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A dynamic multinomial model  
of self-employment in the Netherlands

This paper presents a dynamic multinomial logit model to explain the transitions into and out 
of self-employment using Dutch micro-panel data, the LISS panel. Based on the estimates 
we simulate employment paths for benchmark individuals. These are used to illustrate the lim‑
itations of the common assumption in wealth and pension income modeling, that individuals 
remain in their observed labour state until retirement. In particular, we find that although 
one year transition probabilities out of self-employment are not more than 10%, the chances 
that individuals who are self-employed remain self-employed for the majority of the next 
ten years can be much smaller, and vary substantially with individual characteristics such 
as education level and personality.
Keywords: labour market transitions; big-five; mixed logit; state dependence.

JEL classification: J62; C23; C25.

1. Introduction

In recent years the number of self-employed in the Netherlands has grown substantially, lead‑ing to an increase of almost 30% in their share in the working population: from 12.8% in 2003 
to 16.6% in 20172. The main driver behind this growth have been the so called solo self-employed 

(SSE; in Dutch “zzp’ers” = zelfstandigen zonder personeel). As can be seen in Fig. 1, the share 
of SSE in the working population increased from 8.1% in 2003 to 12.3% in 2015 and has remained 
rather stable since then. The share of other self-employed has, on the other hand, seen a slight 
decline since the financial crisis.

Because of the growing numbers, Dutch policy makers have become more interested in the ef‑
fects the self-employed or SSE in particular may have on the labour market, social security, 
and government finances. Accordingly, several recent policy papers describe the trend in self-
employment and the characteristics of the self-employed, or analyze their performance; see, 
e.g., (Bosch et al., 2012; Bosch, 2014) or (Bolhaar et al., 2016). One key concern of the Dutch 
policy makers in relation to social security is adequacy of the pension savings of the self-em‑
ployed; see, e.g., (Knoef et al., 2016) or (Mastrogiacomo, Alessie, 2015). While the pay-as-
you-go pension (the so called AOW, the first pillar of the Dutch pension-system) covers all in‑
dividuals who have lived in the Netherlands between ages 15 and 65, contributions to a fully 

1	 Beusch, Elisabeth — Tilburg University, Netherlands; e.beusch@uvt.nl.
	 Van Soest, Arthur — Netspar, Tilburg University, Netherlands; avas@uvt.nl.
2	 All numbers are based on CBS Statline, Arbeidsdeelname; kerncijfers, downloaded on 4 May 2018.
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funded pension plan (the second pillar) are, unlike for the large majority of employees, neither 
mandatory nor accessible for most of the self-employed3. Instead, the self-employed are ex-
pected to save themselves through (voluntary) savings (the third pillar). Such pension savings 
are tax-favoured for everyone with an “incomplete” second-pillar pension, in order to stimulate 
that individuals indeed save enough for their pension4. This then raises the question whether 
the self-employed save enough in the third pillar. It turns out that the policy makers’ concerns 
have some basis. Mastrogiacomo (2016) shows that while the self-employed have the same sav-
ings ambitions as the employed, they are not more likely to save in the third pillar. Only one 
third of the self-employed contributes to the third pillar, which indicates that the majority will 
fall short on their savings. In line with this finding, earlier studies by De Bresser, Knoef (2015) 
and Knoef et al. (2016) found that the self-employed are less likely to meet their retirement ex-
penditure or saving goals. Zwinkels et al. (2017) focus on the solo self-employed and estimate 
that more than 40% of SSE households fall short on their savings if a target replacement rate 
of 70% of earnings is used.

One simplifying assumption made in the pension wealth projections by Zwinkels et al. 
(2017), but also by De Bresser, Knoef (2015) and Knoef et al. (2016), is that the observed indi-
viduals remain in the labour state in which they were at the point in time when the data were col-
lected. To our knowledge this assumption (“static micro-simulation”) is standard in the pension 

3	 Most second pillar pensions are built up via employer based pension plans or industry specific pension funds. 
In total about 90% of all employees are required to contribute to a pension plan (https://www.rijksoverheid.nl/ 
onderwerpen/pensioen/opbouw-pensioenstelsel). Self-employed individuals in industries with industry specific pen-
sion funds (e.g., painters and doctors) are required to participate in a second pillar pension. The majority of the self-
employed is not in such a sector.

4	 Recently, a specific pension fund for the self-employed has been opened but it should be considered as a third pil-
lar annuity.

Fig. 1. Shares of solo self-employed (SSE) and other self-employed in the working population
(Data source: CBS Arbeitsdeelname; kerncijfers)

5

10

15

20

Pe
rc

en
t

2000 2005 2010 2015 2020
Year

Other self-employed SSE's



E
. B

eu
sc

h
, A

. v
an

 S
o

es
t

7

Applied  Econometrics  /  ПРИКЛАДНАЯ  ЭКОНОМЕТРИКА

Labour	 Труд

2020, 59

literature and its consequences have not been discussed so far. Still, given that the savings 
in the second (and third) pillar — a large share of most individuals’ pension wealth — are linked 
directly to the individuals’ labour state, it may be worthwhile to study the validity and conse‑
quences of this assumption. This paper therefore studies the dynamics in the Dutch labour mar‑
ket, considering self-employment as one of the labour market states. For instance, it asks how 
likely it is that somebody who is observed in self-employment will remain self-employed, de‑
pending on the individual’s characteristics.

We will use data from the LISS (Longitudinal Internet Studies for the Social sciences) pan‑
el, a representative sample of adult individuals in the Netherlands administered by CentERda‑
ta (affiliated with Tilburg University). It is based upon a random sample of Dutch households 
drawn by Statistics Netherlands. Individuals of age 16 and older in the participating households 
are invited to answer survey questions on a monthly basis. The surveys cover domains such as 
work, education and income, but also a wide range of other topics, like health and personality, 
thus offering a rich set of information on which we can build our analysis. It also allows to dis‑
tinguish between employees, SSE and other self-employed. Because sample size limitations, 
the main analysis is done without a distinction between different self-employment types, even 
though such a distinction might be desirable given the specific interest in the SSE in the Dutch 
policy debate5.

In addition to a set of personal and household characteristics also included in most of the stud‑
ies cited above, we control for personality traits and a (lagged) health index. Recent work on 
the economic importance of personality traits (see e.g., (Borghans et al., 2008)) has shown that 
personality traits matter for different labour market outcomes and, particularly, for the decision 
to become self-employed (Beugelsdijk, Noorderhaven, 2005). This has also been found in soci‑
ological research on career counseling. For instance, Obschonka et al. (2013) construct an En‑
trepreneurship-Prone Big-Five Profile (EP) Distance measure and find that in the US, the EP 
distance’s geographical distribution corresponds to observed entrepreneurial activity. We there‑
fore also include the EP distance in our analysis. Good health has been identified as a factor that 
increases the probability to become self-employed for older workers in the US (Rietveld et al., 
2015). We use the rich nature of the LISS data to construct a health index and study the role of 
health for self-employment transitions in the Netherlands.

We first model self-employment in a static multinomial choice panel data framework with un‑
observed heterogeneity. We then extend our model to include dynamics to demonstrate the im‑
portance of state dependence. We not only consider self-employment and wage employment, 
but also account for transitions into and out of paid work. Our dynamic multinomial logit model 
is similar to that of e.g. Gong et al. (2004), who model the choice between not working, infor‑
mal work, and formal sector work in Mexico, or Buddelmeyer and Wooden (2011), who model 
dynamics between casual and other types of employment in Australia. Oguzoglu (2016) follows 
Gong et al. (2004) to model the influence of disability on employment decisions, and Zucchel‑
li et al. (2012) consider self-employment as an alternative to part-time employment for the el‑
derly under possible ill-health. Another case in point is Prowse (2012) who includes self-em‑
ployment when modelling the labour participation of women. Finally, Been and Knoef (2017) 
also use a dynamic multinomial logit model to explain self-employment decisions in the Neth‑
erlands, focusing on workers of ages 50 and above and using administrative data. We consider 

5	 As illustrated in Fig. 1 most of the recent dynamics in self-employment seem to be driven by the SSE.
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all individuals of working age and use survey data, which has the advantage of providing rich 
background information such as personality or health indicators, as already emphasized above.

Our models incorporate unobserved heterogeneity, allowing for correlated random effects 
following (Train, 2009). Adding this to the dynamic model allows us to differentiate between 
what Heckman (1981b) calls spurious and true state dependence, which is important to under‑
stand the dynamics in the data. We solve the problem of initial conditions that arises in dynam‑
ic models following (Wooldridge, 2005) and (Albarrán et al., 2019).

The paper continues as follows. Section 2 discusses the LISS panel and our sample selection 
process. Our model is presented in section 3 and the corresponding estimation results in sec‑
tion 4. Section 5 presents the simulation results based on the estimations. Section 6 concludes 
the paper.

2. Data

In this paper we make use of the LISS (Longitudinal Internet Studies for the Social sciences) 
panel. The LISS panel consists of monthly Internet surveys to a representative sample of house‑
holds drawn from the Dutch population register6. Among the monthly surveys there are ten annu‑
al or biennial longitudinal core studies. Additionally, individuals are asked to fill in a basic sur‑
vey, the household box, about the most important general characteristics of their household and 
its members such as age, gender, education, marital status, as well as their primary occupation 
and gross income. Individuals, or the contact person of the household — if there is more than 
one member of the household participating in the LISS panel — are asked to fill in the house‑
hold box at the beginning when joining the panel and then prompted every month before each 
survey to fill in changes if such have occurred.

2.1. Self-employment

Among all longitudinal surveys, there are three instances within the LISS panel through 
which we can identify self-employed individuals. First, information about an individual’s labour 
market status is stored in the household box. Instead, self-employed individuals can be identi‑
fied using either the Work and Schooling or the Economic Situation: Income core study. We will 
base our analysis on the income study for two main reasons. First, the income study allows us 
to identify solo-self-employed (SSE) while the work and schooling study does not allow for 
a distinction between SSE and other self-employed. Second, the income study based sample 
suffers less from selection or attrition bias than the work and schooling study. The income sur‑
vey has a different timing from other LISS studies. Individuals are supposed to use documen‑
tation on income taxes in the previous year to fill out the survey questions. Therefore, the sur‑
vey asks individuals in period t about sources of income in the calendar year t -1. For exam‑
ple, the 2008 survey asks about all income received in 2007. We classify individuals as employ‑
ees who report receiving only income from employment over the whole year. Individuals with 

6	 Households that do not own a computer or Internet connection are provided with such so that they can neverthe‑
less participate.



E
. B

eu
sc

h
, A

. v
an

 S
o

es
t

9

Applied  Econometrics  /  ПРИКЛАДНАЯ  ЭКОНОМЕТРИКА

Labour	 Труд

2020, 59

income from both employment and self-employment are classified as self-employed, together 
with those individuals who report only income from self-employment7. An individual is classi-
fied as self-employed if indicating at least one type of entrepreneurial work activity. The activ-
ities that the income survey covers are (part-time) work as an entrepreneur or freelancer, SSE, 
owning a company (including a private limited liability company or a limited partnership), 
or participating in a partnership (either a so called maatschap or vennootschap onder firma, 
VOF) and, lastly, making a profit (or loss) through an enterprise in some way (except as spouse 
or partner cooperating in the business). Next, we classify all individuals as unemployed who 
report receiving unemployment benefits and no other source of income, ignoring other social 
benefits. Because this will only classify individuals who are unemployed for a whole calendar 
year as unemployed, the unemployment definition is rather strict, covering a smaller number of 
individuals than the work and schooling based definition which refers to one point in time. Fi-
nally, individuals with no income from any of these sources are classified as not in the labour 
force. A comparison of this classification with the work and schooling based classification is giv-
en in (Beusch, van Soest, 2020).

2.2. Sample selection

The surveys in the LISS panel generally have a response rate between 75 and 80%. Thus, 
every year we have answers of around 5000–6500 individuals, of which a few are incomplete. 
Individuals who leave the panel (i.e. stop answering the surveys all together) are replaced in lat-
er waves through refreshment samples. Most of these are stratified to improve the representa-
tiveness of the panel, aiming at oversampling difficult to reach groups with below-average re-
sponse rates. For the surveys that we use, there are in total more than 14000 individuals across 
the 11 waves and some 81000 observations. We have information on the labour status for some 
60000 observations if we use the income based classification. We restrict the sample to individ-
uals from age 25 up to and including age 60, i.e. individuals’ prime working years. We choose 
the lower bound at 25 because, first, the minimum wage increases with the worker’s age until 
23 in some sectors. As a result of this it seems that young workers in these sectors may have 
a higher risk of becoming unemployed close to their birthdays (Kabátek, 2020). Second, stu-
dents who are finishing their education are harder to classify. They may hold a (side) job, while 
studying, and can also be considered first time job seekers. By age 25 most individuals should 
no longer be students. The age limit at 60 years stems from the idea that individuals older than 
60 may have access to (early) retirement.The age restriction reduces the sample size to approx-
imately 32000 individuals.

Furthermore, we limit ourselves to individuals for whom the basic covariates, such as age, 
gender, household status, and education, are observed (only very few observations are dropped 
due to this restriction). The final sample restriction that we have to make is model based. 
In the dynamic models, we want to model labour market state outcomes based on individuals’ 
past labour market state. Hence we can only use individuals for whom we have at least two con-
secutive observations. Moreover, we have to discard observations made after an individual has 
not responded for one or more years. For example, if an individual answers the income survey 

7	 About 40% of all self-employed have income from both employment and self-employment.
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in the years 2008–2012 and again from 2014–2018, we do not include the 2014–2018 block. 
These restrictions make us lose approximately 15% of the observations.

As shown in (Beusch, van Soest, 2020, Appendix A), the final restriction potentially creates 
(or worsens) attrition bias in the sample. Because a large share of the dropped observations be‑
longs to individuals that participate in more than one wave, we correct for breaks in sequences 
with information from the work survey.

Figure 2 compares the self-employment share in the income sample with CBS population data 
already seen in Fig. 1. It shows that the LISS panel replicates neither the magnitude nor the time 
trend of the share of self-employment. This difference can be due to selection bias, i.e. self-em‑
ployed individuals are less likely to respond when invited for the LISS panel, or attrition bias, 
i.e. self-employed individuals are more likely to stop responding in a later wave. Most likely, 
the problem is a mixture of both. Examining the evolution of self-employment shares over time 
by recruitment wave shows that they all display similar patterns. They start with relatively high 
shares at recruitment, followed by a drop, and ending with a flat or slightly downward trend. 
The fact that shares are initially closer to population figures suggests that the trend is more af‑
fected by attrition bias than by initial selection.

Both selection and attrition bias are of less concern if they are driven by observables like 
age, gender, or eduction. In such a case one can correct for the bias by weighing the observa‑
tions accordingly. We therefore tried weighing observations using weights based upon the ob‑
servable characteristics that enter our model8. Weighing only leads to an increase of one per‑
centage point in self-employment shares overall and does not change the trend. Furthermore, 
Wooldridge (2007, p. 1293) cautions about using weighting in panels. We therefore decided 

8	 The weights are determined using population data downloaded from CBS Statline.

Fig. 2. Comparison of self-employment shares in regression sample and population
(Data source: CBS Arbeidsdeelname; kerncijfers)
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not to use these weights. To correct for selection on unobservables, we would have to impose 
a structure on the selection process. As this would require strong assumptions, and because 
the self-employment shares are initially not that different from population shares, we refrain 
from correcting for selection bias and focus on attrition bias only. Correcting for attrition bias 
requires weaker assumptions, especially if we can use an exclusion restriction. We test and cor-
rect for attrition bias in section 3.2.

2.3. Explanatory variables

Because personality traits are less commonly used, we discuss them in some detail. The Per-
sonality core study of the LISS panel focusses on respondents’ “personality and character-
istics”. Its questions are based on established questionnaires from the field of psychology 
that each have a different focus. One of these questionnaires is the short 50 question set for 
the Big-Five factor markers by Goldberg (1992). Individuals answer these questions on a 1 to 5 
scale. We code their answers according to the corresponding International Personality Item 
Pool key9. For each of the five factors we then sum up the points on an individual basis and 
standardise these values with the mean and standard deviation of the complete LISS sample 
for each year, allowing us to interpret coefficients of the factors in terms of changes relative 
to the standard deviation. The Entrepreneurship-Prone Big-Five Personality Profile Distance 
(EP distance) measure is calculated using the non-standardised factor values following (Ob-
schonka et al., 2013).

To reduce the number of questions asked to individuals, the LISS panel only poses the Big-
Five questions every second year. In the other years the Big-Five related questions are only 
asked to new entrants. Furthermore, the personality survey was not asked to participants in 2016. 
We find that the personality traits in our sample remain rather stable across time, with a be-
tween variation that is two to three times larger than the within variation for all factor markers. 
This is in line with Cobb-Clark and Schurer (2012) who found that personality traits are sta-
ble over time. We therefore fill in the gaps in Big-Five factor markers and EP distance by com-
puting individual means over all observations available and substituting missing values in gap 
years with those means.

Since health variables are more standard in the literature, we do not describe the health in-
dex’ construction in detail (see (Beusch, van Soest, 2020, Appendix D)). In addition, we include 
the individual characteristics age, gender, and dummy variables for medium level education 
(VMBO, VWO, or MBO diploma) and higher education (university (WO) and applied science 
university (HBO) degrees), which have been shown to have some correlation with the choice 
to be self-employed10. In addition, we use household specific variables: dummy variables con-
trolling for whether an individual lives with a partner and/or has children, as well as the size 
of the household. These variables also have been found to have explanatory power in regres-
sions explaining the decision to be self-employed; see, e.g., the overview of research on entre-
preneurship by Blanchflower (2000).

9	 https://ipip.ori.org/newBigFive5broadKey.htm.
10	 See (Bosch et al., 2012; Bosch, 2014; CBS, 2014; Bolhaar et al., 2016).
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Table 1. Means and standard deviations (in parentheses) of covariates by labour market state

Employee Self-employed Unemployed Not in LF All
Age 44.08 (9.71) 45.93 (9.25) 47.52 (9.71) 48.31 (9.67) 45.07 (9.79) 
Female 0.52 (0.50) 0.45 (0.50) 0.62 (0.48) 0.73 (0.44) 0.55 (0.50) 
Lives with partner 0.76 (0.43) 0.78 (0.41) 0.54 (0.50) 0.74 (0.44) 0.75 (0.43) 
Has children 0.55 (0.50) 0.57 (0.50) 0.44 (0.50) 0.46 (0.50) 0.53 (0.50) 
Female with partner 0.38 (0.49) 0.35 (0.48) 0.33 (0.47) 0.58 (0.49) 0.41 (0.49) 
Female with children 0.29 (0.45) 0.27 (0.44) 0.31 (0.46) 0.36 (0.48) 0.30 (0.46) 
Medium education 0.58 (0.49) 0.52 (0.50) 0.72 (0.45) 0.72 (0.45) 0.60 (0.49) 
Higher education 0.40 (0.49) 0.45 (0.50) 0.21 (0.41) 0.19 (0.39) 0.36 (0.48) 
Household size 2.83 (1.33) 3.03 (1.43) 2.46 (1.37) 2.71 (1.36) 2.82 (1.35) 
Health index –0.12 (1.03) –0.13 (1.04) –1.18 (1.57) –1.03 (1.53) –0.30 (1.21) 
Big Five (Personality) 
F1: extraversion 0.00 (0.98) 0.15 (1.01) –0.16 (0.94) –0.18 (0.97) –0.01 (0.99) 
F2: agreeableness –0.02 (0.95) –0.09 (1.02) 0.05 (0.99) 0.09 (1.00) –0.01 (0.97) 
F3: conscientiousness 0.12 (0.90) 0.01 (0.97) –0.03 (0.99) –0.01 (0.96) 0.08 (0.92) 
F4: emotional stability 0.08 (0.95) 0.06 (0.94) –0.39 (1.05) –0.34 (1.02) –0.01 (0.97) 
F5: openness 0.08 (0.93) 0.31 (1.01) 0.03 (0.98) –0.11 (0.96) 0.07 (0.95) 
EP distance 18.71 (5.12) 18.14 (5.11) 20.74 (5.95) 20.98 (5.78) 19.08 (5.34) 

Source: LISS panel, own calculations.

Table 1 reports the means by labour market status for all covariates. Overall we see that wom‑
en are slightly over-represented in the sample as they make up 55% of all observations. Approx‑
imately half of the individuals in the sample have at least one child and the majority lives with 
a partner. Unsurprisingly, we find that those not in the labour force are mostly women, and that 
the majority of them lives with a partner. The two education dummy variables account for 96% 
of the sample, implying that only 4% of the sample has the lowest education level. Furthermore, 
we can see that the distribution of the two dummy variables varies between the working and 
non-working population — the higher educated are much more likely to do paid work. The dis‑
tribution of the health index is left skewed with the mode at 0.76, and we can see directly that 
individuals in the working population have a higher health status than those not working. There 
are also differences in Big-Five factor markers between the working and non-working individu‑
als. Comparing across the labour status groups, we find that the means of all variables except for 
the health index and the fourth personality factor marker are statistically different between em‑
ployees and the self-employed. This difference is in line with the literature: men are more likely 
to be self-employed than women, the self-employed are on average older (compared to the em‑
ployed), and the self-employed more frequently have a higher level of education. They are also 
more likely to have children. The argument for the EP distance by Obschonka et al. (2013) pre‑
dicts that entrepreneur prone individuals are more extraverted, less agreeable, and more open 
to new experiences. We find all of this reflected in the differences of the means of the three fac‑
tor markers. However, the theory also argues that entrepreneurs should be more conscientious, 
and we find the opposite. Still, the EP distance measure has a lower average value for the self-
employed than for employees, as theory would predict.
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2.3.1. Observed labour market state dynamics

In Table 2 the observed transition probabilities of the labour market states by gender are 
shown11. We see that employees are more likely to remain in the same state than the self-em‑
ployed, whose probabilities to exit to working as an employee are 8 to 10% per year. This al‑
ready suggests that the assumption that self-employment is persistent has its limitations. The ma‑
jority of the self-employed who do not continue as such switch to employment, and since 
the number of employees is much larger than the numbers in other labor market states, the larg‑
est contribution in numbers to entrants into self-employment are individuals making the transi‑
tion from employment.

Table 2. Observed transition probabilities (in %) by gender

Labour market state Men Women
current

past
0 1 2 3 0 1 2 3

0: employee 93.96 1.65 1.04 3.36 92.23 1.47 1.28 5.02
1: self-employed 8.15 89.35 0.51 1.99 9.34 84.73 0.71 5.22
2: unemployed 24.22 2.34 45.70 27.73 19.05 1.90 42.38 36.67
3: not in labour force 24.26 2.09 7.13 66.52 14.28 1.82 6.06 77.85
LISS total 74.67 13.08 2.51 9.75 66.01 8.82 3.46 21.72
CBS population 71.09 16.88 3.68 8.36 65.84 9.69 4.07 20.39
Notes. Based on 12014 and 14496 observation pairs for men and women, respectively.
Source: LISS Panel and CBS Arbeidsdeelname; kerncijfers, own calculations.

Comparing the transition matrices of men and women, we see that women are less like‑
ly to remain in self-employment than men are, and much more likely to remain out of labour 
force. Because of the substantial differences between men and women, we estimate all models 
separately by gender. Finally, we observe, in percent as well as in absolute numbers, very few 
changes from unemployment to self-employment and vice versa. This may be due to our cate‑
gorisation approach in the income based definition of self-employment, or to sample selection. 
Finally, comparing with CBS population figures shows that self-employed are under represent‑
ed, as already discussed12.

3. Model

This section presents the empirical model and the estimation procedure. Both are similar 
to the econometric specifications used by Gong et al. (2004) and Been, Knoef (2017). Note that 
the static multinomial model is nested in the dynamic model. We will therefore focus the dis‑
cussion on the dynamic model, treating the static model as a special case. In the final subsec‑
tion, we address the issue of attrition bias.

11	 The transition matrix is, of course, affected by the imputations for the gaps in the data. The changes are relatively 
small, however (see (Beusch, van Soest, 2020) for details).

12	 The CBS shares presented in Table 1 are calculated for the 25 to 60 year olds, taking the average for 2008–2017.
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3.1. Dynamic multinomial model of labour states

We model the observed labour market state of an individual as the outcome of a utility max‑
imisation process13. Each individual re-evaluates the potential states every period, and choos‑
es the labour state j that maximises utility for that period. In terms of the econometric specifi‑
cation we thus consider a discrete choice model where an individual i derives utility *

ijty  from 
state j at time t. In other words:

	
* *1, if  > for  , = 0,1,2,3; ; =1, , ;   = 2, , ,

=
0, otherwise,                                                                                    

ijt ikt
ijt

y y j k j k i N t T
y

 



 

	 (1)

where 0 3= ( )it i t i ty y y  is a column vector with a 1 in the position that corresponds to individual 
i’s labour market state at time t and zeros everywhere else. Due to data limitations, we do not 
include higher order lags.

Utility *
ijty  from choosing state j  is unobserved. It is assumed to be given by

	 *
, 1=ijt it j i t j ij ijty X y -b + g +a +e .	 (2)

Here , 1i ty -  is a vector of dummy variables describing the individual’s labour state in the pre‑
vious period, itX  is a vector of k  observed strictly exogenous variables, and the coefficient 
vectors jg  and , =1,2,3,j jb  are to be estimated; 0g  and 0b  are normalized to zero. The vari‑
ables in  itX  are individual as well as household characteristics that may influence the utility *

ijty .  
These variables have been discussed in section 2.3. itX  also includes time dummies, to control 
for macro-economic effects.

The error terms ijtε  are identically and independently distributed, independent of itX  and 
ija  and drawn from a Type 1 extreme value distribution. This implies that the labor market 

state probabilities, given itX , ija  and , 1i ty - , are the well-known multinomial logit probabili‑
ties. Because equation (2) includes lagged dependent variables, an initial conditions problem 
arises (Heckman, 1981a). For most individuals, we have no information on how and when they 
entered the labor market and the first observation ,0iy  is typically some time after labor mar‑
ket entry. To account for the fact that ,0iy  may well be correlated with the time persistent indi‑
vidual effects , = 0, ,3ij ja  , we model 0 3( , , )i ia a  as follows, following (Wooldridge, 2005):

	 0=ij i j ijya  +m .	 (3)

Here 0 3= ( , , )i i im m m  is independent of 0iy  and all itX  and ijtε . Like Gong et al. (2004) 
and Been and Knoef (2017), we assume that iµ  is drawn from a J-dimensional multivariate nor‑
mal distribution with mean zero and covariance matrix W. W is parameterized using its Choleski 
decompostion as LLT, where L is a lower triangular J × J matrix with parameters to be estimated. 
The jδ  are 4‑dimensional parameter vectors to be estimated. This essentially boils down to in‑
cluding the vector of dummies 0iy  as additional regressors when estimating the model14. Note 

13	 More details on the model specification and its implementation can be found in (Beusch, van Soest, 2020, Ap‑
pendix C).

14	 Here t = 0 is the first time individual i is observed, which varies with i due to the refreshment samples in the LISS 
panel. See (Albarrán et al., 2019) for an extensive discussion of the plausibility of this way of modeling the initial 
condition for an unbalanced panel.
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that due to the presence of the unobserved heterogeneity terms, the independence of irrelevant 
alternatives (IIA) assumption is not imposed. This IIA assumption is often seen as a drawback 
of the standard multinomial logit model. The estimates of the covariances will give an indica‑
tion whether individuals who prefer one labour state are also more likely to prefer any particu‑
lar other labour state. For example, if the covariance for states 1 and 2 (self-employed or unem‑
ployed) is positive, we should expect an individual, ceteris paribus, to have a higher probability 
of choosing self-employment when he or she has a high individual parameter for unemployment.

Static multinomial model of labour states. As already mentioned, the static model is a spe‑
cial case of the dynamic model. That is, in the static model we exclude the past period’s labour 
state and as a consequence also drop the initial conditions. Equations (2) and (3) can then be 
rewritten as

	 * = with =s s s s s
ijt it j i ijt i iy X b +a +e a m ,	 (4)

where superscript s  indicates that the coefficients are for the static regression. Detailed assump‑
tions and likelihood contributions are similar to those for the dynamic model.

Estimation. The probabilities implied by the static and dynamic model discussed above have 
to be simulated. Following (Bhat, 2001) and (Train, 2009, Section 9.3.3), we use Halton draws 
to simulate their multivariate normal distribution.

3.2. Attrition bias

As noted by Verbeek and Nijman (1992, p. 681), it is well known since Heckman (1976, 
1979) that “inferences based on either the balanced sub-panel or the unbalanced panel with‑
out correcting for selectivity bias, may be subject to bias if the nonresponse is endogenously 
determined”. We therefore want to analyze whether self-employed individuals are more like‑
ly to leave the LISS panel, and thus contribute to the unbalanced nature of the panel, and, if 
they do so, whether this leads to biased estimates for the model above or not. In order to test 
for attrition bias we use a variation of the variable addition test of Verbeek and Nijman (1992). 
They consider three possible variables that can be included in the regression: the number of 
waves an individual participates in the panel, an indicator whether the individual participated 
in all waves, and an indicator whether an individual was observed in the previous period. Be‑
cause we also want to make use of the refreshment samples, the first and third are not applica‑
ble, and the second has a different interpretation. Instead, we construct a variable that measures 
the ratio of the number of periods in which an individual participated and the maximum number 
of periods they could have participated. This is still a function of the response indicator and thus 
follows the idea of the variable addition test. If attrition was independent of the unobservables 
in the model, this additional variable should not enter the model significantly under the null hy‑
pothesis of no attrition bias.

In our benchmark specification of the model, we find that this variable enters the multinomi‑
al model significantly for men, providing evidence that the model for men suffers from attrition 
bias, but not for women (p-values are 0.001 for men and 0.41 for women). We therefore esti‑
mate an extension of the model adding a Heckman correction term (estimated in a first stage). 
Formally the attrition model extends equations (1) and (2) as follows:
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*1, if   > 0 for   =1, , ;   = 2, , ,

=
0, otherwise,                                             

it
it

A i N t T
A





 

	 (5)

	 *
1 1 1 1,= , =1, , ;  = 2, ,H H

it it it it i itA X y z i N t T- - -b + g + + +   ,	 (6)

where *
itA  is latent and itA  indicates whether an individual is observed in the LISS panel at time t 

or not15. Together, equations (5) and (6) model the attrition process in the first stage of estima‑
tion. 1itX -  contains the same vector of regressors as itX  in equation (2) but one period lagged. 

1ity -  is a vector of dummies indicating the labour state of the individual one period past. Lastly, 
1itz -  is a vector of variables entering the attrition equation but not the other equations in the mod‑

el (the “exclusion restrictions”). For the exclusion restriction we follow (Cheng, Trivedi, 2015) 
and use the number of days that individuals took to answer the last wave of the Economic Situ‑
ation: Income core study after they received the invitation. We further include a dummy that 
controls for whether the individual answered within the deadline of the first call to participate 
in the survey, or only after the reminder, as well as an interaction term of the two. The random 
term i  is assumed to be a time invariant random effect while 1,it  is assumed to be iid standard 
normally distributed.

Stage one is estimated separately as a panel probit model with random effects. The second 
stage model is then given by equations (1) and (2), but with the inverse Mills ratio ( ) / ( )    , 
estimated using the panel probit model, as an additional regressor in equation (2)16.

4. Estimation results

We estimate four different models17: the baseline model with the basic personal and house‑
hold characteristics, and three other models in which we add the (lagged) health index, the EP 
distance measure, and the Big-Five factor markers, respectively. Because the first stage of 
the Heckman correction is the same for both the static and dynamic model, we will discuss 
these first stage results first. In our description of the estimation results and the effects we can 
derive, all statements are meant as partial effects, keeping all other observed and unobserved 
characteristics constant, and averaging over the complete sample. We will focus on the results 
for the separate regressions for men and women, since some of the the estimated coefficients 
differ substantially between men and women.

15	 We exclude individuals from this step if they leave our sample because they turned 61 years of age. The first stage 
only aims at correcting for an individual’s own choice to participate in the survey or not; it does not correct for the sam‑
ple selection choices we made (see section 2).

16	 Since the error terms in equation do not follow a normal distribution but a Type 1 extreme value distribution, our 
specification differs from the original Heckman correction model. Consequently the coefficients on the inverse Mills 
ratio cannot be interpreted as the covariances.

17	 Estimation results for models pooling men and women, detailed estimates of first stage equations modeling attri‑
tion, and alternative model specifications are available upon request.
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4.1. First stage — Heckman correction

In the first stage regression the sample also includes all individuals, within the selected age 
range, for whom we have only one observation in the LISS panel18. For women, we find rath‑
er weak effects for the labour market state indicators for self-employment and not participat‑
ing in the labour force on the chances to remain in the sample. The same effects are statistical‑
ly more significant and of larger magnitude for men. We find the same signs for both genders 
though. That is, compared to employees, self-employed individuals are less likely to be observed 
in the following period, and individuals not in the labour force are more likely to be observed 
again. In particular for men, and in combination with the findings of the variable addition test, 
this supports our argument for the need to correct for attrition bias: attrition is at least part of 
the explanation why the self-employed are underrepresented in later waves of the panel.

Furthermore, we see that the first stage estimates for the basic personal and household char‑
acteristics are robust across the different model specifications. Only age has a statistically sig‑
nificant positive coefficient, implying that older individuals are more likely than younger indi‑
viduals to continue participating in the LISS panel. For women, we do not find a statistically sig‑
nificant effect for any other of the basic covariates. This is in contrast to men, where the dummy 
variable for high education is statistically significant at the 1% level, and the medium education 
dummy variable is statistically significant at the 5% level. Together the coefficients on these 
dummies show that men are more likely to continue participating in the LISS panel the higher 
their education.

The variables that are excluded from the main model (“the exclusion restrictions”) have 
the expected signs in the first stage. The more days individuals take to answer after the invita‑
tion to participate in the survey has been issued, the less likely they are to return in the follow‑
ing year. For women, this effect is particularly strong for those who answer after the first call for 
participation in a survey19 (as shown by the significant interaction terms). In terms of the vari‑
ables driving the different model specifications, we do not find statistically significant effects of 
the respondents’ contemporary health status on the probability to be observed in the next peri‑
od. This holds for both men and women. The EP distance measure is not statistically significant 
for women either, but it is significantly negative at the 5% level for men. Recall that the EP dis‑
tance’s interpretation is that the lower its value is, the more likely it should be that an individu‑
al is self-employed. The results show that conditional on employment or self-employment sta‑
tus, less entrepreneurial individuals are less likely to stay in the sample, perhaps because they 
are more pressed with time.

For both men and women, more conscientious individuals are statistically significantly more 
likely to continue participating in the LISS panel, as expected. For men, we do not find any other 
individually significant effects, but we do find that the Big-Five factor markers are jointly sta‑
tistically significant (at a 2% level)20. For women, we find that emotional stability and openness 

18	 This does not include new entrants to the income survey from the last year of data collection, as we do not know 
yet whether they will return or leave in the next wave.

19	 For each of the surveys the LISS panel collects data in two calendar months. A reminder is sent to all panel members 
who did not complete the questionnaire during the first month.

20	 The results for the corresponding restricted model are available on request.
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for experience have marginally significant negative effects on the probability to stay in the sam‑
ple, which is not what we would have expected21.

4.2. Second stage — static models

In order to be able to compare the static and dynamic models, we restrict ourselves to the sam‑
ple of the dynamic model and estimate the static model excluding those individuals for whom 
we only have a single observation.

When we look at the static estimation results, we find similar effects of personal and house‑
hold characteristics in all specifications. See, e.g. the results for the model with Big-Five fac‑
tor markers for women in Table 3 and for men in Table 4. For women, only few of the person‑
al and household characteristics are individually significant in the self-employment equation. 
In contrast to this, almost all of them are highly statistically significant (i.e., most at the 1%-, and 
some at the 5% level) in the other two equations. In other words, personal characteristics do not 
help us much to explain the difference between being self-employed or working as an employ‑
ee, but they are helpful in explaining the difference between employment and unemployment 
or not participating in the labour market. The only variables that have a significant coefficient 
in the self-employment equation are age and household size (both at the 1% level). We find that 
the self-employed are on average older, and that the larger the household, the more likely wom‑
en are to choose self-employment over wage-employment.

For men the coefficients on personal and household characteristics are also very similar 
across different models, but they differ from what we found for women. We still find that age is 
significant at the 1% level and has a positive sign, implying that also for men, the chances that 
an individual is self-employed increase with age. However, we do not find a significant coeffi‑
cient for household size. Unlike women, men with high education are significantly more likely 
to be self-employed and men with at least one child have a significantly lower probability to be 
self-employed.

For both genders, we find that the lagged health index does not enter the self-employment 
equation significantly. Health does have significant effects in the other equations though, and 
the coefficients are also jointly significant. The negative sign of the coefficients suggests that 
individuals who had bad health one period earlier are more likely to be observed in unemploy‑
ment or out of the labour force relative to being employed22.

Similarly, we do not find a statistically significant effect of the EP distance for women, al‑
though the sign is, as we would expect, positive in the other two equations. For men on the other 
hand, we find a significant effect (p-value< 0.01) also in the self-employment equation. The sign 
is negative which is in line with our expectations: as the EP distance decreases, the more like‑
ly individuals become to be self-employed. With respect to the Big-Five factor markers we find 

21	 The Big-Five factor markers are also jointly statistically significant with a p-value of 0.000 in the regression for 
women.

22	 In the pooled regression the coefficient is also statistically significant (–0.25, with p-value < 0.01) in the self-em‑
ployment equation. It is of smaller absolute magnitude compared to the other two equations (–0.88 and –0.89). In other 
words, bad health a period earlier will increase the relative risk for an individual in all three categories relative to being 
employed. But an individual is then more likely to be self-employed compared to the other two states.
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Table 3. Static model with Big-Five factor markers, women

Self-employed Unemployed Not in labour force
Constant –17.84*** –5.96*** –4.65***

(1.2323) (1.0431) (0.8464) 
Age 0.13*** 0.07*** 0.1***

(0.0169) (0.0135) (0.012) 
Has partner 0.45 –0.53** 0.75***

(0.305) (0.2302) (0.2087) 
Has child –0.64 –0.46* –0.73***

(0.3988) (0.277) (0.2374) 
Middle education –0.24 –1.28*** –1.51***

(0.6524) (0.4414) (0.3927) 
High education 0.39 –2.83*** –2.92***

(0.6965) (0.4805) (0.4226) 
Household size 0.47*** 0.26** 0.34***

(0.1511) (0.1203) (0.0958) 
F1: extraversion 0.13 –0.09 –0.07

(0.1555) (0.1128) (0.0955) 
F2: agreeableness –0.05 0.18 0.19*

(0.1572) (0.1118) (0.0972) 
F3: conscientiousness 0.09 –0.58*** –0.65***

(0.1581) (0.121) (0.0998) 
F4: emotional stability –0.24* –0.47*** –0.32***

(0.1417) (0.1059) (0.0864) 
F5: openness for experience 0.36** 0.36*** 0.17*

(0.145) (0.1097) (0.0987) 
Inverse Mills ratio 10.49*** –6.63*** –8.06***

(1.2557) (1.3516) (1.0045) 
L (lower triangular matrix with 
parameters determining W = LLT) 

6.99*** 0 0
(0.3628) 
2.48*** 3.46*** 0
(0.2235) (0.2033) 
3.23*** 3.65*** 1.55***
(0.2143) (0.1653) (0.1167) 

W (covariance matrix of mij  
in equation (3)) 

48.8702 17.3339 22.5515
17.3339 18.1315 20.6267
22.5515 20.6267 26.1073

Notes. 14435 observations on 3267 individuals; log-likelihood = –7704.03. Regression including year fixed effects. 
(Non-robust) standard errors in parentheses; *** — p < 0.01, ** — p < 0.05, * — p < 0.10.
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Table 4. Static model with Big-Five factor markers, men

Self-employed Unemployed Not in labour force
Constant –22.07*** –10.28*** –2.5***

(1.4174) (1.5229) (0.9608) 
Age 0.2*** 0.13*** 0.07***

(0.0181) (0.019) (0.0127) 
Has partner 0.08 –0.77** –0.76***

(0.3333) (0.3629) (0.2579) 
Has child –1.65*** –0.38 –0.73**

(0.348) (0.4375) (0.309) 
Middle education 0.67 –1.46*** –2.45***

(0.7667) (0.5278) (0.3789) 
High education 1.6** –2.6*** –3.83***

(0.7987) (0.5816) (0.4332) 
Household size 0.21 –0.03 0.16

(0.1608) (0.1919) (0.1335) 
F1: extraversion 0.39** –0.07 –0.06

(0.1608) (0.1678) (0.1028) 
F2: agreeableness –0.32** 0.13 0.05

(0.1311) (0.1309) (0.0938) 
F3: conscientiousness 0.02 –0.3** –0.46***

(0.1423) (0.1407) (0.1037) 
F4: emotional stability –0.17 –0.6*** –0.67***

(0.1417) (0.1422) (0.0988) 
F5: openness for experience 0.73*** 0.34** 0.23**

(0.1359) (0.1464) (0.1009) 
Inverse Mills ratio 21.18*** –0.23 –7.86***

(1.4209) (2.2355) (1.2027) 
L (lower triangular matrix with 
parameters determining W = LLT) 

6.37*** 0 0
(0.3519) 
2.23*** 3.15*** 0
(0.273) (0.1969) 
2.33*** 2.44*** 1.53***
(0.2468) (0.1824) (0.1421) 

W (covariance matrix of µij  
in equation (3)) 

40.5225 14.2217 14.8488
14.2217 14.9076 12.8843
14.8488 12.8843 13.7103

Notes. 11967 observations on 2647 individuals; log-likelihood = –5244.5. Regression including year fixed effects. (Non-
robust) standard errors in parentheses; *** — p < 0.01, ** — p < 0.05, * — p < 0.10.



E
. B

eu
sc

h
, A

. v
an

 S
o

es
t

21

Applied  Econometrics  /  ПРИКЛАДНАЯ  ЭКОНОМЕТРИКА

Labour	 Труд

2020, 59

different effects by gender. For both women and men, individuals who are more open to experi‑
ences are also more likely to be self-employed than employees. The effect is however twice as 
strong in magnitude for men. For women, we find that one additional factor marker, emotional 
stability, is significant at the 10% level. The negative sign implies that higher emotional stabil‑
ity reduces the chances to become self-employed. For men on the other hand, we find that high 
scores for extraversion increase the likelihood of being self-employed, and that high scores for 
agreeableness reduce it. These effects are in line with our expectations.

In all static models, the coefficient of the inverse Mills ratio is highly statistically significant 
for the self-employed and for the equation explaining “not in the labour force”. It has a positive 
sign in the self-employment equation and a negative sign in the equation for not in the labour 
force. For women, the coefficient is also statistically significant and negative in the unemploy‑
ment equation. This suggests that, keeping observed characteristics constant, attrition is corre‑
lated with the unobserved factors driving someone’s labor market status, implying that it is im‑
portant to correct for attrition bias. Looking at the estimates for the elements driving the unob‑
served heterogeneity components in the mixed logit model (the matrix L  driving the covari‑
ance matrix), we see that all coefficients are highly significant. The variance of the unobserved 
heterogeneity in self-employment is much larger than for the other two states. In particular for 
men the covariances have about the same magnitude as the variance for unemployment or be‑
ing out of the labour force. For women, the covariances differ more from each other and we see 
in particular that, for given observed characteristics, self-employed individuals are also more 
likely to be out of the labour force.

4.3. Second stage — dynamic models

The first observation that we can make unequivocally when comparing the dynamic with 
the static results, is that the dynamic model is preferable for all four models and samples. 
The likelihood ratio test rejects the null hypothesis that the dynamic factors play no role, 
i.e. the lagged labour states are jointly significant (p-value of 0.0000 for all) and in most cases 
also individually significant.

Second, we find that the Big-Five factor markers are jointly statistically significant. In mod‑
els which replace the big five with the EP distance or the health index, we also find that the EP 
distance or the health index enter significantly (using LR tests, even at the 0.1% level)23. Hence, 
adding either personality traits or information on an individual’s health improves the model 
compared to a model with only the core personal and household characteristics. Comparing 
the two models with personality traits, Akaike’s information criterion suggests that we should 
choose the model with the Big-Five factor markers over the one with the EP distance for both 
men and women24. In the following, we will therefore focus our discussion on the model includ‑
ing the Big-Five. We also prefer the Big-Five model since the lagged health index does not enter 

23	 The regression results of the basic model, both for the full sample, as well as with the adjusted sample sizes for 
the likelihood ratio tests against the basic model, are available upon request.

24	 Neither for men, nor for women the coefficient on the EP distance is significant in the self-employment equation 
in none of the three samples.
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significantly in the self-employment equation of the dynamic model either. This model offers a 
more detailed explanation for which individuals become self-employed25.

Third, when we test for the joint significance of the inverse Mills ratio we fail to reject the null 
hypothesis that the coefficients are jointly equal to zero at any conventional significance level26. 
The results for the regressions without the Heckman correction are shown in Table 5 for women 
and Table 6 for men. They indeed do not differ much from the results with the Heckman correction. 
This suggests that correcting for attrition bias is not essential once we estimate the dynamic model.

How do the results change from the static models’ once we include dynamic effects? For 
women, age loses its statistical significance in the self-employment equation while it remains 
significant at the 5% level for men. In other words, once we condition on women’s past labour 
state, we no longer find a significant effect of age on the choice between self-employed or em‑
ployee. Both the coefficient on household size for women, and on the dummy for having at least 
one child for men are no longer significant in the self-employment equation either.

With respect to the factor markers, we find that only the fifth factor, openness for experience, 
remains statistically significant (at the 5% level) for women. The coefficient still has a posi‑
tive sign. We find an increase in the probability for a woman to be self-employed over being an 
employee by a factor of 1.28 if her score on openness for experience increases by one standard 
deviation. For men, we also find that the coefficients on the factor markers decrease in magni‑
tude, with the largest change occurring in the fifth factor, translating to a 40% smaller increase 
in the relative probability for self-employment. Its impact is now also of approximately the same 
size as for women, and the p-value increases to around 0.023. Furthermore, for men we find 
a change in the other factor markers too. Agreeableness is no longer significant but emotional 
stability and conscientiousness are significant at the 5% level. Their signs are negative and thus 
opposite to what we would expect based on the arguments underlying the EP distance. Regard‑
ing conscientiousness this is, however, not entirely surprising considering that we already saw 
in section 2.3 that the self-employed in the LISS panel are on average scoring lower than em‑
ployees. Last but not least, the coefficient on extraversion remains statistically significant (al‑
so at the 5% level) and has, as expected, a positive sign. This implies that for men, an increase 
in the score for extraversion by one standard deviation increases the relative probability to be 
self-employed by a factor of 1.32 compared to being employed.

Looking at the lagged labour market state variables we find the following for both genders: 
Having been in the same labour state one period earlier increases the relative probability for an 
individual to be in the same labour state compared to being an employee — i.e. the diagonal 
in the block of coefficients for lags shows the largest values. This is what we would expect giv‑
en the transition probabilities in Table 1. The coefficient on lagged self-employment in the self-
employment equation stands out as the largest of all, implying stronger state dependence in self-
employment than in other labor market states. We find that all coefficients for the lags are posi‑
tive. That is, given that an individual is not an employee (past and initial), the individual is more 
likely to end up in any of the other three states rather than in employment. It should also be 
noted that in terms of the relative size of coefficients, the individual and household character‑
istics, as well as the personality traits have much less influence on the choice probabilities than 

25	 Note also, that the two models do not differ much in the estimates for all the other coefficients. Hence, the statements 
we can make on either hold in general also for the other.

26	 The p-value is 0.188 for women and 0.395 for men.
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Table 5. Dynamic model with Big-Five factor markers and no Heckman correction, women

Self-employed Unemployed Not in labour force
Constant –6.98*** –6.56*** –5.49***

(0.8184) (0.6488) (0.4526) 
Age 0.01 0.03*** 0.05***

(0.0096) (0.0082) (0.0063) 
Has partner 0.29 –0.67*** 0.35**

(0.2415) (0.1886) (0.1692) 
Has child –0.34 –0.23 –0.43**

(0.299) (0.2331) (0.192) 
Middle education –0.11 –0.8** –0.9***

(0.5784) (0.3503) (0.2933) 
High education 0.18 –1.53*** –1.41***

(0.6016) (0.3807) (0.3122) 
Household size 0.13 0.04 0.05

(0.1201) (0.0977) (0.0812) 
F1: extraversion 0.03 –0.06 –0.04

(0.0972) (0.0895) (0.0665) 
F2: agreeableness –0.07 0.03 0.01

(0.1107) (0.0907) (0.0698) 
F3: conscientiousness –0.05 –0.14* –0.14**

(0.099) (0.0839) (0.0653) 
F4: emotional stability –0.1 –0.35*** –0.21***

(0.0894) (0.0827) (0.0609) 
F5: openness for experience 0.25** 0.23*** 0.11

(0.1004) (0.0895) (0.0713) 
Last state: self-employed 4.00*** 1.07** 1.13***

(0.2327) (0.4764) (0.2906) 
Last state: unemployed 0.13 2.96*** 1.76***

(0.5087) (0.2809) (0.2164) 
Last state: not in LF 0.61** 1.56*** 2.14***

(0.2611) (0.1973) (0.1042) 
Initial state: self-employed 4.92*** 1.41** 2.3***

(0.5324) (0.5596) (0.36) 
Initial state: unemployed 3.47*** 3.35*** 3.18***

(0.693) (0.5308) (0.4772) 
Initial state: not in LF 2.84*** 3.17*** 4.27***

(0.3794) (0.2931) (0.2381) 
L (lower triangular matrix with 
parameters determining W = LLT) 

2.26*** 0 0
(0.2119) 
1.12*** 1.26*** 0
(0.2288) (0.2282) 
1.25*** 1.43*** 0.63***
(0.1803) (0.1641) (0.1701) 

W (covariance matrix of mij  
in equation (3)) 

5.0893 2.5314 2.8172
2.5314 2.8507 3.2082
2.8172 3.2082 4.002

Notes. 14435 observations on 3267 individuals; log-likelihood = –6089.36. Regression including year fixed effects. 
(Non-robust) standard errors in parentheses; *** — p < 0.01, ** — p < 0.05, * — p < 0.10.
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Table 6. Dynamic model with Big-Five factor markers and no Heckman correction, men

Self-employed Unemployed Not in labour force
Constant –6.82*** –8.77*** –6.25***

(0.7965) (0.9056) (0.5853) 
Age 0.02** 0.08*** 0.07***

(0.0099) (0.0117) (0.0087) 
Has partner –0.08 –0.34 –0.32

(0.2537) (0.3139) (0.2259) 
Has child –0.28 –0.07 –0.11

(0.3129) (0.4071) (0.2749) 
Middle education –0.09 –0.62 –1.12***

(0.5254) (0.4082) (0.3191) 
High education 0.27 –1.38*** –1.99***

(0.5303) (0.4576) (0.3549) 
Household size 0.18 –0.1 –0.07

(0.1278) (0.1811) (0.1269) 
F1: extraversion 0.28** –0.03 –0.03

(0.1097) (0.1277) (0.0855) 
F2: agreeableness –0.14 0.02 –0.05

(0.0927) (0.1225) (0.0823) 
F3: conscientiousness –0.19** –0.12 –0.15*

(0.0958) (0.1119) (0.0884) 
F4: emotional stability –0.25** –0.33*** –0.36***

(0.1026) (0.116) (0.0825) 
F5: openness for experience 0.24** 0.15 0.08

(0.1035) (0.1187) (0.085) 
Last state: self-employed 4.17*** 0.36 0.74*

(0.2254) (0.7462) (0.3905) 
Last state: unemployed 0.24 2.65*** 1.26***

(0.5737) (0.3338) (0.3108) 
Last state: not in LF 0.57* 0.66** 1.59***

(0.3281) (0.2959) (0.1751) 
Initial state: self-employed 4.75*** 2.7*** 2.28***

(0.5798) (0.7191) (0.4486) 
Initial state: unemployed 2.60*** 4.13*** 3.76***

(0.9068) (0.5922) (0.5508) 
Initial state: not in LF 2.07*** 4.04*** 4.31***

(0.5227) (0.4126) (0.3508) 
L (lower triangular matrix with 
parameters determining W = LLT) 

2.1*** 0 0
(0.2383) 
1.48*** 1.27*** 0
(0.3285) (0.3264) 
1.17*** 1.62*** 0.23
(0.2578) (0.2006) (0.4156) 

W (covariance matrix of mij  
in equation (3)) 

4.4139 3.1113 2.454
3.1113 3.7993 3.7779
2.454 3.7779 4.0285

Notes. 11967 observations on 2647 individuals; log-likelihood = –4067.57. Regression including year fixed effects. 
(Non-robust) standard errors in parentheses; *** — p < 0.01, ** — p < 0.05, * — p < 0.10.
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the lagged values of an individual’s labour state27. Finally, we also see that the estimated vari‑
ance in the unobserved heterogeneity becomes substantially smaller once we include the dynam‑
ic variables. The variance in the unobserved heterogeneity for the self-employed is still larger 
than for the other two states but by a much smaller factor. The same holds for the estimated co‑
variances. Looking at the covariances, we find that self-employed women are more likely to be 
out of the labour force than the unemployed, whereas the opposite holds for men.

5. Simulations

This section presents two different types of simulations. We first show the simulated transi‑
tion probabilities for the complete LISS panel. Then we show simulated employment paths for 
benchmark individuals, to illustrate the implications of mobility into and out of self-employment. 
We only present simulations based on the model specification with the Big-Five factor markers.

5.1. Transition probabilities

To correct for attrition, we simulate under the counterfactual assumption that none of the indi‑
viduals leave the sample. For those who do in reality, we need to impute the values of the covari‑
ates. We assume that, apart from age, personal and household characteristics remain the same28. 
The missing Big-Five factor marker values are completed with the same mean values used to fill 
in the initial gaps as described in section 2.3. We then, for each individual i, draw one vector of un‑
observed heterogeneity components iµ  from the multivariate normal distribution (with mean zero 
and covariance matrix given by ˆ ˆLL ). In each time period for each individual and labour state, we 
then draw independent error terms ijtε  from a Type 1 extreme value distribution. Taking the first 
labour market state that we observe for an individual as given, we then simulate individuals’ la‑
bour market state outcomes for the following time periods.

Table 7. Simulated transition probabilities (in %), men

Labour market state All individuals 45 to 60 years old
current

past
0 1 2 3 0 1 2 3

0: employee 93.58 1.59 1.29 3.54 92.15 1.53 1.63 4.69
1: self-employed 7.33 90.11 0.82 1.74 5.95 90.81 1.14 2.1
2: unemployed 22.22 2.78 44.7 30.3 22.18 2.33 43.58 31.91
3: not in labour force 25.03 2.51 8.68 63.77 22.62 2.1 9.71 65.57
Total 74.14 12.99 3.06 9.8 69.01 14.32 3.91 12.76

Notes. Based on dynamic model with Big-Five factor markers, 15310 observation pairs (n = 2694).
Source: LISS Panel, missing values for personal/household characteristics are extrapolated.

27	 Initial values are also strongly significant with substantial coefficients. This indicates that the individual effects 
are correlated with the initial observation, as expected.

28	 This assumption is not too farfetched. All covariates have relatively small within variation.
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Table 8. Simulated transition probabilities (in %), women

Labour market state All individuals 45 to 60 years old
current

past
0 1 2 3 0 1 2 3

0: employee 91.61 1.57 1.34 5.48 89.98 1.5 1.62 6.9
1: self-employed 8.18 87.54 0.81 3.47 7.12 86.97 1.33 4.58
2: unemployed 18.39 1.61 40.65 39.35 16.9 1.94 38.78 42.38
3: not in labour force 15.72 1.82 6.81 75.66 14.47 1.83 6.22 77.48
Total 66.72 8.87 3.68 20.73 60.63 8.91 4.17 26.29

Notes. Based on dynamic model with Big-Five factor markers, 19138 observation pairs (n = 3325).
Source: LISS Panel, missing values for personal/household characteristics are extrapolated.

Tables 7 and 8 show the simulated transition probabilities for men and women, based on 
the dynamic model with Big-Five factor markers and no Heckman correction29. The left panels 
show the results for all men and women and the right panels show the results for the 45 to 60 
year old subsamples. Comparing the total shares of all labour market states with the shares in Ta‑
ble 1, we find that the simulations for the whole sample lead to results that are similar to what 
we observed initially in the data.

We also see that our simulations, in particular for women, overestimate the probability that 
individuals remain self-employed. As a consequence, the transitions out of self-employment into 
other labour market states are underestimated but the general pattern seen in the data is never‑
theless reproduced. Overall, it looks like we fare slightly better for men than for women in terms 
of replicating the observed transition probabilities.

The right panels with the results for 45 to 60 year old individuals show that when we con‑
sider older individuals, we observe approximately the same probabilities as for the complete 
samples to remain in self-employment. Hence, even for this older age group, where one gener‑
ally assumes that projections are less prone to errors due to the smaller time horizon on which 
forecasts are made, we find that the assumption that the self-employed stay self-employed has 
clear limitations.

5.2. Individual simulations

By simulating the employment paths for the chosen benchmark individuals, we show how 
the transition probabilities translate into individual probabilities of remaining in the same la‑
bour market state for a longer time period. If we would simply take the probability of remain‑
ing in self-employment calculated above to the power 10, we would conclude that 38.14% of 
men and 24.76% of women remain self-employed for 10 years. This, however, would ignore 
that the probabilities depend with covariates that change over time (e.g., age, time dummies).

We therefore simulate the employment paths from 2008 until 2017, for benchmark individu‑
als who are self-employed in 2007. We fix age to 45 years at the start and set other personal and 
household characteristics equal to the median by gender for the self-employed in 2007. Thus 

29	 We choose the model without Heckman correction since we could not reject the null hypothesis that the correction 
terms all have coefficient zero.
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the benchmark individuals have a partner and one child. The self-employed male benchmark 
has high education, the female has medium education.

Next we take 500 draws of the benchmark individual’s unobserved heterogeneity vector im ,  
and then proceed in the same way as with the forward simulations for the transition probabil‑
ities, drawing the  ijte  from a Type 1 extreme value distribution once in each of the time peri‑
ods for each labour market state. The resulting employment paths for the self-employed bench‑
mark man and woman are shown as sequence index plots in Fig. 3. The sequence index plots 
show all simulated employment paths. The paths are stacked vertically on top of each other and 
each path is a (thin) horizontal line on which each year is coloured according to the labour mar‑
ket state the path takes in that year. We order the paths by labour market states, starting with 
the state in the first period, followed by the second period, etc. The scale of the y-axis reflects 
cumulative shares (in percent). On the righthand side of Fig. 3, we can see that the benchmark 
male has a chance of approximately 60% to remain self-employed throughout the ten years. 
For the benchmark female, this probability is only 35%. The main reason for the difference is 
the larger probability to leave the labour force for women.

Are these the probabilities we need to evaluate mobility? We view them as lower bounds on 
the probabilities of “persistent self-employment”, because individuals can also leave self-em‑
ployment for a short time and then return. If we are concerned about pension savings (our initial 
motivation), which tend to be much lower for the self-employed than for employees, the paths 
where self-employment is interrupted by a short employee spell are close to “persistent self-em‑
ployment”, since occupational pension wealth accumulated during the short employee spell will 
be small. A static micro-simulation which keeps everyone who is self-employed always in self-
employment will then be a good approximation. We therefore also define an upper bound on 
the probability of “persistent self-employment”, counting all paths where at least half of the time, 
five years, is spent in self-employment. This gives probabilities 80% for the male and 58.6% for 
the female benchmark individual starting as self-employed in 2007.

Fig. 3. Simulated employment paths by gender: self-employed in 2007 (median characteristics)
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These probabilities obviously depend on the characteristics of the benchmark individuals. 
For example, if we change the male benchmark’s education level to intermediate education, 
the lower and upper bounds for the male benchmark would fall to 48.6% and 72.2%. Similarly, 
if we would change the female benchmark’s education to high education, her lower and upper 
bounds of persistent self-employment would rise to 45.0% and 67.8%.

Fig. 4. Simulated employment paths: male, self-employed in 2007
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Fig. 5. Simulated employment paths: female, self-employed in 2007
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Finally, since we are interested how personality affects individual probabilities to remain 
self-employed, we follow (Obschonka et al., 2013) and define an “entrepreneurial” profile with 
high levels of extraversion, conscientiousness, emotional stability, and openness, and a low level 
of agreeableness. Taking the standardization of the factor markers into account we assign high 
and low values 2.5 and –2.5. In addition, we define a “non-entrepreneurial” profile that takes 
the opposite values. Figures 4 and 5 shows the sequence index plots for the corresponding male 
and female benchmark individuals who are self-employed in 2007 (other characteristics are 
the same as before). As expected, the benchmark individuals with “entrepreneurial” Big-Five 
factor markers have a larger probability to remain self-employed than the “non-entrepreneurial” 
ones. The differences are large: the probabilities to stay self-employed throughout the ten year 
period is 67.6% (59.2%) for the entrepreneurial male (female) and 38.4% (22.2%) for the non-
entrepreneurial male (female). The changes in the probabilities compared to Fig. 3 are larger for 
the “non-entrepreneurial” than for the “entrepreneurial” individuals, in line with the entrepre‑
neurial characteristics of the self-employed benchmark individuals used in these earlier figures.

Table 9 summarises the simulation results for each combination of education level and person‑
ality profile. In the two rightmost columns, the table shows the lower and upper bounds based on 
our earlier definitions. The other columns show the share of employment paths in self-employ‑
ment at a specific point in time. Note that the probability of self-employment is always lower for 
a female individual in comparison to a male benchmark individual, also in cases where both have 
exactly the same characteristics. Furthermore, a shift from high to medium education increas‑
es the difference in probabilities between the “entrepreneurial” and “non-entrepreneurial” case.  

Table 9. Probabilities (in %) that different benchmark individuals who are self-employed 
in 2007, are self-employed in later years

Big-Five 2008 2009 2012 2017 10 years 5+ years
Male, high education:
median 91.4 83.8 77.6 72.0 61.0 80.0
entrepreneurial 93.0 86.8 82.2 77.6 67.6 84.4
non-entrepreneurial 83.8 72.2 60.4 51.4 38.4 62.4
Male, medium education:
median 88.2 78.6 69.4 63.4 48.6 72.2
entrepreneurial 90.8 83.0 77.2 70.8 59.4 79.2
non-entrepreneurial 77.8 62.6 43.8 32.0 22.2 47.0
Female, high education:
median 80.4 75.0 59.8 64.0 45.0 67.8
entrepreneurial 86.4 81.8 73.2 74.2 59.2 78.4
non-entrepreneurial 73.6 66.2 45.6 47.0 29.0 54.2
Female, medium education:
median 76.2 68.6 51.6 54.0 35.4 58.6
entrepreneurial 82.8 77.2 64.0 69.0 49.2 72.0
non-entrepreneurial 66.0 56.4 33.4 34.0 19.6 39.4

Notes. Based on dynamic model with Big-Five factor markers and no Heckman correction (500 draws per individual). 
The benchmark individual is self-employed in 2007. The rightmost column gives the probability that the individual 
is self-employed in at least 5 of the 10 years.
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In addition to this, the difference between the lower and upper bound (the final two columns) 
within each case also increases. Finally, we also find that the share of paths observed in self-em‑
ployment in a year stabilizes after the fifth to sixth year in the simulation.

These results point at the limitations of a static microsimulation approach for pension wealth 
and income projections. If, for example, we take the most stable of the benchmark individu‑
als, a male with high education and “entrepreneurial” Big-Five factor marker levels (left panel 
of Fig. 4), we still get chance of 12.6% to spend at least seven of the next ten years as an em‑
ployee. Given the context of the Dutch pension system, such an individual would accumulate 
pension savings in the second pillar during at least seven of the ten years — and would there‑
fore end up in a better financial position than what a model assuming that self-employment is an 
absorbing labour market state would predict. That is, a static micro-simulation would over-pre‑
dict the share of self-employed with (too) low pension savings.

6. Conclusion

We have analyzed transitions into and out of self-employment and other labor market states 
for individuals of working age in the Netherlands. We have used a dynamic multinomial logit 
model with random individual effects. Our explanatory variables include the “Big Five” person‑
ality characteristics, and we find that an entrepreneurial or non-entrepreneurial personality has 
a large effect on the probabilities to stay or become self-employed. Expanding the static model 
to a dynamic framework where the current labor market state has a causal effect on the next 
labor market state, substantially improves the fit of the model and reduces the estiated impor‑
tance of unobserved heterogeneity. Still, we find substantial unobserved heterogeneity, particu‑
larly among the self-employed.

There is clear evidence of persistence (state dependence) in self-employment, but self-em‑
ployment is not an absorbing state. The probability to remain self-employed in the next year is 
on average around 90% for men and slightly lower for women. But the probabilities to remain 
self-employed for a longer time period are much smaller, as illustrated by simulated employment 
paths over multiple years for benchmark individuals. Our benchmark self-employed male has 
an 80% chance to spend the majority of the next ten years in self-employment. This probabili‑
ty falls to 62% if the individual does not have an entrepreneurial personality, or even to 47% if, 
in addition, he has medium education rather than high education (the benchmark). For the self-
employed benchmark woman, the chances to spend the majority of the next ten years in self-
employment are only 59%, and this falls to below 40% if the woman does not have an entre‑
preneurial personality.

With the ongoing pension reforms, there is a lot of recent interest in pension adequacy 
of a heterogeneous population, with a focus on vulnerable groups such as the self-employed. 
Our results suggest that future work on projecting pension incomes and pension adequacy 
should account for the labour market dynamics and the transitions between labour market states 
in which individuals do or do not (sufficiently) accumulate pension wealth. Combining the type 
of model and dynamic simulations here with administrative data on how much pension wealth 
is accumulated in a given labor market state, seems a fruitful avenue for future research.
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