quality (Statistikportal 2024).

These findings provide new evidence that spatial dependence is 
an important feature of firm exit dynamics in Germany. How
ever, several limitations must be acknowledged. A key limita
tion relates to the treatment of spatial heterogeneity. For 
confidentiality reasons, the spatial probit models are estimated 
separately for each county, and only aggregated measures—the 
mean coefficient and the share of significant estimates—are 
reported. While this approach preserves the essential spatial 
patterns and avoids disclosure of sensitive information, it does 
not permit the computation of formal direct and indirect effects 
or the comparison of full spatial multipliers across regions.

Overall, while the analysis uncovers robust evidence of spatial 
dependence in firm exits and confirms the importance of 
internal determinants, these limitations underscore the need to 
fully exploit the richness of the administrative microdata.

7 | Conclusion 

This study provides new evidence on the determinants of firm 
exit in Germany by systematically incorporating spatial 
dependence into the analysis. Germany has previously received 
little attention in the spatial firm exit literature, despite its 
pronounced regional heterogeneity in economic structure. By 
estimating spatial probit models separately for each county and 
aggregating the results to preserve data confidentiality, this 
paper offers nationally representative assessment of how spatial 
processes shape firm survival outcomes.

The results confirm the importance of internal firm character
istics like firm size, growth dynamics, and legal form as robust 
predictors of exit. At the same time, the spatial analysis reveals 
that firm exit is not randomly distributed across space: exit rates 
are strongly clustered, and the spatial autoregressive parameter 
is significant in a notable share of counties. These patterns 
demonstrate that unobserved regional conditions, rather than 
observable firm attributes, are the primary channels generating 
spatial dependence. The consistently low significance of spa
tially lagged covariates further suggests that pure contagion 
mechanisms linked to local economic environments dominate 
over direct spillovers between neighboring firms.

The lack of access to publishable region‐specific coefficients 
requires aggregation of county‐level estimates.

Several promising avenues for further work emerge from this 
study. Incorporating regional start‐up rates would allow for a 
more comprehensive view of demographic firm dynamics, as 
previous research suggests strong interdependencies between 
firm birth and exit rates (Brixy and Grotz 2007). From a policy 
perspective, the evidence indicates that regional economic en
vironments shape firm exit risks in ways that go beyond firm‐ 
level characteristics. Future research linking spatial exit pat
terns to regional policy interventions, that is, business tax 
changes, infrastructure investments, or innovation support 
programs, could yield valuable insights for targeted regional 
development strategies.
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Appendix A 

Unveiling Spatial Dependencies — Investigating the 
Determinants of Firm Exit in Germany 

Table A1

TABLE A1 | Probit estimation results full table.

Probit 1 Probit 2
Variable Coefficient SE Coefficient SE

Intercept −1.922*** 0.031 −2.127*** 0.027

Revenue < 0.001 < 0.001 < 0.001 < 0.001

N Employees −0.0067*** < 0.001 −0.0068*** < 0.001

More Employees −0.219*** 0.010 −0.217*** 0.010

Less Employees 0.130*** 0.008 0.131*** 0.008

More Revenue −0.125*** 0.028 −0.125*** 0.028

Less Revenue 0.080** 0.028 0.078** 0.028

Corporation −0.277*** 0.009 −0.271*** 0.009

Partnership −0.111*** 0.011 −0.103*** 0.011

Other 0.236* 0.102 0.244* 0.102

HH 0.0015 0.024

NI −0.265*** 0.020

HB 0.0564 0.038

NW −0.251*** 0.017

HE −0.0901*** 0.019

RP −0.282*** 0.023

BW −0.307*** 0.019

BY −0.193*** 0.017

SL −0.260*** 0.039

BE −0.115*** 0.022

BB −0.256*** 0.026

MV −0.290*** 0.031

SN −0.163*** 0.021

ST −0.290*** 0.028

TH −0.204*** 0.026

McFadden's R2 0.0330 0.0379

AIC 134,024 133,378

BIC 134,143 133,677

Note: N = 1,160,442. 
***p < 0.001; **p < 0.005.
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Table A2

TABLE A2 | Probit effects full table.

Probit 1 Probit 2
AME [lower, upper] AME [lower, upper]

Variable (SE) (SE)
N Employees 0.0002 [ 0.0002, 0.0002]*** 0.0002 [ 0.0006, 0.0001]***

(0.0001) (0.0002)

Revenue 0.0000 [0.0000, 0.0000] 0.0000 [0.0000, 0.0000]

(< 0.0001) (< 0.0001)

Corporation 0.0068 [ 0.0072, 0.0064]*** 0.0072 [ 0.0076, 0.0068]***

(0.0002) (0.0002)

Partnership 0.0031 [ 0.0037, 0.0025]*** 0.0037 [ 0.0042, 0.0031]***

(0.0003) (0.0003)

Other 0.0106 [ 0.0004, 0.0217] 0.0004 [ 0.0429, 0.0421]

(0.0056) (0.0217)

More Employees 0.0048 [ 0.0052, 0.0044]*** 0.0052 [ 0.0139, 0.0034]***

(0.0002) (0.0044)

Less Employees 0.0043 [0.0035, 0.0051]*** 0.0037 [0.0022, 0.0053]**

(0.0003) (0.0049)

More Revenue 0.0032 [ 0.0048, 0.0016]*** 0.0048 [ 0.0071, 0.0025]***

(0.0008) (0.0016)

Less Revenue 0.0025 [0.0009, 0.0042]** 0.0009 [ 0.0036, 0.0054]

(0.0008) (0.0042)

HH 0.0015 [0.0001, 0.0029]

(0.0240)

NI 0.2650 [ 0.3050, 0.2250]***

(0.0200)

HB 0.0564 [0.0184, 0.0944]

(0.0380)

NW 0.2510 [ 0.2850, 0.2170]***

(0.0170)

HE 0.0901 [ 0.1280, 0.0522]***

(0.0190)

RP 0.2820 [ 0.3240, 0.2400]***

(0.0230)

BW 0.3070 [ 0.3450, 0.2690]***

(0.0190)

BY 0.1930 [ 0.2270, 0.1590]***

(0.0170)

SL 0.2600 [ 0.3380, 0.1820]***

(0.0390)

BE 0.1150 [ 0.1590, 0.0710]***

(0.0220)

BB 0.2560 [ 0.3080, 0.2040]***

(0.0260)

(Continues)
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TABLE A2 | (Continued)

Probit 1 Probit 2
AME [lower, upper] AME [lower, upper]

Variable (SE) (SE)

MV 0.2900 [ 0.3520, 0.2280]***

(0.0310)

SN 0.1630 [ 0.2050, 0.1210]***

(0.0210)

ST 0.2900 [ 0.3460, 0.2340]***

(0.0280)

TH 0.2040 [ 0.2560, 0.1520]***

(0.0260)

Note: SE in parentheses. 
***p < 0.001; **p < 0.005.
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