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ABSTRACT 

This paper examines the post-entry performance of new firms and their impact on job creation and 

job destruction in the Belgian economy. We use a unique longitudinal data set drawn from the 

published annual accounts for the period 1985-1994. Our main conclusions can be summarized 

as follows: 

(a) The exit rate increases over the first three years of a firm's life and stabilizes afterwards. 

(b) Firms with a small initial size have a lower exit probability than firms with a large initial size. 

(c) Firms operating in turbulent sectors experience a higher exit probability than firms operating 

in sectors with low turbulence. 

(d) Over the period 1985-1994, Belgian firms created on average 7.7% new jobs, while 7.2% 

existing jobs were destroyed. New firms create 26% of all new jobs. Firm exit accounts for 

25% of all job destruction. 

(e) Small firms create disproportionately more jobs compared to large firms. 
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1. INTRODUCTION 

The biological facets of firm dynamics have long attracted the attention of the economICS 

profession. The theoretical literature has exploited numerous problems related to entry, expansion, 

contraction and exit, and how these processes are related to firm-specific strategies (e.g.: 

Tirole,Chapter 8, 1989; Jovanovic, 1982; Pakes and Erickson, 1991; Nelson and Winter, 1982; 

Milgrom and Roberts, 1982; Sutton, 1991). Empirical research in this area has lagged behind and 

it is only recently with the development of large panel datasets of firms or establishments that an 

empirical evaluation of the relevance of firm and industry evolution could be established (Dunne, 

Roberts and Samuelson, 1989; Geroski, 1991; Audretsch, 1991). Empirical research has mainly 

focused on describing entry and exit patterns and how they are related to firm size and scale 

economies, which has led to an important observation that entry by new firms into an industry is 

not substantially deterred by scale economies (Acs and Audretsch, 1989a,b). This raises the 

question whether new firms are able to survive even when they enter 'suboptimally'. It seems 

essential to obtain a better understanding of the post-entry performance of new firms. In the 

context of the 'growth of firms' literature testing Gibrat's law of proportionate growth, Evans 

(1987a,b) and Dunne, Roberts and Samuelson (1989) found not only that small firms have 

significantly higher growth rates, but also that failure rates tend to decrease as firm size increases 

and as firms age. Audretsch (1991), Mata and Portugal (1994) and others build on this and look 

for sector- specific characteristics which influence the post-entry performance of new firms. 

This paper makes a threefold contribution to this rising literature on the "biology of firms". First, 

we estimate for 114,074 firms that entered the Belgian economy between 1985-94 a seml

parametric hazard duration model that relates firm survival to both firm- and industry-specific 

characteristics. Mata and Portugal (1994) find for a sample of Portugese manufacturing firms that 

new firm failure varies negatively with firm start-up size, the number of plants operated by the firm 

and the industry growth rate, and varies positively with the .~xtent of entry in the industry. 

Audretsch (1991) relates firm survival to capital intensity and scale economies at the sectoral level. 

Audretsch and Mahmood (1995) extend the analysis by including firm-specific characteristics and 

find for a sample of over 12,000 new US manufacturing firms that survival not only depends on 

the technological conditions and scale economies, but also on business-specific factors such as size 

and ownership status. With the exception of Mata and Portugal (1994), none ofthese studies have 
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parameterized the effect of firm age on failure rates, yet, there are reasons to expect that the pattern 

of firm failure varies with age. Rather than imposing a priori a distribution on the aging effect of 

the failure rate, we model time dependence in a semi-parametric fashion. This estimation method 

allows for both a monotonic and non-monotonic time dependence. The results we find in this 

study are striking. The conventional wisdom that initial start-up size is negatively related to firm 

failure is not confirmed, rather we find the opposite result. Moreover, we find only weak evidence 

that scale economies matter. In terms of the time dependence we find a non-monotonic aging 

effect. 

Second, while there exists a substantial interest in the dynamic process of industry evolution, little 

is known about its economic significance, at least in terms of employment generation. We 

therefore investigate how job creation and destruction are related to new firm entry, expansion and 

contraction of incumbents and exit of incumbents. This allows us to assess the relative importance 

of incumbents vs. entrants in the aggregate dynamics of employment growth. To this end we 

follow the recent literature on gross job rea1110cation that inspired a substantial wave of empirical 

and theoretical research in labour, industrial and macro economics. 2 In this paper we provide new 

evidence on job reallocation rates for the Belgian economy using the entire population of firms in 

both the manufacturing and non-manufacturing sector, excluding financial institutions and health 

care. 

The third contribution of this paper lies in the new dataset that is used. The sample of new firms 

consists of all Belgian firms that were newly established with at least one employee in the period 

1985-1994, with the exception of the financial industry and hospitals. Hence, in contrast to many 

prior studies, no restrictions were made in terms of firm size. In addition, we are able to identify 

exit related to bankruptcy or liquidation from exit related to merger or acquisition. 

The paper is organized as follows. The next section describes the dataset while the third section 

introduces the hazard model used to analyse the survival of new firms and discusses the main 

2 Empirical contributions include Davis and Haltiwanger (1992) for the US, Boeri 
and Cramer (1992) for Germany, Konings (1995a,b) for the UK, Broersma and Gautier 
(1995) for the Netherlands and Salvanes (1996) for Norway. Important theoretical 
contributions include Mortensen and Pissarides (1994) and Aghion and Howitt (1992). 
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results. The fourth section examines the impact of new firms, incumbents and exit on job creation, 

destruction and reallocation. Section five summarizes and concludes the paper. 

2. DATA 

The dataset at our disposal consists of all Belgian firms that are subject to the Belgian accounting 

law and thus obliged to publish annual accounts by filing them with the National Bank. All 

incorporated enterprises that carryon a commercial activity, whether or not they are listed on a 

stock exchange, publish full or abbreviated accounts. This means that all small companies, with 

some minor exceptions (Lefebvre and Flower, 1994), are subject to the accounting law concerning 

the preparation and publication of accounts. Belgium has indeed gone much further than was 

required under the terms of the European Union's Fourth Directive. 

The dataset covers manufacturing as well as service industries. However, credit and banking 

institutions, insurance companies, exchange brokers and hospitals are subject to special rules. 

Therefore, these industries are not included in the sample. Data are collected at the firm level for 

the period 1985-1994. All incorporated firms with at least 1 full-time employee are included. In 

1985 the average firm employed 22.74 workers, while in 1994 this figure reduced to 12.94. At 

the same time the number of firms has more than doubled over this time period, from 56916 in 

1985, to 134777 in 1994. This shift in the size distribution can also be seen on inspection of figure 

1 where the log size distributions for 1985 and 1994 are plotted. Over this time period there has 

occurred a shift in favour of the smaller firms in the Belgian economy. 

«insert figure 1 here > > 

In our dataset we have a well defined identification of entry and exit. The year of entry is 

determined by the moment of value-added tax registration. Exit refers to suspension of the V A T 

number as published in the Official Gazette (Belgisch Staatsblad). Furthermore, Belgian 

accounting law requires companies to publish the number of employees in their annual accounts. 

The average entry rate (i.e. the number of firms that entered in a given year expressed as a fraction 

of the number of incumbents) is 5.7% (std.=0.023) and the average exit rate is 4.0% (std.=O.013). 
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This dataset has several advantages with respect to other longitudinal data sets used. First, there 

are clear dates of entry (determined by the assignment of the firm's VAT number) and exit. 

Second, there is no undersampling of very small firms, and almost all Belgian incorporated firms 

are included in the sample. This allows us to undertake a study of entry and exit over a long time 

period without encountering problems of sample selection bias. Third, the dataset includes both 

incumbents and new firms. This is important to determine the relative economic importance of 

both groups. Fourth, we do not restrict the sample to a give cohort year, but rather use all entrants 

for the period 1985-1994. 

3. THE SURVIVAL OF NEW FIRMS 

In this section we investigate the post-entry performance (in terms of survival) of new firms. We 

are able to trace the individual histories of 114074 firms that entered the Belgian economy during 

the period 1985-1994: we record whether the different cohorts of new firms in each year have 

survived, failed (exit), or have been acquired by the end of 1994. Of the 114074 entries, we found 

that only 10% of them exit, leaving 90% of the firms that survived up through 1994. Our aim is 

to model the exit rate of new firms as a function of the age of the firm, start-up characteristics of 

the firm, industry sector conditions and overall economic conditions. To this end we estimate a 

flexible semi-parametric hazard function. 

3.A. MODEL DEVELOPMENT 

Let the random variable T denote the time between firm entry and exit (failure), with associated 

probability density function fit) and cumulative density function F(t). Then, 

h(t) = f(t) 
1 - F( t) 

(1 ) 

is the hazard, i.e., the rate at which firms exit during period t given that they have not done so in 

the previous t-l periods since entry. The survival function S(t)= 1-F(t) denotes the probability that 

exit does not occur for at least t periods. To account for the discrete nature of our data, we define 

annual grouping intervals [tk." tk), k= 1 ,2, ... ,m+ 1, to=O and tm+,=oo. Exit in interval [tk.' , tk) is then 

recorded as tk , which is the number of years since entry. 
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To model the hazard rate as a function of covariates, we use the Cox (1972) formulation and let 

h(t) = ho eP(t) I (2 ) 

where X(t) is a vector of covariates variables which may be fixed or time-varying, ~ is a vector 

of parameters, and ho is the exit rate of the base group. The base group consists of those firms for 

which all explanatory variables equal zero. A positive ~-coefficient implies that a positive value 

of the associated variable augments the exit rate. 

An important novelty of the current approach as opposed to earlier studies lies in the way we 

model duration dependence. While most studies assume a constant time dependence, we combine 

the Cox proportional hazard model with semi-parametric time dependence. 3 Given the absence 

of a theoretical justification for choosing a particular distribution, we prefer this approach over 

imposing a particular distribution. The choice of an incorrect parametric distribution has been 

shown to result in inconsistent parameter estimates. The semi-parametric approach that we adopt, 

on the other hand, results in consistent estimates even when the true form of the underlying 

baseline hazard is unknown, as shown in Meyer (1986,1990). The semi-parametric approach 

involves adding a vector of time-varying dummy variables, D(t), to the model: 4 

h ( t) = ho e P x ( t) e C D ( t) I (3 ) 

where c is a vector of coefficients. A separate variable is used for each period; for example, D(3) 

takes on the values (0 0 1 0 0 ... ).5 The quantity ho in equation (3) then gives the exit rate of the 

base group in the first year. Positive (negative) c-coefficients indicate a higher (lower) exit rate 

compared to the first period. 

The semi-parametric approach makes no distributional assumptions regarding the nature of the time 

3 Mata and Portugal (1994) also use a flexible semi-parametric hazard specification 
which is similar to the one we use here. 

4 Examples of applications of this semi-parametric approach include McDonald and 
Van de Gucht (1996), Vanhuele, Dekimpe, Sharma and Morrison (1995) and Han and 
Hausman (1990). 

5 To avoid identification problems when simultaneously estimating c1 and ho, no 
separate indicator variable is added for the first period. 



7 

dependence. The only assumption made is that within a grouping interval, the hazard remains 

constant. The aging effect is thus measured as a piecewise approximation of an underlying, 

possibly very complex, continuous time-dependence pattern. If the exit rate is constant over time 

(i.e., there is no aging effect), all the c-coefficients equal zero; in this case, t follows an exponential 

distribution. Monotonically increasing c-coefficients imply that the exit probability increases as 

the firm ages. However, our model is flexible enough to also allow for a non-monotonic aging 

effect. 

Several patterns of time dependence may be possible. For example, a non-monotonic dependence 

may result from a situation where firms have a high exit probability in the first few years, but once 

firms have struggled through these first years, their exit probability may start to decrease. On the 

other hand, Mata and Portugal (1994) document a negative duration for their sample of Portugese 

entrants. 

To estimate the parameters ha, c and p, maximum likelihood estimation is used. The contribution 

of a given firm to the likelihood function depends on whether the firm is classified as a completed 

or censored observation. A firm X that has exited is a completed observation: we know the time 

tx that has elapsed between entry and exit. Because of the discrete nature of the data (i.e., we are 

working with annual grouping intervals), the contribution of firm X to the likelihood function is 

given by the difference in the survival functions S(tx-1)-S(tx). Firms that have survived up to the 

end of the observation period are censored observations: these firms mayor may not fail in the 

future. The contribution to the likelihood function of such a firm Y with an observed duration of 

ty is given by the survival function S(ty-l): we know the firm has not failed within the first ty-1 

months.6 Firms that have been acquired are also treated as censored observations, where the 

duration is from entry until acquisition. Based on the above arguments, the contribution of the i-th 

firm to the likelihood function is given by the following expression: 

6 Note that we assume the censoring occurs at the beginning of the grouping 
interval. Clearly, some such assumption is needed given the discrete nature of our data. 
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where ti is the number of observed periods until exit or censoring, and di is an indicator variable 

equal to one for censored observations and zero for completed observations. 

The expression for the hazard function given in equation (3) can be substituted into equation (4) 

through the following general relationship [Lancaster (1990); Ross (1980)]: 

(5 ) 

If we assume that the time-varying variables remain constant within each year but that they can 

change from year to year, ()/t) can be written as: 

1 2 ti 

f hi (1) du + f h i (2) du + . . . + f hi (t i ) du 
o 1 t;-l 

ti L e f3 Xi (j) + C Di (j) (6) 
j-1 

After appropriate substitutions, it can be shown that the log-likelihood function for N firms is: 

N L {( 1 - d i) 1 n [ e -ho B i ( t;- 1 ) - e -ho B i ( t i)] - d i ho B i ( t i - 1) } 
i-1 

where 
t L e [f3 Xi (j) + c d i (j) 1 • (7 ) 

j-1 

3.B. EXPLANATORY VARIABLES 

The explanatory variables (X(t)) are inspired by the existing literature that estimates survival 

models. Most authors investigate a relationship between survival and firm start-up size, firm age 

and some sector characteristics such as scale economies, turbulence and growth. Since we are 

concerned with testing a basic survival model we will follow the literature and include firm start-up 
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size, industry sunk costs, sectoral turbulence and an aggregate measure of economic conditions. 

Start-up size is measured as the number of employees reported in the first year. The learning 

models of Jovanovic (1982) and Pakes and Ericson (1991) suggest that firms may enter an industry 

at a sub-optimal scale so that they are able to learn and subsequently expand.· This suggests that 

if learning is efficient firms with a small initial size have a higher chance of survival than firms 

with a large initial size. On the other hand larger firms should be able to survive longer because 

the exposure to risk is lower for larger firms. It is, however, observed that many firms enter small 

and below some kind of optimal or minimum efficient scale size of their sector in. 

We divided the new firms in our dataset into three size classes. As shown in Table 1 below, in 

our dataset almost 50% of new firms start with 1 employee, 47.56% start with 2 to 10 employees 

and fewer than 6% of the new firms start with more than 10 employees. 

Table 1: Start-up size of new firms 

size class number of employees percentage of all new firms 

I 1 46.67 
II 2 - 10 47.56 
III > 10 5.78 

Sunk costs or minimum efficient scale is defined as the median number of employees in a given 

2-digit industry code (Sutton, 1991). We classified industry sectors into two groups, those with 

high sunk costs and those with low sunk costs. In our definition, an industry has high sunk costs 

if the median of the industry is higher than the median of all industry medians for a given year. 

It is usually assumed that new firms have better survival chances in industries with a low minimum 

efficient scale (e.g. Audretsch, 1995). 

Turbulence is measured by the magnitude of gross job reallocation at the 2-digit sectoral level. 

This is a measure for gross job turnover in an industry and captures to a certain extent the 

"flexibility" of firms in a particular sector as discussed in depth in section 4. We assume that the 

exit probability increases with industry turbulence, as suggested by Mata and Portugal (1994), and 

Dunne, Roberts and Samuelson (1989). This corresponds to the fact that the highest turnover rates 
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are found in industries that are more unsettled (Gort and Klepper, 1982). The four defined turnover 

classes in our study are determined by the quartiles of the magnitude of gross job reallocation. 

Economic conditions are captured by the annual growth in real GNP per capita. This is a time

varying explanatory variable in our model. High economic growth should decrease the exit 

probability in the next period. 

3.C. RESULTS 

The results of estimating equation (7), allowing for firm-, sector- and aggregate-specific effects, 

are gIven in Table 2. We report three alternative specifications, with each model including 

additional variables. The base group consists of firms with a start-up size of one employee 

(models 1,2,3) in industries with low turbulence (models 2,3) and high sunk: costs (or high 

minimum efficient scale) (models 2,3) in years of zero GNP growth (model 3V We discuss the 

estimated coefficients of the explanatory variables in turn. 

7We also experimented with interacting firm size and the sector specific characteristics, but 
the results were not changed. 
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Table 2: Hazard model estimates 

model 1 model 2 model 3 

aging effect 
110 (year 1) 0.0005 0.0004 0.0013 
c2 (year 2) 2.27 (21.32) 2.27 (17.54) 3.29 (23.81) 
c3 (year 3) 3.58 (35.00) 3.58 (27.81) 4.34 (32.62) 
c4 (year 4) 4.07 (40.91) 4.07 (31.93) 4.82 (36.29) 
c5 (year 5) 4.39 (44.74) 4.39 (34.59) 5.02 (37.78) 
c6 (year 6) 4.49 (43.71) 4.49 (36.10) 5.07 (38.05) 
c7 (year 7) 4.56 (43.71) 4.57 (34.93) 4.79 (35.72) 
c8 (year 8) 4.67 (46.70) 4.67 (36.12) 4.94 (36.63) 
c9 (year 9+) 5.56 (51.32) 5.56 (42.86) 6.02 (44.40) 

size 
class II (2-10) 0.17 (8.85) 0.16 (9.55) 0.15 (8.98) 
class III (> 10) 0.37 (10.25) 0.37 (11.34) 0.38 (11.67) 

turbulence 
class 2 - 0.25 (5.17) 0.27 (6.03) 
class 3 - 0.18 (3.72) 0.30 (6.90) 
class 4 - 0.13 (2.71) 0.19 (4.29) 

sunk costs - 0.03 (1.11) -0.01 (-0.50) 
(O=high; 1 =low) 

growth in 
GNPlcapita - - -0.88 (-95.77) 

log likelihood -48837.95 -48820.06 -44021.66 

'Jotes: t-statIstIcs III p arentheses 

Aging Effect 

With respect to the aging (duration) effect the estimates of ho and the c-coefficients indicate that 

there is an increasing conditional annual exit probabability in the first three years with a 

stabilization (but no decrease) afterwards. For exposition, the aging effect estimated in model 1 

is portrayed graphically in Figure 2. This figure clearly shows that the model estimated gives us 

a piecewise approximation to the true underlying aging effect. The exit rate in year 1 is 0.05%. 

In the following years, the conditional exit rate increases to 0.11 % in year 2 (0.05%*2.27), 0.18% 

in year 3, 0.20% in year 4, and so on. This non-monotonic time dependence appears consistently 

in each of the models presented in Table 2. The hazard rate increases initially with the number 
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of years since start-up and stabilizes afterwards. The increase in the hazard rate initially can be 

explained by learning effects in the early period of a firm's life. Since it takes time for firms to 

learn about their underlying capacities, efficiency level and in general market conditions it can be 

expected that the hazard rate increases with age initially (as in the theoretical model of Jovanovic, 

1982 see below). However, one would expect a decrease in the hazard rate after a certain duration. 

This is not observed, which could be a consequence of the short duration of the sample (maximum 

10 years in our sample). The impact of the other explanatory variables on the exit rate is 

manifested in an upward or downward (depending on the sign of the ~ estimate) shift of this 

baseline hazard. 

«insert figure 2 here > > 

Size Effect 

A striking result is the impact of the start-up size of new firms. Irrespective of the specification, 

initial size has a positive and significant impact on the exit rate. In other words, firms that start 

with two or more employees face a higher failure probability than firms that start with 1 employee 

(an upward shift in the baseline hazard). This result is not consistent with prior studies of firm 

survival in other countries. To determine the robustness of our results, we experimented with 

alternative size classes, but the result remained similar. Restricting the sample to firms with more 

than 1 employee still results in a positive and significant size effect. Furthermore, the positive size 

effect is not industry-specific: running separate hazard models for manufacturing and service 

industries resulted in a positive size effect for both types of industries. Finally, the simple 

summary statistics reported in Tables 3 and 4 are consistent with the positive aging effect. Table 

3 shows summary statistics on start-up size for new firms that failed some time after entry and for 

those that did not (by the end of 1994). Firms that failed entered with 7 employees on average, 

while firms that survived so far have on average started with 4.6 employees. 

Table 3: Relationship between start-up size and exit 

type average start-up size standard deviation 

failed firms 7.1 211.5 
survlvors 4.6 48.6 
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We also checked the frequency with which firms exit in the different size classes. We found that 

9.1% of all class I (1 empl.) firms exit, compared to 10.5% for class II (2-10 empl.) and 13.5% 

for class (III). Here again, we find indications that firms with larger start-up size tend to exit 

more. Finally, we also found a negative partial correlation coefficient between start-up size and 

agmg. 

As a last check on the size effect, we ran probit models where the probability of exit is a function 

of start-up size and other variables. The results are reported in Table 4. The first specification 

uses initial size as a continuous variable, the second uses its logarithm and the third uses size 

classes. Again, we find evidence of a positive and significant size effect: the smaller the firm the 

lower the probability of firm failure. 

Table 4: Probit model estimates (dependent variable exit=l) 

model 1 model 2 model 3 

initial size 0.0001 (1.83) - -

log(initial size) - 0.061 (10.96) -

size class II 0.064 (6.05) - -

size class III 0.196 (9.32) - -

sunk costs -0.12 (-6.56) -0.077 (-4.11) -0.086 (-4.64) 

log likelihood -36931.01 -36874.15 -36883.9 

\/otes: t-statlstlcs m p arentheses; we su pp ressed the other ex ,lanator p y variables m the table. 

Thus firms with a larger start-up size have a significant higher probability of failure. This is a 

striking conclusion because it is usually assumed that firms with a small initial size are less likely 

to survive. There are however a number of plausible explanations for this result. 

The first is related to the theoretical learning models. As mentioned earlier the learning models 

of Jovanovic (1982) and Pakes and Ericson (1987) suggest that firms may enter an industry at a 

sub-optimal scale which allows them to learn about their underlying efficiency level and about 

market conditions in general. In Jovanovic's model firms do no know their underlying efficiency 

level, but they do know the distribution out of which they obtained a random draw. As time passes 
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and firms obtain more information they can expand. Thus, if learning is efficient, firms with a 

small initial size have a higher chance of survival than firms with a large initial size. This is so 

because firms with a high initial size may have entered at too large a scale leading not only to 

learning costs but also expensive adjustment costs. This explanation is also consistent with the 

observed duration effect. Furthermore, it becomes more plausible for another reason related to the 

nature of the dataset: Although we observe the entire population of incorporated firms with at least 

one employee, we do not observe firms with no employees. 

A second explanation is related to the nature of the Belgian economy, which is characterized by 

high labour demand elasticities (Konings and Roodhooft,1996) and lower average wages in small 

firms. Because of this, smaller firms could more easily respond to demand fluctuations (Mills and 

Schumann, 1985). Moreover, there are fewer labour rigidities and less union influence in small 

companIes. Thus, small companies are likely to be more flexible in responding to demand shocks 

than large companies. This might be especially relevant for Belgium, a small open economy. As 

pointed out by Sleuwaegen and Dehandschutter (1990) business turnover in Belgian industries is 

largely explained by European- wide growth and profitability prospects. They report evidence that 

entry and exit in Belgium closely follow international industry restructuring processes. In our 

context, larger firms face a number of cost disadvantages, such as high wage and non-wage costs 

imposed by trade unions and other institutional arrangements, which makes it hard to compete in 

an increasingly global economic environment. Smaller firms face such problems to a lesser extent. 

Third, the specific Belgian fiscal law could explain the lower conditional failure probability of very 

small firms. Since corporate taxes are lower than personal taxes, a lot of small firms are created 

for fiscal purposes. These' companies' have a low failure probability. 

Finally, as suggested by Audretsch and Mahmood (1995) the initial size effect could be different 

in the manufacturing sector vs. the non-manufacturing and one could claim that our dataset consists 

of firms operating in manufacturing as well as service industries. Manufacturing accounts for only 

32% of the firms in the dataset. However, as mentioned above, the positive size effect is still 

significant for the subsamples that consist of only manufacturing or only services industries. 
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Industry Turbulence 

We now turn to the other explanatory variables of the hazard models reported in Table 2. The 

coefficient estimates on the turbulence quartiles are positive and significant. This indicates that 

the base group, i.e., firms operating in industries with the lowest degree of job reallocation, have 

a significant lower exit probability. This result is consistent with prior studies. 

Industry Sunk Costs 

It can be argued that if sunk costs are high the failure probability will be lower because a higher 

commitment has been made to stay in business in order to recoup the sunk costs. Also if sunk 

costs are high, fewer entrants will appear and therefore sunk costs could serve as a barrier to entry. 

However, the results of the hazard models reported in Table 2 indicate that sunk costs do not have 

a statistically significant impact on the exit rate. The results of the probit models reported in Table 

4, however, are consistent with our expectations of a negative and significant relation between sunk 

costs and the exit probability. One possible explanation for the divergence between the hazard and 

pro bit models is that the sunk cost effect in the latter model picks up some of the aging effect 

present in the data. 

Growth in GNP 

We expect that the failure probability is higher in economic downturns because operating cash 

flows will tend to be lower. In addition, firms who sell off assets to meet debt payments are likely 

to get a much lower price than during economic booms. The results confirm our expectations: the 

coefficient estimate for the growth in GNP per capita is negative and significant, indicating lower 

exit rates following positive economic growth. 

The above results suggest that even after controlling for sector and aggregate effects small new 

firms are inherently the most succesful ones, at least in terms of survival. This does not 

necessarily mean that they are also the most important ones from an economic point of view. We 

shall take up this issue in the next section. 

4. THE IMPACT OF NEW FIRMS ON JOB REALLOCATION 

To study the economic importance of entry and exit and more generally the relative importance 
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of incumbents versus new firms we computed the gross flows of jobs associated with them. The 

net aggregate employment growth rate is the result of (1) job gains that come from entrants and 

expanding firms on the one hand and (2) job losses that stern from exit and declining firms on the 

other hand. Those job gains and losses are referred to as gross job flows. 

Recently, there has been an increased interest both empirically and theoretically in analysing 

various aspects of gross job flows (Davis and Haltiwanger, 1990, 1992; Konings,1995a,b; Mortensen 

and Pissarides, 1994, 1995). Interesting underlying dynamics may be revealed when looking at gross 

job flows. To illustrate this point, imagine a net employment growth rate of 2%. This could be 

the result of an underlying gross job creation rate of 4% and a gross job destruction rate of 2%; 

alternatively, this could be the result of a gross job creation rate of 16% and a gross job destruction 

rate of 14%. Obviously, the latter suggests a much more turbulent labour (product) market than 

the former, which could have important policy implications (e.g. Garibaldi, Konings and 

Pissarides, 1996). 

We use data on both entrants and incumbents, including firms that existed before 1985. Formally, 

let employment for firm i at time t be denoted by nit. The growth rate of employment for firm i 

in period t then equals 

(8) 

2 

Note that we normalize by average firm size, which allows us to consider both employment growth 

of incumbents and entry and exit of firms. The growth rate lies in the interval [-2,+2] with -2 

corresponding to firm exit and +2 corresponding to firm entry. 

Total job creation (POS) in period t is given by 

POS 
" (n. -no 1) L..JieE zt zt-

n. +n. 1 
". (zt zt-) 
L..J,eEUc 2 

(9) 
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where E and C are the sets of expanding and contracting firms. 

Job destruction (NEG) is measured in an analoguous way: 

NEG (10) 

The sum of job creation and job destruction is a measure of turnover and is defined as the gross 

job reallocation rate (GROSS). Net employment change (NET) is simply the difference between 

job creation and job destruction. A different measure of job reallocation is the excess job 

reallocation rate (EXCESS). This is the difference between the gross job reallocation rate and the 

absolute value of net employment change. Thus EXCESS takes into account the amount of job 

turnover necessary to accommodate a given net aggregate employment change. It shows 

heterogeneity within the sector considered. 

Job creation is related to the expansion of incumbents and to the entry of new competitors. The 

entry share is therefore defined as the total number of new jobs due to entry relative to the total 

job creation in that year. In an analoguous way, the exit share refers to the percentage of job 

destruction through exit. 

Most theoretical work has been inspired by the following "stylized" facts: 

1. At all phases of the business cycle and even within narrowly defined sectors, regions or 

firm sizes, there exists simultaneous creation and destruction of jobs, indicating 

heterogeneous firm behaviour. 

2. The gross job reallocation rate is counter-cyclical. This is due to an asymmetry between 

the job creation rate and the destruction rate, where the latter is more volatile over the 

business cycle. 

The recent work by Mortensen and Pissarides (1994) aims at explaining both observations in a 

matching model of job creation and destruction. In this section we provide new evidence on gross 

job reallocation rates for the Belgian economy over the period 1986-94. 
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Table 5 reports the annual rates of job creation, job destruction, gross job reallocation, net 

employment growth and excess job reallocation for the Belgian economy over the period 1986-

1994. The annual average net reallocation rate (NET) of 0.5% represents a small upward trend in 

employment. Annual averages of 7.75% and 7.22% for job creation and destruction, respectively, 

imply an annual average gross job reallocation rate of 14.98% and an annual average excess job 

reallocation rate of 14.42%. Thus, more than 95% of the observed reallocation refers to real 

'churning' of jobs. This indicates that there exists substantial firm heterogeneity with respect to 

employment in firms. We show those rates graphically in figure 3. 

Table 5: Annual job creation, destruction and reallocation 

YEAR POS NEG GROSS NET EXCES ENTRY EXIT 
SHARE SHARE 

1986 0.057 0.079 0.137 -0.022 0.115 0.271 0.192 

1987 0.062 0.069 0.129 -0.005 0.124 0.192 0.199 

1988 0.090 0.074 0.164 0.016 0.148 0.306 0.272 

1989 0.104 0.074 0.178 0.029 0.148 0.327 0.387 

1990 0.102 0.071 0.174 0.030 0.143 0.281 0.368 

1991 0.084 0.066 0.150 0.017 0.133 0.225 0.283 

1992 0.070 0.070 0.140 0.00 0.140 0.265 0.234 

1993 0.063 0.079 0.142 -0.015 0.127 0.296 0.208 

1994 0.062 0.065 0.128 0.003 0.125 0.195 0.153 

mean 0.077 0.072 0.149 0.005 0.144 0.262 0.255 

st.dev. 0.018 0.005 0.018 0.018 0.011 0.048 0.080 

«insert figure 3 here > > 

The total job creation rate is more volatile than the job destruction rate. The standard deviation 

is lower for job creation (0.019) than for job destruction (0.005). This means that net employment 

change is mainly driven by job creation. Furthermore, the correlation coefficient between gross 

job reallocation and net employment growth is 0.85; this means that gross job reallocation is pro

cyclical and increases with net employment growth. If we restricted our sample to the 
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manufacturing sector only than we still obtained a positive correlation between gross job 

reallocation and net employment growth. Again, this finding is at odds with a substantial body of 

the literature: we do not find for the Belgian economy the counter-cyclicality observed in other 

studies. However, we do note the difference in sampling period between our work and prior work. 

The works by Davis and Haltiwanger (1992) for the US, Baldwin, Dunne and Haltiwanger (1994) 

for Canada and Konings (1995a) for the UK all cover two major recessions, namely the oil shocks 

in the seventies. The current work, on the other hand, covers only the recession of the early '90s 

which was very different in nature. This suggests that more attention should be given to supply 

versus demand shocks in generating certain patterns of job creation and destruction in theoretical 

models. 

The last two columns of Table 5 report annual entry and exit shares with respect to the creation 

and destruction of jobs. The mean annual entry share equals 26.2% with a standard deviation of 

0.048. The mean exit share is 25.5% with a higher standard deviation (0.08) than the entry share. 

Thus on average 26% of all new jobs are created by new firms, while 25.5% of all lost jobs are 

caused by firm closures. This indicates that entry and exit of firms has important implications for 

job generating dynamics. Figure 4 shows that exit shares increase with net employment growth, 

but also entry shares. This is not necessarily inconsistent with the findings of previous work that 

failure rates of new firms decrease in booms. The employment exit shares in Table 5 refer to all 

firms that leave the industry, including old existing firms that close down. 

«insert figure 4 here > > 

In the previous section we saw that small new firms had better survival chances than large ones. 

The dynamism of small firms is also confirmed when we look at gross job flows. Table 6 gives 

information with respect to the relationship between job flows and initial firm size. We 

disaggregate the data and distinguish six size categories based on the number of employees. The 

first size class is the set of firms with less than 10 employees. It can be easily checked that the 

smallest firms have a positive net employment growth while jobs are lost in the highest size 

classes. This means that there is an increase in the employment share of the smallest companies 

in comparison with other firms. As in other studies, there is in most cases a negative relationship 

between firm size and the job creation, job destruction, gross job reallocation, net job creation and 
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excess job reallocation rates. This negative relationship also holds for entry and exit rates. 

Gross job reallocation rates decline with the size of the firm. Most turbulence occurs in the 

smallest firms. This turbulence is to a large extent determined by the job creation process. Job 

creation clearly depends on the size of the firms. The smallest firms, where most entry takes place, 

have a job creation rate of 17.5% whereas the job creation rate in the largest firms equals 3.2%. 

It is perhaps not surprising to observe such a pattern if we focus on job creation and destruction 

rates. We therefore computed the share of job creation in total job creation for each size class. 

Looking at the smallest size class, more than 20% of all new jobs are created in firms employing 

less than 5 workers, while that size class accounts only for 14% of total employment. Thus the 

smallest firms create disproportionately more jobs than larger firms. This is expressed by the ratio 

between the job creation share and the size share (ratio 1). This ratio falls with size and equals 

2.26 for the smallest size class. If we look at the job destruction share, 20% of all destroyed jobs 

are destroyed in the smallest size class, which is also a more than proportional effect as can be 

seen from ratio 2. The largest firms, accounting for 41 % of total employment create only 16% of 

all new jobs and destroy 30% of all destroyed jobs. These results suggest that the smallest firms 

are inherently the more dynamic ones in terms of job creation and linking the results of the 

previous section they seem also be the more successful ones. 

With respect to the relationship between entrants, incumbents and job creation, we notice that in 

all size classes there has been an increase in jobs from entrants as well as incumbents with entry 

rates varying from 41.5% in the smallest to 14.5% in the highest size class. Thus the share of 

entrants is higher in size classes with a higher job creation rate or the smallest firms grow fastest 

and have the highest entry of new jobs. The exit share is much more evenly distributed over all 

size classes. Firms with employment in the range of 10-500 workers have on average an exit share 

of about 30%. 
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Table 6: Job flows and initial firm size 

SIZE CLASS 

1-9 10-19 20-49 50-99 100-499 500+ 

POS 0.1751 0.1171 0.0898 0.0890 0.0705 0.0324 

NEG 0.0985 0.0977 0.0744 0.0776 0.0738 0.0586 

GROSS 0.2737 0.2049 0.1643 0.1667 0.1444 0.0911 

NET 0.0766 0.0293 0.0153 0.0113 -0.003 -0.026 

EXCESS 0.1970 0.1745 0.1464 0.1471 0.1266 0.0648 

ENTRY SHARE 0.4150 0.2247 0.1924 0.1817 0.1266 0.0648 

EXIT SHARE 0.3649 0.3388 0.3188 0.2955 0.2878 0.1171 

POSSHARE 0.3061 0.1214 0.1574 0.0854 0.1687 0.1607 

NEG SHARE 0.1939 0.0974 0.1390 0.0808 0.1920 0.3066 

SIZE SHARE 0.1423 0.0834 0.1411 0.0782 0.1973 0.4103 

RATIO 1 2.2574 1.5052 1.1536 1.1286 0.8731 0.3936 

RATI02 1.3356 1.1824 0.9975 1.0429 0.9876 0.7545 

Finally, we investigated whether job creation by new firms is of short duration and whether this 

is related to size. We defined the one-year persistency rate of job creation (fpos1) as the number 

of jobs that created in year t, which still exist at time t+ 1, expressed as a fraction of the number 

of jobs created at time t. The one-year persistency rate of job destruction (fneg1) is computed 

likewise. For the entire of new firms we obtained an annual average persistency rate of job 

creation resp. job destruction of 65% resp. 56%. This means that on average 65% of all new jobs 

created by (young) firms that entered the economy since 1985 still existed one year later. 

Likewise, on average 56% of all jobs that were destroyed by new firms, were still destroyed one 

year later. In Table 7 it can be seen that these persistency rates increase with size. 

Table 7: Persistency of job creation per size class 

1-9 10-19 20-49 50-99 100-499 500+ 

fpos1 0.39 0.63 0.74 0.83 0.89 0.94 
fneg! 0.34 0.55 0.56 0.72 0.83 0.88 
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This means that the job opportunities provided by new small firms are shorter in time than those 

offered by larger firms, but it is also the new small firms that show less persistency in job 

destruction on average. The results in Table 7 are not inconsistent with our observations that firms 

with a small start-up size have a higher survival chance. In fact the results suggest that the small 

firms are much more flexible in creating jobs, but also in destroying them. 

5. SUMMARY AND CONCLUSION 

In this paper we studied the post-entry performance of new firms and their impact on job creation 

and job destruction in the Belgian economy. To do so we used a new and unique longitudinal 

dataset drawn from the published annual accounts, covering all firms for the period 1985-1994. 

The results in this paper indicate that based on our measures of job creation and destruction the 

analysis of entry and exit of firms and its determinants merits more attention in the economics' 

profession. The results also suggest a more careful approach to dealing with the so called "stylized 

facts". We find that firms that entered small have a higher probability of survival. Theoretical 

explanations for this result could be related to the learning models or to the capacity of small firms 

to adjust and absorb shocks. 

Moreover, we found that entry and exit of firms is an important economic phenomenum, in that 

on average 26% of all new jobs are associated with new firm creation and 25% of all destroyed 

jobs come from firm exit. Moreover, we find that it is also the smaller firms that are 

fundamentally the more dynamic ones in terms of job creation and destruction. We also found that 

the cyclical pattern of job reallocation associated with firm dynamics is different than the counter

cyclicallity found in earlier studies, suggesting that more attention should be paid to the nature of 

the underlying shocks leading to job creation and destruction or for that matter to firm evolution. 

The current paper opens a wide plethora of new topics on the research agenda. The analysis of 

job creation and destruction should be treated closely with the analysis of firm dynamics. While 

labour economists have spent much time on investigating aspects of labour supply, labour demand 

and in particular the process leading to job creation and destruction has been ignored. In this 

respect factors related to the working of the product market and in particular the extent of product 

market rigidities are likely to be important for explaining a process of job creation and destruction. 
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Concerning the survival of new firms, the current analysis could be extended to including factors 

related to R&D and innovation of new versus incumbent firms provided such information comes 

available. More importantly, it opens a new perspective for theoretical research related to the 

active and passive learning models and models dealing with the evolution of firm sizes as in Sutton 

(1995). 
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