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Chapter 1
Introduction
1.1

Background

This thesis presents work on the intersection of two fields: insurance and health economics.
First, I study asymmetric information in insurance contracts. The classical, well studied examples of asymmetric information are adverse selection (see Rothschild and Stiglitz (1976))
and moral hazard (see Arrow (1963), Hölmstrom (1979) and Shavell (1979)). Adverse selection happens when high risk individuals are more likely to self-select into insurance,
while moral hazard means that being insured changes individual’s behaviour, which may
lead to higher accident rates. Asymmetric information in insurance markets can lead to
nonoptimal market outcomes or even market failures (see Akerlof (1970), Pauly (1974)).
Therefore they need to be taken into account when contracts are designed and when insurance markets are designed and/or regulated.
Adverse selection and moral hazard may both lead to the same empirical observation: positive correlation between the number or size of claims and the size of coverage. Therefore,
in order to identify the channels of asymmetric information in the context of a particular
market, one needs to use a strategy that distinguishes empirically between the different
mechanisms (see Chiappori and Salanie (2000), Chiappori et al. (2006), Chiappori and
Salanié (2013)). Such strategies usually require the use of dynamic datasets, combining information on products, insuree characteristics and claims. Recently such datasets became
available, which made it possible to test empirically the predictions of theoretical models of
insurance and to identify mechanisms driving asymmetric information in a given market.
In Chapter 3, I test for moral hazard among firms that have insured themselves against
sickness absenteeism. This moral hazard is non-standard because it arises on the employer’s
1

2
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side: due to the costs of monitoring of sick workers. If most of the worker’s sick pay is
covered by the insurance company, which is true for firms insured with high coverage, the
monitoring costs might be higher than the firm’s expected benefits. This creates incentives
for firms not to monitor, which from the insurer’s point of view results in moral hazard
reflected in longer than needed sickness spells. In this chapter, I present an empirical
framework that allows me to identify the effect of a change in the monitoring policy of
the insurance company on the duration of sickness spells reported by insured firms. I
interpret the observed change in the sickness durations as a change in firms’ moral hazard.
This framework allows me to abstract from selection driving the initial choice of insurance
contracts.
Moral hazard and adverse selection can sometimes be concealed by the existence of other
effects that can influence the observed correlation between claims and coverage. In Chapter
4, I try to incorporate an example of such an effect: learning about one’s own level of risk
in the context of car insurance, into a typical theoretical framework investigating agent’s
decision on insurance coverage. The common belief in the literature is that switching
contracts is a result of asymmetric learning about the insuree’s type. I show that changes
of contracts can also be caused by other mechanisms: nonproportional pricing of insurance
or asymmetric updating (as opposed to asymmetric learning) between the insurer and the
insuree.
The second focus of the thesis is health economics, and, in particular, testing the hypothesis
of fetal origins (see Barker et al. (1990), Almond and Currie (2011), Currie and Almond
(2011)). The hypothesis states that adverse nutritional conditions in utero or early in life
might result in inadequate development of vital organs in a human body. As a consequence,
this can lead to increased risk of chronic diseases at old ages. Testing this hypothesis is
difficult, because it requires linking data on early life events with long-term outcomes and
there are often confounding factors influencing later life outcomes. Unobserved factors
at the individual and family level, like parental poverty or biological factors, may jointly
affect conditions early in life and later life outcomes and this may hamper the assessment
of causal relationships. Moreover, early life exposure to adverse conditions can lead to
increased mortality risk at earlier ages, which can result in selection that may mask longrun effects.
In Chapter 2, I test the hypothesis of fetal origins using the data on birth and death
certificates of people born around the time of the Dutch Potato Famine (1846-1847) in
Zeeland, The Netherlands. The moment of birth provides exogenous variation in early
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life conditions (exposure to the famine). Information on the moment of death, as well as
other life events, such as marriage, makes it possible to analyze health (represented by
mortality) at various ages and it allows to correct for selection at early ages. Finally, I
use information on siblings to correct for unobserved family heterogeneity that can affect
individual health during life. I show that exposure to adverse nutritional conditions in
utero or during first years of life resulted in higher mortality at older ages (age 50-60),
which is consistent with the hypothesis of fetal origins. Moreover, the estimated effect
of early life conditions on later life health is particularly strong among families with low
socio-economic status. This suggests that exposing deprived families to a common shock
resulted in even higher inequality in terms of health later in life.

1.2

Structure of the thesis

In Chapter 2, based on Lindeboom et al. (2013), I investigate whether exposure to nutritional shocks in early life negatively affects mortality at older ages. use unique individual
data on siblings born during and around the Dutch potato famine of 1846/47. The famine
provides exogenous variation on the nutritional status of those exposed to the famine. The
sibling information allows us to control for other usually unobserved environmental factors
at the family level that may affect later life health. For instance, family specific biological
or socio-economic factors may mitigate or reinforce the impact of nutritional shocks early
in life and failing to control for this may bias estimates of the effect of the nutritional
shock. I use a unique historical dataset that follows siblings in a family from the time of
birth until death. This dataset is merged with data on regional food prices and calories
available per capita in the nineteenth century in the Netherlands. The calories data allow
us to assess effects of the diet composition (proteins and proteins from animals intake) in
utero and early life on longevity. I show that conditions during both utero and early in
life (ages 1-5) are important for mortality patterns at younger ages (1-10) and at older
ages (50-60) and these results remain significant if I correct for unobserved family specific
effects. I also find that children born in families of unskilled farm workers and in families
with low social status were particularly strongly affected by the famine. A further analysis
of the family fixed effects reveals large mortality differences between families. Moreover,
the impact of a nutritional shock also differs per family type. The effect of a nutritional
shock is quantitatively large for families with higher family fixed effects (families that face
high mortality rates in general) and negligible for families with lower fixed effects. Thus,
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nutritional shocks early in life increase inequality in mortality and longevity at later ages.
In Chapter 3 I analyze firms’ behaviour when choosing contracts to insure against the
cost of sickness absenteeism of their workers. In the Netherlands employers are obliged
to continue paying wages to workers for the first two years of a sickness. This can be a
huge financial burden, especially for small companies. Therefore, many employers decide
to insure themselves against sickness absenteeism of their employees. I present a theoretical model predicting that smaller firms will buy more comprehensive insurance coverage.
Data from a main Dutch insurance company confirms this prediction. Second, I show empirically that sickness insurance contracts reduce firms’ incentives to monitor sick workers
and result in a classical moral hazard problem. Therefore, employees of firms with more
comprehensive insurance coverage, stay sick for longer. I evaluate empirically the effect
of a sickness assistance program which serves as a tool for monitoring employers (and,
indirectly, sick employees). I find that this new policy resulted in increased recovery rates
of sick employees, and the effects were largest among firms with the highest insurance
coverage. I interpret this result as evidence for the presence of moral hazard.
Chapter 4 examines decisions on the choice of insurance coverage under symmetric learning
and shows that changes in insurance contracts are not necessarily caused by the existence
of asymmetric learning. I prove that, when the price of insurance is proportional to the
estimated accident rate of an insuree, when agents’ utility is characterized by a CARA
and when an insuree and an insurer learn symmetrically and use the same estimate of
the agent’s accident risk, then the insuree’s decision on contract choice depends only on
the level of his risk aversion and not on the estimated level of his accident risk. I test
the predictions of this baseline model with the data on car insurance contracts and show
that the null hypothesis of no incentives for contract changes must be rejected. I then
demonstrate that the changes of insurance coverage observed in the data can result from
nonproportional pricing, neglecting differences between more and less experienced drivers
by the existing bonus malus system or from the fact that the insurer updates his premia
only on a yearly basis, while the agent can learn about his level of risk also during a
contract year.

Chapter 2
Bad potato: Harvest Failures, Prices,
Undernutrition and Consequences for
Longevity of Siblings Within a
Family*
2.1

Introduction

A large number of epidemiological and economic studies use the ”Fetal Origin Hypothesis”
as a general framework to assess the relationships between early life nutritional conditions
and later life health and socio-economic outcomes (see e.g. Barker et al. (1990); Kuh
et al. (2004); Almond (2006) ; Gluckman et al. (2008); Almond and Currie (2011)). The
idea is that vital organs and the immune system might develop inadequately if the body
faces adverse nutritional events in utero and/or the first stages of life, and that this may
increase predisposition to chronic diseases at old ages. Alternatively, the relationship
may be explained through poorer health and socio-economic achievements through life
(Kuh et al. (2004)). Empirical research in this area generally faces data problems and
problems of confounding factors. Somewhat more specifically, unobserved factors at the
individual and family level, like parental poverty or biological factors, may jointly affect
conditions early in life and later life outcomes and this may hamper the assessment of
*

This chapter was written as a joint project with prof. Maarten Lindeboom, dr. France Portrait and

prof. Gerard van den Berg. I am very grateful for their contribution.

5

6

CHAPTER 2. BAD POTATO

causal relationships. Furthermore, exposure to adverse conditions early in life may also
lead to increased mortality risks at earlier ages and hence lead to selection effects that may
mask long-run effects. In order to take account of these selection effects, one ideally needs
exogenous variation in early childhood conditions and a continuous time frame in which
individuals are followed from birth to death1 .
Randomized experiments are often considered as the gold standard for assessing causation,
but of course they are unfeasible in the context at hand. In view of this, an instrumental
variable approach can be used that uses indicators of individual conditions early in life.
These instruments should plausibly affect high-age morbidity or mortality and the only
way that they can do so is by way of the individual early-life conditions. Typically, these
are temporary characteristics of the macro environment in which the child is born. Such
indicators do not give rise to endogeneity and simultaneity biases, because they are exogenous from the individual’s point of view. If one observes an association between such an
indicator and the health outcome later in life, then one can conclude that there is a causal
effect of early-life conditions on that health outcome. This is also the approach followed
in this paper.
The paper analyzes effects of restrictions in food in utero and the first year of life and
during childhood (ages 1-5) on longevity later in life. We use the occurrence of the Potato
famine of 1846-47 and variations in food prices and in the availability of daily calories
as exogenous indicators of exposure to adverse nutritional conditions in early life. The
analyses are performed on data from the Historical Sample of the Netherlands (HSN) release Long Term Mortality Effects of Potato crisis (LMP) 2012.01, which provides (vital)
information on individuals born between January 1st, 1843 and December 31st, 1854 in the
province of Zeeland in the Netherlands. For an extensive description of the HSN data, see
Mandemakers (2000)2 . These individual data are merged with data on the occurrence of
the Potato famine of 1846-47, regional food prices, and national data on calories available
per capita (Knibbe (2007)). We provide a detailed description of the data in Section 2.3.
The use of the data on food prices and on daily availability of calories per capita is particularly useful in the current context. Like in most other studies that use famines, the start
1

Most studies use outcomes of cohorts at later ages and link these outcomes to cohort specific conditions

early in life. Thereby one implicitly conditions on survival until later ages, which may mask long-run effects
of exposure to early adverse conditions
2
The HSN database covers the full lifetimes of a representative sample of about 80,000 individuals born
between 1812 and 1922 in the Netherlands. Besides information on birth, marriage and death of a given
person, the HSN data also inform on parental and individual characteristics, like father’s occupation.
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and end of the Potato famine of 1846-47 were not well defined (See Section 2.2 for more
details). The food conditions were the worst at the peak of the famine (September 1846
- September 1847), but in general food conditions were bad between 1843 and 1854 and
were also fluctuating a lot. This makes it difficult to construct clearly defined groups that
were exposed to undernutrition (the treated) and those who were not (the controls) when
one relies only on the information on the official period of the famine. With information
on food prices and on caloric availability, a more continuous measure can be constructed
that also takes into account the degree of exposure to adverse nutritional conditions early
in life.
To our knowledge, information on availability of calories has not been used in the literature
yet. Our time series of caloric availability distinguish between several types of nutrients,
namely the total amount of proteins and the amount of proteins coming from animals.
Another distinguishing feature of our paper is that it uses data from the so called HSNrelease LMP that provides unique information on family relations between observations.
From the beginning of 1850, the Dutch population registers collect (demographic and socioeconomic) information at each successive family situation of all Dutch citizens (moves,
changes in marital status, child births). The HSN-release LMP uses data from these
population registers and gathers (vital) information on siblings of HSN respondents born
in 1843-54 in Zeeland. The sibling information allows us to control for family specific
circumstances that are constant over time and that could enforce or mitigate the impact of
the nutritional shock early in life. Correcting for family specific effects is important if one
wants to take the dynamic (mortality) selection effects into account and gives more credit
to the results of the analyses. These family specific circumstances include socio-economic
conditions as well as biologic or genetic conditions at the family level. For instance, for
a rich family with a strong network it may be easier to have access to food in periods
of food scarcity. Or, some families may have intrinsically healthier and stronger children
than other families, which may mitigate the impact of a nutritional shock. Furthermore,
family background at the moment of birth can also be used as a proxy for social conditions
later in life (such as e.g. education and other socioeconomic achievements), and therefore
it helps in controlling for later life conditions that could indirectly affect adult health.
Such detailed information at the family level is generally not available in register data,
nor in surveys. There are only a few papers in this area that exploit sibling information.
Alderman et al. (2006) look at pre-school malnutrition and height and schooling outcomes
in Zimbabwe. Almond et al. (2009) look at prenatal exposure due to Chernobyl fallout in
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Sweden and find that in utero exposure to radiation leads to worse schooling outcomes.
Field et al. (2009) also exploit sibling information on iodine supplements during pregnancy
on educational outcomes in Tanzania3 .
Our results show that conditions during both utero and early in life (ages 1-5) are important
for mortality patterns throughout life. The effects of undernutrition are particularly strong
in families of low socio-economic status and unskilled farm workers. If we control for
unobserved family fixed effects, the adverse effects of the undernutrition remain significant
and for males they become even stronger. This underlines the importance of controlling
for such effects in famine studies, especially if the famine is severe and dynamic mortality
selection is likely to be relevant. Indeed, in our study, when the famine was at its worst,
up to a third of all infants died before the age of one. These selection effects may mask
the effects on long term mortality if the analyses do not explicitly take this into account.
This may explain why other studies that used famines where (infant) mortality rates were
very high, such as the Leningrad Siege in the Second World War (Stanner et al. (1997)),
the Finnish famine of 1866-68 (Kannisto et al. (1997)) and China’s great famine (Meng
and Qian (2009)), found little or no effects on health and mortality after exposure early in
life..
Section 2.2 describes in more detail the nutritional conditions in the Netherlands in 183060. Section 2.3 provides information on the data: the individual data on mortality and the
macroeconomic indicators that we use to control for the nutritional conditions. Section 2.4
presents the results of the nonparametric tests for differences in life expectancy resulting
from differences in nutrition levels early in life, proxied by calorie availability and potato
prices. In Section 2.5 we use (semi-) parametric models to analyze the impact of nutrition
in early life on mortality at different ages later in life. In these analyzes we also take account
of family-specific effects. These family-specific effects are subsequently analyzed to address
their importance and to explore the extent to which they are related to observed family
specific-indicators. Section 2.6 discusses selection issues. Finally, Section 2.7 summarizes
the results and concludes.

3

Except for these studies, there also exists a literature exploiting sibling or twin information to measure

the long-term effects of early life conditions, but as exposure measures it uses potentially endogenous
variables such as birth weight (see Conley and Bennett (2001), Conley et al. (2007), Black et al. (2007),
Royer (2009), Lin and Liu (2009), Oreopoulos et al. (2008) ), smoking during pregnancy (see Johnson and
Schoeni (2011), Tominey (2007)) or stress level during pregnancy (see Aizer et al. (2009)).
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Historical developments related to nutritional conditions in the period 1830-60

In the first part of the nineteenth century, the Netherlands was relatively wealthy compared
to other European countries (Wintle (2007)). The average diet was reasonably balanced
and rich in proteins, and the caloric intake was on average sufficient to meet energy needs.
In 1830-40, the mean of available daily calories equaled 2,400, with about 40% coming from
animal, mostly dairy, proteins, 15% from potatoes and about 30% from rye and wheat
(Knibbe (2007))4 . The share of potatoes in the Dutch diet increased steadily, initially for
the less well-off but also later for all layers of the Dutch population. The Netherlands was
the second most dependent country on potatoes after Ireland (Wintle (2007)). Especially
the broad lower social classes on the countryside were heavily dependent on potatoes,
eating them three to four times a day (Burema (1953)).
Though the Netherlands is a small country, there were large differences in economic systems
and living standards across the provinces (Paping et al. (2007)). In 1840, the province of
Zeeland, one of the eleven Dutch provinces of that time, was highly rural: only 24% of the
population was living in agglomerations above 5,000 inhabitants, compared to 35% in the
Netherlands (de Meere (1992)) and, in 1849, 48% of the total labor force was working in the
agricultural sector, compared to 36% in the Netherlands (Oomens and den Bakker (1997)).
The agriculture in Zeeland was mostly devoted to arable production (especially wheat and
madder) and to own consumption, national and international trade. The province was also
relatively poor, with high levels of unemployment, bad housing conditions (Kort (2001))
and extremely bad water conditions. Zeeland is located on the seaside and the ground
water was mostly brackish, which made only the rain water suitable for consumption and
led to periodic shortages in good quality drinking water (Kort (2001)) and to endemic
malaria (Hofstee (1978)). Regarding breastfeeding, the women on the countryside had to
work hard on the land and were often not able to suckle their babies. These were fed
with porridge and (contaminated) water, which was often fatal for weak babies. Another
consequence of the low levels of breastfeeding was the relatively short birth-intervals. All
this resulted in high level of infant and child mortality. In 1830-39, about one fourth of the
infants in Zeeland died before age one (this compared to 20% in the whole Netherlands at
4

The average energy requirement for a male of 30-60 years old of 60kg is 2,750 kcal/day for a moderately

active lifestyle and 2,950 kcal/day for a vigorously active lifestyle. Those figures equal 2,200 and 2,400 for
a female of 50 kg, respectively. (Human Energy Requirements, 2001)
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the time) and about 12% of the children died at ages 1-5 (Van Poppel and Mandemakers
(2002)).
From 1830 until 1860, the nutritional conditions in the Netherlands gradually deteriorated,
until an average availability of daily calories per capita equal to 2,100 (see Figure 2.1),
which is substantially lower than the average energy requirement of both genders with a
vigorously active lifestyle (Human Energy Requirements, 2001). This was mainly due to
several severe crop failures, a steady growth of the Dutch population (from 2 million in
1800 to 3 million in 1850), rising food prices and export in dairy products, and finally the
Crimean war (1853-57).
Figure 2.1: Availability of daily calories and proteins per capita in the Netherlands per
calendar year

Most importantly, in 1845, the until then unknown Potato blight devastated the potato
crops of most European countries (see Gráda (2006), for a description of the Great Famine
in Ireland). In 1845, about 70% of the Dutch potato harvest was lost. Zeeland was hit
very hard by the Potato blight as the average production of potatoes per hectare dropped
from 158 hectoliters in 1842-44 to 8 hectoliters in 1845 (Paping et al. (2007)). Effective
political measures (such as financial assistance to the most affected populations, banning
of food exports and measures to stimulate foods imports) and the use of existing stocks
from previous years were sufficient to prevent the Netherlands from a nutritional disaster.
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Unfortunately, in 1846-47, half of the Potato crop was again destroyed by the Potato
blight, and the rye and wheat crops were about half to two-third of a normal one. The
situation was aggravated by a long hot and wet summer (almost the ideal conditions for
the emergence and spread of infectious diseases) followed by a very cold winter in 1846-47.
The measures taken in 1845 were resumed but could not guard the Netherlands against
a famine. The famine ended in September 1847, when the following potato crop was
harvested. The potato crops of 1847-1851 were also affected by the blight, but to a much
lesser extent. The rye and wheat harvests were back to normal. In 1853-55, the Netherlands
were again exposed to stringent nutritional conditions when severe crop failures coincided
with high import prices caused by the Crimean War (Knibbe (2007)). Only after 1856
did the nutritional conditions return to the levels of 1830 and, from 1870, did massive
imports of grains considerably improve the average Dutch diet (Knibbe (2007)). These
developments also resulted in gradual changes in the composition of the Dutch diet. The
most remarkable ones are the decrease of the share of proteins and of potatoes and the
gradual increase of the share of grains.
The nutritional restrictions caused considerable hardship mostly in rural areas, where the
broad lower class was heavily dependent on potatoes for own consumption and as a source
of income. Note however that the urban areas were also affected by the famine as the
prices of most food products increased more than twice during the Potato famine and the
Crimean war (see Figure 2.2, discussed more extensively in Section 2.3.2, for food prices
in Zeeland)5 .
As a consequence, the relatively poor and rural province of Zeeland was disproportionally
affected by the adverse (nutritional) conditions. Approximately one third of the infants in
1853-55 died before age one and a little bit more than 16% of the children died between
age 1 and 5 in 1840-55 (Van Poppel and Mandemakers (2002)). Older individuals (40 to 69
years old) also faced increased mortality rates in the period 1846-50. There is also evidence
of reduced fertility rates (by about 15% in September and October 1846 on average in the
Netherlands, Paping et al. (2007) and a slight increase in the number of emigrants, notably
in 1847 and for the province of Zeeland (Fokker (1877), Dominicus (2011)).
Finally, of interest for our study, note that during the period we consider (those born
in 1840-1860), there was no significant increase in life expectancy of Dutch people, the
demographic transition occurring only after 1870 (Petersen (1960)). Hence, we can di5

Note that a large share of income was spent on food and therefore, variations in prices may have

affected daily life considerably.
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Figure 2.2: Daily national calorie availability per capita and average prices of potatoes,
wheat and rye in Zeeland per calendar year

rectly compare life expectancies of cohorts born in 1840-60 but under different nutritional
conditions, in order to analyze the impact of conditions in utero and during early life on
longevity of individuals.

2.3
2.3.1

Data
Individual data

Our main data come from the ”Historical Sample of the Netherlands (HSN, Dataset
Long Term Mortality Effects of Potato Crisis (LMP), release 2012.01” (HSN-release LMP
2012.01). The HSN sample is based on a random sample of 0.25% - 0.75% of all Dutch
birth certificates for the period 1812-1922. All HSN individuals are followed as long as possible to construct their life histories. The data include, among other things, date of birth,
marriages and death, parental and individual occupational characteristics (see also Mandemakers (2000)). The LMP dataset we use in this paper is a subsample of the HSN data
and includes 436 original HSN respondents born between 1843 and 1854, who are followed
from birth until death (377 have a known date of death), and 772 siblings of these HSN
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respondents also born between 1843-1854. Information on siblings is only available from
January 1st 1850, which means that in our statistical analyses we have to take into account
that siblings born prior to 1850 are only observed in our data if they had survived up to
1850. Because the focus of the main data is on long-term effects of early life nutritional
conditions and because of the very high levels of infant and child mortality in Zeeland, the
original HSN sample was extended by 432 individuals. These individuals were randomly
selected from the certificates of birth of Zeeland. Most important inclusion criteria were
not to be a sibling of the original HSN respondents and having reached at least age 10.
Similarly, only the siblings of the additional HSN respondents who had reached age 10
were included in the LMP data set (560 observations). We end up with a sample of 2200
individuals from 868 families all born between 1843 - 1854 in the province of Zeeland.
The data consists of 39.5% of the HSN respondents6 . Brothers and sisters of the main
respondents account for 26.2% and 28.3%, respectively, of our sample. The remaining 6%
of individuals are labeled as half-brothers or half-sisters of the main respondents. The
siblings who were not born in Zeeland were excluded from the main analyses. The average
number of individuals within one family equals 2.50 and 321 HSN individuals have no
sibling born in 1843-1854. Figure 2.3 shows the number of individuals in our sample by
year of birth. The exact age of death is known for 75% of our participants. We observe
most of the dates of death of individuals who migrated to other parts of the Netherlands.
For the remaining 25% we use censoring information, which we obtain from registered
observations of various events in life, such as a moment of marriage. These observations
are considered in the analysis as right-censored. Figure 2.4 shows the histogram of ages
of death of those observations for which we know the moment of death. It is important
for further analysis that for each age bracket we observe enough deaths, so that we can
compare mortality at different ages.
Table 1 presents summary statistics of most of the variables in the dataset we use. The
average length of the observation spell in the whole sample, including censored observations,
equals 43.1 years, while the average duration of life in the sample of uncensored observations
equals 49.8 years. 49.3% of individuals in our sample are males and 62.8% of observations
come from families where the father was a farmer. As much as 81.8% of observations in
our sample were born in rural areas (defined as a place with fewer than 5000 inhabitants,
De Meere, 1982).
In order to identify the social status of a given family we use information on father’s oc6

Namely the original and extra sampling respondents.
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Table 2.1: Summary statistics
All

Males

Females

Total (#):
% with date of death
Mean(age of death) (uncensored obs.)
% death above 40 (uncensored obs.)

2200
74.9
49.8
62.8

1084
74.7
50.1
64.1

1115
75.2
49.5
61.4

Characteristics at birth:*
Mean HISCLASS (1:high -12:low)
# Fathers in low social class**
# Fathers in high social class**
% Fathers farmer
# Fathers farmer
# Fathers non farmer

9.03
1358
557
62.8
719
1216

9.16
677
266
65
330
613

8.9
681
311
60.7
389
603

* After exclusion of individuals with missing information on characteristics at birth
** Low social classes if HISCLASS >8 and high social classes if HISCLASS<8, farmers: HISCLASS codes
8, 10, 12.

cupation at birth, which is included in the HSN dataset. This information is available for
88% of the HSN individuals. By using the Historical International Standard Classification
of Occupations (HISCO) codes (Van Leeuwen et al. (2004)), we map father’s occupation
into one of 12 HISCLASS classes (Van Leeuwen and Maas (2005)). Each class clusters
professions together with roughly the same workload, skill level and within the same economic sector. In this study, individuals with HISCLASS less than 8 are considered to have
high social status, those with HISCLASS higher or equal to 8 are considered to have low
social status. Note that low social status in many cases overlaps with father’s occupation
as a farmer (89.5% of individuals with low social status come from families of farmers).
According to Table 1, 30% of individuals come from families with high social status.

2.3.2

Macroeconomic data

Besides information on the occurrence of the Potato famine, we merge the individual
information with yearly average amount of calories, proteins and animal proteins available
in the Netherlands (Knibbe (2007)) and with regional information on yearly food prices in
Zeeland (Van Riel)7 . This is to proxy for nutritional conditions in utero and in early life.
Average daily availability of calories per capita seems to be a relatively precise measure
7

We thank Arthur van Riel for kindly having shared the data on food prices.
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Figure 2.3: Frequency of respondents per year of birth

Figure 2.4: Histograms of age of death of uncensored observations

of nutritional conditions in a given period and market food prices are commonly used
indicators for access to food in historical studies (Jacobs and Tassenaar (2002)).
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The series on calories before 1855 are mainly based on excise data on the number of animals
slaughtered, on expenditures on cereals and on production estimations based on cultivated
areas (for e.g. potatoes and vegetables). These series were completed by series on the
availability of dairy products, eggs, fish etc (van der Bie and Smits (2001)). The series on
calories after 1855 are based on food balance sheets (production + import - export -losses
- animal feed - seeds). Food balance sheets are computed for almost all important sources
of food. The series on the availability of food are subsequently converted into series on
daily available calories and into series on proteins using conversion factors from the work
of Trienekens (1985).
It is important to realize that levels of available calories differ for several reasons from calories intakes. First, in periods of shortage of food, individuals are likely to use stocks from
previous years or to consume products that were not usually used for human consumption
like oat or horse beans. Note that, in the period under study, the stocks were most likely
very low because of the recurrence of the nutritional shocks. Second, ideally we would
like to have access to local or regional series since there were large differences in living
standards and economic status across provinces. At the time of this study, these data
were not available. Note however that transport improved in the period ranging from 1830
until 1850, and, national food series could, as from the fifties, depict reasonably well the
regional food availability (Knibbe (2007)). In Zeeland, in the nineteenth century, transport was mostly on water, and transport on road and railroad improved after 1850. Third,
the levels of calories available each year in the Netherlands, presented in Figure 2.1, are
averages for males and females and for individuals with different lifestyles. Nowadays the
recommended daily calorie intake for males and for females with an active lifestyle equals
2,800 kcal and 2,300 kcal respectively, and the official rate for minimum daily intake is
1,800 kcal (FAO et al. (2007)). During the nineteenth century in Zeeland people did jobs
that were on average physically very demanding and they were mostly working outside,
often in stringent weather conditions, so they needed higher amounts of calories per day.
Moreover, Zeeland was a poor region, heavily dependent on potatoes and cereals, so the
average daily consumption was almost certainly lower than the one presented in Figure
2.1. Therefore, even though the amounts presented in Figure 2.1 seem to be relatively
high, periods with average calorie availability below 2200 kcal (at the national level) most
probably refer to severe nutritional restrictions in Zeeland.
Next to calorie availability we also use regional price information as another proxy for
nutritional conditions. We use data on prices of potatoes, rye and wheat. Figure 2.2

2.4. NON-PARAMETRIC ANALYSES

17

(see Section 2.2) depicts average daily calorie availability (at the country level) per year
together with the level of potato, wheat and rye prices in Zeeland, expressed in guilders
per mud (about 70 kilo). One can see that during years when food availability was low,
prices were high and vice versa. It thus appears that the the national series on calories
also seem to pick up variations in the availability of calories in Zeeland. Figure 2.5 shows
that periods with high prices were usually also characterized by increased infant mortality
in Zeeland (see also Section 2.2).
We calculated the correlation between prices of different food components between the
years 1839 and 1865 (this period covers in utero and first 5 years of life of all observations
in our sample). Prices of rye and wheat were highly correlated (correlation equals 0.93),
while they are not too strongly correlated with potato prices (correlation with rye 0.67,
and with wheat 0.54). The correlation between calorie availability and potato prices equals
-0.69 and equals -0.50 and -0.37 between calorie availability and rye prices and between
calorie availability and wheat prices, respectively.
Figure 2.6 and Figure 2.7 show levels of potato prices and calorie availability together with
the calculated values of the trend in years 1840-1870 in Zeeland8 . There is hardly any
trend in the series of potato prices. However, for the calorie availability data there seems
to be a trend in the series. Therefore, in order to keep our analysis consistent we decided
to use the cyclical values (defined as deviations from the trend) of both calorie availability
and potato prices in subsequent analyses. Later on we have also estimated models using
levels of potato prices and calorie consumption rather than the deviation from the trend.
This did not alter the main conclusions.

2.4

Non-parametric analyses

We non parametrically compare lifetimes of individuals exposed to different nutritional
conditions early in life. We perform separate analyses for males and females. In the analysis
we use cyclical components of calories available and potato prices to proxy nutritional
conditions (see above)9 .
We distinguish between two periods of exposure: 1) exposure in utero and up to one
8

To obtain trend components we used the Hodrick-Prescott filter with a smoothing parameter of 1600

(Hodrick and Prescott (1997)).
9
We start with using potato prices and calories as our exposure measure. In a later Section 2.5.2 we
also use wheat and rye prices and protein data.
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Figure 2.5: Average yearly prices of potatoes in Zeeland and infant mortality (historical
data on country level infant mortality from van der Bie & Smits (2001)).

Figure 2.6: Potato prices in Zeeland (with trend included)
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Figure 2.7: Average daily number of calories available per year in the Netherlands (with
trend included)

year (denoted by ”exposure 0-1”) and 2) exposure during ages 1-5 (”exposure 1-5”). The
first year of life is combined with the period in utero because the first year of life is also
an important developmental period and may even be considered as an extension of the
pregnancy (Johansson (2004); chapter 5). Moreover, the child is still highly dependent on
the mother, for instance because feeding baby’s under six months of age with food other
than breast milk may be harmful to them (Akre et al. (1990)). The age group ranging
from 1 to 5 years is well established as childhood and is often used in epidemiology (Pan
(2007)). Concerning the variable ”exposure 0-1”, we calculate calorie availability and level
of potato prices in this period by taking a weighted average of yearly averages during the
period starting from 9 months before birth until 12 months after the birth. If a person
died before age 1, we calculate the weighted average between 9 months before birth until
the moment of death10 . Similarly, for ”exposure 1-5”, we calculate weighted averages of
prices/calorie availability between age 1 and 5 or until the moment of death, if it occurred
before age 5.
First, we want to compare survival of people exposed to good or bad conditions early in life,
10

Ideally one would like to distinguish between in utero exposure and exposure in the first year of life.

With annual data this is not possible as by construction both variables are strongly related
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with low calorie availability and high prices referring to unfavorable nutritional conditions.
To do this, we plot Kaplan Meier estimates of the survivor function for two groups of
individuals who experienced different nutritional conditions early in life: those exposed
to bad nutritional conditions and those who were not exposed to these bad conditions.
Bad nutritional conditions are defined as average calorie availability (potato prices) lower
(higher) than the 25th percentile of the values in the sample. Because the graphs plotted
using calorie availability and potato prices were very similar, we present only the ones
using potato prices11 . The survival curves are plotted in Figures 2.8 and 2.10.
The upper panel of Figure 2.8 shows that the survival function of females who experienced
high potato prices in utero period and during the first 12 months of life (”exposure age
0-1”) lies below the curve for females born under more favorable conditions, which suggests
higher mortality of females born under severe nutritional conditions. Note, however, that
the rate of decline in both curves was roughly similar after the first years of life. This
suggests that the larger part of the effect of exposure at ages 0-1 was concentrated in the
first years of life. This selective mortality at young ages for those who were exposed at ages
0-1 may mask long-run effects of early life exposure on later life mortality. Indeed, recall
from Section 2.3 that infant mortality rates in the province of Zeeland were extremely
high during the potato famine. We have to see in the parametric analyses (Section 2.5)
whether this is indeed the case. Conditioning on survival in the first year of life (see lower
panel of Figure 2.8) gives smaller, but still substantial differences between those who were
exposed at very young ages and those who were not. The plot for males in the upper
panel of Figure 2.8 shows that the survival curve of those exposed to higher prices even
lies above the curve for those who experienced better prices conditions. This may suggest
that selective mortality at very young ages or even in utero was much stronger for males.
Indeed, the hazard rates of males were very high in the first year of life and there seems
to be less of a difference for those exposed to high prices and those who were not (Figure
2.9). This may indicate that prior to birth selection effects may have taken place, resulting
in stronger and healthier baby boys among those who were born during a period of high
prices. Other papers in this literature that look at less extreme situations (see for instance
the paper by van den Berg et al, 2006, which looks at the effect of business cycles on
later life mortality) indeed find that male infants are more sensitive to shocks than female
infants. To shed some light on this, we extend on possible selection issues in Section 2.6.
11

Later in this section, where we present results of log rank tests, we present the test results for both

calorie availability and prices.
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Figure 2.10 shows the plots for exposure to adverse nutritional conditions between ages
1-5. The survival curves are plotted for those who survived at least to age 1. The plots
show for both genders that exposure during ages 1-5 had substantial effects on mortality
and that most of these effects were concentrated in the first years. One can also see this
from the high hazard rates of those who were exposed to higher prices during ages 1-5
(Figure 11). With such strong effects that were primarily concentrated during the first
years of life it becomes relevant to know whether the effects were more relevant for certain
types of families or that the shocks hit the universe of families randomly.
It is conceivable that families with a weaker biological/genetic endowment and lower socioeconomic position suffered more from such shocks. A first test for the relevance of family
specific circumstances in explaining differences in survival outcomes is by looking at the
outcomes of log rank test and see whether taking family-specific fixed effects into account
alters the results. In this stratified version of the test, we group together individuals born
in the same family and we assume that all of them share the same value of the unobserved
heterogeneity component. In order not to make the strata too small, we run the stratified
version of the test only for both genders together (otherwise we would have to consider men
and women separately and would end up having very few observations for each family).
The results of these tests are shown in Table 2.2. The table presents the results for both
calorie availability and potato prices and for those who were exposed to good versus those
who were exposed to bad conditions (defined by comparing the 25% lowest with the 25%
highest quintile). The table shows that there are significant differences between the survival
curves of those exposed to bad nutritional conditions and those who are not, and that these
differences are strong and significant for exposure during ages 1-5. However, after taking
family effects into account, differences become insignificant. This can suggest that
Before we proceed to the (semi-) parametric models we briefly discuss results from simple
regression of the logarithm of the individual lifetimes (conditional upon survival at age
1) on the exposure variables. The regressions are performed on the uncensored cases
alone, with and without family-specific dummies. The results are reported in Table 2.3
and confirm what we saw in the descriptive analyses. Early life exposure during ages
1-5 affects lifetimes: those who experienced bad nutritional conditions during ages 1-5
generally have shorter lifetimes. Including family fixed effects does not substantially alter
the results, though it is generally the case in the fixed effects specification that the effect
of exposure is somewhat smaller in magnitude.
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Figure 2.8: Survival function estimates for all ages and conditional on survival until age
1, if the average deviation from the trend of the potato price during utero and until age 1
was higher/lower than 75th percentile

Figure 2.9: Hazard rates of males and females if the average deviation from the trend of
the potato price in utero and until age 1 was higher/lower than 75th percentile
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Figure 2.10: Survival function estimate per level of potato price during age 1-5. The curves
are plotted for individuals who at least survived until age 1

Figure 2.11: Hazard rates of males and females per level of potato price during age 1-5.
The curves are plotted for individuals who at least survived until age 1
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Table 2.2: P-values of the log rank test for equality of the conditional (on age > 1) survivor
functions of those exposed and not exposed to adverse nutritional conditions

Males

Females

Both genders

Strata*

Calories <25% vs. >75%

0.93

0.62

0.91

0.58

Potato p <25% vs. >75%

0.75

0.95

0.81

0.04

Calories <25% vs. >75%

0.05

0.17

0.02

0.13

Potato p <25% vs. >75%

0.00

0.00

0.01

0.38

In utero and first 12 months of life

Age 1-5

* Stratified version of the test, taking family effects into account

Table 2.3: Regression of Log (age at death) on nutritional conditions early in life (only
uncensored cases included).

with family specific FE
Log(age| age>1)
Calories < 25% at age 0-1
Calories < 25% at age1-5

-0.144**

-0.089

(-2.35)

(-1.19)

-0.347***

-0.327***

(-5.86)

(-4.44)

Potato price > 75% at age 0-1
Potato price > 75% at ages 1-5
Constant
N

Log(age| age>1)

-0.0517

0.0669

(-0.84)

(0.91)

-0.216***

-0.145*

(-3.59)

(-1.93)

3.856***

3.798***

3.837***

3.749***

(108.47)

(104.22)

(98.85)

(95.91)

1493

1493

1493

1493

The dependent variable is the logarithm of age of death, conditional on survival until age 1. Bad nutritional
conditions are defined as average calorie availability (potato prices) lower (higher) than the 25th percentile
of the values in the sample. T-statistics are reported in the parentheses, ∗ p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Parametric analyses

The non-parametric tests performed in the previous section compare the distance between
the survival functions and do not really take into account differences in mortality at different ages. The simple regressions take the analyses a bit further by looking at the effect of
exposure early in life on (mean) lifetimes. However, the mean is not so informative with
highly skewed data and the regression cannot take censoring into account. Moreover, in the
regression model, one cannot allow the exposure variable to differentially affect mortality
at different ages. Therefore, in order to formally test long-term differences in mortality
patterns of people who experienced different nutritional conditions early in life, we also
estimate semi-parametric Cox models (i.e. estimation of a proportional hazard duration
model by means of partial likelihood), which allow us to consider differences in mortality at
different ages. These methods are convenient as, due to the proportionality of the hazard
function, the baseline hazard (representing the age-specific mortality pattern) cancels out
from the likelihood function. Effectively, this means that no restrictive assumptions are
imposed upon the baseline hazard. In the stratified version of the Cox model (Stratified
Partial Likelihood, see Ridder and Tunalı (1999)) that we also estimate, we stratify by
family membership. This means that the model accounts for family-specific baseline hazards; family-specific mortality-age patterns that include unobserved family effects. Note
that if we stratify the sample, individuals without any brothers or sisters (born in 1843-54
and who survived at least up to 1850) do not contribute to the partial likelihood function
anymore. Recall that there are 321 such individuals in our study sample.
The hazard rate in this model is a function of time-constant variables such as age of a
mother at the moment of birth, whether the respondent was born in an urban area, socioeconomic class of the father and whether the father worked in the agricultural sector at
birth. Those working in the agricultural sector and especially those who were land owners
(high socio-economic class) may have had easier access to food and may even benefit from
higher prices (see for instanceLindeboom et al. (2010)). As one may expect, the famine
had its strongest impact on the lower social class and especially on the rural lower class
(including farm laborers) which was heavily dependent on potatoes not only for its own
consumption but also as a source of income (see Section 2.2). We will therefore include
these variables as controls, but also perform separate analyses by farmer status and by
social class.
Next to these, we also include time varying regressors capturing exposure to undernutrition
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in utero up to age 1 and exposure to undernutrition between ages 1-5. The Kaplan Meier
estimates of the survivor function suggested that a substantial part of the mortality after
exposure takes place at younger ages. We therefore allow for differential effects of the
exposure variables at different ages. More precisely, we allow the exposure variables to
have separate effects at ages 1-10, 10-50, 50-60 and 60+. Note that the strict interpretation
of the Barker’s hypothesis of fetal origins suggests that mortality is higher at later ages.
Here, with high mortality at younger ages (cf. Figures 2.8 and 2.10) it remains to be seen
whether we will be able to detect such effects. It should be noted that other contributions
in the literature that used famines where (infant) mortality rates were very high, such as
the Leningrad Siege in the Second World War (Stanner et al. (1997)), the Finnish famine
of 1866-68 (Kannisto et al. (1997)) and China’s great famine (Meng and Qian (2009)),
found little or no effects on health and mortality after exposure early in life. We also allow
for gender effects by taking interactions of the exposure variable (see below) and gender.
For the unstratified partial likelihood model (the Cox model) we also estimated separate
models by gender. For the stratified Cox models, estimation of separate models per gender
proved to be unfeasible because of the low number of families that could be included in such
analyses12 . Finally, the model includes calendar time (measured by a quadratic function in
calendar time) and indicators for specific events like the occurrence of the 1871 smallpox
epidemic and the 1917 influenza epidemic.
We proxy nutritional conditions in utero and in the first year of life (”exposure 0-1”) by
the average daily calorie availability and potato prices during these ages (the detrended
series, i.e. cyclical values). Similarly, we use average daily calorie availability or potato
prices during ages 1-5 (”exposure 1-5”). The results of the Cox models are presented in
Table 2.4. In this table we report the coefficients for the effect of calories (column 1) and
prices (column 2). In each column we report estimates of the Cox model and the Stratified
(at the family level) Cox model. Each row reports the impact of exposure at specific ages.
Because people who died before age 1 were not affected by conditions during ages 1-5 we
adapt the first age bracket to 1-10 in the table for the effect of ”Exposure 1-5”. If a person
died after age 1 but before age 5, we calculate the average over the period between age
1 and the moment of death of that person. We do this in a similar way for the variable
”exposure 0-1” (see also Section 2.4).
12

See also the discussion of the log rank test in Section 2.3. For gender-specific stratified partial likelihood

estimates, one would have to rely on families with at least two siblings of the same gender. All other families
will not contribute to the likelihood function. This would lead to a too large reduction in sample size.
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The results of the (unstratified) Cox model in Table 2.4 show that, for males, higher calorie
availability in utero and in the first year of life (”exposure 0-1”) leads to lower mortality
rates at ages 50-60. This effect is significant at the 10% level. Higher calorie availability at
ages 1-5 also leads to lower mortality rates at ages 50-60, but also at ages 1-10. Interestingly,
most of the effects for males are larger in the stratified Cox model (i.e. after allowing for
family fixed effects). This suggests that selective mortality may bias the effects downwards
and hence may mask long-run effects, when one does not appropriately control for these
selection effects13 . For males the results for potato prices largely confirm the effects of
calorie availability at ages 1-5: higher prices at these ages lead to higher mortality rates at
ages 1-10 and at ages 50-60 and allowing for family-specific circumstances generally leads to
larger estimated effects. For females, the general picture is that higher calorie availability
(or lower prices) lead to reduced mortality at younger ages (ages 1-10), but no significant
differences are found at older ages. The stratified Cox model generally leads to smaller
coefficients and reduced significance of the relevant coefficients. Apparently, for females
selection problems are less relevant. This is in line with the discussion around Figure 2.8
(Section 2.4). The finding of long-run effects for males and absence of long-run effects for
females is in line with earlier studies (see Van Den Berg et al. (2006) and the papers cited
in this paper). The findings of that paper indicate that there are effects for females, but
that these are primarily present at younger ages (1-10) for those exposed at ages 1-5.

13

Note that the non-parametric analyses of Section 2.4 indicated that for males in utero (mortality)

selection effects may have also been important.
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Table 2.4: Effects of exposure early in life to adverse nutritional conditions on mortality
later in life. Results from unstratified and stratified (at the family level) Cox models
(excerpts).

Exposure and effects on mortality at later ages
Males:
Exposure 0-1 mortality 0-10
Exposure 0-1 mortality 10-50
Exposure 0-1 mortality 50-60
Exposure 0-1 mortality 60+
Exposure 1-5 mortality 0-10
Exposure 1-5 mortality 10-50
Exposure 1-5 mortality 50-60
Exposure 1-5 mortality 60+
Females:
Exposure 0-1 mortality 0-10
Exposure 0-1 mortality 10-50
Exposure 0-1 mortality 50-60
Exposure 0-1 mortality 60+
Exposure 1-5 mortality 0-10
Exposure 1-5 mortality 10-50
Exposure 1-5 mortality 50-60
Exposure 1-5 mortality 60+
Number of individuals
Loglik

Calories
Cox model

Stratified Cox

Potato prices
Cox model

Stratified Cox

-0.001
(-1.19)
0.000
(0.21)
-0.004**
(-1.99)
0.000
(0.47)
-0.007***
(-3.72)
-0.001
(-0.65)
-0.005*
(-1.88)
0.000
(0.25)

-0.003**
(-1.98)
-0.001
(-0.39)
-0.005*
(-1.91)
-0.001
(-0.85)
-0.009***
(-2.91)
-0.003
(-1.27)
-0.012**
(-2.35)
-0.001
(-0.48)

-0.034
(-0.27)
-0.033
(-0.25)
0.346*
(1.65)
-0.014
(-0.15)
0.794***
(3.67)
0.161
(0.72)
0.852**
(2.34)
-0.068
(-0.41)

0.306
(1.42)
0.135
(0.65)
0.205
(0.68)
0.218
(1.14)
0.924***
(2.62)
0.599*
(1.85)
1.372**
(2.31)
0.345
(0.95)

-0.004***
(-2.94)
-0.001
(-0.70)
-0.001
(-0.29)
0.001
(1.14)
-0.003*
(-1.72)
-0.001
(-0.45)
-0.000
(-0.05)
-0.000
(-0.11)

-0.003
(-1.55)
0.000
(0.21)
0.001
(0.23)
0.001
(0.71)
-0.004
(-1.59)
-0.001
(-0.56)
-0.000
(-0.05)
0.000
(0.12)

0.433***
(3.45)
0.120
(0.86)
0.082
(0.29)
-0.128
(-1.23)
0.575**
(2.48)
0.253
(1.06)
0.111
(0.26)
-0.079
(-0.46)

0.246
(1.14)
0.013
(0.07)
-0.074
(-0.17)
-0.219
(-1.10)
0.683*
(1.73)
0.316
(0.93)
-0.001
(-0.00)
-0.237
(-0.70)

2199
-10399.415

1878
-850.65

2199
-10397.244

1878
-850.649

Notes: The Cox model includes calendar time effects (quadratic function, 1800=1), indicators for the 1871
Smallpox epidemic and the 1917 influenza epidemic, farmer status, whether in high social class (HISCLASS
codes <8), whether born in an urban area, the age of the mother at birth and an indicator if the age of
the mother at birth was unknown (306 cases). The stratified model excludes farmer status and social class
indicators. Standard errors are clustered by family. Values of the t-statistics are reported in the brackets,
∗

p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Effects by social class and farmer status

Tables 5 and 6 compare the effect of nutritional conditions early in life for different subgroups: those born in families of farmers and non-farmers (Table 2.5) and those born in low
and high social class (Table 2.6). The classification is based on the HISCLASS. The food
crises may have affected those working in the agricultural sector differently than others.
Those working on the land may have had easier access to food. However, the situation
was very different for the unskilled farm workers who were needed for the hard work on
the land. This group may have been adversely affected during famines as in periods of bad
crops fewer of these unskilled workers were needed to do the work on the land. We therefore
make a distinction between skilled (HISCLASS code 8) and unskilled farmers (HISCLASS
codes 10 and 12). The results of stratified Cox models for farmers are presented in Table
2.5. Table 2.6 includes results of the model for lower social class (HISCLASS codes 9-12)
and higher social class (HISCLASS codes 1-7). The latter category thus excludes skilled
farmers. Furthermore, the categories ”lower social class” and ”farmer status” largely overlap: almost 90 of individuals with lower social status come from families of (unskilled)
farmers. It is therefore to be expected that the coefficients for unskilled farmers will look
similar to those of lower social class. Sample sizes become very small for some subgroups,
notably the group of skilled farmers and the higher social class. For that reason we do not
allow for gender-specific exposure effects. The sample sizes of the unskilled farm workers
and the lower class permitted regressions that allowed for gender-specific effects. These are
reported in Table A1 of the Appendix. Tables 2.5, 2.6 and A1 only present results from
stratified Cox models.
The results in column 1 of Table 2.5 show that bad nutritional conditions as measured by
high potato prices adversely affected unskilled farmers. High potato prices (fewer calories)
at ages 1-5 led to increased mortality risks at ages 1-10 and 50-60. The coefficients are,
however, much larger than the coefficients in Table 2.4, indicating that this subgroup of
the population suffered harder from the adverse nutritional conditions. As described in
Section 2.2, entire crops were destroyed due to the Potato blight and, as a result, most of
the unskilled workers lost their job and main source of income during these periods. In
general, the lower social classes were worse off during periods of higher prices. Column 1
of Table 2.6 indeed indicates that those exposed early in life (in utero and the first year of
life and at ages 1-5) to fewer calories or higher potato prices have higher mortality rates
at ages 1-10 and ages 50-60. Table A1 of the appendix reports gender-specific effects of
exposure for unskilled farmers and those from the lower social classes. The results of these
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analyses confirm that the lower social classes and the unskilled workers were worse off in
periods of reduced availability of calories or high food prices. For skilled farmers (Column
2, Table 2.5) and those from higher social classes (Column 2, Table 2.6) we do not find
such effects. For skilled farmers, some of the coefficients indicate that higher prices may
lead to lower mortality rates at later ages, but none of these coefficients is statistically
significant at the 5% level. Indeed, land owners and other skilled farm workers may have
benefited from higher prices and direct access to food, but the sample size is too small to
make firm statements about this. The same holds for the sample of children born in higher
social classes. The coefficients do seem to suggest that they benefited from higher prices,
but the values are too extreme to put too much confidence in these estimates. It is likely
that the sample of skilled farmers and the sample of individuals from higher social class
are too small to get reliable estimates.
In order to avoid power issues in examining the effects on individuals with higher or lower
socioeconomic status (SES), we have also estimated models on the full sample, but with
interactions of the exposure variables with a dummy variable indicating whether a person
was born in a family with higher SES. Excerpts of the results are presented in Table
2.7. This table only reports the coefficients of the effects on mortality at ages 50-6014 .
The table shows that the interaction of higher SES and the exposure variable of males is
not significant. Also, for males, the sum of the coefficients of the exposure variable and
the exposure variable interacted with higher SES is not significant. This indicates that
males born in families with higher SES are not affected by exposure to adverse nutritional
conditions early in life. According to the results, females born in families with higher SES
were not only less affected by low nutrition early in life, but could have even benefited
from the period of food scarcity (the sum of the coefficients is positive and significant
at 5 significance level for the exposure in utero (calories regression) or at ages 1-5 (price
regression)). This confirms the findings of Table 2.6.

2.5.2

Alternative models

Section 2.2 described the food conditions during this period. Besides potato crop failures
also rye and wheat harvests were seriously down. This led to a change in the average Dutch
diet: a gradual decrease in the share of proteins and potatoes and an increase in the share of
grains (Knibbe (2007)) We have access to regional wheat and rye prices and protein (at the
14

The full set of estimates is available upon request.
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national level) data. The correlation between wheat and rye prices are very high (0.93, see
Section 2.3.2) and estimating models where both are included is therefore not feasible. As
mentioned before, Table A.2 in the appendix reports results of separate models for wheat
and rye prices, and also on availability of proteins. As a reference to the results in Table
2.4, this table also includes the results for calories (column 1) and potato prices (column
4). Note that proteins are measured in grams and that the mean value of cyclical values
of proteins and calories differ (-0.25, -0.03 and -9.2 for proteins, proteins from animals and
calories respectively). This makes it difficult to directly compare the coefficients of column
1 with those of columns 2 and 3. Also differences in the means of the cyclical values exist
for potato, wheat and rye prices (0.14, 0.23 and 0.22, for potato, wheat and rye prices,
respectively). A first glance at the table reveals that the results for proteins are in line
with the results for calories and the results for wheat and rye prices are in line with the
results for potato prices. Quantitatively, the effects of calories are somewhat larger than
the effect of proteins and much larger than the effect of animal proteins15 . Regarding the
prices, the effects of potato prices are somewhat larger than the effects of wheat and rye
prices.
Finally, we performed a sensitivity check for calories and potato prices: we re-estimate the
model correcting for conditions both during utero and early life using not cyclical values,
but levels of potato prices and calories. The results are very similar to the results we
obtained by using levels of prices and calories, therefore we do not report them here.

15

The effects are calculated at the means.
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Table 2.5: Effects of exposure early in life to adverse nutritional conditions on mortality
later in life by occupational status of the father (Results of Stratified Cox models)

Exposure 0-1 mortality 0-10
Exposure 0-1 mortality 10-50
Exposure 0-1 mortality 50-60
Exposure 0-1 mortality 60+
Exposure 1-5 mortality 0-10
Exposure 1-5 mortality 10-50
Exposure 1-5 mortality 50-60
Exposure 1-5 mortality 60+
Number of individuals
Loglik

Unskilled farmers
Calories
Prices

Skilled farmers
Calories
Prices

Non-farmers
Calories
Prices

-0.004*
(-1.79)
-0.001
(-0.61)
-0.010**
(-2.55)
0.000
(0.06)
-0.016***
(-3.10)
-0.002
(-0.87)
-0.019***
(-2.67)
-0.000
(-0.05)

0.337
(1.22)
0.189
(0.83)
0.607
(1.36)
0.059
(0.25)
1.679***
(2.98)
0.626
(1.55)
2.323**
(2.45)
0.119
(0.28)

-0.003
(-1.00)
0.003
(0.89)
-0.004
(-0.83)
0.001
(0.17)
0.002
(0.45)
-0.002
(-0.54)
-0.002
(-0.27)
-0.005
(-1.04)

0.343
(0.82)
-0.325
(-0.89)
0.150
(0.23)
-0.148
(-0.41)
-0.377
(-0.68)
0.061
(0.10)
-0.186
(-0.16)
0.393
(0.63)

-0.003
(-1.30)
0.002
(0.87)
0.008
(1.57)
0.001
(0.27)
-0.005
(-1.49)
0.004
(1.06)
0.005
(0.74)
0.002
(0.56)

0.260
(1.04)
0.027
(0.11)
-0.930*
(-1.76)
-0.202
(-0.81)
0.753
(1.61)
-0.222
(-0.45)
-1.356
(-1.40)
-0.544
(-1.02)

892
-309.385

892
-310.311

322
-183.648

322
-255.991

672
-255.688

672
-184.181

1. The stratified Cox model includes calendar time (quadratic function, 1800=1) and age of mother at
birth.
2. Unskilled farmers HISCLASS codes 10 and 12, Skilled farmers HISCLASS code 8.
3. Standard errors are clustered by family. Values of the t-statistics are reported in the brackets, ∗ p <
0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

2.5. PARAMETRIC ANALYSES

33

Table 2.6: Effects of exposure early in life to adverse nutritional conditions on mortality
later in life by social class of the family (Results of Stratified Cox models)

Exposure 0-1 mortality 0-10
Exposure 0-1 mortality 10-50
Exposure 0-1 mortality 50-60
Exposure 0-1 mortality 60+
Exposure 1-5 mortality 0-10
Exposure 1-5 mortality 10-50
Exposure 1-5 mortality 50-60
Exposure 1-5 mortality 60+
Number of individuals
Loglik

Low social status
Calories
Prices

High social status
Calories
Prices

-0.004**
(-2.03)
-0.001
(-0.37)
-0.011***
(-2.76)
0.000
-0.11
-0.011***
(-2.58)
-0.003
(-1.19)
-0.019***
(-3.00)
0.001
-0.49

0.366
-1.47
0.079
-0.42
0.681*
-1.76
0.084
-0.4
1.331***
-2.67
0.485
-1.48
2.434***
-2.93
-0.019
(-0.05)

-0.002
(-0.68)
0.002
-0.64
0.013**
-2.32
0.000
(-0.11)
-0.008**
(-1.96)
0.005
-1.02
0.014*
-1.77
0.000
-0.1

0.109
-0.42
0.174
-0.56
-1.253***
(-2.60)
-0.131
(-0.49)
0.991**
-1.99
-0.05
(-0.08)
-2.580**
(-2.52)
-0.314
(-0.52)

1299
-412.345

1299
-412.504

530
-209.793

530
-210.374

1. The stratified Cox model includes calendar time (quadratic function, 1800=1) and age of mother at
birth.
2. High social status: HISCLASS codes: 1-7, low class: HISCLASS codes 9-12
3. Standard errors are clustered by family. Values of the t-statistics are reported in the brackets, ∗ p <
0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Table 2.7: Effects of exposure early in life to adverse nutritional conditions on mortality at
ages 50-60 by social class (results of Stratified Partial Likelihood (SPL) regressions with
interaction variables between exposure and SES)(Excerpts)

Exposure 0-1
Exposure 0-1 x higher SES
Exposure 1-5
Exposure 1-5 x higher SES

Calories

Prices

-0.010***
(-3.44)
0.019***
(3.32)
-0.016***
(-3.44)
0.026***
(2.99)

0.610*
(1.80)
-1.452**
(-2.48)
1.876***
(2.86)
-3.504***
(-2.97)

Exposure 0-1
Exposure 0-1 x higher SES
Exposure 1-5
Exposure 1-5 x higher SES
Number of individuals
loglik

1934
-786.917

1934
-788.836

Calories

Prices

Males:

-0.011***
(-2.88)
0.018
(1.47)
-0.017***
(-3.08)
0.035
(1.33)

0.539
(1.24)
-1.081
(-1.20)
2.032***
(2.82)
-3.538
(-1.19)

Females:

-0.009**
(-1.99)
0.023***
(2.9)
-0.015*
(-1.86)
0.022**
(2.14)

0.644
(1.3)
-1.957*
(-1.77)
1.547*
(1.67)
-3.406***
(-2.71)

1934
-778.007

1934
-780.586

SPL regressions with SE clustered by family, correcting for measure of exposure in utero until age 1
and at ages 1-5, effects on ages 0-10, 10-50, 50-60, 60+, all effects alone and interacted with high SES,
effects of high SES on different ages, correcting for quadratic trend, epidemics and age of mother at
birth. Only effects on mortality at ages 50-60 are reported. T-statistics are reported in the parentheses,
∗

p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01
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Family effects further explored
The stratified Cox models allow for controlling for unobserved family characteristics in a
very flexible way. More specifically, the Cox model exploits the proportionality assumption
of the hazard rate so that the regression parameters can be estimated without making
any assumption on the shape of the baseline hazard (the age-specific mortality rates).
It may be interesting to further examine these family-specific circumstances, for instance
to see how these are distributed across families and what their relative importance are
in explaining mortality differences. Retrieving the family-specific baseline hazard via the
Breslow method (Breslow (1974)) is not convenient as this method would generate familyspecific baseline hazards that are difficult to handle in practice. These baseline hazards
(age-specific mortality rates) are not scalars, but rather non-parametric functions of age.
Alternatively, one could impose a bit more structure on the hazard rate model and estimate
unstratified Cox models that include family-specific dummies and use these dummies as a
proxy for unobserved family-specific circumstances that remain constant over time. The
distribution of the fixed effects in Figure 2.12 is based on estimates from this model16 .
The distribution of the fixed effects is fairly symmetric, with a mean of 1.74 (median equals
1.69). The fixed effect at the bottom quartile (25% percentile) equals 0.60 and 2.98 at the
top quartile (75%). These values imply that mortality rates can be substantially different
for different family types, independent of the effect of other variables. For instance, the
odds ratio of the bottom quartile with the median equals 0.36 meaning that mortality
rates of families in the lowest quartiles have mortality rates that are 35% of those at the
median. The odds ratio of the top quartile and the median is 1.74 and the bottom versus
the top quartile equals 0.21. These numbers show that the variation in family effects is
rather large. Consequently, in non-linear model like this, the impact of regressors can
differ substantially at different parts of the distribution of the family fixed effects. This
is illustrated in Figures 2.13 and 2.14, where survival curves are plotted to illustrate the
impact of change of potato prices in utero and the first year of life and at ages 1-5 at
different values of the fixed effects. Figure 2.13 refers to the results for men, Figure 2.14
for women. In each figure, the left panel depicts the survival curves for a family at the top
quartile of the distribution of fixed effects, the right panel shows the results for the bottom
quartile of the distribution of the fixed effects. In each figure, the different lines refer to
16

The model is specified as in Table 4, with potato prices as the exposure measure. A Hausman test of

the Cox model with family dummies against a stratified version of the Cox model showed that the null of
no differences between the models could not be rejected.
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the effect of adverse nutritional conditions at one standard deviation from the trend prices.
The curves show that the impact of adverse nutritional conditions is extremely large for
families that have high family-specific mortality rates and minimal for families that have
low family-specific mortality rates. In families with fixed effect within the top quartile,
exposure to one standard deviation higher prices at ages 1-5 led to life expectancy on
average shorter by 8.4 years for boys and 4.8 years for girls, while the differences in life
expectancy of children born in families within the bottom quartile of fixed effects would
only be 1.4 and 0.1 years. These huge differences show that nutritional shocks increased
inequality in mortality.
The fixed effects are important for differences in family-specific mortality rates. It therefore
also becomes relevant to see if these effects correlate with observed factors in our data.
Note that as we have estimated fixed effects models, such correlations may exist. The
correlation between the fixed effects and the average value of the exposure variables of the
members of a family are in absolute value less than 10%. This indicates that families were
exposed to the shocks in a random way, which gives further credit to our estimates of the
impact of prices on mortality rates. After all, a high correlation between the fixed effects
and the exposure variable may have been indicative of selective fertility behavior. We
further explored whether we could detect correlations between other observed covariates
in our data and the family fixed effects. To do this, we regressed indicators for being in
the top or bottom quartile of distribution of the family fixed effects on the set of family
characteristics. The results of these regressions are reported in Table 8 below. It seems
that the only significant variable is the average age of mother at the moment of birth of
all children. The higher this age, the higher the probability that a given family had lower
fixed effect (hence, on average lower mortality). Other characteristics, like socioeconomic
status, family size, father’s occupation and the place of birth seem to be not significantly
related to the fixed effects. Moreover, the conditions at the moment of birth of all children
seem to also be not correlated with the fixed effects. Hence, the family fixed effects, related
to health status in a given family, cannot be explained by observed family characteristics17 .
Figure A.1 in the appendix shows that the distribution of fixed effects among families
with higher SES is more dispersed: with more families having extremely low or extremely
high fixed effect. However, according to the results of a Kolomogorov-Smirnov test, the
difference between the distributions is not statistically significant. To sum up, our analysis
17

In Table 8 we report only the results of the full specification of the regression. However, if we use a

subset of the explanatory variables, the results do not change much.
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indicates that there is no correlation between the family fixed effects and other variables in
the model. In particular, the family fixed effects seem to be uncorrelated with the average
conditions at the moment of birth of all children and with the socioeconomic status of the
family. This suggests that the heterogeneity in health between the families was caused by
differences in genetics or other factors that were unobservable in our data.

Figure 2.12: Distribution of the family specific fixed effects
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Figure 2.13: Survival curves Males by exposure to different prices at ages 1-5 calculated at
family fixed effect taken at the top quartile (left figure) and bottom quartile (right figure)
of the fixed effects distribution

Figure 2.14: Survival curves Females by exposure to different prices at ages 1-5 calculated
at family fixed effect taken at the highest quartile (left figure) and lowest quartile (right
figure) of the fixed effects distribution
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Table 2.8: Probit regressions using dummy variables: being in the top or bottom quartile
of fixed effects

if high SES
if father was a skilled farmer
if father was an unskilled farmer
if born in rural area
family size
mean age of mother
at birth
mean price of potato
at birth
dummy if SES missing
constant
N

if in top quartile FE

if in bottom quartile FE

0.280
(0.47)
-0.905
(-0.77)
-0.194
(-0.33)
0.110
(0.16)
-0.170*
(-1.73)
-0.330***
(-9.09)
-0.303
(-0.79)
0.407
(0.33)
9.391***
(7.57)

0.417
(0.69)
-0.0735
(-0.06)
0.333
(0.57)
0.173
(0.22)
-0.0111
(-0.12)
0.320***
(9.14)
0.606
(1.58)
0.761
(0.62)
-12.11***
(-7.53)

444

444

Dependent variable is a binary indicator if a family is in the top or bottom quartile of fixed effects.
T-statistics are reported in the parentheses. ∗ p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01
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Selection issues

There is no doubt that the Dutch potato famine and food scarcity during the Crimean
war affected fertility, the probability of miscarriage and mortality early in life. It is likely
that all three selection mechanisms may have resulted in a relatively healthy sample, i.e.
in positive selection of survivors.
The positive selection of children who experienced extreme nutritional conditions during
gestation was the combination of two effects. First, it can be that due to lower fertility
and higher probability of a miscarriage, children were born only in families that were
healthiest and/or least affected by the famine, e.g. families having better access to food.
Stratified partial likelihood allows us to correct for this channel of selection, in the sense
that we can fix the natural experiment within a family and compare siblings with similar
family background, but born under different nutritional conditions. However, it could also
happen that within a family only children with high idiosyncratic health component could
be born during the famine, which means that children who survived utero period under
extreme food scarcity would be on average stronger than children born in the same family
but under more favorable conditions. Unfortunately, we cannot correct for this source of
selection. Therefore, if there was a strong selection within a family, we would expect that
the weakest children, if they had been born, they would have been more heavily affected
by the famine, so our results provide a lower bound for the actual effect of experiencing
adverse nutritional conditions early in life on mortality later in life.
It is not possible to formally test for the significance of selection, especially selection that
occurred within families. We examine the relevance of selection in our data by looking
at the number of newborns in the Netherlands (numbers based on historical statistics in
van der Bie and Smits (2001)) as well as the share of boys and the average SES (measured
by HISCLASS) among the newly born in Zeeland in each year (estimates based on HSN
data). Figure A.2 shows that the numbers of births in Zeeland dropped both in 1847 and
1848 (during and after the potato famine) as well as in 1852 and 1853. According to Figure
A.3, infant mortality skyrocketed already in 1846, and was still high in 1847, while the
number of births in the whole country started to decrease in 1846, but reached very low
levels in 1847 and 1848. This suggests delayed effect of the changes in numbers of births.
In order to examine this further, based on monthly data on number of births in Zeeland,
we plot the trend values of the number of births nine months later together with the levels
of yearly averages of potato prices. Figure A.4 shows a negative correlation between these
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two time series suggesting that food scarcity led to fewer births nine months later. This
could be due to either lower fertility or in utero mortality selection (miscarriages). To sum
up, Figures A.2, A.3 and A.4 show some evidence for lower numbers of births during and
after times of lower food availability, which could lead to selection of children who were
born in these periods.
We also examine if there were differences in characteristics of children born during periods
of good and bad conditions. Figure A.5 suggests that in 1847 relatively fewer boys were
born, while in 1848 the sex ratio increased again. However, these changes in sex ratio
are not statistically significant. Moreover, Figure A.6 shows how the average value of the
measure of the socioeconomic status of families (measured by HISCLASS), varied over
time among newborn children in Zeeland. There appears to be some variation, but it is
not significant at the standard significance levels. To sum up, it seems that the period of
the famine was characterized by fewer births and lower sex ratios among newborns than in
the other years. However, we could not detect significant selection effects. The numbers
are based on HSN data from the province of Zeeland and hence power could be an issue
here.
In our data, we observe individuals from the moment that they were born and follow them
continuously up to the moment when they die, or leave the registers for other reasons.
Therefore, in our models we can analyze mortality patterns at earlier ages, before the
selection due to mortality later in life took place. Note that most other studies usually
focus on cohorts alive at later ages and born under different circumstances. In such cases it
is of course more difficult to control for selective mortality between birth and the moment
of observation later in life.
Besides the above mentioned selection effects, also migration patterns could have been
relevant and may have led to migration patterns that could influence the composition of
our sample. Such patterns were found for Ireland (Paping et al. (2007)) Opposite to Ireland,
the Potato famine generated no movement of migration neither inside the Netherlands nor
to other countries (see Section 2.2).

2.7

Discussion and Conclusions

This paper investigates whether exposure to nutritional shocks in early life negatively
affects mortality at older ages, using unique individual data on siblings born during and
around the Dutch potato famine of 1846/47. The famine provides exogenous variation
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on the nutritional status of those exposed to the famine. The sibling information allows
us to control for other usually unobserved environmental factors at the family level that
may affect later life health. This dataset is merged with data on regional food prices and
calories available per capita in the nineteenth century in the Netherlands.
We find that males who experienced bad nutritional conditions during early childhood
(ages 1-5) were characterized by higher mortality at ages 50-60. This effect becomes even
stronger if we correct for family-specific characteristics, which suggests selective mortality
in utero and/or reinforcing compensation by parents. For females the long-term effects of
the unfavourable nutritional conditions in utero and early life seem to be not significant.
Moreover, we find that the unskilled farm workers and those born in families with lower
SES were strongly negatively affected by the famine. The effects are different for those
born in high SES families, who seem to have been less affected by adverse nutritional
conditions early in life. It could be that children born in richer families were less affected
by the generally bad conditions, and were still getting enough nutrition, or because they
were compensated later in life by increased investments from their parents.
Our model estimates suggest that it is important to correct for family-specific fixed effects
and therefore we further examined these. The distribution of the fixed effects is fairly symmetric and quite dispersed. The large differences between the values of the family effects
at the top and bottom quartile imply that mortality rates can be substantially different
for different family types, independent of the effect of other variables. Consequently, in
non-linear model like this, the impact of regressors can differ substantially at different
parts of the distribution of the family fixed effects. Indeed, the effect of a nutritional
shock is quantitatively large for families with higher family fixed effects (families that face
high mortality rates in general) and negligible for families with lower fixed effects. Thus,
nutritional shocks early in life increase inequality in mortality and longevity at later ages.
All this underlines the importance of controlling for family-specific effects in famine studies,
especially if the nutritional restrictions were severe and dynamic mortality selection was
likely to be relevant. Indeed, in our study, when the famine was at its worst, up to a third
of all infants died before the age of one. These selection effects may mask the effects on long
term mortality if the analyses do not explicitly take this into account. This may explain
why other studies that used famines where (infant) mortality rates were very high, such as
the Leningrad Siege in the Second World War (Stanner et al. (1997)), the Finnish famine
of 1866-68 (Kannisto et al. (1997)) and China’s great famine (Meng and Qian (2009)),
found little or no effects on health and mortality after exposure early in life.

Chapter 3
Sickness absenteeism and sickness
insurance
3.1

Introduction

Do workers stay on sick leave for too long, if insuring against sickness absenteeism is
possible? What determines a firm’s choice of sickness insurance contract? And what are
the effects of different insurance contracts on firms’ monitoring behaviour? We analyze
these questions by considering a dataset on sickness insurance contracts from a major
Dutch insurance company.
In many countries sick workers receive sick pay. It is well known that this can cause worker’s
moral hazard problems (see e.g. Johansson and Palme (1996), Johansson and Palme (2005),
Ziebarth and Karlsson (2010), Pettersson-Lidbom and Thoursie (2013), Markussen et al.
(2011)). Therefore, many countries initiate policies to reduce these moral hazard problems.
For instance, in Sweden and Norway workers do not receive sick pay during the first few
days of a sickness spell. The literature suggests that sickness absenteeism can be reduced
by monitoring (see Hägglund (2013), Hartman et al. (2013) ) and by devoting effort to
reintegrating sick workers (see Markussen et al. (2012)).
In the past two decades the Netherlands shifted responsibilities to employers, which is
argued to substantially reduce (long-term) absenteeism and inflow into disability insurance.
Dutch firms are obliged to pay wages to sick workers for up to two years of sickness.
Moreover, the employers are also responsible for reintegration of sick workers. All costs
of sickness absence are thus carried by the employer, which should give direct incentives
to monitor sick workers and to make sure that they go back to work as soon as possible.
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However, many firms, especially small ones, insure against the risk of sickness absenteeism.
An insurance lowers the benefits of monitoring sick workers and, as a result, the costs
of monitoring might exceed the benefits (see Böheim and Leoni (2011)). Therefore, the
presence of sickness insurance contracts reduces incentives of employers to monitor their
sick workers. This classic moral hazard problem, which can result in excessive absenteeism,
is the main focus of this paper.
The literature about the influence of firms’ incentives on workers absenteeism is rather
sparse. To our knowledge, there are only three papers considering the effects of firms’
incentives on sickness absenteeism. Fevang et al. (2014) show that the removal of employer’s
liability for the first 16 days of a sickness spell in Norway resulted in higher incidence of
spells but also shorter durations. Böheim and Leoni (2011) demonstrate that, after the
insurance fund in Austria was abolished in 2000, both the incidence and the duration of
absences decreased. The effects were stronger among small firms, which were receiving
higher compensation from the insurance fund than large firms. Westergård-Nielsen and
Pertold (2012) show that insured firms in Denmark are characterized by a higher incidence
of long term sickness absences, but that absence spells in these firms are shorter than in
uninsured firms. They interpret this result as evidence that insurance lowers incentives to
monitor sick workers.
In order to identify moral hazard, we use variation coming from a change in the policy of
insurance company, i.e. the introduction of the sickness assistance program. We consider
effects of a private insurance (instead of public insurance, analyzed in the existing studies)
on sickness duration, where firms are free to choose between a menu of contract characteristics. This allows us to analyze differential effects between firms with various contracts,
while in most of the literature the contract characteristics, in particular the coverage, do
not vary by firms. We condition on the initial adverse selection by looking at the effects of
the optional sickness assistance program for the employer on the duration of sickness spells.
According to the theory of asymmetric information in insurance contracts, the problem of
moral hazard should be largest among firms with the highest insurance coverage, because
those firms have the lowest incentives to monitor sick workers. Our test for moral hazard
is a test for differential effects of monitoring on firms with different levels of insurance
coverage.
The key result of the paper is that we demonstrate that the effects of the program on the
recovery rates of sick employees differed by the amount of insurance coverage. We show
that, due to the additional assistance program, recovery rates increased only in firms with
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high insurance coverage, while they were not affected in firms with lower coverage, that
were still responsible for covering part of the sick pay costs. We interpret this result as
evidence for the presence of moral hazard. If the level of coinsurance is low, monitoring
sick employees becomes too costly and, as a result, some employees stay sick longer than
needed. The assistance program lowered the costs of monitoring and/or forced firms to
take steps that they would not have taken otherwise. The program only affected firms with
high coverage, because monitoring in firms with low coverage was already good enough.
The reason is that the potential benefits of monitoring in those firms were higher than the
costs.
In this study we use unique administrative data on insurance contracts from one of the
major Dutch insurance companies. The data cover contracts that started between January
2004 until August 2012. However, to avoid problems related to the financial crisis, we
focus on spells that started before 2010.1 We correct for business cycle conditions and
we apply a non-linear version of the difference-in-differences approach (see Pichler (2014),
Askildsen et al. (2005) for the effects of business cycles on sickness duration2 ). We verify
the common trends assumption and show results for the group of firms for which this
assumption is satisfied.
Before analyzing moral hazard problem, we focus on how firms’ self-select into contracts.
We construct a theoretical model which explains the firm’s decision on the amount of
insurance coverage. According to the model, firms characterized by either a higher sickness
probability per worker, higher risk aversion or firms with small number of employees choose
more comprehensive insurance coverage. Unfortunately, our data do not allow us to observe
ex ante risk (without insurance) and risk aversion levels of firms. However, the data confirm
that larger firms, which are better able to pool risks, are on average more likely to choose
lower coverage.
The remainder of the paper is organized as follows. First, we describe the type of sickness
insurance contracts firms can choose and we give more motivation about our strategy to
identify moral hazard. Second, we present a theoretical model explaining firm’s choices of
the coverage. Next, we show that the data confirms that larger firms are more likely to
choose less coverage, and the remaining variation in choices of insurance contracts might
1

The data show that in 2010, due to the crisis, additional selection of firms insured took place, see

Appendix A.2.2 for details
2
Note that most researchers find procyclical nature of absenteeism, however, we find that among the
insured firms the duration of sickness absences was counter-cyclical, meaning that sickness spells were
longer during the times of bad economic conditions.
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be due to differences in risk and risk aversion. Finally, we analyze the effects of the
additional assistance program. We show that the additional assistance program decreased
the duration of sickness spells among firms with the highest insurance coverage, while it
did not have a significant effect on recovery rates in firms with lower insurance coverage.
This result is evidence for the presence of moral hazard.

3.2

Institutional background

In the Netherlands employees are entitled to sick pay for the first two years of absence. In
most cases sick pay during the first year equals 70% of a worker’s wage, and up to 100%
during the second year.3 Sick pay must be paid by the employer and it is not possible
to fire a sick worker. Additionally, the employer is responsible to support the process
of the worker’s reintegration to work. Therefore, the employer is obliged to contact an
occupational health doctor who focuses on reintegration rather than curing. If after two
years the employee is still sick, the contract with the employer is terminated and she enters
disability insurance (see De Jong et al. (2011) for details).
Firms run the risk of paying wages to unproductive sick workers for up to two years. This
can be a huge financial burden, especially for small firms.4 Therefore, many firms insure
by buying sickness insurance contracts, offered by private insurance companies.
We present the characteristics of sickness insurance contracts offered by the main Dutch
insurance company. Each year firms decide about insuring (or not) sick pay of their
employees. In general, firms can choose the following contract characteristics:
1. type of a deductible: waiting period or cumulative deductible
Contracts with waiting periods compensate wages of a sick employee for the sick days
exceeding the waiting period. Contracts with cumulative deductible compensate the
sum of sickness costs in a firm in a given year which exceed a threshold, expressed
as a percentage of the expected total sickness costs in this firm. The main difference
between the two categories of contracts is that the compensation in contracts with
waiting periods depends on the length of sickness of one employee, while in contracts
3

The law specifies lower limits for sick pay benefits. In practice, many firms, especially those partici-

pating in collective labor agreements, pay higher sickness benefits.
4
Note that, except for direct costs of sick pay, including net wage, taxes and social premiums, the
employer also has to pay indirect costs of absenteeism, e.g. costs of replacement, which are not covered by
the insurance. Indirect costs are the higher, the stronger the production complementarities in a firm.
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with the cumulative deductible the sum instead of individual sickness costs is considered to determine the compensation. Appendix A.2.1 presents a detailed description
of compensation rules for each type of an insurance contract.
2. the size of deductible: length of the waiting period or the percentage of expected
sickness costs (for contracts with cumulative deductible)
3. coverage: % of costs above the deductible covered by the insurance
4. starting from 2007: optional sickness management assistance
In 2007 the insurance company introduced an optional sickness management program Werkattent, in which case managers from the insurance company advises employers with
sick workers. They contact the employers by phone starting from, on average, the second
week of the sickness. The reason for creating the program was that, monitoring a sick
worker is costly and employers do not always know how to (or do not want to) do this
in the most efficient way. The optional assistance program was supposed to reduce the
costs of monitoring by the employers and to shorten sickness absences, which would reduce
costs for the insurance company. The insurance company offered a discount on insurance
premiums to firms that signed up for this program.5

3.3

The data

The data cover all sickness insurance contracts (44,584 unique policies) in the major Dutch
insurance company, between January 2004 and December 2009. For each firm we observe
characteristics of the insurance contract in each year and we observe the start and end of
sickness absenteeism of all employees that started between 2004 and 2009. The data include
information about the size, sector and total amount of salaries of each firm. Information on
employees is very limited, we only observe identification numbers of employees who were
sick in a given year. We can only follow firms as long as they remain insured with this
insurance company.
In theory, each firm can choose contract characteristics at the beginning of each contract
year. In practice, we do not observe many changes of contract characteristics over time,
which is most likely due to high inertia (see Handel (2013)). Firms usually keep the
5

We do not have data on pricing rules, but based on premium data from 2009 we estimate the size of

the discount in 2009 to equal around 100 euros per worker per year.
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deductibles and coinsurance rates that they chose in their first contract year. Moreover,
most firms that chose sickness management assistance did this in 2007.
Not all options for a deductible and coverage were always offered to firms. Some levels of
coverage, e.g. 85% or 125% were much less commonly chosen by new insurees after 2004
(see Table A.3 in the appendix for the number of new contracts with different waiting
periods and coverage each year).
Table 3.1 presents the number of firms choosing each deductible and coverage per calendar
year. We observe that most firms choose deductibles in a form of waiting periods. In
particular, companies can choose between waiting periods of 2 working days, 1 week, 2
weeks, 4 weeks, 6 weeks, 13 weeks, half a year and one year, with most companies choosing
2 weeks (59.5%), 6 weeks (25.5%) or 13 weeks (8%).
For contracts with a cumulative deductible, we show the deductible expressed as a percentage of expected total sickness costs in a firm.

6

12% of firms choose this ratio as 100%

or lower, meaning that they would get compensated for any costs exceeding the expected
sum of sickness costs (3% of firms choose the threshold even lower than 100%), 33% of
firms choose to be compensated for any costs exceeding 120% of the expected total sickness costs, and 21% choose to be compensated for costs exceeding 140% of expected total
sickness costs. In general, the median threshold equals 130% of expected sum of sickness
costs and the highest possible threshold is 214%.
The second dimension of contracts presented in Table 3.1 is the level of ’coverage’, which
is the percentage of the net wage that will be repaid over the deductible. In the analysis
we will focus mostly on the coverage in the first year for two reasons. First, it is not likely
that companies expect many absences longer than one year (only 3.5% of the absence spells
exceed one year). Second, until 2009 the coverage in the second year was set automatically
to 70%.
According to Table 3.1, most contracts were chosen with coverage equal to 100% of the
net wage in the first year (63%) or 70% (25%), with almost 6% of the sample choosing to
cover 125%, and 5% choosing to cover 85% of net wages.7 95% of insurance contracts were
characterized by the coverage 70% of net wage in the second year of sickness.
In the analysis, we focus on contracts with the most common types of deductibles: those
with waiting periods of 2, 6 or 13 weeks, or without waiting periods (the number of contracts
6
7

See Appendix A.2.1 for detailed information on contracts with cumulative deductibles
Actual loss of a firm when an employee gets sick is higher than her net wage. Therefore, it makes

sense from the point of view of the insurance company to offer coverage higher than 100% of a net wage.
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in this group is not too large, but, as we show later, this group consists mostly of large
firms, so it represents many workers). Moreover, we only look at contracts in which the
coverage in the first year equals 70, 85, 100 or 125%. We end up with 42,926 insurance
policies out of the initial 44,584. The number of yearly contracts with a given combination
of the deductible and the coverage is presented in Table 3.2.
The distribution of firm size is presented in Table 3.3. The median number of workers
employed in an insured firm equals four (which reflects the fact that mostly small firms
insure), and the average size equals seven employees. The number of firms from a given
sector insured per year is shown in Table A.4 in the Appendix.
Except for the contract and firm characteristics, we also have information on the duration
of sickness absences of workers reported by the insured firms. For most sickness spells we
observe both the start and the end date. Only 0.16% of spells are longer than two years,
which are right censored in the data. The medium length of an absence spell equals six
days, while the average equals 31 days. The average number of absence spells reported
by a firm per worker equals 0.25, while in 60% of yearly contracts there were no sickness
spells reported. The average number of reported absent days per worker equals 12 days.
The price of a sickness insurance contract depends on contract characteristics (deductible,
co-insurance rate, sickness management assistance program), firm characteristics (size and
sector) and claim history (sickness spells reported in past three years). Because of the
experience rating, even though firms are expected to report all the sickness spells, they
have incentives not to report claims under the level of their deductible. In particular, firms
with waiting periods have incentives not to report sickness spells that are shorter than
the waiting period. Such incentives are less strong for firms with cumulative deductibles.
However, if a firm expects not to exceed their deductible in a given year, it might not
report short spells. The incentives to underreport were reduced by the introduction of
the assistance program - the program require employers to report sickness spells to the
insurance company within 24 hours, while firms with contracts that do not include the
assistance program are obliged to do so until the tenth day of the following month. As a
consequence, even though some firms that are not subscribed to the assistance program
do report spells shorter than a waiting period, we observe much more short spells being
reported among firms with contracts including the assistance program or among firms
with cumulative deductibles. This suggests that underreporting is an issue and we cannot
measure the effects of the assistance program on spells that are shorter than the waiting
period. We account for this in the analysis by looking separately at contracts with different
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waiting periods and by considering effects at different moments of the sickness.
The description of variables that we use throughout the paper is presented in Appendix
A.2.3.

Table 3.1: Number of contracts with a given waiting period or coverage per calendar year

Year
Deductible

2004

2005

2006

2007

2008

2009

Total

No.

No.

No.

No.

No.

No.

No.

2 days

48

966

938

948

990

1,018

4,908

1 week

147

403

281

264

265

257

1,617

2 weeks

15,253

15,697

17,116

15,758

16,449

16,410

96,683

6 weeks

5,867

6,516

7,464

6,821

7,270

7,004

40,942

13 weeks

1,362

1,969

2,402

2,280

2,344

2,255

12,612

716

806

814

669

621

573

4,199

23,393

26,357

29,015

26,740

27,939

27,517

160,961

2004

2005

2006

2007

2008

2009

Total

No.

No.

No.

No.

No.

No.

No.

70%

6,399

7,174

7,853

7,121

7,618

6,929

43,094

80%

0

0

0

4

4

0

8

85%

2,026

2,073

1,890

1,541

1,294

1,028

9,852

95%

33

304

14

2

1

3

357

100%

13,393

15,039

17,937

17,014

18,219

18,875

100,477

115%

0

6

145

123

91

70

435

120%

1

75

3

0

0

0

79

125%

1,541

1,686

1,167

935

712

612

6,653

Total

23,393

26,357

29,009

26,740

27,939

27,517

160,955

cumulative deductible
Total
Coverage in the 1st year
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Table 3.2: Number of firms insured with a given waiting period and coverage

Coverage in the 1st year
Deductible

70%

85%

100%

125%

Total

No.

No.

No.

No.

No.

2 weeks

24,060

6,446

61,220

4,660

96,386

6 weeks

11,275

2,604

25,664

1,239

40,782

13 weeks

4,216

660

7,500

169

12,545

941

105

2,947

200

4,193

40,492

9,815

97,331

6,268

153,906

cumulative deductible
Total

Table 3.3: Distribution of firm size among the insured firms (contracts before 2010)

%

number

less than 3 workers

35.4%

54,525

3-4 workers

21.3%

32,843

5-9 workers

23.5%

36,105

10-19 workers

12.8%

19,683

20 or more workers

7.0%

10,750

Total

100%

153,906
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3.4

Self-selection into contracts

3.4.1

Theoretical predictions - model explaining choice of insurance coverage

In this section we present a one period model on how firms self-select into sickness insurance
contracts with different coverage. We use this model to form theoretical predictions that we
later on test empirically using the data on firms’ choices of insurance coverage - deductibles
and coinsurance rates.
We consider a firm with n identical workers. Each worker gets sick with probability λ,
therefore the number of sick workers in a firm, k, follows a binomial distribution:
k ∼ Binomial(λ, n)
If a worker is healthy, he produces q and receives wage w, where q > w. A sick worker does
not produce anything but the firm is obliged to continue paying the wage w. The firm can
insure against the risk of sickness and the various insurance packages are characterized by
the coinsurance rate γ, 0 ≤ γ ≤ 1. In particular, when a worker is sick, only γw is paid
by the employer and (1 − γ)w is paid by the insurance company.8 The firm has to pay an
insurance premium p(γ) for each worker, which depends on the size of the coinsurance rate
γ (common for all workers). The profit of a firm with a contract including a coinsurance
rate γ, assuming that k out of n workers are sick, equals:
πk = (n − k)(q − w) + k(0 − γw) − np(γ) = n(q − w − p(γ)) − k(q − w + γw)
This profit function assumes that workers are perfect substitutes and that there are no
complementarities in production.
The firm chooses the insurance contract - the coinsurance rate γ, by maximizing the expected utility of the average profit per worker π̄k , where:
π̄k =

πk
n

Assume the utility function of a firm has a CARA form with the absolute risk aversion
parameter ρ > 0:
u(π̄k ) = −e−ρπ̄k
8

It is straightforward to modify this assumption by assuming that a sick worker gets αw, of which γw is

paid by the employer and (α − γ)w by the insurance company. This assumption will only change premiums
(the net premium will still be proportional to w, but not to γ).
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The expected average profit of a firm holding an insurance contract with the coinsurance
rate γ equals:
k

Eu(π̄k ) = −Ee−ρ[(q−w−p(γ))− n (q−w+γw)]
n  
X
kρ
n k
−ρ(q−w−p(γ))
= −e
·
λ (1 − λ)n−k e n (q−w+γw)
k
k=0
Using the binomial theorem we can show that
ρ

Eu(π̄k ) = −e−ρ(q−w−p(γ)) · (1 − λ + λe n (q−w+γw) )n

(3.1)

To maximize the expected utility of the profit per employee, we minimize the logarithm of
minus the function (3.1). This provides the first-order condition for the coinsurance rate
γ:

ρ
∂ 
−ρ(q − w − p(γ)) + n log(1 − λ + λe n (q−w+γw) ) = 0 ⇐⇒
∂γ

p0 (γ) =

−λw
ρ
λ + (1 − λ)e− n (q−w+γw)

(3.2)

This equation shows the condition for the optimal size of the coinsurance rate of a firm with
n workers, characterized by the risk aversion parameter ρ. The decision on the amount of
coverage will depend on the size of insurance premiums p(γ), sickness probability within a
firm λ, a firm’s risk aversion ρ, the size of a firm n and wages w. To analyze how the choice
of the coinsurance rate depends on the characteristics of a firm, we differentiate both sides
of the formula (3.2) with respect to λ, ρ and n:
dγ
=
dλ

−1
h
ρ
λ(1 − λ)w 1 +
n

ρ
p00 (γ)
n λ
e n (q−w+γw)
ρ 1−λ (p0 (γ))2

i

(3.3)

dγ
−[q − w(1 − γ)]
h
i
=
ρ
p00 (γ)
λ
(q−w+γw)
dρ
n
e
ρw 1 + nρ 1−λ
0
2
(p (γ))

(3.4)

dγ
q − w(1 − γ)
i
h
=
ρ
p00 (γ)
λ
(q−w+γw)
dn
n
nw 1 + nρ 1−λ
e
(p0 (γ))2

(3.5)

If we assume that p00 (γ) > 0, so that the price of insurance is a convex function of the
coinsurance rate, the denominator of each of the above formulae will be positive. In
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particular, this assumption is satisfied if the price of insurance is given by the net premium9
or by any linear transformation of the net premium (including e.g. a proportional loading
on net premium or an additive fixed cost of a policy per worker).
Moreover, it follows from the assumption that wages are below productivity q > w, that
q −w(1−γ) > 0. Therefore, according to (3.3), firms with a higher probability of a sickness
of one of their workers will, ceteris paribus, choose lower coinsurance rates. They will decide
to buy more insurance. This result is consistent with adverse selection, meaning that more
risky firms self-select into contracts with more comprehensive coverage. Moreover, equation
(3.4) shows that more risk averse firms choose contracts with lower coinsurance rates, and
therefore with higher coverage. Finally, it follows from the equation (3.5) that larger
firms choose higher coinsurance rates, thus buy less insurance. This is consistent with the
intuition that larger firms are able to spread the risk over more employees and therefore
face a lower variance of their profits per worker.
Finally, we analyze how the choice of coverage depends on the wage w. By differentiating
both sides of the equation (3.2) with respect to w we obtain:
dγ
=
dw

1−λ ρ
(1
λ n
wρ
w
λn

h

ρ

− γ)e− n (q−w+γw) −

1+

1
−p0 (γ)

ρ
p00 (γ)
n λ
e n (q−w+γw)
ρ 1−λ (p0 (γ))2

i

(3.6)

The denominator is always positive. However, the numerator can take different values
depending on λ, q, n and ρ. Therefore, the relationship between wages and the amount of
coverage is ambiguous.
Hence, if the price of insurance is a convex function of the coinsurance rate, then the model
gives the following testable predictions:
1. more risky firms (with higher sickness probability) choose higher insurance coverage
2. more risk averse firms choose higher insurance coverage
3. smaller firms choose higher insurance coverage
4. relationship between wages and the insurance is ambiguous
The third prediction is the main focus in our empirical analysis. We demonstrate in Section
3.4.2 that, indeed, smaller firms are more likely to choose higher coverage. Moreover, we
show that, controlling for firm size and sector, firms with higher wages are more likely
9

net premium = E(compensation per worker) = λ(1 − γ)w
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to choose higher deductibles. However, there is no significant effect of the wage level on
the level of coverage. This result, even though not directly predicted by our model, is
consistent with prediction 4. We think that the remaining variation in coverage choices
is due to firm’s risk and risk aversion. However, predictions 1 and 2 cannot be formally
tested using our data.
Note that we do not observe many contract changes, which means that firms were unlikely
to update contracts according to the rational model presented above. However, this type
of inertia did not apply to the initial choice of contract that was made by the firm. Therefore, we test the predictions of the theoretical model using the data on initial choice of
characteristics of sickness insurance contracts.

3.4.2

Empirical evidence - choices of deductibles and coverage

In this section we demonstrate that a large part of variation across firms in choice of
deductibles and coverage comes from firm size.
Figure 3.1 shows the distribution of firm size among firms with different types of contracts.
Firms that choose longer waiting periods are on average larger. The average size of a firm
varies between 5 workers among firms that chose waiting periods of 2 weeks, 8 among
firms with waiting period 6 weeks and 11 among firms with waiting period 13 weeks. The
distribution of the firm size among contracts with longer waiting periods stochastically
dominates the distribution of the size of firms with shorter waiting periods (see Figure
3.1). Moreover, firms that choose contracts with cumulative deductibles are on average
much larger than firms choosing contracts with waiting periods (average size of a firm that
chooses a cumulative deductible equals 35). However, note that there are much more firms
choosing contracts with than without waiting periods, meaning that most larger firms in
the data still choose contracts based on waiting periods (e.g. among firms with more than
10 employees only 12% of yearly contracts are based on total sickness costs). According
to the results of the log rank tests, the differences in the distribution of the firm size
are statistically significant between contracts with different lengths of waiting periods or
with cumulative deductibles. Moreover, there are significant differences in the distribution
of firm size between contracts with different lengths of waiting periods (comparing only
different lengths of waiting periods). Note that the average size of a firm with a given type
of deductible did not change much over time.
Second, we observe a similar relationship between firm size and the level of coverage chosen
by a firm: firms that chose higher levels of coverage - 85, 100 or 125%, were smaller than
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those that chose lower coverage - 70% (see Figure 3.1). Even though the differences in the
cumulative distribution functions seem to be smaller than between contracts with different
deductibles, according to the results of the log rank tests they are statistically significant.
Table 3.4 shows that the fraction of firms choosing a given level of deductible or coverage
varies by the category of firm size, with larger firms being relatively more likely to choose
longer waiting periods or contracts without deductibles and lower coverage. For example,
the table shows that in 2004 66% of contracts included a waiting period of 2 weeks. However, the fraction of firms choosing this deductible varied between 73% among smallest
firms - with less than 3 workers, and 31% among firms with 20 or more workers. On the
other hand, contracts with cumulative deductibles were almost never chosen by firms with
less than 10 workers, while among firms with 20 or more workers this type of deductible
was chosen by 22% firms.
Similarly, contracts with the lowest coverage - 70%, were more often chosen by large firms
(35% of firms with 20 or more workers) than by smaller firms (23% of firms with less
than 3 workers), while contracts with coverage 100% were more popular among smaller
than larger firms (varying between 64% among firms with less than 3 workers down to
49% among firms with more than 20 workers). Note that the observed frequencies of firms
choosing coverage level 125% increases with the size category (from 5.5% among smallest
firms to 7.7% among firms with 10-19 workers), however, this contract was less popular
among firms with more than 20 workers (6.5%).
To model the joint decision on deductible and coverage, we estimate a bivariate ordered
probit model (see Greene and Hensher (2010)):
∗
y1i
= β1 xi + ε1i
∗
y2i
= β2 xi + ε2i

where ε1 , ε2 are normally distributed with mean 0, variance 1 and correlation ρ. y1∗ is a
latent variable describing the choice of a waiting period, together with the threshold points
∗
µ2w , µ6w , µ13w , µnowp . A firm chooses a waiting period of 2 weeks if y1i
≤ µ2w , 6 weeks if
∗
∗
µ2w < y1i
≤ µ6w , 13 weeks if µ6w < y1i
≤ µ13w and chooses a contract without waiting
∗
period if y1i
> µ13w . Hence, we model the deductible category based on total sickness

costs as the highest category of the waiting period (which is confirmed by the descriptive
∗
statistics). y2i
is a latent variable describing the choice of coverage. The categories of

coverage are ordered in a natural way: 70%, 85%, 100% and 125% for the highest values
∗
of y2i
, and results in the cut-off points µ70 , µ85 , µ100 . We use the same set of covariates to
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describe the choice of deductible and coverage: firms size categories, average salary paid in
a firm (second order polynomial) and the set of dummy variables describing the industry
sector.
Table 3.5 presents the results of the bivariate ordered probit models for the choice of
coverage and waiting period in 2004. We focus on 2004 because in this initial year firms
had to choose the type of contracts and in later years they rarely made any changes to their
initial choice.10 In the first regression, we model the cumulative deductible as the highest
category of the waiting period (as suggested by the descriptive results in Figure 3.1). In the
second regression we estimate the model using only contracts with waiting periods. The
results confirm that smaller firms were more likely to choose higher coverage in the first
year of sickness and lower waiting periods (and they were less likely to choose a contract
without a waiting period). Moreover, there is a negative, statistically significant correlation
between the choice of the length of the waiting period and the level of the coverage. This
means that, controlling for firm size, industry sector and the level of salaries in the firm,
firms that chose high levels of coverage (low coinsurance rates) were also more likely to
choose low deductibles (short waiting periods). Moreover, firms paying higher average
salaries were more likely to choose higher deductibles. However, the level of salaries did
not have a significant effect on the choice of coverage. Note that the results do not change
much if we exclude the category of contracts based on total sickness costs.
The results show that contracts with larger coverage, both in terms of a deductible and
the coinsurance rate, were chosen by on average smaller firms, which is consistent with the
predictions of the theoretical model presented in Section 3.4.1. The size of the estimated
coefficients relative to the cut-off points suggests that firms with more than 20 workers
and otherwise similar characteristics to a group of firms with less than 3 workers, will
on average choose a contract with a ’two categories higher’ deductible and roughly ’one
category lower’ coverage.

10

By running these regressions, we need to ignore the fact that not all the options were available to all

firms in 2004 (however, in 2004 all options were chosen by a large number of firms so it seems plausible
that in most cases firms could choose any deductible and coverage level).
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Figure 3.1: Distribution of firm size by waiting periods and coverage (based on all contracts
until 2010)

Table 3.4: Types of contracts selected by firms of different size in 2004

number of workers
<3

3-4

5-9

10-19

>=20

Total

%

%

%

%

%

%

2 weeks

73.3%

71.5%

66.9%

55.0%

30.6%

65.7%

6 weeks

21.9%

24.3%

25.1%

29.9%

35.9%

25.3%

13 weeks

4.8%

4.2%

5.7%

8.3%

11.7%

5.9%

cumulative deductible

0.0%

0.1%

2.2%

6.8%

21.7%

3.1%

70

23.4%

27.2%

29.1%

31.3%

34.7%

27.5%

85

7.7%

8.8%

9.2%

9.5%

9.5%

8.7%

100

63.5%

58.4%

54.8%

51.5%

49.3%

57.6%

125

5.5%

5.7%

7.0%

7.7%

6.5%

6.3%

Waiting Period

Coverage in the 1st year
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Table 3.5: Bivariate ordered probit regressions for the choice of the waiting period and
coverage in 2004
(1)
all types of deductible
coef
t

(2)
only wp
coef

t

choice of wp
firm size (base 3-4 workers)
< 3 workers
5-9 workers
10-19 workers
≥20 workers

−0.086∗∗∗
0.160∗∗∗
0.474∗∗∗
1.166∗∗∗

−3.637
6.539
16.966
35.761

−0.080∗∗∗
0.089∗∗∗
0.304∗∗∗
0.737∗∗∗

−3.377
3.598
10.507
20.530

avg salary
avg salary2

0.024∗∗∗
−0.000

8.839
−0.868

0.020∗∗∗
0.000

7.378
0.248

30.969
58.743
70.2509

0.961∗∗∗
2.103∗∗∗

28.383
58.346

cut-off points
µ2w
µ6w
µ13w

1.033∗∗∗
2.063∗∗∗
2.679∗∗∗

choice of coverage
firm size (base 3-4 workers)
< 3 workers
5-9 workers
10-19 workers
≥20 workers

0.080∗∗∗
−0.030
−0.100∗∗∗
−0.182∗∗∗

3.853
−1.371
−3.793
−5.674

0.082∗∗∗
−0.033
−0.112∗∗∗
−0.238∗∗∗

3.925
−1.505
−4.185
−6.754

avg salary
avg salary2

0.001
−0.000

0.574
−0.760

0.002
−0.000

0.680
−0.962

cut-off points
µ70
µ85
µ100

−0.720∗∗∗
−0.470∗∗∗
1.466∗∗∗

−23.976
−15.717
46.868

−0.723∗∗∗
−0.469∗∗∗
1.462∗∗∗

−23.920
−15.589
46.375

rho
correlation

−0.033∗∗∗

−3.499

−0.058∗∗∗

−6.053

N
loglik

23187
-43514.3

22471
-40350.9

The dependent variables are the choice of waiting period and choice of coverage in 2004. Regressions
are corrected for the industry sector. Values of t-statistics are reported in the brackets, ∗ p < 0.1;∗∗ p <
0.05;∗∗∗ p < 0.01.
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3.5
3.5.1

Moral Hazard
Ex ante differences in recovery rates between firms with
different types of contracts

We first provide evidence that sickness absences of workers employed in firms with higher
insurance coverage are on average longer than absences in firms with lower coverage, in
the absence of the sickness assistance program.
We start with presenting the Kaplan-Meier estimates of recovery rates (survival functions)
of employees in firms with different types of insurance contracts and with different number
of workers. The estimates are based on sickness spells before 2007 (so before the assistance
program was introduced). Figure 3.2 shows that sickness absences in firms with insurance
contracts without waiting periods were much shorter than in firms that chose a contract
based on a waiting period.11 Moreover, the longer the waiting period, the lower is the
recovery rate. A log rank test shows that the differences between recovery rates of employees of firms with different deductibles are statistically significant. Also, recovery rates
in firms with different levels of coverage are statistically different. However, the pattern is
not monotone in the level of coverage (see Figure 3.2). Figure 3.3 shows that even controlling for the type and height of the deductible, there are differences in the distribution of
sickness durations depending on a firm’s size. According to the results, the employees in
the smaller firms stay sick longer than the employees in large firms.
To formally test for differences in recovery rates, we specify a Cox proportional hazard
which we estimate using sickness durations that started before 2007. The model allows us
to estimate the effects of covariates on the hazard rate θ, without specifying the baseline
hazard h(t).
θ(t|W ) = h(t) exp(αd + αc 1(wp) + α̃c 1(no wp) + A2007 + µY,c + δX)

(3.7)

where δX = βsizek + γsec + β1 w̄ + β2 w̄2 .
The coefficients αd , αc , α̃c , βsizek and γsec represent deductible, coverage and size category
specific coefficients (they can also be interpreted as fixed effects). For types of contracts,
we include the following categories: d ∈(2 weeks, 6 weeks, 13 weeks, no waiting period),
c ∈(70%, 85%, 100%, 125%). µY,c are time fixed effects, representing years Y ∈ (2004,
11

For the better visibility of the results, we only present here the Kaplan Meier estimate during the first

100 days of the sickness. The estimates of recovery rates during the first two years are presented in the
appendix, in Figures A.9, A.10 and A.11.
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2005, 2006), which we allow to differ by the size of coverage. The dummy variable A2007
equals 1 for firms that chose sickness assistance in 2007, and 0 otherwise. w̄ is the average
salary in a firm. The results are presented in the first panel of Table 3.6.
The results confirm that firms with longer waiting periods were characterized by on average
higher recovery rates, while the recovery rates were even higher in firms with cumulative
deductibiles (without waiting periods). Moreover, among contracts with waiting periods,
contracts with the highest coverage, 125%, were characterized by the lowest recovery rates.
This result is in line with the prediction that, due to asymmetric information, either
in terms of adverse selection or moral hazard, firms with the highest coverage generate
most losses. However, firms with a coverage of 85% have lower recovery rates than firms
with 100% or 70% coverage. There is no clear explanation for this result. Next, firms
that afterwards decided to switch to a contract with additional assistance in 2007, have on
average higher recovery rates already before 2007 than firms that did not switch. Moreover,
the larger the firm, the higher the probability that a sick worker recovers at any moment
of sickness. Finally, firms with higher salaries are characterized by higher recovery rates.
Next, we allow the baseline hazard to differ for each type of deductible and betweeen firms
that did or did not decide to switch into contracts with additional assistance. Hence, we
estimate the following model by stratified partial likelihood:
θ(t|W, Z = j) = hj (t) exp(β 0 X) = hj (t) exp(αc 1(wp) + α̃c 1(no wp) + µY + δX)

(3.8)

The baseline hazard takes a different shape for each category j, defined by the combination
of deductible and assistance choice in 2007. We do not expect differences in recovery rates
between contracts with different coinsurance rates to vary over time, therefore we continue
using dummies for the levels of coinsurance as covariates in the hazard model.
The estimation results of model (3.8) are presented in the second panel of Table 3.6. The
estimated coefficients are not much different from a model with a common baseline hazard.
However, the plots of estimates of the baseline survivor functions in the stratified model
(Figure 3.4) suggest that there are non-proportional differences in hazard rates between
firms with different types of insurance contracts.
To sum up, the non-parametric and parametric results suggest that before the assistance
program was introduced, there existed significant differences in the recovery rates between
firms with different insurance contracts and firm characteristics. Furthermore, we observe
differences between firms that did or did not decide to switch to the assistance program in
2007.
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Figure 3.2: Ex ante differences in recovery rates between firms with different type of
contracts
Notes: Recovery rates over the length of absence spells, truncated at 100 days

Figure 3.3: Recovery rates by type of a contract and firm size
Notes: Recovery rates over the length of absence spells, truncated at 100 days
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Figure 3.4: Baseline survivor functions of firms with different type of deductibles that did
or did not decide to switch to the product with additional assistance
Notes: Baseline survivor functions for spells shorter than 100 days
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Table 3.6: Cox proportional hazard estimates based on sickness absences that started
before 2007

Cox
waiting period (base 2 weeks)
6 weeks
13 weeks
no wp

(1)
partial likelihood
coef
t

(2)
stratified by A2007 and wp
coef
t

0.019∗∗∗
0.049∗∗∗
0.258∗∗∗

3.163
5.871
32.388

coverage if contract with wp (base 100%)
70%
85%
125%

0.012
−0.063∗∗∗
−0.076∗∗∗

1.363
−3.576
−3.285

0.011
−0.065∗∗∗
−0.068∗∗∗

1.229
−3.685
−2.937

coverage contracts without wp (base 100%)
70%
85%
125%

0.019
−0.020
−0.007

1.404
−0.569
−0.272

0.017
−0.025
−0.001

1.285
−0.710
−0.035

0.028∗∗∗

5.609

firm size (base 3-4 workers)
< 3 workers
5-9 workers
10-19 workers
≥ 20 workers

−0.061∗∗∗
0.090∗∗∗
0.202∗∗∗
0.358∗∗∗

−4.062
8.124
18.951
33.843

−0.064∗∗∗
0.097∗∗∗
0.215∗∗∗
0.370∗∗∗

−4.288
8.786
20.095
34.839

avg salary
avg salary2

0.017∗∗∗
−0.000∗∗∗

17.104
−7.794

0.017∗∗∗
−0.000∗∗∗

16.700
−7.550

A2007 - if chose assistance in 2007

N
loglik

199125
-2231431.9

199125
-1848124.4

Notes: Estimation results of stratified Cox proportional hazard regressions, corrected for trend (separate
for each level of coverage) and industry sector. ∗ p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01
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Identification strategy

We showed in section 3.5.1 that sickness absences of employees insured in firms with higher
insurance coverage are on average longer than absences in firms with lower coverage. It is
well known that adverse selection and moral hazard lead to the same correlations between
claims and coverage in the insurance data (see e.g. Chiappori and Salanie (2000)). In this
section we present our strategy to test for the presence of moral hazard.
To test for moral hazard we focus on a change in monitoring of sick workers. In general,
it is the responsibility of the employers to monitor sick employees, also when they are
insured. However, as is shown by Böheim and Leoni (2011), insurance against sickness
absenteeism reduces the firm’s incentives to monitor sick workers, because the potential
costs of absenteeism (sick pay) in an insured firm decrease relative to the benefits of monitoring (lower number of sick days). In our data, the incentives of the employer to monitor
a sick worker decrease once the employer believes that the sickness will last longer than the
waiting period. For contracts with cumulative deductibles the incentives to monitor sick
workers should decrease once the total sickness costs during a given year already exceed
the threshold set in the insurance contract (or once the employer starts to believe they
will exceed the threshold). In any case, the change in monitoring incentives should be the
higher, the higher the coverage.
To identify moral hazard in the data, we use a change in policy of the insurance company,
i.e. the introduction of a sickness assistance program for the employers. This program
was supposed to reduce the monitoring costs of firms’ and to improve the efficiency of
monitoring by firms and the reintegration of sick workers (see Section 3.2). If before
the introduction of the assistance program the costs of monitoring exceed the potential
benefits for a firm, the duration of sickness absences can be shortened. Furthermore, the
assistance program might provide a better monitoring technology to firms. If we find that
the additional monitoring leads to higher reduction in sickness absenteeism among firms
with higher coverage, which have lower incentives to monitor sick employees than firms with
lower coverage, this is an indication for moral hazard. Therefore, our testable prediction
is if the recovery rates in firms with higher coverage are more affected by the introduction
of the assistance program than the recovery rates in firms with lower coverage.
To identify moral hazard in the data we compare the distributions of the duration of
sickness spells in firms that switched to the product with additional assistance, under
the regime with or without the additional assistance. For most firms this means that
we compare the distribution of sickness durations before and after 2007. In particular,
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we focus on the recovery rates from sickness. We investigate if there is moral hazard in
insurance contracts by examining the effects of monitoring on sickness durations in firms
with different levels of coverage that chose to switch to a new product offering sickness
management assistance.
We estimate stratified proportional hazard models, where we include an assistance program
indicator if a sickness absence started at the moment when a firm already used the assistance program, and the set of those indicators interacted with the levels of coverage: 85,
100 or 125%. By doing this we can identify a differential effect of the assistance program
on recovery rates between firms with 70% or higher levels of coverage. Hence, we estimate
the following regression:
θ(t|W, Z = j) = hj (t) exp(βAt0 + βc At0 + αc 1(wp) + α̃c 1(no wp) + µY,c + δX)

(3.9)

Coefficient β describes the effect of monitoring on recovery rates in firms with coverage
level 70%, while coefficients βc for c ∈ {85%, 100%, 125%} describe the additional effects
on recovery rates in firms with coverage 85, 100 or 125%, compared with the effect among
firms with 70% coverage.
We correct for heterogeneity in the following way. First, we allow the baseline hazard
to take a different shape for each category j, defined by the combination of the type of
deductible and the assistance choice (we group together firms that decided to switch to
the product with assistance in 2007 or later). Moreover, we let the recovery rates differ
between firms with different levels of coverage also in absence of additional monitoring these differences are captured by coefficients αc (for contracts with waiting periods) and
α̃c (in firms without waiting periods). We allow the trend to differ between contracts
with different levels of coverage, Y ∈ {2004, 2005, 2006, 2007, 2008, 2009} (base level 2006).
Finally, we correct for firm size, industry sector and average level of salaries in a firm.
When estimating the effect of the assistance program, we control for the business cycle
that could affect sickness absenteeism in firms. In order to estimate the effects of the
trend, we use data on all firms, including those that did not switch to the product with
additional assistance, which leads to a sort of difference in differences (DiD) estimator. In
order to make inference about the effects of the additional assistance using DiD estimator,
we need to make the common trend assumption, so we need to assume that all firms were
on average affected in the same way by the business cycle.
We verify the common trend assumption by comparing the trends in hazard rates of sickness
spells that started before 2007, among firms that did or did not switch to the product with
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additional assistance in 2007. To do this,we estimate the same stratified partial likelihood
regression as model (3.8), but except for time dummies we also use time dummies interacted
with the dummy variable describing the choice of assistance in 2007, and we allow the trend
to differ between contracts with different levels of coverage:
θ(t|W, Z = j) = hj (t) exp(αc 1(wp) + α̃c 1(no wp) + µY,c + µ̃Y,c A2007 + δX)

(3.10)

As before, we allow the baseline hazard to take different shapes for each category j, defined
by the combination of the type of deductible and the assistance choice in 2007. We estimate
the yearly trend during three available periods before 2007: Y ∈ {2004, 2005, 2006}. We
correct for firm size, industry sector and average level of salaries in a firm. The common
trends assumption is violated if we find any of the µ̃Y,c coefficients to be significant. We
show that the common trend assumption is satisfied fora subsample of firms and we focus
on the DiD results in those groups.
The subscription to the program was endogenous, however, finding a significant difference
of the effect of the program among firms with lower or higher coverage that decided to
subscribe, is an indication for moral hazard. Otherwise, if there was no moral hazard, the
assistance program would have the same effect on firms with all types of contracts (the
effect would be either 0 - if the additional assistance from the insurance company did not
improve the worker’s monitoring, or positive, if it led to improvements). Section 3.5.3
presents the characteristics of firms that subscribed for the assistance program in 2007.
Note that we do not observe many cases of contract switching nor many firms quiting
their insurance contracts around the time of the introduction of the assistance program.
Therefore, we decided to look at the distribution of absence spells of companies conditional
on the insurance contracts they have chosen.
We do not expect the difference in sickness absenteeism between firms with low and high
insurance coverage to be caused by adverse selection for two reasons. First, the decision
about the type of insurance contract, the coverage and the deductible is taken by the
employer, while the risk of sickness absenteeism comes mostly from the employees, who
are likely to have more information about their health than their employers. Second,
the sickness insurance contracts insure employers against the costs of long-term sickness
spells, which are even more difficult to predict by employers. Therefore, we do not expect
employers to have much more information about their employee’s health than the insurance
company, which would lead to adverse selection. However, we cannot fully exclude adverse
selection. Therefore, to test for moral hazard we cannot simply look at the correlation
between claims and coverage.
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Finally, the type of the sickness insurance contract should not have much effect on sickness
occurrence, if we assume that the effect of insurance on employer’s actions is during the
sickness only and there is no effect in terms of prevention. This assumption can be justified
by the presence of deductibles, which means that at least part of the sickness spell is fully
paid by the employer.12 Hence, we do not expect sickness occurrence to differ between
firms without insurance contracts and firms with more or less generous coverage, higher or
lower deductible. If this is the case, this can be due to a difference in reporting behaviour
of firms with different types of insurance contracts. Alternatively, it could also be a sign
of the effect of some unobservable factors, which we cannot correct for.

3.5.3

Choice of sickness assistance

In this section we examine self selection of firms into contracts with or without sickness
assistance.
Over 60% of insurance contracts in 2007 included additional sickness assistance. Table 3.7
shows that the fraction of firms that chose assistance in 2007 varies a lot between different
type of contracts. Firms without waiting periods are least likely to choose additional
assistance (the program was chosen only by 36.3% of these firms), while firms with two
weeks waiting periods are most likely (63.8%). The probability of choosing assistance in
2007 is highest among firms with 100% coverage (65.4%), and lowest among firms with
125% coverage (34.5%).
Figure 3.5 shows that firms that chose additional assistance in 2007 are smaller than those
that decided not to switch to the new program and that they pay lower average wages per
worker. The differences between the cumulative distribution functions of, both, firm size
and wages of firms that did or did not choose additional assistance in 2007 are statistically
significant at the 5% significance level.
Table 3.8 shows that the probability of choosing additional assistance in 2007 differed by
sector. Among sectors for which we observe at least 100 firms, firms in the manufacturing
and construction sectors were least likely to choose additional assistance (40.2 and 41.6%),
while firms in the agricultural and services sectors (mostly hairdressers) were most likely
12

Note that when a deductible is calculated for the sum of sickness costs , it can happen that once

the costs are higher than the deductibles, it is costless to put another employee on sick leave in a given
year. This could be problematic in contracts without waiting periods in our data. However, because of
experience rating, having even more sickness costs in a given year would increase the threshold in the next
year
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to choose the assistance in 2007 (75.4 and 74.3%).
We estimate logit models for choosing sickness assistance, based on observations on insurance contracts active in 2007. The outcome variable A2007 equals one if a firm chose
a contract with additional assistance in 2007, and 0 otherwise. The set of covariates, including dummies for categories of firm size and dummies for contract characteristics: type
of deductible, level of coverage (separate dummy variables for contracts with and without
waiting periods). The full model is specified as:
Pr(A2007 = 1) = Λ (βsizek + αd + αc 1(wp) + α̃c 1(no wp) + µd nrabs + ηd durabs + δX)
where δX = β1 w̄ + β2 w̄2 + γsec and Λ(u) =

exp(u)
.
1+exp(u)

The coefficients βsizek , αd , αc , α̃c and γsec represent size, deductible, coverage and sector
category specific coefficients (can also be interpreted as fixed effects). The coefficients µd , ηd
represent the effects related to claim history: average number and duration of absences
claimed per worker per year over the last three years (2004-2006). We include these effects
to proxy for the firms’ expected risk and we allow the size of the coefficient to be different
for each type of deductible (to correct for possible underreporting based on the length of
the waiting period). Finally, w̄ is the average salary paid in a firm.

13

The results are presented in the first panel of Table 3.9. The estimates suggest that the
size of the company did not have a significant effect on the decision to choose a contract
with additional assistance. Hence, the difference in the distribution of firm size among
firms that did or did not choose the additional assistance program must come from other
factors than the size itself. Table 3.9 shows that the probability of choosing assistance
depends on the type of the deductible and the size of coverage. Firms with cumulative
deductibles were on average less likely to choose additional assistance. Moreover, firms
with lower coverage, 70 or 85%, were on average less likely to choose additional assistance
than firms with higher coverage. Among firms with two or six weeks waiting periods, firms
with higher expected risk, measured by number of absences per worker in the last 3three
years, were more likely to choose sickness assistance. The duration of absences per worker
in the last three years did not have a significant effect on the choice of assistance in 2007.
Finally, firms with salaries around the average in the sample (around 20) were least likely
to join the program, while firms with higher or lower average salaries were more likely to
choose additional assistance in 2007.
13

We have also tried to control for the size of deductible in the contracts without a waiting period.

Adding this variable only changed the estimates of the dummy variable for contracts without a waiting
period, but it did not change other coefficients.
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To control for the claim history, we must limit the sample to the contracts that were active
already in 2004. Therefore, in the second regression we do not include these covariates and
we estimate the logit model based on the data on all contracts active in 2007 (specification
2). In the third column, we present the results of a model without claim history variables,
but based only on firms active in 2004.
The main difference in the model without claim history is that the choice of assistance
program seems to depend on the length of the waiting period. The longer the waiting
period, the lower the probability of participation. This suggests that the claim history
was correlated with the type of a deductible, which can possibly be due to the asymmetric
information in the contracts.
Moreover, only if we include data on firms that were not active in 2004, we get the result
that firms with coverage 125% and contracts based on waiting period or 70% and contracts based on cumulative deductibles were on average less likely to choose the assistance
program than firms with the same type of deductibles but coverage 100%. This suggests
that firms that started to be insured after 2004 and chose the highest coverage and waiting period or the coverage 70% and cumulative deductibles were less likely to choose the
additional assistance in 2007 than firms with 100% coverage.
To sum up, our analysis suggests that firms with smaller deductibles and higher coverage
levels and with salaries around the sample average, were on average more likely to choose
sickness assistance program. Controlling for other factors, we do not find a significant
effect of firm size on the probability of self-selection into sickness assistance program.
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Table 3.7: Fraction of firms choosing assistance in 2007

Coverage in the 1st year
70%

85%

100%

125%

Total

2 weeks

60.9%

53.2%

68.2%

32.3%

63.8%

6 weeks

53.2%

56.0%

63.7%

42.0%

59.9%

13 weeks

45.7%

51.8%

59.8%

44.0%

54.4%

no wp

23.4%

54.5%

39.5%

37.9%

36.3%

Total

56.3%

53.9%

65.4%

34.5%

61.2%

Waiting Period

Figure 3.5: Distribution of firm size and average salary in a firm by the choice of assistance
in 2007
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Table 3.8: Fraction and number of firms choosing assistance in 2007 per industry sector

industry sector

with assistance
%
No.

Agriculture, forestry and fishing
Mining and quarrying
Manufacturing
Electricity, gas, steam and air conditioning supply
Water supply; sewerage, waste management and remediation activities
Construction
Wholesale and retail trade; repair of motor vehicles and motorcycles
Transportation and storage
Accommodation and food service activities
Information and communication
Financial institutions
Renting, buying and selling of real estate
Consultancy, research and other specialised business services
Renting and leasing of tangible goods and other business support services
Public administration, public services and compulsory social security
Education
Human health and social work activities
Culture, sports and recreation
Other service activities
Unknown

75.4%
25.0%
40.2%
100.0%
43.6%
41.6%
69.2%
54.0%
57.5%
69.1%
59.6%
59.5%
62.2%
66.7%
85.7%
53.1%
63.3%
53.0%
74.3%
62.9%

138
1
1002
2
17
1011
5822
300
908
125
90
103
754
640
36
69
682
286
1742
1817

61.2%

15545

Total
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Table 3.9: Choice of additional assistance in 2007 (logit models)
(1)
including 3 year history
coef
t

(2)
without claim history
coef
t

firm size (base 3-4 workers)
< 3 workers
5-9 workers
10-19 workers
≥ 20 workers

−0.079
−0.012
0.069
−0.017

−1.039
−0.139
0.644
−0.113

−0.014
0.006
0.124
0.094

−0.228
0.093
1.409
0.768

−0.101
0.003
0.136
0.102

waiting period (base 2 weeks)
6 weeks
13 weeks
no wp

−0.088
0.072
−1.000∗∗∗

−1.071
0.503
−3.029

−0.188∗∗∗
−0.316∗∗∗
−0.714∗∗∗

−3.478
−3.814
−3.748

−0.131∗∗ −1.969
−0.138
−1.209
−0.901∗∗∗ −4.165

contracts with wp: coverage (base 100%)
coverage 70%
coverage 85%
coverage 125%

−0.201∗∗∗
−0.282∗∗
−0.128

−3.033
−2.543
−0.823

−0.404∗∗∗
−0.586∗∗∗
−0.600∗∗∗

−7.407
−6.031
−4.272

−0.209∗∗∗ −3.163
−0.272∗∗ −2.462
−0.118
−0.766

contracts without wp: coverage (base 100%)
coverage 70%
−0.450

−1.036

−1.048∗∗∗

−3.060

−0.527

absenteeism history (last 3 years)
nr of abs per worker x wp=2 weeks
nr of abs per worker x wp=6 weeks
nr of abs per worker x wp=13 weeks
nr of abs per worker x no wp
duration of abs per worker x wp=2 weeks
duration of abs per worker x wp=6 weeks
duration of abs per worker x wp=13 weeks
duration of abs per worker x no wp

0.525∗∗∗
0.687∗∗∗
0.250
−0.269
0.002
−0.002
−0.008
0.040∗

4.088
3.450
0.857
−0.760
1.187
−0.615
−1.454
1.931

avg salary
avg salary2
constant

−0.041∗∗∗
0.001∗∗∗
2.501∗∗∗

−4.270
2.803
21.327

−0.020∗∗∗
0.000∗∗
2.627∗∗∗

−2.608
2.394
27.294

−0.035∗∗∗ −3.765
0.001∗∗
2.505
2.578∗∗∗ 22.443

N
loglik

10124
-4093.0

17674
-6361.6

(3)
active in 2004
coef
t
−1.338
0.039
1.279
0.683

−1.228

10137
-4125.0

Notes: Estimates of the logit models based on the observation from assistance choice 2007, corrected for
industry sector, ∗ p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01. Specification (1) includes controls for claim history in
the years 2004-2006, which are not included in Specification (2) and (3). Specification (1) and (3) include
only firms that were active in 2004.
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Empirical evidence for moral hazard

We verify the common trend assumption by estimating regression (3.10). The results of
the estimation (only trend estimates µ̃Y,c ) are presented in Table 3.10. Among firms with
all possible types of deductibles (regression (1)), trends are significantly different between
firms that did or did not choose additional assistance in 2007. However, by looking at the
results of separate regressions estimated for firms with different types and lengths of the
deductible (regressions (2) - (5)), we can conclude that there were no significant differences
in trends among firms with waiting periods two or six weeks and among firms without
waiting periods. Therefore, in these groups of firms we can use DiD estimate to measure
the effects of the additional assistance on recovery rates of employees.
Table 3.11 presents the estimation results of the proportional hazard model in equation
(3.9), estimated on subsamples of firms with waiting periods two or six weeks ((1) and
(2)) or with cumulative deductibles (column (3)). Among firms with waiting period of two

Table 3.10: Deviations from the trend of firms that chose additional assistance in 2007, in
the hazard regression on sickness spells that started before 2007

(1)
all contracts

(2)
wp 2 weeks

(3)
wp 6 weeks

(4)
wp 13 weeks

(5)
no wp

cov=70%
2004
2005
2006

−0.128∗∗∗
−0.161∗∗∗
−0.154∗∗∗

−0.030
−0.076
−0.004

−0.061
−0.072
−0.127

−0.407∗
−0.382∗
−0.394∗

−0.121
−0.128
−0.042

cov=85%
2004
2005
2006

−0.114∗∗
−0.088∗
−0.039

0.036
−0.005
0.061

−0.012
0.018
0.006

−0.555∗∗
−0.377
−0.214

−0.220
−0.034
0.076

cov=100%
2004
2005
2006

−0.109∗∗∗
−0.081∗∗
−0.058

−0.060
−0.003
0.015

0.061
0.034
0.056

−0.370∗
−0.336
−0.260

−0.071
−0.040
−0.012

cov=125%
2004
2005
2006

−0.128∗∗
−0.075
−0.005

0.015
0.062
0.131

0.073
0.000
0.176

−0.623∗∗
0.000
−0.382

−0.237
−0.131
−0.046

200160

74020

53182

20451

N

52507

Notes: Estimation results of stratified Cox proportional hazard regressions, corrected for assistance choice
in 2007, type of contract (type of deductible and size of coverage), trend (separate for each level of coverage),
average salaries in a firm, industry sector. ∗ p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Table 3.11: Effect of monitoring on sickness duration: estimation results of Cox proportional hazard models, including only spells that started before 2010

(1)
2 weeks
coef

t

(2)
wp 6 weeks
coef

(3)
no wp
t

coef

t

0.047∗∗∗
−0.053
0.007
−0.010

2.969
−1.327
0.402
−0.202

0.017
−0.046
0.030
0.332∗∗∗

1.061
−0.939
1.526
3.950

0.025
−0.199∗
−0.022
0.179∗∗∗

1.133
−1.819
−0.988
2.746

coverage contracts with wp (base 100%)
70%
0.040∗∗
85%
0.021
125%
−0.018

1.978
0.470
−0.337

0.053∗∗
0.116∗∗
−0.280∗∗∗

2.486
2.037
−2.909

−0.009
0.342∗∗∗
−0.075

−0.431
2.707
−1.166

number of workers (base 3-4)
<3
−0.053∗∗∗
5-9
0.101∗∗∗
10-19
0.196∗∗∗
≥ 20
0.388∗∗∗

−4.576
11.115
21.589
41.120

−0.068∗∗∗
0.097∗∗∗
0.215∗∗∗
0.361∗∗∗

−3.009
6.018
14.244
24.704

−0.190
−0.065
0.037

−1.157
−0.398
0.231

0.015∗∗∗
−0.000∗∗∗

13.318
−4.483

0.008∗∗∗
0.000∗∗∗

5.974
3.623

0.021∗∗∗
−0.000∗∗∗

12.504
−8.521

assistance
assistance x cov=85%
assistance x cov=100%
assistance x cov=125%

avg salary
avg salary2
N
loglik

148723
-1524750.6

106855
-1058996.0

108846
-1089240.9

Notes: Estimation results of stratified Cox proportional hazard regressions, corrected for trend (separate
for each level of coverage), average salaries in a firm, industry sector. ∗ p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

weeks, the sickness assistance program increased recovery rates in firms with 70% coverage,
and there was no significant difference in the size of the effect among firms with other levels
of coverage. The effect of monitoring (measured by β +β100 ) is significant also in firms with
100% coverage and the size of the effect was higher than among firms with 70% coverage,
however, the difference is not statistically significant. Among firms with coverage level 85
or 125%, the assistance program did not have a significant effect on recovery rates. These
results suggest no evidence for moral hazard among firms with waiting period of two weeks.
Among companies with waiting periods of six weeks or without waiting periods, the assistance program led to significantly higher recovery rates in firms with the highest level
of coverage of 125%, compared with other levels of coverage. At 5% significance level, a
significant increase in recovery rates could also be observed among firms with coverage
level 100% and waiting period of six weeks. However, this effect was significantly lower
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than among firms with the same deductible but higher coverage and it was not statistically different than the effect on firms with 70% coverage. Among firms with insurance
contracts based on cumulative deductibles, the assistance program had a significant effect
on recovery rates only among firms with the highest coverage level.
The estimation results suggest that among firms with waiting periods six weeks or without
waiting periods, the program increased recovery rates only among firms with the highest
level of coverage, which had the lowest incentives to monitor their sick employees, while
it did not affect firms with lower coverage. This suggests that there is moral hazard in
the groups of firms with insurance contracts with high coverage levels and waiting periods
of six weeks or without waiting periods, which was reduced by the introduction of the
assistance program.
Note that, according to Table 3.11, firms with lower coverage (70, and also 85% among
firms with waiting periods six weeks) were characterized by on average higher recovery rates
than those with 100% of coverage, in the group of firms with waiting periods of two or six
weeks. The recovery rates among contracts with the highest level of coverage - 125%, among
firms with waiting periods of six weeks, were significantly lower than among contracts with
higher coverage. This is consistent with our previous results - on the differences in recovery
rates before 2007 between employees of firms with different types of insurance contracts,
and it is a clear sign of asymmetric information. However, as we mentioned before, we
cannot distinguish here between moral hazard and adverse selection, since the difference
can be due to self-selection into contracts with high coverage or due to lower incentives in
contracts with higher coverage. Among firms with no waiting periods we only find that
firms with coverage of 85% were characterized by higher recovery rates. However, note
that there were very few firms that chose a contract without a waiting period and with
coverage of 85%.
Finally, note that the recovery rates are much higher in larger firms, even if we control for
the type of contract.
To further investigate moral hazard, we analyze if the assistance program influenced recovery rates of sickness spells of different lengths. We allow the effects of the assistance
program to vary over time of the sickness and we estimate a time varying version of the
stratified Cox proportional hazards model. In this model we interact the dummy for being
employed in a company with an insurance contract including an assistance program, with
the moment of the sickness absence: week 1-2, week 3-6, week 7-10 and after week 10.
We estimate general effects and additional effects for firms with coverage level 85, 100 or
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Figure 3.6: Estimates of time varying effects of monitoring with 95% confidence intervals
Notes: estimates of the time-varying effects of monitoring on recovery rates from stratified Cox proportional
hazard regressions. The estimates are grouped by the level of coverage, but each symbol represents an
estimate from a separate regression, including the effects on all coverage levels.

125%, compared with the effect in firms with coverage level 70%. As before, we correct for
the level of coverage, time, average salary, firm size and industry sector, and we stratify
the sample by the decision to switch or not to the product offering additional assistance.
We estimate separate regressions for the groups of firms for which the common trend assumption was satisfied: with waiting periods of 2 or 6 weeks, or without waiting periods.
Figure 3.6 shows estimates (with 95% confidence intervals) of the interaction coefficients
for each level of deductible coming from each of the three regressions, grouped by the level
of coverage. We only report the estimates of the interaction dummies describing effects
of the assistance program on the hazard rate at different moments of the sickness and for
different levels of coverage.
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Among firms with 70% coverage, the only effects of the assistance program were increased
recovery rates during the first two weeks of a sickness, while the recovery rates of longer
sickness spells did not change significantly. The reason for higher recovery rates of short
sickness spells in firms subscribed to the assistance program could be the fact that the new
assistance policy forced firms to report absences immediately after the start, which made it
more difficult to underreport short absences. We suspect that the underreporting of short
absences was potentially the case especially among firms with contracts based on waiting
periods (due to financial incentives created by experience rating and the nature of waiting
periods). Note that we do not find such a significant effect on short term recovery rates
in the group of contracts without a waiting period (except for the group with the highest
coverage), for which the incentives to underreport short absences were much lower. We
suspect that the short term effects are likely due to the change in reporting (more short
term absences being reported) than the change in actual recovery rates in the first two
weeks.
However, compared with the effect on recovery rates in firms with 70% coverage, the
assistance program additionally increased recovery rates between the 7th and 10th week
of sickness spell in firms with waiting periods two weeks and coverage of 100% as well
as recovery rates in firms with waiting periods six weeks and coverage of 125% of spells
shorter than seven or longer than ten weeks. These results suggest that in the absence of
the assistance program, this group was characterized by moral hazard. Moreover, we find
some significant additional effects on firms with waiting periods of six weeks and coverage
of 85%. However, the long term positive effects are reduced by the initial negative effects
on recovery rates. so this result is in general not conclusive. Finally, among the group of
firms with waiting periods of six weeks we also find an effect on recovery rates after week
ten among firms with 100% coverage that is close to statistical significance.
Among firms without waiting periods, the only significant effect we find is the short term
effect on the recovery rates in firms with the highest possible coverage. For those firms the
incentives to underreport short sickness spells are much lower. However, it could still be
that the effect was caused by the change in the reporting behaviour. Note however that
this effect is significant only among firms with the highest possible level of coverage, which
could be consistent with the presence moral hazard.
To sum up, we find evidence for the presence of moral hazard among firms with waiting
periods of six weeks and 125% coverage or waiting periods of two weeks and 100% coverage.
Among firms with lower coverage levels, in particular the 70% coverage, we do not find any
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effects of the assistance program on recovery rates other than the effect on spells shorter
that two weeks, which we think is a consequence of a change in the reporting behaviour.
Among firms without waiting periods, we do not find significant effects of the assistance
program on long term sickness spells. However, a positive effect on recovery rates during
the first two weeks of a sickness only among firms with the highest level of coverage suggests
some moral hazard in this group of firms.
Effects on small, medium and large firms
In order to further investigate the presence of moral hazard in sickness insurance contracts,
we analyze the effects of the sickness assistance program on the recovery rates in firms
of different sizes. We look at the effects separately in firms with less than five workers
(’small’), five to nine workers (’medium’) and ten or more workers (’large’). As before, we
estimate the effects separately for firms with different deductibles, and within each group
we compare the effects by coverage level.
First, we verify the common trends assumption by estimating regressions (3.10) in each
group of firms. The estimated coefficients of the deviations from the trend before 2007
of recovery rates in firms that chose monitoring in 2007 are presented in Table A.5 in
the Appendix. According to the results, the common trends assumption is satisfied for:
small firms with waiting periods two or thirteen weeks (small sample), medium firms with
waiting period six weeks or without waiting period (also a very small sample), and large
firms with waiting periods two or six weeks or without waiting period.
Table 3.12 presents the effects of the assistance program on recovery rates estimated in
groups of firms with sufficient sample size for which the common trends assumption is
satisfied. We only present the coefficients of the interactions of the assistance status with
the level of coverage.
The estimation results for large firms with a waiting period of six weeks or without a
waiting period are very similar to the estimates calculated for a sample of firms of any size.
This result is not surprising, since sickness spells observed in large firms represent 99%
of spells in all firms with cumulative deductibles and 78% of spells in firms with waiting
period of 6 weeks.
Interestingly, the estimation results for large firms with a waiting period of two weeks are
also similar to the results obtained for firms of all sizes, even though spells observed in
large firms represent 53% of sample size of spells in firms with waiting period of two weeks.
According to the results, the assistance program increased recovery rates in all large firms
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Table 3.12: Effect of monitoring on sickness duration in small and large firms: estimation
results of Cox proportional hazard models, including only spells that started before 2010

coef

assistance
assistance x cov=85%
assistance x cov=100%
assistance x cov=125%
N
ll

assistance
assistance x cov=85%
assistance x cov=100%
assistance x cov=125%
N
ll

t

coef

t

coef

t

(1)
small firms ( < 5 workers)
2 weeks
0.084∗
1.891
0.054
0.566
0.018
0.377
−0.267∗∗ −2.469
30507
-266529.1
(2)
medium firms (5-9 workers)
6 weeks
0.046
0.899
0.209
1.459
0.046
0.824
0.128
0.735
14750
-117549.9
(3)

assistance
assistance x cov=85%
assistance x cov=100%
assistance x cov=125%
N
ll

(4)
(5)
large firms ( ≥10 workers)
2 weeks
6 weeks
no wp
0.051∗∗
2.572
0.013
0.720
0.025
1.111
−0.073
−1.306
−0.080
−1.408
−0.122
−0.982
−0.008
−0.340
0.018
0.789
−0.021
−0.963
0.001
0.018
0.360∗∗∗ 3.222
0.180∗∗∗ 2.743
78678
-755970.4

83660
-809427.4

107277
-1072005.9

Notes: Estimation results of stratified Cox proportional hazard regressions, corrected for the level of
coverage, firm size, trend (separate for each level of coverage), average salaries in a firm, industry sector.
∗

p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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with waiting period of two weeks, independently of coverage. Among small firms with
waiting period of two weeks, we find that the program increased recovery rates in all firms
except for those with the highest level of coverage. Both these results are not consistent
with the predictions of moral hazard.
Finally, we do not find any effects of the assistance program among medium firms with a
waiting period of 6 weeks.
Next, we analyze whether the assistance program had an effect on long or short sickness
spells by estimating time varying versions of the stratified Cox proportional hazard model.
The results of the estimation are presented graphically in Figure 3.7.
First, similarly to the estimates calculated for firms of any size, the effect of the assistance
program among large firms without a waiting period with the highest coverage significantly
increased recovery rates only during the first two weeks of a sickness. On the other hand,
among firms with a waiting period of six weeks and the highest coverage, the assistance
program resulted in higher recovery rates of sickness spells shorter than two or longer than
ten weeks.
Moreover, among large firms with waiting periods of 2 weeks, the program increased only
short-term recovery rates among firms with low coverage level (70%), while among firms
with coverage 125% it did increase recovery rates among people sick for longer than six
weeks. Moreover, it increased recovery rates between 7th and 10th week of a sickness in
firms with coverage of 100%. Note that for small firms with waiting periods of two weeks
we find significant negative differential effects of monitoring: among firms with coverage
100 or 125%. Hence, we do find evidence for moral hazard among firms with the waiting
period of two weeks, but only among large firms.
To sum up, we find larger effects of the assistance program on increased recovery rates of
long term sickness spells in large firms with waiting periods of two weeks with coverage 100
or 125% and waiting periods of six weeks and coverage of 125%, relative to firms with 70%
coverage. We interpret this result as evidence for the presence of moral hazard in these
groups of firms. Moreover, we also find a differential effect on short term sickness spells of
large firms without waiting periods and coverage of 125%, which can also be a sign of moral
hazard in this group. Hence, the results point in the same direction as the results in Table
3.11: the assistance program had the highest effect on recovery rates among firms with the
highest coverage, which had lowest incentives to monitor their sick workers, which is an
evidence for the presence of moral hazard. However, the results show that the assistance
program had an effect mostly on large firms.
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Figure 3.7: Estimates of time varying effects of monitoring with 95% confidence intervals,
per firm size and length of waiting period
Notes: estimates of the time-varying effects of monitoring on recovery rates from stratified Cox proportional
hazard regressions. The estimates are grouped by the level of coverage, but each symbol represents an
estimate from a separate regression, including the effects on all coverage levels.

Robustness of the results
The results on the effects of the sickness assistance program on the duration of sickness
spells are robust to the following modifications: including yearly and monthly trends in the
regressions, using sector indicators to stratify the sample (instead of dummy variables),
correcting for specific detailed sectors in the data, correcting for the size of deductibles in
contracts without waiting periods, correcting for firms size using second order polynomial
and using more or fewer intervals in the time-varying versions of the Cox regressions. The
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long-term effects remain the same also when we truncate the sample at the length of the
waiting period. So we only use the long term sickness spells that were most likely to be
reported even if a firm was strategically underreporting (short) spells14 .

3.5.5

Policy implications

To quantify the size of the estimated effects, we use the coefficients of the Cox proportional
hazard regressions to calculate the expected durations of sickness spells among firms that
chose additional assistance, under the regime with or without assistance. Table 3.13 shows
the estimated expected durations of sickness spells in 2008 in a firm that chose assistance
program, calculated for a worker with a yearly salary of 20, 000 euro (close to the average
in the data), employed in a firm with 3-5 workers, operating in a retail sector. For these
characteristics, we calculate the expected duration when assistance is present ET with ass.,
or the expected duration without assistance (counterfactual) ET. Except for unconditional
expected durations of sickness spells, we also calculate the expected duration of spells that
lasted at least six weeks or at least 10 weeks (we report only the expected duration without
assistance): ET 42 and ET 70. Finally, we calculate the change in the expected duration of
sickness spells caused by the assistance program ∆ET (the significance stars represent the
statistical significance of the effects on recovery rates, represented by β + βc coefficients
estimated in Table 3.11).
Table 3.13 shows that, for instance among firms with waiting period of six weeks, the
average duration of sickness without the assistance program equaled 62 days among firms
with 70% coverage, up to 68 or even 90 days among firms with 100% or 125% coverage.
The assistance program caused a reduction in the expected duration of sickness by only two
days among firms with coverage 70% (statistically not significant), and by six and even 46
days among firms with 100 or 125% coverage. As a result, under the regime with sickness
assistance, the estimated expected duration in firms with 70 and 100% coverage differed
only by 2 days, and among firms with 125% coverage the expected duration of sickness was
even shorter than in firms with lower coverage. We find similar results for the expected
duration of spells longer than six or ten weeks: the assistance program reduced the duration
of spells longer than six or ten weeks by 3.5 days among firms with 70% coverage and by
almost ten days among firms with 100% coverage. As a result, the expected duration of
those spells among firms with 100% coverage was longer by only 3.5 days than in firms
14

Unfortunately, we cannot say anything about the effects of monitoring on the incidence of sickness

spells because of underreporting
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with 70% coverage. The reduction in the expected duration of long sickness spells among
firms with 125% coverage by 70 days (of spells longer than either 6 or 10 weeks) was
higher than the estimated difference between the expected duration of spells in firms with
70% coverage. The time varying version of the model confirms the results: close to zero
reduction among firms with 70% coverage, a reduction among firms with 100% coverage
bringing the expected duration of spells close to the level in firms with 70% coverage, and
even higher reduction among firms with 125% coverage.
The assistance program led to the reduction in median duration of spells among firms with
100 or 125% coverage and waiting period six weeks: by 1 or by 6 days. The median duration
of spells in a firm with 100% coverage was brought down by the assistance program to the
level in a firm with 70% coverage.
Table 3.14 shows that in general the expected duration of sickness spells was much lower
in large firms. According to the time-varying version of the model, the program reduced
duration of sickness spells also among large firms with waiting period of two weeks and
125% coverage (this effect was not significant in the regression for all firms). This effect
compensates the initial difference in the average duration of sickness between firms with
70 and 125% coverage. Moreover, there was a large effect on the duration of long term
spells in this group of firms, not only among firms with 125% coverage, but also with 100%
coverage.
The estimates in Tables 3.13 and 3.14 confirm much higher reductions in the expected
duration of sickness spells in firms with coverage 125% than with 70%. Among large firms
with waiting periods two or six weeks, or without waiting periods, or with 100% coverage
and waiting periods two weeks. The size of the effects is quite high, which is likely to be
the consequence of the restrictive Cox proportional hazards model. However, the results do
confirm that there is moral hazard among large firms with higher coverage levels. Without
the assistance program, employees of those firms stay sick longer than employees of firms
with 70% coverage, and the duration of sickness spells in firms with high coverage levels
can be reduced by additional monitoring.

3.6

Conclusions

We find that sickness insurance creates moral hazard for employers and results in insufficient monitoring of sick workers by their employers. We show that the sickness assistance
program, introduced by the insurance company, successfully increased recovery rates of
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Table 3.13: Effect of monitoring on the expected duration of sickness spells in firms with
different deductibles and levels of coverage: expected values estimated from Cox proportional hazard models

coverage:
ET without ass.
ET with ass.
∆ ET
ET42 without ass.
ET42
∆ ET42
ET70 without ass.
ET70
∆ ET70
median without ass.
median
∆ median

70

(1)
2 weeks
85
100

125

55.8
50.7
-5.2∗∗∗
158.1
149.5
-8.6
184.8
175.9
-8.9
10
9
-1

60.1
60.9
0.8
165.0
166.3
1.3
191.9
193.2
1.3
10
10
0

58.6
52.4
-6.2∗∗∗
162.6
152.5
-10.1
189.5
179.0
-10.5
10
9
-1

66.4
61.7
-4.7
174.7
167.5
-7.2
201.9
194.5
-7.4
11
11
0

56.9
52.6
-4.3
156.4
153.6
-2.8
182.1
181.9
-0.2
10
9
-1

65.0
60.4
-4.7
169.0
158.3
-10.7
195.0
184.2
-10.8
12
11
-1

time-varying version of the Cox
ETn without ass.
53.9
52.2
ET with ass.
∆ ET
-1.8
ET42 without ass.
151.5
159.2
ET42
∆ ET42
7.7
ET70 without ass.
177.1
183.1
ET70
∆ ET70
6.0
median without ass.
10
median
8
∆ median
-2

model
59.1
54.2
-4.9
159.8
142.9
-16.9
185.6
165.8
-19.8
11
11
0

70

(2)
wp 6 weeks
85
100

(3)
no wp
100

125

70

85

61.9
59.7
-2.2
185.0
181.5
-3.5
207.5
204.0
-3.5
8
8
0

65.1
69.0
3.9
190.1
195.9
5.9
212.6
218.5
5.9
9
9
0

68.2
61.8
-6.3∗∗∗
194.7
185.0
-9.7
217.2
207.5
-9.7
9
8
-1

90.3
44.4
-45.9∗∗∗
225.7
155.5
-70.2
247.9
177.4
-70.5
12
6
-6

21.7
20.0
-1.7
125.2
120.4
-4.8
147.1
141.9
-5.2
5
5
0

13.2
21.3
8.1∗
97.5
124.1
26.6
116.8
145.9
29.0
4
5
1

20.8
20.5
-0.4
122.9
121.8
-1.1
144.5
143.4
-1.2
5
5
0

20.6
11.9
-8.7∗∗∗
122.2
92.7
-29.5
143.8
111.5
-32.3
5
4
-1

61.9
61.5
-0.4
185.0
188.9
3.9
209.7
211.1
1.5
8
8
0

65.3
57.0
-8.3
190.4
143.0
-47.4
215.1
166.3
-48.8
9
11
2

66.3
61.8
-4.5
191.9
182.6
-9.3
216.6
201.8
-14.9
9
8
-1

74.7
41.0
-33.8
204.3
149.1
-55.2
229.0
162.5
-66.5
10
6
-4

20.7
19.7
-1.0
120.4
116.4
-3.9
140.6
137.5
-3.0
5
5
0

11.7
15.9
4.1
90.1
70.0
-20.1
107.4
67.9
-39.5
4
5
1

20.0
20.7
0.7
118.2
123.5
5.3
138.3
145.7
7.5
5
5
0

20.5
14.9
-5.7
119.7
115.6
-4.2
139.9
143.9
4.0
5
4
-1

Notes: Expected and median duration of sickness spells in firms that switched to assistance program in
2007, with or without (as counterfactual) monitoring, calculated for a worker with yearly salary 20000
euro, employed in a firm operating in retail sector, with 3-5 workers in 2008. Calculations based on the
estimation results of Cox stratified proportional hazard models, with or without time varying effects. The
significance stars next to ∆ET are shown only for regressions without fixed effects, and they represent
significance of the coefficients ’assistance x cov’ in regressions similar to presented Table 3.11, but including
’assistance x 70%’ instead of ’assistance’ variable.
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Table 3.14: Effect of monitoring on the expected duration of sickness spells in small,
medium and large firms, by deductible and coverage: expected values estimated from Cox
proportional hazard models

coverage:

70

(1)
small firms, wp 2 weeks
85
100
125

ET without ass.
ET with ass.
∆ ET
ET42 without ass.
∆ ET42
ET70 without ass.
∆ ET70

68.4
58.0
-10.4∗
166.0
-15.8
192.5
-16.3

72.6
55.5
-17.1
172.2
-25.9
198.8
-26.8

time-varying version
ETn without ass.
ET with ass.
∆ ET
ET42 without ass.
∆ ET42
ET70 without ass.
∆ ET70

of the Cox model
64.9
77.0
54.8
54.7
-10.0
-22.4
156.4
173.8
-19.2
-45.3
179.0
196.9
-19.9
-57.1

57.0
46.2
-10.7∗∗∗
148.6
-17.8
174.4
-18.8

46.2
66.6
20.3∗
130.7
32.6
155.6
34.2

42.0
38.0
-4.0
136.6
-7.3
153.4
-7.7

72.8
43.3
-29.4∗
185.1
-46.1
203.0
-47.1

51.5
42.4
-9.1∗∗
152.9
-15.6
170.3
-16.1

92.4
67.0
-25.4
211.5
-34.6
229.3
-34.5

55.2
47.4
-7.7
141.4
-3.5
163.4
5.1

47.8
68.5
20.7
129.4
47.3
150.7
30.0

41.2
41.3
0.1
132.2
12.6
152.1
5.1

57.6
36.2
-21.4
159.6
-56.9
180.6
-58.9

51.4
44.9
-6.6
149.8
-7.8
170.5
-13.6

97.5
74.2
-23.3
215.1
-2.5
236.2
-19.4

125

70

large firms
(4)
wp 6 weeks
85
100

125

70

85

28.9
26.2
-2.8∗∗
116.7
-6.4
140.9
-6.9

29.0
25.7
-3.4
116.9
-7.8
141.2
-8.5

29.7
28.8
-0.9
133.4
-2.1
155.4
-2.3

29.7
34.9
5.2
133.4
11.4
155.4
12.0

32.1
29.8
-2.3
138.8
-5.2
161.1
-5.5

40.6
16.3
-24.4∗∗∗
156.5
-58.7
179.6
-62.6

19.5
18.0
-1.5
119.0
-4.6
140.4
-5.0

13.6
17.8
4.3
99.1
14.6
118.7
16.0

27.8
25.8
-2.0
112.4
-5.2
136.5
-5.2

27.5
21.4
-6.1
111.7
-45.4
135.7
-50.2

29.9
29.0
-0.9
135.6
-4.0
158.5
-4.9

30.4
29.5
-0.9
136.8
-35.2
159.7
-31.8

31.2
29.7
-1.5
138.6
-7.8
161.7
-11.7

30.2
14.4
-15.8
136.4
-54.4
159.3
-66.3

18.7
17.8
-0.9
114.3
-3.4
133.8
-2.4

70

(3)
wp 2 weeks
85
100

ET without ass.
ET with ass.
∆ ET
ET42 without ass.
∆ ET42
ET70 without ass.
∆ ET70

25.1
22.3
-2.9∗∗
107.8
-7.1
131.3
-7.9

24.3
25.7
1.3
105.9
3.1
129.2
3.4

time-varying version
ET without ass.
ET with ass.
∆ ET
ET42 without ass.
∆ ET42
ET70 without ass.
∆ ET70

of the Cox model
24.4
23.9
23.2
22.6
-1.2
-1.4
104.3
103.2
8.4
-12.6
127.6
126.3
6.1
-21.6

coverage:

(2)
medium firms, wp 6 weeks
70
85
100
125

(5)
no wp
100

18.2
10.5
-7.7∗∗∗
114.8
-28.0
135.8
-30.9

18.0
18.6
0.6
112.1
5.2
131.3
7.9

18.0
13.1
-4.8
111.9
-1.1
131.1
13.6

Notes: Expected and median duration of sickness spells in firms that switched to assistance program in
2007, with or without (as counterfactual) monitoring, calculated for a worker with yearly salary 20000
euro, employed in a firm operating in retail sector, with 3-5 workers in 2008. Calculations based on the
estimation results of Cox stratified proportional hazard models, with or without time varying effects. The
significance stars next to ∆ET are shown only for regressions without fixed effects, and they represent
significance of the coefficients ’assistance x cov’ in regressions similar to presented Table 3.11, but including
’assistance x 70%’ instead of ’assistance’ variable.
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18.7
18.3
-0.4
116.4
-1.1
137.6
-1.2

short- and long-term sickness spells and reduced the duration of sickness spells among
firms insured with high coverage. Our results are consistent with the prediction that when
monitoring is costly, the benefits of it might exceed the costs among firms that are insured
against sickness absenteeism.
Note that most of the effects we find are on large firms, even though the expected sickness
duration in those firms was shorter already before the assistance program was introduced.
There are three possible explanations of this observation. First, monitoring in small firms
could be on average cheaper than in large firms - due to large firms having less insight into
the sickness spells of their employees. Second, the costs of absenteeism in large firms are
known to be lower due to complementarities (see Barmby and Stephen (2000)), so monitoring in such firms is less beneficial than in small firms. If any of these two explanations
is right, then there was much less room for improvement of monitoring among small than
among large firms. Finally, it is probable that small firms were more likely to underreport
short spells. As a result, the change in the reporting behaviour among those firms could
mask the change in sickness absenteeism.
To sum up, our results suggest that putting all financial responsibility for sickness absenteeism on the employers does not force them to monitor their workers, if firms can insure
against most of the sickness absenteeism costs.

Chapter 4
Risk, risk aversion, learning and
insurance contract choice*
4.1

Introduction

In this paper we analyze choices of insurance contracts when an insuree and an insurer learn
symmetrically about the insuree’s unobserved level of risk. By using a simple setting with
CARA utility and static choice of insurance in each period, we show that even under the
assumption of symmetric learning, insurees can have incentives to change coverage. Hence,
we prove that changes of contracts observed in the data are not necessarily evidence for
asymmetric learning effects. Our empirical application is set in the context of car insurance.
The focus of the paper is to examine various reasons why agents change insurance contracts.
We show that in general there are two types of factors that can induce contract changes:
insurance pricing rules and errors in learning about the insuree’s risk level by the insurer.
We prove that, when the level of individual risk is unknown to both the insurer and the
insuree and if both parties learn about this level over time, it is possible that agents have no
incentives to change contracts. The conditions for the lack of these incentives are: pricing
insurance proportionally to the estimated expected accident arrival rate of the agent and
symmetric learning with the insurer and the insuree using the same estimate of the agent’s
accident risk. If either of these conditions is not satisfied, learning about the own level of
risk will create incentives for agents to change contracts over time.
The modelling approach we present accounts for adverse selection, heterogeneity in risk
*

This chapter was inspired by and written under the co-supervision of prof. Jaap Abbring. I am very

grateful for prof. Abbring’s contribution.
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and risk preferences and learning about one’s accident risk level. We assume symmetric
learning, in the sense that both the insurance company and the insuree learn about the
agent’s level of risk on the basis of the same events (accidents). Hence, we abstract from ex
post moral hazard that could influence the agent’s decision to claim an accident and would
result in asymmetric learning, meaning that not all the events that are informative about
the agent’s level of risk would be observed by the insurer. The source of the asymmetric
information in our model is related not to the available information about the agent’s level
of risk but to the way the insuree and the insurer use this information to learn about the
insuree’s accident rate. In the paper we analyze two possible reasons why the learning
mechanism of the company can be imperfect: the facts that (i) the company can update
premia only in discrete moments in time, while the agent can learn and change contracts
in continuous time, and (ii) the existing bonus malus systems do not distinguish between
young and more experienced drivers, which results in too strong rewards and punishments
for the young drivers and, as a consequence, leads to contract changes.
The modelling approach in this paper relies on the basic idea originating from the seminal work by Rothschild and Stiglitz (1976), which shows that, under adverse selection,
individuals with higher levels of risk will choose contracts with more comprehensive coverage. This result suggests that testing for adverse selection can be done by examining the
correlation between the choice of insurance coverage and an individual’s risk, proxied by
the number of his accidents (Chiappori and Salanie (2002)). Previous studies tested this
result empirically by investigating choices of a deductible level (Cohen and Einav (2008),
Dionne et al. (2004), Cohen (2005)). In the car insurance dataset we use, agents are not
fully flexible in choosing deductible levels. Therefore, in our analysis we decide to focus on
the choice between the basic liability and the all risk insurance (CASCO).
Many articles investigating adverse selection in insurance neglect the possibility that drivers
may be uncertain about their own accident risk level. However, there are a few studies
suggesting that learning effects can be significant especially for young drivers and that
these effects should be taken into account when testing for adverse selection. Cohen (2005)
applies the test for correlation between the number of accidents and the coverage chosen,
proposed by Chiappori and Salanie (2000), to the pool of new customers, separately for
experienced and young drivers. Cohen finds that the correlation between the accidents
and coverage is significant and positive only in the group of experienced drivers. She
concludes that this correlation is a consequence of underreporting information on driving
experience by more experienced drivers. Hiding information about past accidents results in
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asymmetric learning. Dionne et al. (2004) try to account for learning effects by analyzing
causality between the number of accidents and choices of deductible levels in subsequent
periods. By using this approach, they find evidence for learning effects for drivers with less
than 5 years of driving experience. To sum up, both of these studies suggest that learning
about one’s risk type can be an important factor influencing the choice of an insurance
contract.
The theoretical studies of de Meza and Webb (2001) and Jullien et al. (2007) point out
that the choice of insurance coverage depends not only on one’s risk level but also on risk
preferences. Finkelstein et al. (2008) show empirically that more risk averse individuals
are also more likely to choose insurance contracts with more coverage. Cohen and Einav
(2008) find that the degree of the unobserved heterogeneity of agents is higher in terms of
risk preferences than in terms of an accident risk. These results suggest that if one tests
for adverse selection, it is necessary to correct for the heterogeneity of risk preferences.
In our analysis we abstract from moral hazard. The ex ante moral hazard effects (effects
of contract features on driving behaviour) are analyzed in Abbring et al. (2003). The ex
post effects (effects of contract features on claiming decisions) are investigated in Abbring
et al. (2008).
We test the theoretical predictions of nonproportional pricing and imperfect learning on
a dataset on car insurance contracts from a large Dutch insurer. The estimation results
indicate that, although there are not many changes of coverage observed in the data, the
null hypothesis of the baseline model predicting no incentives to change contracts must
be rejected. Moreover, we find that contract changes can result both from nonproportional pricing and from imperfect learning by the insurer, so they do not necessarily reflect
asymmetric learning.
The paper is organized as follows. First, we discuss the theoretical model of the agent’s
choice of insurance under proportional or nonproportional pricing rules and under a CARA
utility function. In particular, we present a version of the model in which the agent has
no incentives to change a contract. Second, we analyze possible reasons for changes of
coverage over time, other than asymmetric learning. Next, we use our data to examine
the importance of each of the possible reason. Finally, we discuss possible caveats of our
modelling approach.
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4.2

Model

We model a contract choice decision of an individual, who is characterized by:
• a risk parameter θ, describing the arrival rate of accidents
• CARA utility function, with a risk aversion parameter γ, which is the agent’s private
information.
The agent experiences accidents in continuous time, occurring as a Poisson process with
the arrival rate θ. As a result of an accident, the agent experiences two types of losses: L0
- loss covered by the obligatory insurance and L - loss covered by the additional insurance
(e.g. CASCO). We assume that the sizes of losses are realizations of the two types of
random variables, iid across accidents and independent of θ. At each moment in time the
agent can decide on the insurance contract: either the basic insurance contract that covers
only losses L0 or the contract with the additional insurance that will cover both L0 and L
losses.
We assume that losses L0 are covered without deductibles in both the obligatory and the
additional insurance contracts. Then, because a loss L0 is always fully covered by any type
of contract the agent has chosen, it will have no effect on his wealth. Therefore, without
loss of generality we can omit L0 in the analysis.
The additional insurance contract includes a deductible D on losses L, which means that
in case of an accident with loss L the insuree has to pay min(L, D). We abstract from ex
post moral hazard, so we assume that even if the loss is lower than D, the accident will be
claimed. This is a strong assumption, however, note that most of the accidents include a
third party, so are more difficult to hide.
The true θ is unknown to both the agent and the company. However, we assume symmetric
information in the sense that both the insuree and the insurer use the same prior for θ and
learn about it based on the fully observed accident history of the agent. We assume that
learning is based on Bayesian updating of information on θ.
The premium is paid continuously and equals q0 (t)dt for the basic contract and q1 (t)dt =
(q0 (t) + q(t))dt for the more comprehensive coverage for the period from t to t + dt, with
q(t) > 0 for each t.
At time t the agent earns (flow) income wt . We assume that there is no possibility of
saving, so, after paying for the insurance premium and covering possible losses, the insuree
spends all the remaining part of his income on consumption, which brings him utility.
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At each moment in time the agent compares the expected utility of having the basic or
the additional insurance contract, conditional on his accident history. The instantaneous
expected utility from having the basic insurance contract, conditional on the information
learnt until time t, equals:

Et θdt [u(wt dt − q0 (t)dt − L)] + (1 − θdt ) u(wt dt − q0 (t)dt) =
= θ̄t dt E [u(wt dt − q0 (t)dt − L)] + (1 − θ̄t dt ) u(wt dt − q0 (t)dt)
and the expected utility from having the more comprehensive coverage equals:

Et θdt [u(wt dt − q1 (t)dt − min(L, D))] + (1 − θdt ) u(wt dt − q1 (t)dt) =
= θ̄t dt E [u(wt dt − q1 (t)dt − min(L, D))] + (1 − θ̄t dt ) u(wt dt − q1 (t)dt)
where by Et we denote expectation conditional on the accident history until time t and
by θ̄t = Et θ the expectation of the accident arrival rate θ. Note that because θ enters the
formula for an expected utility in a linear way and is independent from L, it is sufficient to
use only the expectation of θ to evaluate the expected utility conditional on the accident
history until time t. Moreover, for the existence of the expected utilities we need to
assume that the distribution of losses is such that E [u(wt dt − q1 (t)dt − min(L, D))] and
E [u(wt dt − q0 (t)dt − L)] exist.
If insurance contracts can be changed at any moment in time, then, at time t the agent
chooses to buy the contract with the additional insurance if and only if:
θ̄t dt E [u(wt dt − q1 (t)dt − min(L, D))] + (1 − θ̄t dt ) u(wt dt − q1 (t)dt) ≥

(4.1)

≥ θ̄t dt E [u(wt dt − q0 (t)dt − L)] + (1 − θ̄t dt ) u(wt dt − q0 (t)dt)
We consider the case when the utility function of the agent has a constant absolute risk
aversion (CARA) form:
1
u(c) = − e−γc
γ
with γ being the absolute risk aversion parameter, γ ∈ (0, +∞). This functional form
is convenient because it allows us to ignore the effects of income levels on the choice of
insurance contracts.
By plugging in the expression for u in (4.1) we show that the set of values of γ for which
an agent with an expected accident arrival rate θ̄t will buy the additional insurance is
implicitly given by:


eγq(t)dt − 1
≤ θ̄t EeγL − 1 − eγq(t)dt Eeγ min(L,D) − 1
dt
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If we let dt → 0, we obtain:
q(t)
EeγL − Eeγ min(L,D)
≤
γ
θ̄t

(4.2)

As shown in Appendix A.3.1, the right-hand side of the above formula is an increasing
function of γ. Hence, for a given set of premium q, the deductible D and the subjective
estimate of the accident rate θ̄t , there exists a threshold γ ∗ such that agents with risk
aversion above γ ∗ want to buy the contract with the more comprehensive insurance. Agents
with γ < γ ∗ prefer to buy only the basic insurance.
Condition (4.2) shows that, when making a decision on the insurance contract, the agent
takes into account his risk preferences (right-hand side), as well as the cost of the additional
insurance and his estimated own accident risk (left-hand side of (4.2)). Ceteris paribus,
the higher the price of the additional insurance or the lower the estimated risk level, the
higher the threshold for risk aversion is above which the agent will choose the additional
insurance.
Note that, depending on the way the insurance contracts are priced, γ ∗ can depend on θ̄t .
Below we prove that in the baseline case when the company uses the same estimate for θ̄t
as the agent and when the premium for the additional insurance is a linear function of θ̄,
the threshold γ ∗ and thus the choice of a contract will not depend on the estimate of the
accident rate, but only on the risk preferences summarized by γ.

4.2.1

Prices of insurance

We show that in the particular case where both the insuree and the insurer use the same
estimate for the expected accident rate and when pricing is linear in θ̄t , the choice of
contract does not depend on θ̄.
The pricing of the additional insurance is crucial for the analysis. The actuarially fair price
(the net premium) of the additional insurance for period (t, t + dt) equals the expected
compensation the company has to pay to the agent for a possible loss experienced within
this period. For insurance without deductibles this equals:
Net premium

= expected compensation paid to the agent after dt
= Ẽt (θdt L + (1 − θdt) · 0) = θ̃t dt EL

where Ẽt denotes the company’s expectation conditional on the agent’s accident history
until time t, and θ̃t is the company’s estimate of the insuree’s expected accident rate θ,
calculated at time t.
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For contracts with a deductible D we need to take into account that the company covers
losses only above D, hence:
Net premium

= expected compensation paid to the agent after dt
= Ẽt (θdt (L − D) 1(L ≥ D) + (1 − θdt) · 0)
= µL (D) θ̃t dt

where we define µL (D) :=

R +∞
D

(l − D) dF (l).

In practice insurance companies have to cover additional costs related to policies, therefore the premiums they charge are higher than the net premiums. A natural case arises
when the insurance is priced proportionally to the estimated risk, represented by the expected accident rate θ̃t . However, the gross premium can also include costs that are not
proportional to the estimates risk.
Denote the gross premium as:
q(t)dt = (1 + α) µL (D) θ̃t dt + At dt
where α represents the proportional loading that compensates for costs related to the risk
level of an insuree. For example, it can represent liquidation costs per claim. In such case
a proportional loading is consistent with the insurer charging the expected fixed costs of
handling each claim (that is, the expected fixed cost per claim times the expected number
of claims). Moreover, α can also represent a monopolistic markup charged by the insurance
company. In the analysis we assume that the loading α is constant over time.
At is an additive cost component, independent of θ̃t . It can represent fixed costs per policy,
e.g. administrative costs, that we allow to vary over time.
We assume that the company can correctly estimate µL (D) and that it learns about θ
using information about accidents claimed by an insuree during his whole driving history.
Proportional loading on net premium
As a baseline case we assume that both the company and the agent use the same estimate
for the expected accident rate, so θ̃t = θ̄t . Moreover, the gross premium equals the net
premium with an additional proportional loading α, so when the additive cost component
equals zero:
q(t)dt = (1 + α) µL (D) θ̃t dt
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Substitution of q1 − q0 in (4.2) using the formula for the gross premium yields the following
condition on the risk aversion parameters of agents who buy the additional insurance:
(1 + α)µL (D) ≤

EeγL − Eeγ min(L,D)
γ

(4.3)

Note that θ̄t drops out from (4.3), so the decision to buy the additional insurance does not
depend on the estimate of the individual risk.
The right-hand side of (4.3) is an increasing function of γ, if γ → 0+ it converges to
Z +∞
(l − D) dF (l) = µL (D) < (1 + α)µL (D)
D

If γ → +∞ it goes to infinity (see Appendix A.3.1 for the computational details). Hence,
there exists a cutoff point γ ∗ > 0 for which the right-hand side of (4.3) crosses (1+α)µL (D)
and afterwards obtains higher values. Therefore, only the highly risk averse agents with
γ > γ ∗ will buy the additional insurance. Those with γ < γ ∗ , who are not very risk averse,
will buy only the obligatory insurance.
Hence, in the baseline case with CARA utility, proportional pricing and the same estimate
of the expected value of the accident arrival rate used by the insuree and the insurer, the
decision to buy the extra insurance depends only on the risk preferences and not on the
risk level. Therefore, if risk preferences are constant over time, then the pool of customers
choosing the additional insurance should not change over time, even if agents learn about
their risk level.
Additive cost component
Now assume that the company uses the same estimate for the expectation of the accident
arrival rate as the agent, θ̃t = θ̄t , but the price of insurance includes an additive cost
component At :
q(t)dt = (1 + α) µL (D) θ̃t dt + At dt
Then, according to condition (4.2), the agent will buy the additional insurance at time t
if and only if:
EeγL − Eeγ min(L,D)
At
≤
(1 + α)µ (D) +
γ
θ̄t
L

(4.4)

Using the properties of the right-hand side of (4.4), mentioned already for the proportional
loading case, it is easy to see that there again exists a threshold γ̃t∗ > 0 for which
(1 + α)µL (D) +

At
EeγL − Eeγ min(L,D)
=
γ
θ̄t

(4.5)
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Only the agents with γ > γ̃t∗ will want to buy the additional insurance. Those with γ < γ̃t∗
will only buy the obligatory insurance. Hence, as in the baseline model, the choice of
a contract depends on risk preferences: highly risk averse agents will buy the additional
insurance, while less risk averse insurees will choose only the obligatory contracts. However,
in this case, for a given value of At , the threshold value for the risk aversion parameter
depends on the expected accident rate of the agent and on the value of the additive cost
component, so γ̃t∗ = γ(θ̄t , At ).
Additionally, note that if At > 0 then γ̃t∗ = γ(θ̄t , At ) > γ ∗ , where γ ∗ is the threshold from
the proportional loading case, because:
Eeγ

∗L

− Eeγ min(L,D)
At
= (1 + α)µL (D) < (1 + α)µL (D) +
∗
γ
θ̄t

for At > 0

Similarly, for At < 0, γ̃ ∗ = γ(θ̄t , At ) < γ ∗ .
Moreover, γ̃t∗ is increasing in At /θ̄t . Hence, for a given value of the additive cost At , agents
with high expected accident rates will want to buy the additional insurance even if their
risk aversion is relatively low, compared to agents with low expected accident rates.
Note that we can reverse the problem and look at the condition for the accident rates. For
an agent with a risk aversion parameter γ, who faces an additive cost component At , there
exists a threshold θ̄∗ (γ) for the expected accident rate above which the agent will want to
buy additional insurance. By solving (4.5) we obtain an expression for the threshold value
of θ̄:
∗

θ̄ (γ, At ) = At



−1
EeγL − Eeγ min(L,D)
L
− (1 + α)µ (D)
γ

(4.6)

θ̄∗ (γ, At ) is decreasing in γ, therefore more risk averse agents will want to insure themselves
even with relatively low expected accident rates, while those who are less risk averse will buy
the additional insurance only if the updated θ̄ is high. Moreover, θ̄∗ (γ, At ) is increasing in
At , which means that if the additional insurance is in general expensive, then among agents
with the same risk preferences only high risk insurees will decide to buy the additional
insurance.
Next, if the additive cost component is present, learning about θ̄ will cause changes in the
choice of contracts over time (unless At is proportional to θ̄). Assume for now that At
does not change. Then, after experiencing an accident, some of the agents with the basic
insurance will update their θ̄ over their threshold θ̄∗ (γ, At ) and will buy the additional
insurance. On the other hand, after a long time without accidents, some of the agents
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paying for the extra insurance will update their θ̄ downwards and, if it becomes sufficiently
low, will resign from the more comprehensive coverage.
Contract changes can be caused by changes in the expected accident arrival rates, but also
by changes in the levels of At . Unless At is proportional to θ̄, changes in the value of the
additive cost component and the estimated accident rate will affect the left hand side of
(4.5), and will result in new threshold values for risk aversion parameter (or the estimated
accident rate).
Imperfect updating by the insurer
Consider the case where the insurer makes an error in assessing the risk parameter θ of
the insuree, so that θ̃t = θ̄t + εt . If the company uses the proportional loading scheme, the
price it will charge for an extra insurance will equal:
q(t) = (1 + α)µL (D)θ̃t = (1 + α)µL (D)(θ̄t + εt ) = (1 + α)µL (D)θ̄t + (1 + α)µL (D)εt
Note that we can denote the additive term in the above formula as before as At :
At = (1 + α)µL (D)εt

(4.7)

Hence, this case is equivalent to the case with correct updating, but non-proportional
pricing of insurance.
The agent will buy additional insurance if inequality (4.4) is satisfied. Note that if εt = 0
then the company does not make an estimation error, At = 0 and the baseline model
with no changes of contracts holds. If εt > 0, then the company overestimates θ and the
the price of insurance it charges is higher than in the baseline case. Hence, the resulting
threshold for risk preferences is also higher than in the baseline case. If εt < 0, then the
insurer underestimates θ, the comprehensive insurance coverage is less expensive than in
the baseline case and the threshold for risk preferences is lower than γ ∗ in the baseline
case.

4.3

Reasons to change contracts

As we showed in the previous section, under the null hypothesis that the company prices the
insurance proportionally to the expected accident rate and that it uses the same estimate
of this rate as the insuree, the decision to buy the additional insurance should depend only
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on the level of the agent’s risk aversion. According to (4.3), the additional insurance is
chosen only by insurees whose risk aversion is above a certain threshold level γ ∗ . Under
the assumption of constant risk preferences, customers should not change contracts over
time.
In this section we analyze possible deviations from the null hypothesis. We show that the
possible contract changes can be driven either by non-proportional pricing of insurance or
by differences between the learning mechanisms of the insuree and the insurer.
Note that another channel which can cause contract switching is a change in the value of a
car. Car value in a given insurance contract can change due to a change in the age of a car
(amortization), change of a car itself or due to a loss of the value caused by an accident.
For now, we condition on the value of a car and we discuss other reasons that can cause
contract changes. In the empirical analysis, we will account for the first two channels that
can cause changes in car value. Moreover, we will assume that any loss of the value of a
car caused by an accident which did not result in a change of a car is negligible and does
not influence individual’s decision to change the insurance coverage. We discuss this in
detail in Section 4.4.

4.3.1

Symmetric learning with additive cost component

First we show that, under symmetric learning with the agent and the company using
the same estimate of one’s accident risk, contract changes are still possible if pricing of
insurance is not proportional to the level of the expected accident arrival rate.
Assume that the agent with a risk aversion parameter γ faces a contract with a deductible
D, loading α over the net premium and a constant additive cost component A. We assume
further that there are no asymmetries between the company and the agent in terms of the
estimation of the expected insuree’s accident arrival rate θ̄t = θ̃t and the expected size of
a loss over the deductible µL (D).
In addition, assume that both the insurer and the insuree learn about the agent’s risk
type by Bayesian updating based on the insuree’s claim history. Both parties use the same
prior distribution with probability density function g(θ) for the risk type of new drivers,
thus they have the same prior knowledge about the accident rate of new drivers. Finally,
suppose that both the company and the agent can learn continuously and the premia can
be adjusted in continuous time.
If the agent with only the basic contract updates his estimated accident arrival rate over
the threshold θ∗ (γ, A) given by (4.6), he will decide to buy the additional insurance. On
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the other hand, if he is initially insured with the more comprehensive coverage but his
updated accident rate decreases such that θ̄t < θ∗ (γ, A), the agent will decide to change to
basic insurance.
Learning about the individual risk will lead to changes in contract choice, unless At changes
proportionally to θ¯t . We assumed for now that At is constant over time, thus the threshold
θ∗ (γ, At ) also does not change over time.
Assume that the insuree and the insurer use a Gamma(a, b) distribution as the prior for
the accident rate of a new driver, so the prior probability density function of θ is given by:
ba a−1 b−θ
f (θ) =
θ e · 1(θ > 0)
Γ(a)
and the prior expectation of θ equals a/b. As is shown in Appendix A.3.2, the posterior
distribution of θ after period t, during which Kt accidents were observed, is then also
Gamma with the following parameters and posterior mean:
θt ∼
θ̃t = θ̄t

Gamma(a + Kt , b + t)
a + Kt
=
b+t

The interpretation of the resulting estimate is as follows: for small values of a and b or
after a long learning period, the estimate of the accident rate will approximately equal the
sample mean of accidents experienced per year.
Note that in periods without accidents θ̄t decreases, while it jumps up immediately after
experiencing an accident. The insuree will change a contract at time t from the basic to
the more comprehensive insurance if and only if he experiences an accident at t and:
a + Kt + 1
a + Kt
≤ θ∗ (γ, A) <
b+t
b+t
⇐⇒ θ∗ (γ, A) · (b + t) − a − 1 < Kt ≤ θ∗ (γ, A) · (b + t) − a
The insuree will change a contract from the additional to the basic insurance after time t
if he does not experience an accident at time t and:
θ∗ (γ, A) =

a + Kt
⇐⇒ Kt = θ∗ (γ, A) · (b + t) − a
b+t

Hence, the prediction from the model with a constant additive risk component is that all
changes from the basic to the additional insurance should be made after experiencing an
accident, and that changing from CASCO to the basic insurance should occur only after
periods without accidents.
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Imperfect updating of the risk parameter by the insurer

In Section 4.2.1 we showed that the reason for contract changes, even when the insurer
uses the proportional loading scheme, can be imperfect updating of the accident risk parameter by the insurance company. We demonstrated that even if there is no information
asymmetry about the level of individual risk, in the sense that both the insurer and the
insuree use the same prior distribution for θ and observe all the events that are informative
about the level of θ, the difference in learning mechanisms can lead to contract changes.
Below we present reasons for the possible bias in the estimation of the expected accident
rate by the insurer and we analyze examples in which the company uses a different estimate
of the accident rate than the agent.
Differences in timing - changes during a contract year
One reason for making errors in updating of θ̃t can be the asymmetry in timing of the
learning mechanisms used by the agent and the company. If the agent learns continuously,
he will update his estimate of θ̄ downwards during periods without accidents, and upwards
immediately after experiencing an accident. On the other hand, the company is typically
only able to update prices at renewals. This asymmetry in timing can lead to additional
contract changes, occurring during a contract year.
According to the information in the dataset we use, agents can change contracts in continuous time. However, as we will show in Subsection 4.4.3, a relatively small number of
changes from CASCO to the liability insurance within contract years suggests that it can
be more difficult to resign from the additional insurance during a contract year. Unfortunately, we do not have any information on costs related to contract changes during a
contract year or at a renewal.
We show the consequences of the differences in timing of learning with a simple example
with a commonly known prior Gamma(a, b) for θ. We assume that the agent learns continuously but the company can learn and update premia only at contract renewals. As
it is shown in Appendix A.3.2, the resulting posterior distributions of the agent and the
company at moment t during the (n + 1)-th contract year (btc = n) are also Gamma with
the following parameters and the following posterior means:
company:

θ̂d ∼

agent:

θ̂c ∼

a + Kn
b+n
a
+
Kt
Gamma(a + Kt , b + t) θ̄c =
b+t
Gamma(a + Kn , b + n) θ̄d =

(4.8)
(4.9)
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where Kn denotes the number of accidents experienced during n contract years and Kt the number of accidents experienced until the moment t.
Note that for discrete values of t (at each renewal), θ̄d = θ̄c . Hence, if the company
updates information about the agent’s level of risk only at renewals, while the agent can
learn continuously, then the estimates of the individual risk calculated by the insuree and
the insurer will be equal only at renewals.
Notice that θ̄c will jump just after an accident and will continuously decrease during periods
without accidents. Define ki - the number of accidents experienced during the i-th contract
year. We analyze what causes θ̄d to change:
Pn−1
P
ki
a + ni=1 ki
b + n − 1 a + i=1
1
b+n−1 d
1
d
=
·
+
· kn =
· θ̄n−1 +
· kn
θ̄n =
b+n
b+n
b+n−1
b+n
b+n
b+n
d
θ̄nd − θ̄n−1
1
=
d
b+n
θ̄n−1




kn
−1
d
θ̄n−1

(4.10)

Hence, after the n-th year the posterior mean will be updated upwards if and only if
d
d
kn > θ̄n−1
. Note that θ̄n−1
is the estimate of the parameter of the Poisson distribution, so

of the expected number of accidents within one year. Hence, if one observes more accidents
than he would expect according to his estimate, one will update his estimate upwards. If
the number of expected accidents is higher than the number actually observed, the estimate
will be updated downwards.
We analyze when the agent’s continuous time estimate of his accident rate will exceed the
company’s discrete time estimate, so when θ̄c > θ̄d :
a + Kn
a + Kt
a + Kn
<
⇐⇒
(t − n) < Kt − Kn ⇐⇒
b+n
b+t
b+n
⇐⇒ θ̄d ∆ < K∆

θ̄d < θ̄c ⇐⇒

(4.11)

where ∆ := t − n = t − btc and K∆ := Kt − Kn .
Hence, if the number of accidents experienced during the ongoing contract is higher than
the expected number of accidents according to θ = θ̄d (equal to θ̄d ∆), then θ̄c is updated
to a higher value than θ̄d . If the number of accidents in the current contract year is lower
than expected according to θ = θ̄d , then the agents’ estimate is updated to a lower value
than the estimate used by the insurer.
We consider the agent’s decision on a contract choice when the estimates of the expected
arrival rates of the company and the agent are given by (4.8) and (4.9). We allow for a
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constant additive cost component A. Then the condition for the agent to buy the additional
insurance reads:
θ̃t A
EeγL − Eeγ min(L,D)
≥ (1 + α)µL (D) +
γ
θ̄t θ̄t
b+n+∆
a + Kn
b+n+∆
≥ (1 + α)µL (D) ·
·
+A·
b+n
a + Kn + K∆
a + K n + K∆
If the agent has not experienced any accidents in the ongoing year, then ∆ increases and
K∆ = 0, so the right-hand side of the above inequality increases. Hence, the threshold for
γ also increases and if the increase is high enough, the agent will decide to resign from
the additional insurance. On the other hand, if the agent experiences an accident at time
t, such that (4.11) is satisfied, then the right-hand side of the above inequality decreases
below the level from the previous renewal and if the decrease is high enough, he can decide
to buy the additional insurance.
Note that if the price of insurance is proportional to θ̃ (A = 0), agents update their estimates of own risk in continuous time and the insurance company can update their estimates
only at renewals, and if there are no costs of changing contracts, then the incentives to
change contracts within a contract year disappear as soon as the company updates its
estimate of the accident rate. As a result, agents will want to change contracts within a
contract year and to go back to the previous contract at the next renewal. Hence, it is
more plausible to consider the case where an administration cost per policy is present.
Incorrect updating for young and old drivers - changes at renewals
Another reason for contract changes can be the fact that the commonly used bonus malus
systems do not distinguish between young and more experienced drivers, and therefore
they do not update information about the accident arrival rate correctly. Because the
amount of information available for more experienced drivers is much bigger than for
young drivers, the relative size of the update of risk levels and therefore also prices of the
additional insurance offered in subsequent years should be smaller for experienced than
for young drivers. Even if we assume that the insurance is priced proportionally to the
expected accident rate and that differences in the timing of learning do not create incentives
for agents to change contracts, not distinguishing between the young and old drivers in a
bonus malus system can result in incentives especially for young drivers to change contracts
at renewals, so when levels of premia are updated.
In many countries insurance companies use the so called bonus malus system in which the

104

CHAPTER 4. LEARNING IN CAR INSURANCE
Table 4.1: Transitions in the bonus malus scheme

Source: Abbring et al. (2008)

premium paid by a driver changes over time. The levels of premiums offered in subsequent
years depend on the risk class the agent is assigned to based on his experience. The
premium paid by the driver in a given year equals the base premium, which is calculated
based on characteristics of the driver and his car, multiplied by a coefficient dependent on
the bonus malus class.
In the Dutch system there are 20 possible bonus malus classes. In their first contract
year all drivers are assigned to class 2. After the first year, if they have not experienced
an accident, they are moved to class 3, otherwise to class 1. The scheme of all possible
transitions is presented in Table 4.1.
Such an experience-based system relates to updating of θ̄ in our model, especially in the
version with proportional loadings. The base premium represents (1 + α)µL (D) and the
bonuses and maluses showed in the second column of Table 4.1 represent updates of the
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level of the estimated accident rate.
Note however that this updating scheme provides certain limitations. According to formula
(4.10), the change in θ̄ related to Bayesian updating should be decreasing in the years of
driver’s experience. This feature is however not fully taken into account by the system
described by Table 4.1.
If we assume that the system prices correctly, in the sense that it updates in a correct
way the risk parameter of an average driver being in each class, then, according to the
bonus malus system, less experienced (‘young’) drivers are both punished too leniently for
having (an) accident(s) and rewarded by a bonus that is too small in case of no claims.
On the other hand, more experienced (‘old’) drivers in a given bonus malus class are
punished (rewarded) too strongly for having (no) accidents, because the actual update of
their accident rate should be smaller than an update of an average driver in this class.
We analyze the dynamic predictions of contract changes for young and old drivers. To
keep the setup consistent with the actual pricing rules, we will consider the case when a
company updates premia on a yearly basis but we will assume that discrete learning does
not create incentives for agents to change contracts during a contract year. The decision
about changing a contract is taken at the end of period n, after the company’s estimate of
the accident rate θ̃ has been updated from
θ̃n−1 = θ̄n−1 + κn−1
where κn−1 represents past learning errors, to
θ̃n = θ̄n + κn
where κn = κn−1 + εn . Hence, we assume that the current error accumulates with possible
past errors. Consistent with the bonus malus system presented in Table 4.1, we assume
no additive cost component. We analyze what the implications on contract choices of
young and more experienced drivers are under the assumption that the company updates
its estimate of θ by too little for young and by too much for old drivers.
The premium to own risk ratio in period n is given by:
q(n)
(1 + α)µL (D)θ̃n
(1 + α)µL (D)(θ̄n + κn−1 + εn )
=
=
θ̄n
θ̄n
θ̄n
κn−1 + εn θ̄n−1
= (1 + α)µL (D)(1 +
·
)
θ̄n−1
θ̄n
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1. Young drivers
If a young driver experiences no accidents, then he updates his θ̄ downwards, hence
θ̄n−1
θ̄n

> 1. Moreover, the company underestimates the negative update of θ̄, hence

εn > 0. As a result:
q(n)
A
q(n − 1)
> (1 + α)µL (D)κn−1 +
=
θ̄n
θ̄n−1
θ̄n−1
Hence, according to inequality (4.2), the threshold γ̃ ∗ increases and if the agent has
so far had the additional insurance and his risk aversion parameter is now below the
new threshold, he will decide to resign from the additional coverage.
If a young driver experiences kn accidents in the n-th year, kn > θ̄n−1 , then he
updates his expected accident rate upwards, but the company underestimates the
positive update in θ̄, so

θ̄n−1
θ̄n

< 1 and εn < 0. By repeating the above calculations,

we obtain that in this case:
q(n − 1)
q(n)
<
θ̄n
θ̄n−1
As a result, the threshold γ̃ ∗ decreases , which provides in some cases incentives to
change contracts from liability insurance to CASCO.
Note that if the price of insurance includes an additive cost component, then the errors in pricing create additional incentives for contract changes, above those resulting
from the presence of the additive cost component.
2. Experienced drivers
If an experienced driver experiences no accidents, he updates his θ̄ downwards, but
the company overestimates the negative update in the accident rate, therefore εn < 0.
Then, the change in the expected accident rate and the estimation error made by
the company have opposite effects on the price to risk ratio and therefore on the
resulting threshold for risk preferences. As a consequence, in some cases the new
threshold γ̃ ∗ can be higher or lower than in the previous period. In any case, the
probability of changing from CASCO to the basic insurance by experienced drivers
after no accidents should be lower than in case of the young drivers.
If an experienced driver experiences (an) accident(s), then he updates his expected
accident rate upwards, but the company overestimates the positive update in θ̄, so
εn > 0. Therefore, the resulting new threshold for risk preferences can be in some
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cases higher but in some lower than the threshold in the previous period. Therefore,
the probability of buying the extra insurance after experiencing an accident is lower
for more experienced than for young drivers.
Note that if there are no additive administration costs, then errors in updating can
even create incentives for experienced drivers to resign from CASCO after experiencing an accident, so after updating their accident rates estimates upwards.
To sum up, if the company does not distinguish between young and experienced drivers,
we should observe that young drivers should be in general more likely to change contracts
than more experienced drivers.
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Empirical illustration
Data

The data we use contains information on 163194 policies insured by one of the main Dutch
insurance companies. The detailed description of the database is presented by Abbring
et al. (2008). The raw dataset is a panel with 1730776 records, it covers observations from
the period 1995-2000. The information on contract years starting in 1995 or after 2000
is not reliable, therefore we focus on the contract years starting in the years 1996-1999.
Moreover, we only use data on policies for which the age of the car is known. This basic
data cleaning leaves us with information on 121583 policies and 60249 claims registered,
25030 of which are claims at fault. We consider yearly data, hence for each contract there
are at most 4 observations (75429 of policies have this maximum observation window).

Figure 4.1: Distribution of age of a car, by coverage

Figure 4.1 shows the distribution of age of a car among contracts with the basic and more
comprehensive coverage. The figure shows that CASCO is chosen mostly by the owners of
newer cars (median age equals 4 years), while there are many older cars that are covered
by the basic insurance (median age is 10 years). Figure 4.2 shows that the proportion
of cars insured with the more comprehensive coverage decreases strongly with age. This
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Figure 4.2: Fraction of contracts with CASCO, by age of a car

is related to the fact that the compensation from the CASCO insurance depends on the
current value of a car, which decreases over time. The fraction drops from over 90% among
cars 3 years old or newer, to 40% among 8-year-old cars. Among even older cars, there are
very few contracts including CASCO insurance (an increase among cars older than 22 is
caused by a very small number of observations).
Table 4.2 shows the number of changes from basic to CASCO (0–1) and from CASCO
to basic insurance (1–0) in the data relative to car changes. We observe a few obligatory
changes of contract that we exclude from the analysis. Note that most of the contract
Table 4.2: Number of coverage changes
Change in coverage
No

Change of a car
No

Yes

Total

206,872

42,344

249,216

0–1

154

9,366

9,520

1–0

6,212

964

7,176

9

299

308

213,247

52,973

266,220

0 – 1 obligatory
Total
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Figure 4.3: Age of a car after a change in coverage

changes occur when agents change cars.
The number of changes from the basic to CASCO insurance and from CASCO to the basic
insurance relate to 5.7% and 6.7% of observations on contract years with basic or CASCO
insurance. The number of transitions may seem small, however, it is similar to the numbers
observed in comparable studies, like those of Dionne et al. (2004) (transition rates 3-9%).
Figure 4.3 shows the age of cars insured after the change of coverage. It is apparent that
contract are changes from CASCO to the basic insurance mostly for older cars, while
contracts are changes to CASCO mostly for new cars. Many changes to CASCO include
change of a car. Figure 4.4 shows the change in the age of a car, compared with the previous
contract year, after a change in coverage. The figure shows that most of the downgrades
to the basic insurance did not include a change to a newer/older car, while most of the
switched to CASCO were accompanied by a change to much newer cars.
Except for the information on insurance contracts, the data contains also information on
claims and various car and insuree characteristics. The characteristics we concentrate on
in our analysis are: the age of a driver, the age of a car, kilometrage of a car, the living
region of a driver and the bonus malus class in a given year.
In the estimation we want to distinguish between less and more experienced drivers. We
do not have information on the number of years of the driving experience, therefore we
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Figure 4.4: Changes in age of a car after a change of contract

need to assume that old drivers are also more experienced. According to Table 4.3 there
are 14777 records in the data with drivers aged 28 or lower (so with at most 10 years of
driving experience). The owners of 7383 policies in the first contract year are aged 28 or
below.
It turns out that within the observation period the insurer allowed young drivers to inherit
the bonus malus class from their parents. Therefore, we observe many drivers under age
28 in high bonus malus classes (see Table 4.3). This can cause problems in the estimation,
since we will proxy for the updated individual’s risk estimate θ̄ by his bonus malus class
and the personal characteristics. Note that we use raw information on bonus malus classes,
without correcting for possible mistakes in transitions in subsequent contract years made
by the company.
In the estimated regressions we use indicators for the kilometrage of a vehicle (1 if over
20 000 km) and for the address of a driver (1 if living in the city). Table 4.4 presents the
comparison of these characteristics in the pool of young and older drivers. It seems that
relatively many of the young drivers have cars with high kilometrage, compared to the pool
of the older drivers. Note that the average age of a car owned by a young driver equals
8.3 years, while for experienced drivers this number equals 7.2. Therefore, younger drivers
use on average slightly older cars but with lower kilometrage than older drivers. On the
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Table 4.3: Number of contract year observations in a given bonus malus class
Age≤ 28

Age> 28

Total

1

180

2,198

2,378

2

215

2,433

2,648

3

254

2,984

3,238

4

317

3,841

4,158

5

536

4,925

5,461

6

759

7,282

8,041

BM

7

1,004

9,598

10,602

8

1,164

11,640

12,804

9

1,398

13,223

14,621

10

1,751

16,085

17,836

11

1,864

17,875

19,739

12

1,635

19,022

20,657

13

1,279

19,304

20,583

14

1,009

24,665

25,674

15

641

23,213

23,854

16

346

22,333

22,679

17

189

21,125

21,314

18

88

18,824

18,912

19

39

16,667

16,706

20

109

115,789

115,898

14,777

373,026

387,803

Total

other hand, there are no significant differences in the place of car use between the pool of
young and experienced drivers.
The dataset contains also information on premiums paid, but the size of a CASCO premium
is known only for drivers that had actually chosen this type of insurance, therefore it is
not useful in our analysis.

4.4.2

Simple tests for predictions

In this section we apply a simple test for the predictions from Section 4.3 to the data on
car insurance contracts.
If the insurance is priced with an additive cost component or if the insurer incorrectly
updates expected accident rates, then, according to subsections 4.3.1 and 4.2.1, changes
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Table 4.4: Number of cars with kilometrage over 20 000 km and registered in the city
Driver’s age category
young (≤ 28)

experienced (> 28)

Total

Kilometrage
< 20000 km

2,898

113,217

116,115

> 20000 km

11,310

225,313

236,623

Total

14,208

338,530

352,738

not in the city

12,416

307,306

319,722

in the city

2,361

65,720

68,081

Total

14,777

373,026

387,803

Car registered

of contracts will be driven by the updates of the insuree’s expected accident rate or by
changes in car value. Table 4.5 summarizes the predictions of 4.3.1 and 4.2.1 under the
assumption of no changes in car value. In the analysis, we correct for the fact that value
of the car decreases over time.
According to Table 4.5, drivers with the basic insurance will change their contracts when
the updated θ̄ increases such that θ̄ > θ∗ (γ, At ). θ̄ can go up only as a result of an
accident, so the prediction is that agents should switch to the extra insurance after they
experience an accident. We test this by regressing the dummy for changing a contract from
basic in a previous year to all risk insurance in a current year on the number of accidents
experienced in a previous year. If the data supports our findings, we expect to get a
statistically significant coefficient of the number of accidents experienced in the previous
year, with a positive sign. In order to correct for the change in the car value due to aging
of the car, we correct for the age of the car using a second order polynomial. Moreover,
the value of a car will also change if the insuree changes cars. We will correct for this by
using a dummy variable equal to 1 if the car changed compared with the previous contract
year. Moreover, we will correct for the change in the age of the car, using a second order
polynomial.
According to the subsections 4.3.1 and 4.2.1, the agent will change from CASCO to the
basic insurance when his θ̄ falls below θ∗ (γ, At ). This can happen only if for some time he
experiences no accidents. We test this prediction by regressing the indicator for a change
from CASCO in a previous year to the basic insurance in a current year on the number
of accidents experienced in a previous year. We expect to obtain a significant negative
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Table 4.5: Predictions of the baseline model and the alternative models, under the assumption of no changes in car value

No differences in learning: θ̃ = θ̄

No additive costs not pro-

Additive cost component

portional to θ̄: A = 0

present: A > 0

Baseline case: no contract

Contract

changes because γ

∗

changes

to

does

CASCO are possible after

not depend on the acci-

experiencing an accident,

dent rate

to liability after a period
without accidents

Differences in timing:
the agent learns and can change

Incentives to change con-

Incentives to change con-

contracts in continuous time,

tracts within a contract

tracts within a contract

but the company updates premia

year, but also to go back

year,

only at renewals

to the previous contract at

experiencing an accident,

the next renewal

to liability after a period

to CASCO after

without accidents
No differences in prices for young

Changes at renewals:

Changes at renewals:

price of insurance independent of

Young drivers in gen-

Young drivers more likely

the length of the driving experi-

eral more likely to change

to

ence

contracts, incentives for

changes to CASCO are

older drivers to change to

possible after experienc-

CASCO after no accidents

ing an accident and to

and to liability after expe-

liability after a period

riencing an accident

without accidents

and experienced drivers:
change

contracts,

coefficient of the number of accidents. As before, we correct for the age of a car, change
in the age of a car and we include a dummy variable indicating if the insuree changed cars
compared with the previous contract year.
If we find a significant positive coefficient of the number of past accidents in the regression
for changes from the basic to CASCO and a significant negative coefficient in the regression
for changes from CASCO to the basic insurance, this means that the null hypothesis of
the baseline model with proportional pricing and correct updating of θ̄ is rejected and that
contract changes are caused either by nonproportional pricing or by incorrect updating of
accident rates.
By using the same logit regression, we can also test for the predictions of subsection 4.3.2.
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Hence, we can test whether changes of contracts are caused by the fact that the company
does not distinguish between young and more experienced drivers within a given bonus
malus class. We apply the test by including an additional interaction effect between the
number of accidents observed and the age indicator, equal to 1 for ‘young’ (under 28)
drivers. We expect to obtain a significant and positive coefficient of the indicator for
age≤ 28 and possibly also a significant coefficient of the interaction variable with the same
sign as the coefficient of the number of past accidents in a given regression. This would
mean that the null hypothesis of correct updating by the company is rejected and that
not distinguishing between young and experienced drivers within a bonus malus class can
result in changes of contracts.
In the estimation we need to control for the prior estimate of the risk level, which, as we
know from the company’s documentation, is estimated on the basis of the age of the driver
(we use an indicator if the car owner is younger than 28), the age of the car (we use both
age of a car in the previous year, and the change in age of a car compared with the previous
year), the indicator if the car is used mainly in the city or in the countryside (we proxy
by the address of the driver) and the kilometrage of the vehicle. We also correct for the
updated level of θ̄, which is represented by the bonus malus class. Ideally, we should run
the regression separately for each class of the controls’ values. Unfortunately, because we
observe very few changes of contracts, especially from CASCO to basic insurance, there is
too little variation in the dependent variable to stratify the sample. Hence, we decide to
add the controls in a linear way in the regression. Finally, we include a dummy variable
indicating if the owner changed cars compared with the previous year.
We use the simple logit estimator, ignoring the panel structure of the data. We have tried
to apply the random effects logit estimator, as described in Cameron and Trivedi (2005).
However, it turned out that there was not enough variation in the data to estimate the RE
logit. We have also tried to estimate the fixed effects version of the model, but it turned
out to be even less successful. Hence, we stick to the simple logit estimator.

4.4.3

Results

The results of the estimation regarding contract changes from the liability insurance to
CASCO are presented in Table 4.6. We first present the results for relatively new cars newer than 5 years. Later, we analyze results by age of a car, including older cars.
The results of the first regression show that drivers with the basic insurance who experienced accidents in the previous year were more likely to change contracts to CASCO. This
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is in line with the predictions of Subsections 4.3.1 and 4.2.1, hence the null hypothesis of
proportional pricing of the insurance and correct updating of θ̄ by the insurer is rejected
and contract changes are caused by either nonproportional pricing or errors in learning
about the accident rate.
Second, we find that young drivers with the basic insurance who experienced accidents in
the previous year were on average more likely to change to CASCO than older drivers who
experienced accidents. This result is consistent with the predictions of Section 4.3.2. Note
that, according to the results, young drivers do not switch contracts from basic to CASCO
more often than older drivers.
Moreover, the results of regression (2) suggest that experiencing an accident in the previous
year did not have a significant effect on changing the contract from CASCO to the basic
insurance. Moreover, there were no differences between young and older drivers with
CASCO insurance in the probability of changing to the basic insurance. These results do
not confirm predictions of 4.3.1 and 4.2.1.
Note that according to regression (1) the remaining variation of switching contracts from
basic to CASCO is captured by changing a car (and changes in the age of a car). According
to regression (2), a lot of variation of changes from CASCO to the basic insurance is driven
by other car and contract characteristics: the age of a car, changes of cars (and changes in
the age of a car), kilometrage, bm class and region where the car is used. The older the
insuree’s car, the more likely the owner is to change from the CASCO to the basic insurance.
However, conditional on the age of a car, owners of cars that have been more intensively
used (with higher kilometrage) are less likely to change from basic to the CASCO insurance.
Finally, changes in coverage, especially from basic to CASCO, are more likely to occur after
changing of a car. Insurees buying a newer cars (relative to their previous cars) are more
likely to change from basic to CASCO, and those buying older cars are more likely to
change from CASCO to basic insurance.
Figures 4.5 and 4.6 present the heterogenous effects of past accidents on the probability of
changing contracts by the age of the car in the previous year (presented only for cars not
older than 10 years). These estimates come from similar regressions to those presented in
Table 4.6, but estimated for each age of a car separately. Note that because there are not
too many observations on younger drivers, we did not include the interaction between the
number of claims and driver’s age in these separate regressions.
Figure 4.5 shows that among insurees with basic insurance experiencing an accident in the
previous year significantly increases the probability of changing the contract to CASCO,
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Table 4.6: Estimation results explaining changes from basic to CASCO insurance and from
CASCO to basic insurance among owners of cars that were not older than 5 years

(1)

(2)

basic to CASCO

CASCO to basic

b
nr past claims
nr past claims x young

std.err.

0.770

∗∗∗

0.261

3.689

∗∗∗

b

std.err.

0.067

0.066

1.120

0.401

0.549

young

−0.214

0.410

0.182

0.172

age of a car previous year

−0.365

0.280

0.719∗∗∗
−0.032

∗

0.091

age of a car2 previous year

0.006

0.054

if car changed

2.772∗∗∗

0.190

0.738∗∗∗

0.090

−0.725∗∗∗

0.057

1.082∗∗∗

0.041

0.017

∗∗∗

0.003

∗∗

0.062
0.054

change in age of a car
2

change in age of a car

if registered in the city
kilometrage
if kilometrage missing
bm class
constant

0.011

−0.040

−0.053

0.190

0.155

0.243

0.152

−0.111∗∗

−0.238

0.203

0.020
−3.081

0.014
∗∗∗

0.400

0.018

0.200

∗∗∗

0.065

−0.102

∗∗∗

0.005

−4.782

∗∗∗

0.135

N

7300

74188

ll

-848.2

-7934.9

Dependent variables are indicators equal to 1 if a person changed from basic to CASCO (CASCO to basic)
insurance in a given year, ∗ p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

unless the insuree owns a car that is 2 years old or newer (with marginal increase for cars
that were 7 years old). According to Figure 4.6, experiencing an accident has no effect
on the probability of changing to the basic insurance among most of the insurees with
CASCO, unless they own a car that is 5 years old or 9 years old or older (with a marginal
increase for cars that were 7 years old). To sum up, these results suggest that for most
of the car age categories experiencing past accidents had a significant effect on changing
contracts from basic to CASCO insurance (except for cars newer than 2 years) and had no
effect on changing contracts from CASCO to basic (except for 5 years or 9 years or older
cars).
In general the estimation results indicate that, even though a lot of variation of changes
in coverage comes from car characteristics, the null hypothesis of proportional pricing and
correct updating of the accident risk by the insurer should be rejected. According to the
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Figure 4.5: Effect of past accidents on the probability of changing from basic to CASCO
insurance, by age of a car in the previous year

Figure 4.6: Effect of past accidents on the probability of changing from CASCO to basic
insurance, by age of a car in the previous year
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Table 4.7: Number of contract changes unrelated to car changes, during a contract year
and at a renewal
Change in coverage

during a contract year

at renewal

Total

0–1

439

34

1–0

587

6,087

6,674

Total

213,681

53,182

266,863

473

results, insurees with basic insurance are more likely to change to CASCO insurance if they
experienced accidents in the previous contract year. This suggests a difference in updating
between the insurer and the insuree. However, the results show that past accidents do not
have an effect on the probability of changing from CASCO to basic insurance, which is not
in line with our predictions.
Moreover, we find a differential effect of past accidents on the probability of contract
changes from basic to the CASCO insurance between younger and older drivers. This
result is in line with the prediction of Subsection 4.3.2 and suggests that unexperienced
drivers learn more about their own risk than older drivers. However, we do not find similar
result for changes from CASCO to the basic insurance.
Finally, we check if there is evidence for differences in timing of learning between insurees
and the insurer. We do not apply any formal test, we simply look at the number of
contract changes made during contract years and at renewals. If there are no significant
effects of these differences in timing, then under the baseline model with proportional
pricing and correct updating, but also under possible deviations described in Subsections
4.3.1 and 4.2.1, all changes should be made at renewals. However, as we can see in Table
4.7, although almost 90% of changes from the CASCO to the basic insurance are made
at renewals, most of the changes to CASCO occur during a contract year. This suggests
that contract changes can also be induced by the fact that while the agent can update
the estimate of his risk level continuously and adjust his decision on a contract choice in
continuous time, the company can adjust premia only at renewals.

4.4.4

Comparison with previous studies

Below we briefly relate our results and empirical approach to the previous studies on risk
preferences and learning in insurance contracts.
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The main difference between our and the previous studies is that we do not focus on choices,
but on changes of insurance contracts. Our approach encounters empirical difficulties
because there are not many changes of contracts observed in the data. However, the main
advantage of examining changes of contracts is that it allows us to control for differences
in risk preferences and to exploit the relation between the company’s pricing rules and the
agent’s choices of insurance.
Dionne et al. (2004) find a slight evidence of learning effects in the pool of drivers with less
than 5 years of experience. They apply a reduced form approach in order to jointly analyze
adverse selection, moral hazard and learning. By using a bivariate probit, they examine
dynamic correlations between accidents and choices of coverage. They do not take into
account heterogeneity of risk preferences.
The bivariate probit test is applied also by Cohen (2005). While we examine changes of
coverage, Cohen focuses on choices of deductibles and does not account for heterogeneity of
risk preferences. She does not explicitly test for learning effects, but she finds that drivers
with less than 3 years of experience have an informational advantage over the insurer.
A structural approach is used by Cohen and Einav (2008). The authors analyze the choice
of insurance deductible without a link to pricing. Without making assumptions about the
form of a utility function, they parametrize the distribution of risk preferences and they
estimate their model by maximum likelihood. The focus of their paper is on the estimation
of risk and risk preferences heterogeneity rather than on learning effects. However, the
authors consider a version of the model with uncertainty about one’s own risk level and
Bayesian learning with gamma prior. They do not test for the significance of learning, but
they find that including learning effects in the model does not change the magnitude of
the estimated risk and risk preferences heterogeneity.

4.5

Possible caveats

Here we consider some possible caveats of our modelling approach.
First, the simple pricing rule of the insurance contracts we have assumed does not have to
hold in reality. We do not know the exact pricing rule used by the company that we have the
data from. However, we know that it was recommended by an external consultant to use a
rule based on the expected compensation for losses plus the administration cost per policy.
The functional form we use is consistent with pricing based on the expected compensation
that the company will have to pay to the insuree. Moreover, it allows for an administrative
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cost per policy as well as a possible monopolistic markup. Finally, by allowing the additive
cost component to vary over time we can capture also other nonlinear specifications in our
analysis. Hence, we think that the functional form with an additive cost component is a
reasonable simplification of the actual pricing rule used by the insurance company.
Second, we have assumed that learning is symmetric in the sense that both the insuree
and the insurer use the same information to learn. However, we expect that not all the
accidents are claimed, so there can exist also asymmetric learning effects. Agents decide not
to claim an accident because the size of a loss can be below the size of the deductible, but
also when the size of the compensation they obtain will be lower than the future loss due
to an increased premium the agent will have to pay after being moved to a lower bonus
malus class. In our model we decided to ignore the moral hazard effects that influence
claiming decisions, so we also ignored asymmetric learning.
Next, we have ignored the possibility of saving part of the income and by using CARA
utility we have allowed for negative consumption. The more appropriate approach would
be to model the agent’s behaviour by using initial wealth together with spending and
saving decisions. However, then the model could not be considered as a repeated static
problem, which would complicate the problem a lot and would make it very difficult to
analyze predictions. Hence, we have decided to keep the model simple and to ignore saving
decisions.
Another simplification that we have made is the lack of costs of changing contracts. If
changing a contract is costly, it will reduce the number of changes predicted by our model,
which would be consistent with what we observe in the data (however, we do not have any
information whether these costs were actually present in the data we have used). Assuming
no costs of changing contracts leads to some strange predictions of the model: for instance,
if the company can update premia only at renewals and the agent learns continuously, then,
according to our model, after experiencing an accident at the end of a contract year the
insuree will decide to immediately change a contract to CASCO, and shortly after, at the
next renewal, he will change it back. We could eliminate such situations by introducing
costs of changing a contract into the agent’s decision rule. However, this would turn
our model into a dynamic problem with state dependence and would severely complicate
the analysis. Note that car insurance contracts are relatively easy, therefore most of the
switching cost will be represented by the administrative cost, rather than the cost of time.
Therefore, again, we have preferred to avoid these complications and keep the analysis
simple.

Finally, as was already mentioned, it turned out that in the data that we have used some
young drivers were initially assigned to a higher class than 2. In the estimation procedure
we conditioned on the estimated level of the expected accident rate, proxied by the bonus
malus class. If some of the insurees were assigned to too high classes, this means that we
underestimated their levels of risk, which could bias our estimates downwards.

4.6

Conclusions

In this paper we examined decisions on the choice of insurance coverage when the agent and
the insurance company learn symmetrically about the insuree’s level of risk. We proved
that, under proportional pricing of the insurance relatively to the estimated accident rate
and under symmetric learning with the insurer and the insuree using the same estimate
of the agent’s accident risk, the decision on contract choice depends only on the agent’s
risk preferences and thus should not change over time. However, by applying empirical
tests we showed that the null hypothesis of the model predicting no contract changes must
be rejected. Possible reasons for changes of coverage suggested by the empirical tests
are: nonproportional pricing, differences in timing of learning between the insurer and
the insuree and ignoring information about the length of experience by the existing bonus
malus systems.
The main contribution of the paper is that we proved that contract changes do not have
to result from asymmetric learning. Hence, there can exist relevant factors other than
(near)accidents unobserved by the company that will induce changes in the choice of insurance coverage over time.
In our modelling approach we made a few simplifications that could be generalized in a
more advanced setup. The most promising extension of our model would involve taking
into account dynamic consequences of choices of coverage and learning. We leave this for
future research.

Chapter 5
Summary
This thesis presents work on the intersection of two fields: insurance and health economics.
First, I study asymmetric information in insurance contracts. A typical example of asymmetric information is adverse selection, which occurs when high risk individuals are more
likely to self-select into insurance. Another example is moral hazard - if being insured
changes individual’s behaviour, which may lead to higher accident rates. It is well documented that asymmetric information in insurance markets can lead to nonoptimal market
outcomes or even market failures. Therefore, it needs to be taken into account when
contracts are designed and when insurance markets are designed and/or regulated.
In Chapter 2, I test for moral hazard among firms that have insured themselves against
sickness absenteeism. This moral hazard is non-standard because it arises on the employer’s
side: due to the costs of monitoring of sick workers. If most of the worker’s sick pay is
covered by the insurance company, which is true for firms insured with high coverage, the
monitoring costs might be higher than the firm’s expected benefits. This creates incentives
for firms not to monitor, which from the insurer’s point of view results in moral hazard
reflected in longer than needed sickness spells. In this chapter, I present an empirical
framework that allows me to identify the effect of a change in the monitoring policy of the
insurance company on the duration of sickness spells reported by insured firms. Using a
data from a main Dutch insurance company, I show that sickness insurance contracts reduce
firms’ incentives to monitor sick workers and result in a classical moral hazard problem.
Moreover, I present a model which explains why smaller firms buy more comprehensive
insurance coverage.
Moral hazard and adverse selection can sometimes be concealed by the existence of other
effects that can influence the observed correlation between claims and coverage. In Chapter
123
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3, I try to incorporate an example of such an effect: learning about one’s own level of
risk in the context of car insurance, into a typical theoretical framework that models an
agent’s decision on insurance coverage.The common belief in the existing literature is that
switching contracts is a result of asymmetric learning about the insuree’s type. I show that,
contrary to this hypothesis, changes of contracts can also be caused by nonproportional
pricing or asymmetric updating between the insurer and the insuree. I prove that, when the
price of insurance is proportional to the estimated accident rate of an insuree, when agents
are characterized by a CARA utility function and when an insuree and an insurer learn
symmetrically and use the same estimate of the agent’s accident risk, then the insuree’s
decision on contract choice depends only on the level of his risk aversion and not on the
estimated level of his accident risk. I test the predictions of this baseline model with data
on car insurance contracts and show that the null hypothesis of no incentives for contract
changes must be rejected.
The second focus of the thesis is health economics, and, in particular, testing the hypothesis
of fetal origins. The hypothesis states that adverse nutritional conditions in utero or early
in life might result in inadequate development of vital organs in a human body. As a
consequence, this can lead to increased risk of chronic diseases at old ages. Testing this
hypothesis is difficult, because it requires linking data on early life events with long-term
outcomes. Moreover, there are often confounding factors influencing later life outcomes.
Unobserved factors at the individual and family level, like parental poverty or biological
factors, may jointly affect conditions early in life and later life outcomes and this may
hamper the assessment of causal relationships. Moreover, early life exposure to adverse
conditions can lead to increased mortality risk at earlier ages, which can result in selection
that may mask long-run effects.
In Chapter 4, based on Lindeboom et. al 2014, I test the hypothesis of fetal origins using
unique data on birth and death certificates of people born around the time of the Dutch
Potato Famine (1846-1847) in Zeeland, The Netherlands. The famine provides exogenous
variation on the nutritional status of those exposed to the famine. The sibling information
allows us to control for other usually unobserved environmental factors at the family level
that may affect later life health. For instance, family specific biological or socio-economic
factors may mitigate or enforce the impact of nutritional shocks early in life and failing to
control for this may bias estimates of the effect of the nutritional shock. We use a unique
historical dataset that follows siblings in a family from the time of birth until death. This
dataset is merged with data on regional food prices and calories available per capita in
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the nineteenth century in the Netherlands. The calories data allow us to assess effects
of the diet composition (proteins and proteins from animals intake) in utero and early
life on longevity. We show that conditions during both utero and early in life (ages 15) are important for mortality patterns at younger ages (1-10) and at older ages (50-60)
and these results remain significant if we correct for unobserved family specific effects.
We also find that children born in families of unskilled farm workers and in families with
low social status were particularly strongly affected by the famine. A further analysis
of the family fixed effects reveals large mortality differences between families. Moreover,
the impact of a nutritional shock also differs per family type. The effect of a nutritional
shock is quantitatively large for families with higher family fixed effects (families that face
high mortality rates in general) and negligible for families with lower fixed effects. Thus,
nutritional shocks early in life increase inequality in mortality and longevity at later ages.
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Appendix
A.1

Appendices to Chapter 2

A.1.1

Additional figures and tables

Figure A.1: Distribution of fixed effects among children born in families with high or low
SES (estimates based on HSN respondents)
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Figure A.2: Number of children born in Zeeland (estimate from HSN data)

Figure A.3: Infant mortality rates (left axis) and number of children born (in thousands,
right axis) per year in the Netherlands
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Figure A.4: Number of births 9 months later (trend values) and (yearly) potato prices in
Zeeland

Figure A.5: Estimate of fraction of boys born in Zeeland (estimate from HSN data)
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Figure A.6: Mean SES (measured by HISCLASS) of children born in a given year (estimate
based on HSN sample)
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Table A.1: Farmers and social class: Results from stratified Cox models with gender effects

Males:
Exposure 0-1 mortality 0-10
Exposure 0-1 mortality 10-50
Exposure 0-1 mortality 50-60
Exposure 0-1 mortality 60+
Exposure 1-5 mortality 0-10
Exposure 1-5 mortality 10-50
Exposure 1-5 mortality 50-60
Exposure 1-5 mortality 60+
Females:
Exposure 0-1 mortality 0-10
Exposure 0-1 mortality 10-50
Exposure 0-1 mortality 50-60
Exposure 0-1 mortality 60+
Exposure 1-5 mortality 0-10
Exposure 1-5 mortality 10-50
Exposure 1-5 mortality 50-60
Exposure 1-5 mortality 60+
Number of individuals
loglik

Unskilled Farmers
Prices

Calories

Low social class
Prices

Calories

0.231
(0.58)
0.364
(1.25)
-0.026
(-0.04)
0.136
(0.47)
1.964***
(2.65)
0.986**
(1.99)
1.868*
(1.66)
0.062
(0.12)

-0.003
(-0.84)
-0.003
(-1.15)
-0.008
(-1.21)
-0.000
(-0.18)
-0.029***
(-3.06)
-0.004
(-1.23)
-0.016**
(-1.97)
0.002
(0.42)

0.201
(0.53)
0.390
(1.51)
0.154
(0.24)
0.094
(0.35)
1.732***
(2.62)
0.828*
(1.95)
2.206**
(2.42)
0.065
(0.14)

-0.003
(-0.87)
-0.003
(-1.29)
-0.010*
(-1.78)
0.000
(0.10)
-0.022***
(-3.08)
-0.004
(-1.22)
-0.019***
(-2.78)
0.001
(0.38)

0.386
(1.21)
-0.026
(-0.09)
1.527*
(1.75)
-0.113
(-0.33)
1.362*
(1.77)
0.141
(0.27)
3.516**
(2.45)
0.022
(0.04)

-0.004
(-1.56)
0.001
(0.27)
-0.016**
(-2.27)
0.001
(0.42)
-0.008
(-1.35)
0.000
(0.08)
-0.028**
(-2.39)
-0.001
(-0.29)

0.432
(1.46)
-0.246
(-1.00)
1.516*
(1.91)
-0.015
(-0.05)
0.879
(1.27)
0.032
(0.07)
3.149**
(2.46)
-0.233
(-0.49)

-0.005*
(-1.87)
0.002
(0.82)
-0.014**
(-2.22)
0.001
(0.25)
-0.003
(-0.67)
-0.001
(-0.29)
-0.023**
(-2.24)
0.002
(0.52)

892.000
-307.671

892.000
-304.832

1299.000
-408.781

1299.000
-407.596

Notes: 1 The stratified Cox model includes calendar time (quadratic function, 1800=1) and age of mother
at birth.
2: unskilled farmers HISCLASS codes 10 and 12, Skilled farmers HISCLASS code 8. High class: HISCLASS
codes: 1-7, low class: HISCLASS codes 9-12. Standard errors are clustered by family.
Values of the t-statistic are reported in the parentheses.
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Table A.2: Effects of diet composition on mortality at different ages: effects of calories
from proteins

Males:
Exposure 0-1 mortality 0-10
Exposure 0-1 mortality 10-50
Exposure 0-1 mortality 50-60
Exposure 0-1 mortality 60+
Exposure 1-5 mortality 0-10
Exposure 1-5 mortality 10-50
Exposure 1-5 mortality 50-60
Exposure 1-5 mortality 60+
Females:
Exposure 0-1 mortality 0-10
Exposure 0-1 mortality 10-50
Exposure 0-1 mortality 50-60
Exposure 0-1 mortality 60+
Exposure 1-5 mortality 0-10
Exposure 1-5 mortality 10-50
Exposure 1-5 mortality 50-60
Exposure 1-5 mortality 60+
Number of individuals
Loglik

Calories

Proteins

Proteins from animals

Potato

Wheat

Rye

-0.003**
(-1.98)
-0.001
(-0.39)
-0.005*
(-1.91)
-0.001
(-0.85)
-0.009***
(-2.91)
-0.003
(-1.27)
-0.012**
(-2.35)
-0.001
(-0.48)

-0.055
(-1.12)
-0.020
(-0.43)
-0.075
(-0.97)
-0.029
(-0.63)
-0.283***
(-3.58)
-0.084
(-1.17)
-0.334**
(-2.35)
-0.038
(-0.51)

0.031
(0.39)
-0.018
(-0.25)
0.047
(0.35)
-0.031
(-0.41)
-0.388***
(-3.41)
-0.027
(-0.30)
-0.486**
(-2.38)
-0.056
(-0.60)

0.306
(1.42)
0.135
(0.65)
0.205
(0.68)
0.218
(1.14)
0.924***
(2.62)
0.599*
(1.85)
1.372**
(2.31)
0.345
(0.95)

0.035
(0.52)
-0.035
(-0.49)
0.065
(0.44)
0.043
(0.59)
0.296***
(3.52)
-0.047
(-0.54)
0.516***
(2.72)
0.094
(1.02)

0.109
(1.40)
-0.037
(-0.47)
0.141
(0.93)
0.065
(0.82)
0.385***
(3.31)
-0.026
(-0.24)
0.628***
(2.81)
0.103
(0.89)

-0.003
(-1.55)
0.000
(0.21)
0.001
(0.23)
0.001
(0.71)
-0.004
(-1.59)
-0.001
(-0.56)
-0.000
(-0.05)
0.000
(0.12)

-0.065
(-1.34)
0.007
(0.16)
0.052
(0.57)
0.049
(1.10)
-0.158*
(-1.94)
-0.026
(-0.35)
0.032
(0.22)
0.022
(0.32)

-0.034
(-0.49)
0.012
(0.18)
0.115
(0.75)
0.097
(1.63)
-0.258*
(-1.81)
0.048
(0.50)
0.076
(0.39)
0.029
(0.30)

0.246
(1.14)
0.013
(0.07)
-0.074
(-0.17)
-0.219
(-1.10)
0.683*
(1.73)
0.316
(0.93)
-0.001
(-0.00)
-0.237
(-0.70)

0.053
(0.88)
-0.077
(-1.16)
-0.079
(-0.56)
-0.036
(-0.60)
0.222**
(1.97)
-0.123
(-1.38)
-0.022
(-0.12)
0.033
(0.37)

0.091
(1.24)
-0.088
(-1.20)
-0.068
(-0.44)
-0.033
(-0.47)
0.304**
(2.26)
-0.109
(-1.01)
-0.004
(-0.02)
0.053
(0.49)

1878
-850.65

1878
-850.063

1878
-850.837

1878
-850.649

1878
-848.23

21878
-847.966

Notes: Standard errors are clustered by family. Values of the t-statistic are reported in the parentheses.
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Appendices to Chapter 3
Compensation rules for each type of insurance contracts

The compensation paid by the insurance company to the insured firm is given by:
1. contracts with waiting periods (wp), compensation for a given sickness spell:
compensation = (days − wp) · w · cov1(cov2) · 1(days > wp)
where:
• days - total number of days sick
• wp - length of the waiting period
• w - daily wage of a sick worker
• cov1 - coverage in the 1st year
• cov2 - coverage in the 2nd year
2. contracts based on total sickness costs:
compensation = (total sickness costs − threshold) · U P
!
n
X
=
daysi · wi · cov1(cov2) − E(sick rate) · EBF · total wages · U P
i=1
n
X

=

daysi · Pn

i=1

if

Pn

i=1

daysi ·

Pnwi

i=1

wi

!

wi

i=1

wi

· cov1(cov2) − E(sick rate) · EBF

· UP ·

n
X
i=1

· cov1(cov2) > E(sick rate) · EBF and 0 otherwise, where:

• daysi - nr of days sick for a worker i
• wi - wage of a worker i
• E(sick rate) - expected sickness rate in a firm (calculated based on history from
the previous 3 years)
• EBF - ’eigenbehoudsfactor’
• UP - ’uitkeringspercentage’

wi
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Consider the case when all the sickness absences observed in a firm in a given year
haven’t lasted for longer than 1 year. If all workers earn the same wage w, then
!
n
X
EBF
U P · cov1 · w
compensation =
daysi − E(sick rate) · n ·
cov1
i=1
!
n
1X
EBF
=
daysi − E(sick rate) ·
U P · cov1 · w · n
n i=1
cov1
So the amount of compensation can be written in a similar way as for contracts with
waiting periods, using the number of sick days and the deductible. In this case the
ratio

EBF
cov1

represents the deductible (expressed as the number of sick days relative to

the expected number) and U P · cov1 - the coverage. Note however that the amount
of compensation depends on the number of sick days calculated for all the workers
and the firm gets compensated only if all the costs exceed the given threshold, while
contracts with waiting periods offer compensation for each sickness spell longer than
a given waiting period.

A.2.2

Impact of the financial crisis on absenteeism in the insured
firms

Figure A.7 presents the variation of mean average real salaries in the insured firms over
time. In order to correct for inflation, we assumed a 2% inflation rate in each year, which
is consistent with the average inflation rate in the Netherlands between 2004 and 2012.
The sharp increase of average salaries among firms insured in 2010 is most likely due to the
selection caused by the financial crisis. The crisis was affecting the Netherlands starting
from 2009, but in this year the negative economic conditions were cushioned by anti-crisis
policies protecting firms and employment. Those policies expired in 2010, which resulted
in many firms being severely affected by the negative economic conditions in that year1 .
The selection of firms insured is visible in Figure A.8 presenting the average number of
workers employed in an insured firm and the number of firms quitting the contracts in a
given year. According to the results, the average number of workers went down in 2010,
which was due to many firms downsizing. Moreover, significantly more firms than normally
did not extend their contracts after 2009, so those that did, were likely to be positively
1

Note that even though we corrected for inflation, there is still a small upward trend in the data on

salaries before 2010
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selected. Therefore, we will look at insurance contracts until 2009, and we will analyze
sickness durations that started before 2010.

Figure A.7: Variation in average real salaries among firms insured per year ( mean values
with 95% confidence intervals, in thousands euros)
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Figure A.8: Average number of workers per year (with 95% confidence intervals) and the
number of firms not extending their contracts in a given year
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Description of variables

In the data, we use the following variables:
1. the length of the sickness spell
2. 4 dummy variables for levels of deductibles: waiting period of 2 weeks, 6 weeks, 13
weeks or no waiting period (we will refer to this dimension as ”type of a contract”
or ”type of deductible”)
3. 4 dummy variables representing the coinsurance rates: coverage 70%, 85%, 100% or
125% of a net wage (”levels of coverage”). For contracts without waiting periods, the
compensation rates equal up ∗ cov and we look at the same values as for contracts
without waiting periods.
4. a dummy variable representing the choice of assistance in 2007: equal to 1 if the firm
chose a product with assistance in 2007, and 0 otherwise (A2007 )
5. a dummy variable taking value 1 if a firm had an insurance contract with assistance
in a given year
6. 5 dummy variables representing firm size categories: less than 3 workers, 4-5 workers,
6-10 workers, 11-20 workers and more than 20 workers
7. average real salary: level and level squared
8. dummies representing an industry sector where the firm operates
9. yearly time dummies: for years 2004 - 2009
10. variables representing absenteeism history from the last 3 years: average number of
absences reported per worker per year, and the average duration of absences reported
per worker per year
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Additional Tables

Table A.3: Number of new contracts with given waiting period or coverage per calendar
year

Waiting Period
2 days
1 week
2 weeks
6 weeks
13 weeks
no wp
Total
Coverage in the 1st year
70%
80%
85%
95%
100%
115%
120%
125%
Total

2004
No.

2005
No.

Year
2006
2007
No.
No.

2008
No.

2009
No.

Total
No.

48
147
15,253
5,867
1,362
716
23,393

922
278
2,357
1,237
585
191
5,570

74
8
2,731
1,364
514
107
4,798

56
6
1,235
524
225
35
2,081

82
12
3,365
1,577
420
73
5,529

76
6
2,090
744
221
76
3,213

1,258
457
27,031
11,313
3,327
1,198
44,584

2004
No.

2005
No.

2006
No.

2007
No.

2008
No.

2009
No.

Total
No.

6,399
0
2,026
33
13,393
0
1
1,541
23,393

1,454
0
248
273
3,149
6
74
366
5,570

999
0
109
0
3,577
102
1
4
4,792

402
4
5
0
1,670
0
0
0
2,081

1,664
0
111
0
3,642
0
0
112
5,529

484
0
2
1
2,726
0
0
0
3,213

11,402
4
2,501
307
28,157
108
76
2,023
44,578
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Table A.4: Number of firms insured per industry sector, per year

sector indicator

2004
No.

2005
No.

Year
2006
2007
No.
No.

2008
No.

2009
No.

Total
No.

1 Agriculture, forestry and fishing
2 Mining and quarrying
3 Manufacturing
4 Electricity, gas, steam and air conditioning supply
5 Water supply; sewage, waste management, remediation
6 Construction
7 Wholesale and retail trade; repair of motor vehicles
8 Transportation and storage
9 Accommodation and food service activities
10 Information and communication
11 Financial institutions
12 Renting, buying and selling of real estate
13 Consultancy, research, other specialised business serv.
14 Renting and leasing of tang. goods
15 Public administration, public services
16 Education
17 Human health and social work activities
18 Culture, sports and recreation
19 Other service activities
99 Unknown

229
0
362
0
0
1,681
8,510
559
1,505
218
278
161
905
1,581
4
56
681
758
2,150
3,549

266
0
367
0
0
3,031
8,424
571
1,552
237
284
164
926
1,591
3
55
913
772
2,154
3,614

177
4
2,693
0
40
2,564
8,803
593
1,676
149
154
175
1,148
1,050
43
119
984
551
2,485
4,231

183
4
2,495
2
39
2,428
8,413
556
1,579
181
151
173
1,213
960
42
130
1,077
540
2,345
2,888

199
3
2,378
3
39
2,320
8,368
566
1,629
243
145
206
1,335
926
39
156
1,694
606
2,577
3,156

215
2
2,270
5
36
2,144
8,216
543
1,655
279
149
191
1,415
922
37
152
1,603
576
2,491
3,268

1,269
13
10,565
10
154
14,168
50,734
3,388
9,596
1,307
1,161
1,070
6,942
7,030
168
668
6,952
3,803
14,202
20,706

23,187

24,924

27,639

25,399

26,588

26,169

153,906

Total
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Table A.5: Deviations from the trend of firms that chose additional assistance in 2007,
in the hazard regression on sickness spells that started before 2007 in small, medium and
large firms
(1)

(2)
(3)
(4)
small firms (<5 workers)
2 weeks
6 weeks
13 weeks

all
2004
2004
2004
2004
2005
2005
2005
2005
2006
2006
2006
2006
N

cov=70%
cov=85%
cov=100%
cov=125%
cov=70%
cov=85%
cov=100%
cov=125%
cov=70%
cov=85%
cov=100%
cov=125%

−0.099
0.077
−0.055
−0.063
−0.090
0.021
0.019
0.008
−0.038
0.037
0.061
0.005

18945

−0.072
0.034
−0.064
−0.049
0.028
0.017
0.023
0.016
0.012
0.170
0.120
0.000
14076

(11)
all
2004
2004
2004
2004
2005
2005
2005
2005
2006
2006
2006
2006
N

cov=70%
cov=85%
cov=100%
cov=125%
cov=70%
cov=85%
cov=100%
cov=125%
cov=70%
cov=85%
cov=100%
cov=125%

−0.118∗∗
−0.096
−0.075
−0.104
−0.149∗∗∗
−0.077
−0.049
−0.092
−0.142∗∗∗
−0.002
−0.044
−0.002

151502

−0.490
−0.236
−0.300
−0.322
−0.827∗∗
−0.292
−0.239
−0.335
−0.473
−0.766∗∗
−0.431
0.008
3903

(5)

(6)

no wp

all

0.181
1.372
−0.069
0.152
−0.206
0.633
−0.340
−1.118
−0.105
−0.060
936

30

no wp

−0.433∗
−0.583∗∗
−0.396
−0.689∗∗
−0.366
−0.407
−0.353
0.000
−0.388
−0.104
−0.285
−0.452

0.179
−0.011
0.241
0.030
0.172
0.249
0.267
0.176
0.263
0.396
0.295∗
0.265

−0.095
0.020
−0.133
0.011
−0.184∗
−0.068
−0.069
−0.086
−0.110
−0.056
−0.109
−0.000

40776

−0.025
−0.033
0.097
0.136
−0.024
−0.009
0.084
−0.026
−0.116
0.065
0.101
0.213
42831

17394

−0.245∗∗∗

−0.311∗∗∗

−0.225∗∗
−0.168∗
−0.184
−0.209∗∗
−0.216∗∗
−0.190∗∗
0.000
−0.084
−0.164
−0.112
0.069

−0.374∗∗∗
−0.329∗∗∗
−0.324∗∗
−0.315∗∗∗
−0.348∗∗∗
−0.306∗∗∗
−0.091
−0.174
−0.184
−0.239∗∗
0.000

28678

(12)
(13)
(14)
large firms (≥10 workers)
2 weeks
6 weeks
13 weeks

(7)
(8)
(9)
medium firms (5-9 workers)
2 weeks
6 weeks
13 weeks

19168

−0.330
0.033
−0.132
−0.434
−0.285
−0.184
−0.353
−0.193
−0.045
−0.140
−0.189
0.050

6448

−0.782∗
−0.726
−0.267
−0.001
−0.545
−0.924∗∗
−0.318
−0.702∗
−1.050∗∗
−0.264
2121

(10)
no wp
0.537
−0.140
0.239
1.446
0.484
1.236
0.396
0.348
0.461
0.890
0.290
941

(15)

51536

Notes: Estimation results of stratified Cox proportional hazard regressions, corrected for assistance choice
in 2007, type of contract (type of deductible and size of coverage), trend (separate for each level of coverage),
average salaries in a firm, industry sector. ∗ p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Additional Figures

Figure A.9: Ex ante differences in recovery rates between firms with different type of
contracts
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Figure A.10: Recovery rates by type of a contract and firm size

Figure A.11: Baseline survivor functions of firms with different type of deductibles that
did or did not decide to switch to the product with additional assistance
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Appendices to Chapter 4
Threshold calculations

Assume that the insurance company sets premium using the proportional loading scheme
q1 − q0 = (1 + α)θ̄µL (D). Then:
γ(1 + α)θ̄µL (D) ≤ θ̄ Eeγl − Eeγ min(l,D)



⇐⇒
Z +∞ γl

1
e − eγD
L
γl
γ min(l,D)
(1 + α)µ (D) ≤
Ee − Ee
=
dF (l)
γ
γ
D

We analyze the right-hand side of the above expression:
Z +∞ γl
Z +∞ γ(l−D)
e
−1
e − eγD
γD
dF (l) = e
dF (l)
γ
γ
D
D

Z +∞ 
1
2 2
1
+
(l
−
D)γ
+
(l
−
D)
γ
+
.
.
.
−1
2
= eγD
dF (l)
γ
D

Z +∞ 
1
1
2
3 2
γD
= e
(l − D) + (l − D) γ + (l − D) γ + . . . dF (l)
2
3!
D
This expression is increasing in γ, if γ → 0+ it converges to
Z +∞
(l − D) dF (l) = µL (D) < (1 + α)µL (D)
D

If γ → +∞ it goes to infinity.
Together these results prove that there exists a threshold γ ∗ > 0 above which the agents
will want to buy the extra insurance.
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A.3.2

Learning about the risk type

Learning in discrete time
First consider discrete time Bayesian learning. Denote by ki the number of accidents
observed in the i-th contract year. The accidents arrive according to a Poisson process,
hence the likelihood of observing k1 , . . . , kn accidents during n years of a contract equals:
θkn −θ
1
θk1 −θ
e · ... ·
e =
θKn e−nθ
Ld (k1 , . . . , kn , t|θ) =
k1 !
kn !
k1 ! · . . . · kn !
Pn
where Kn =
i=1 ki . By using Bayes’ rule we find that the posterior distribution of
θ|k1 , . . . , kn is given by:
f d (θ|k1 , . . . , kn , t) = R

Ld (k1 , . . . , kn , t|θ)g(θ)
θKn e−nθ g(θ)
R
=
Ld (k1 , . . . , kn , t|θ)g(θ) dθ
θKn e−nθ g(θ) dθ

(A.1)

Learning in continuous time
In the continuous time, the likelihood of observing Kt accidents until time t, at moments
T1 , . . . , TKt , equals:
Lc (T1 , . . . , TKt , t|θ) = f (T1 |θ) · f (T2 − T1 |θ) · . . . · f (TKt − TKt −1 |θ) · S(t − TKt |θ)
The accidents arrive at a Poisson rate θ, therefore durations between the subsequent events
are exponentially distributed with parameter θ. Hence:
Lc (T1 , . . . , TKt , t|θ) = θe−T1 θ · θe−(T2 −T1 )θ · . . . · θe−(TKt −TKt −1 )θ · e−(t−TKt )θ = θKt e−θt
The posterior distribution of θ is then given by:
f c (θ|t1 = T1 , . . . , tKt = TKt , tKt +1 > t) = R

Lc (T1 , . . . , TKt , t|θ)g(θ)
θKt e−θt g(θ)
R
=
(A.2)
Lc (T1 , . . . , TKt , t|θ)g(θ)dθ
θKt e−θt g(θ) dθ

Note that the formulae for the posterior distribution of θ in the discrete and continuous
case during the n + 1-th contract year are very similar. The main difference is that the
P
total number of accidents observed during n years Kn = ni=1 ki in (A.1) does not include
accidents that could occur during the ongoing contract year t−n = t−btc. These accidents
are taken into account by Kt in formula (A.2). Moreover, the powers of the exponential
functions in both formulae contain the length of the observation history, which in the
continuous case equals t but in the discrete case equals n = btc ≤ t. Hence, the only
reason for the difference in posteriors between the discrete and continuous cases is that
the continuous time posterior includes information about accidents that could occur in the
current contract year.
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Results for the Gamma prior
Assume that both the company and the agent use a Gamma(a, b) distribution as a prior
distribution for θ. Then the resulting posterior distributions are also Gamma with the
following parameters:
θ̂d ∼

Gamma(a + Kn , b + n)

θ̂c ∼

Gamma(a + Kt , b + t)

The resulting estimators of the expected accident arrival rate will then equal the posterior
means of the above distributions:
a + Kn
b+n
a + Kt
=
b+t

θ̄d =
θ̄c

Samenvatting (Dutch Summary)
Het onderzoek in deze dissertatie bevindt zich op het kruisvlak van onderzoek naar ‘verzekeringen’ en onderzoek in de ‘gezondheidseconomie’.
Allereerst onderzoek ik assymetrische informatie in verzekeringscontracten. Een typisch
voorbeeld van asymmetrische informatie is adverse selectie. Dit treedt op wanneer individuen met verhoogd risico vaker de verzekering nemen. Een ander voorbeeld van assymetrische informatie is moral hazard (moreel wangedrag). Dit treedt op wanneer een
individu haar gedrag veranderd omdat zij verzekerd is. Het effect van moral hazard kan
zijn dat het daadwerkelijke risico op ongelukken hoger is dan verwacht doordat de verzekerde meer risico’s neemt.. Bij het ontwerpen en reguleren van verzekeringen moet rekening worden gehouden met assymetrische informatie omdat het kan leiden tot suboptimale
marktuitkomsten of zelfs marktfalen.
In hoofdstuk 2 test ik of moral hazard optreedt wanneer bedrijven ervoor kiezen om zichzelf
te verzekeren tegen ziekteverzuim. Deze atypische vorm van moral hazard, die optreedt
aan de kant van de werkgever, ontstaat door de hoge kosten van het het monitoren van ziekteverzuim. Als het overgrote deel van de ziektekosten van werknemers door de verzekeraar
verzekerd wordt, dan kunnen de kosten voor monitoren hoger uitvallen dan de verwachte
opbrengsten. In dit geval ontstaan er motieven voor bedrijven om ziekteverzuim niet te
monitoren en dit kan resulteren in moral hazard doordat werknemers langer dan noodzakelijk verzuimen. In dit hoofdstuk presenteer ik een empirisch kader waarmee ik het effect
van een verandering in het monitoringsbeleid van een verzekeraar op de duur van ziekteverzuim onderzoek. Hiervoor gebruik ik data van een grote Nederlandse verzekeraar
waarmee ik laat zien dat verzekeringen tegen ziekteverzuim de motieven voor bedrijven
om ziekteverzuim te monitoren verminderen. Dit resulteert in een klassiek moral hazard
probleem. Met een theoretisch model gebaseerd op dit moral hazard probleem laat ik zien
waarom kleinere bedrijven een uitgebreidere verzekering met meer dekking afsluiten dan
grotere bedrijven.
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SAMENVATTING (DUTCH SUMMARY)

Moral hazard en adverse selectie kunnen verborgen worden door andere factoren die de correlatie tussen verzekeringsclaim en dekking kunnen beı̈nvloeden. In hoofdstuk 3 presenteer
ik een voorbeeld van zo’n effect: het proces waarin iemand leert over zijn eigen risicoprofiel
met betrekking tot een autoverzekering. In dit voorbeeld verwerk ik dit leerproces in een
typisch theoretisch kader om verzekeringsbeslissingen te modeleren. In de huidige literatuur wordt het veranderen van contracten meestal geı̈nterpreteerd als een resultaat van
een assymetrisch leerproces met betrekking tot het risicoprofiel van de verzekerde. Ik laat
zien dat, in tegenstelling tot deze hypothese, veranderingen in contracten ook veroorzaakt
kunnen worden door non-proportionele prijsstelling of een assymetrie in het leerproces van
de verzekeraar versus de verzekerde. Ik bewijs, op basis van standaard veronderstellingen,
dat de beslissing van een verzekerde om te kiezen voor een bepaald contract, alleen afhankelijk is van zijn risico aversie en niet van het verwachte risico. De enige veronderstellingen
die ik maak zijn dat verzekerden gekenmerkt worden door CARA nutsfuncties, verzekerde
en verzekeraar een symmetrisch leerproces hebben en dezelfde verwachting hebben van de
risico’s van de verzekerde. Ik test de voorspellingen van dit model met data van een autoverzekeringscontract en laat zien dat de nul-hypothese van het ontbreken van motieven
om van contract te veranderen ontbreekt.
De tweede focus van dit proefschrift is gezondheidseconomie, en meer specifiek het testen
van de ‘fetal origins’ hypothese. Deze hypothese stelt dat slechte voedingsomstandigheden
tijdens de zwangerschap of vlak na de geboorte kunnen resulteren in onderontwikkeling van
de vitale organen. Dit kan leiden tot een verhoogd risico op chronische ziekten op latere
leeftijd. Het testen van deze hypothese is moeilijk, omdat data nodig zijn over vroege
levenservaringen en uitkomsten op latere leeftijd. Bovendien zijn er vaak confounding
factoren die uitkomsten in het latere leven beı̈nvloeden. Niet-geobserveerde kenmerken
van een individu of gezin, zoals armoede en biologische factoren, kunnen zowel vroege
levenservaringen als uitkomsten op latere leeftijd beı̈nvloeden waardoor het observeren
van causale relaties bemoeilijkt wordt. Bovendien kunnen slechte omstandigheden in het
vroege leven het overlijdensrisico verhogen waardoor er selectie kan optreden die lange
termijn effecten verhult.
In hoofdstuk 4, op basis van Lindeboom et al, 2014, test ik de ‘fetal origins’ hypothese met
een unieke dataset met geboorte- en overlijdensaktes van mensen die geboren zijn voor,
tijdens en na de Nederlandse Aardappel Hongersnood (1846-1847) in Zeeland, Nederland.
De hongersnood creëerde exogene variatie in de voedingsomstandigheden van pasgeboren.
Door gebruik te maken van de informatie over andere kinderen in het gezin controleer
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ik voor niet-geobserveerde kenmerken van het gezin die de uitkomsten op latere leeftijd
kunnen beı̈nvloeden. Bijvoorbeeld, bepaalde biologische of socio-economische kenmerken
van een gezin kunnen het effect van het ervaren van een hongersnood op jonge leeftijd
vergroten of verkleinen. Als hiervoor niet gecontroleerd wordt dan kan dit leiden tot foute
schattingen van het effect van de hongersnood. Ik gebruik hiervoor een unieke dataset met
informatie over broers en zussen in een gezin die gevolgd zijn van geboorte tot overlijden.
Deze dataset voeg ik samen met data over regionale voedselprijzen en per capita caloriewaarden in de negentiende eeuw in Nederland. Door het gebruiken van de data over
de caloriewaarden kan ik het effect schatten van het dieet (eiwitten en dierlijke eiwitten)
tijdens de zwangerschap en op jonge leeftijd op uitkomsten op latere leeftijd. Ik laat zien
dat de omstandigheden tijdens de zwangerschap en op jonge leeftijd (1-5 jaar) van belang
zijn voor overlijdenspatronen op zowel jonge leeftijd (1-10 jaar) als latere leeftijd (50-60
jaar). Deze resultaten blijven significant als ik corrigeer voor niet-geobserveerde kenmerken
van het gezin. Mijn resultaten laten ook zien dat het effect sterker is voor kinderen van
ongeschoolde landarbeiders en gezinnen met lage sociale status. Additionele analyse van
de gezinseffecten laat zien dat er grote verschillen bestaan tussen het risico of overlijden.
De effecten van de hongersnood verschillen ook per gezinstype. De effecten van de hongersnood op jonge kinderen zijn groot voor families die al een hoog overlijdenrisico hebben
en verwaarloosbaar voor families met een laag overlijdensrisico. Het kan geconcludeerd
worden dat het meemaken van een hongersnood op jonge leeftijd de ongelijkheid in overlijdensrisico’s en de resterende levensverwachting op oudere leeftijd vergroot.
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