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Economic literature clearly establishes the link between socio-economic status, good

health and a high level of education. Health status also appears to be a determining factor

in an individual’s present and future preferences (Disney et al., 2006). The relationship

between health status and employment status is the subject of numerous research stud-

ies and can be apprehended from the principle of double causality: self-selection bias

(healthy worker effect) and causal effect (reverse causality) (Currie and Madrian, 1999).

These two non-contradictory and potentially simultaneous working hypotheses are stud-

ied in this study.

1 Problematics

1.1 Healthy worker effect

The healthy worker effect hypothesis states that a deteriorated health status can have an

impact on an individual’s professional integration by reducing individual productivity

and thereby earning capacity on the labour market, or by increasing medical expendi-

tures thereby reducing savings and personal patrimony. Poor health status is one of the

factors contributing to changes in individuals’ preferences for leisure and labour market

participation. Numerous studies reveal that self-selection bias resulting from health-

related attitudes can have an impact on socio-economic status and more particularly,

employment status. This literature gives rise to numerous methodological debates as

biased self-reports and health status measurements can bias error results. Self-reporting
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can be influenced by individuals’ social characteristics, their position on the labour mar-

ket or health status resulting in socio-cultural biases and endogeneity (Bound, 1991).

When the data allows it, it appears necessary to compile objective measurements (such

asmortality) with subjectivemeasurements since the exclusive use of self-reported health

status measurements could introduce statistical artefacts into the relationship.

Studies investigating the financial determinants of early retirement from the labour

market are abundant (Gruber andWise, 1999; Blöndal and Scarpetta, 1998). Using Euro-

pean data on the population aged 50 and over, Blanchet and Debrand (2007) however

show that financial incentives although measured in an imperfect way, have a significant

impact at individual level but that nevertheless seems less marked than that of the non-

financial variables’. In an exhaustive review of the literature, Lindeboom (2006) clearly

establishes the relationship between a deteriorated health status and early retirement

from the labour market (Bound et al., 1999; Kerkhofs et al., 1999; Campolieti, 2002).

Most of these studies, however, focus exclusively on the population aged 50 and over

and identify health status as a determining factor in the low employment rate of older

workers. Studies involving this age group are rendered more complex by , possible age

discrimination in the employment of older workers and the different schemes permitting

early retirement from the labour market. Financial incentives, retirement opportunities

or ex-post justification (Barnay, 2009) can bias the relationship between health and occu-

pational status. Using French data, Barnay and Briard (2007) analysed the retirement

behaviours of French Social Security pension scheme beneficiaries born in 1940 who had

claimed their pension rights despite an insufficient insurance period. The authors show

that early retirement, on a reduced-rate pension or because of incapacity or invalidity, is

related to a deteriorated health status, and equally highlight the existence of cumulative

effects and their interactions with labour market experiences, especially at the end of an

individual’s working life. Barnay and Jeger (2007) furthermore show that the relative

lack of claims for invalidity pensions in France can be explained by the higher financial

incentives offered by alternative schemes. In effect, the wage replacement rate offered by

invalidity pensions (less than 50% without complementary insurance coverage) is often

inferior to unemployment benefits replacement rates at the end of a working career (from

65 to 75%). Barnay (2008) finally advances the hypothesis that exemption from seek-

ing employment, progressively being abolished since the summer of 2008, could benefit

individuals in poor health looking for early retirement possibilities through the various

systems available.

Besides the numerous specific studies dealing with the effects of health on the employ-

ment of older workers, it would appear that health status has no effect on professional

mobility. Health problems do not increase the risk of decline in professional mobility

(Van de Mheen et al., 1999). Its effect on income or salary, however, remains ambiguous.

Currie and Madrian (1999), for example, conclude that health has no effect on salary
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whereas Lechene and Magnac (1994) demonstrate that health has a transitory effect on
salary explained by stagnation in human capital accumulation. Similarly, Rioux (2001)

shows that in France, RMI beneficiaries in better health seek employment more effi-

ciently. The effect of health on the accumulation of personal assets is thus potential even

though strongly related to ageing (Smith, 1998).

1.2 The reverse causality effect

The reverse causality hypothesis suggests that professional integration determines health

status via a multitude of potential intermediary factors such as risk behaviours, access to

healthcare, material life or early life conditions, and their cumulative effects.
Risk behaviours (tobacco, alcohol or drug consumption, sedentariness. . . ) are deter-

mining factors in the early appearance of chronic illness. These are more widespread in

disadvantaged environments (Stronks et al., 1997; Smith, 1999). Marmot (2000) thus

shows that a third of the variance in mortality rates due to coronary disease can be

attributed to tobacco consumption, high blood pressure, sedentariness or even an indi-

vidual’s size.

Access to healthcare could equally play a role in the causality relationship between

employment status and health status. In France, the Statutory Health Insurance scheme

covers the quasi totality of the population, only 6% remaining without complementary

health insurance (CHI) coverage. Among the individuals without CHI coverage, 46%

self-report financial reasons. Furthermore, coverage levels among CHI beneficiaries are

extremely heterogeneous. The more generous company-provided CHI reinforces social

health inequalities between the economically active and inactive populations but also

within the working population: 76% of executives benefit from employer-provided CHI

against only 58% of unskilled workers and 53% of commercial sector employees (Per-

ronnin et al., 2011). The assumption here is that favourable socio-economic conditions

result in access to better quality healthcare through access to better information and a

higher degree of preventive behaviour.

Furthermore, a better professional integration improves income level and thereby

increases the opportunities of investing in one’s health through sport, a varied, healthy

diet, better housing conditions and even better working conditions. By improving one’s

material living conditions, socio-economic status thus leads to a better health status. The

literature has shown that an improvement in living conditions favours a better health

status whether defined in terms of income (Ecob and Davey Smith, 1999; Soobader and

Le Clere, 1999; Fiscella and Franks, 2000; Deaton and Paxton, 2001), employment sta-

tus (Or, 2000; Mesrine, 2000), working conditions (Dyèvre and Léger, 1999; Askenazy,

2000; Dumartin, 2000), education level (Blampin and Eneau, 1999; van Rossum et al.,

2000; Everson et al., 2002), socio-demographic factors (Grundy and Holt, 2000) or liv-

ing environment and neighbourhood (Bosma et al., 2001). A contrario, the persistence
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of massive unemployment and recurrent forms of inactivity has a deteriorating effect on
health status. In France, the annual risk of death for an unemployed male is three times

higher than for an employed male of the same age (Mesrine, 2000). Numerous stud-

ies show a causality relationship between unemployment and poor health (Chan and

Stevens, 2001, Kalwij and Vermeulen, 2008; Bockerman and Ilmakunnas, 2009; Sullivan

and von Wachter, 2009; Eliason and Storrie, 2009).

Several studies attach importance to the cumulative effects of events experienced

throughout an individual’s life cycle. It has been established that an individual’s socio-

economic situation during childhood, or even in utero, (according to the latency hypoth-

esis or latency model Barker, 1999; Wadsworth, 1999), and labour market trajectory

(Wadsworth, 1986; Currie and Hyson, 1999; Case et al., 2002; Currie and Stabile, 2003;

Case et al., 2005) are important determinants of health status in adulthood. Lindeboom

et al. (2006) for example, show that childhood environment influences the probability

of experiencing occupational accidents and disability. A large body of literature equally

acknowledges the role played by the social determinants of health (Wilkinson, 1992;

Marmot and Wilkinson, 1999; Berkman and Kawachi, 2000). Psychosocial factors such

as the feeling of hierarchical dominance, the loss of autonomy or deprivation increases

the probability of exposure to stress and psychological distress. An individual’s socio-

professional situation will thus favour (or not) the emergence of psychosocial problems

that will lead to a deterioration in health status.

1.3 Hence the necessity of considering the causality of the relationship

The relationship between health and employment status is thus extremely difficult to

grasp in that it is characterized by endogeneity, simultaneous causality and measure.

Although the existence of a health-related self-selection effect on labour market inte-

gration has been established, no econometric study in the health economics domain has

clearly established the role played by employment status on health. Certain confounding

factors can simultaneously influence both health status and socio-economic status such

as a present-biased preference or the degree of aversion to risk.

In order to resolve some of these difficulties, Tessier and Wolff (2005) carried out

the most comprehensive study to date using cross-sectional French data. It analyses

the population aged 25 to 55 using a discreet time simultaneous equation model. The

authors clearly establish the impact of health on labour market participation from an

individual’s entry into employment. On the other hand, professional activity does not

appear to have an impact on health which could indicate a specification problem in the

econometric model used.

Our aim in this work is to understand the simultaneous causality relationship between

health status and employment status in the French population aged 30-59 using a simi-

lar model enriched with SIP data. In order to achieve this, several theoretical hypotheses
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will be tested using a gender-based approach.

One of the most striking features of the post-war economy was the growth in women’s

labour force participation (Maruani, 2004) although for 30% of them it essentially con-

sisted in unemployment and part-time work (Arnault 2005). Women are faced with more

constraints throughout their professional careers than men. The female image’ is more

likely to be modelled around the existence of family constraints than the male image’

(Barnay, 2005). Finally, the call for projects specifically mentions the female population

having had to cumulate family and professional responsibilities’ as a specific domain for

analysis. In this case, is the attempt to measure the health-employment status relation-

ship in the female population relevant? This question is all the more legitimate in that

several studies highlight the absence of a relationship between economic inactivity (the

housewife’ status) and health status in women aged over 50 (Barnay, 2008). Yet, women

self-report more health problems than men of the same age (Strauss et al., 1998). Fur-

thermore, women aged over 50 more frequently report activity limitations and illnesses

than men. It is likely that for the younger generations, women’s activity behaviours are

closer to those of men. Some factors however remain specific to women’s labour par-

ticipation: the tax treatment of a household’s second income, childminder schemes and

child and parent support services, family benefits, parental or maternity leave, different
factors that can potentially constrain women’s activity behaviours.

Furthermore, the early retirement decision does not generally stem from individual

behaviour (Chiappori, 1992). Yet the classical dynamic models of the type Rust and Phe-

lan (1997) and option value models (Blanchet and Mahieu, 2001) assume that within a

couple, retirement decisions are taken independently. The unit of reference is thus the

individual rather than the couple. It however seems likely that, financial means permit-

ting, the preference for “leisure” increases in value if the spouse has already retired from

the labour market.

Several American studies have attempted to measure complementarities in spouses’

preferences for leisure (Hurd, 1990; Blau, 1998; An et al., 1999). Gustman and Steinmeier

(2000) and Hurd (1990) show that a correlation in spouses’ retirement dates effectively
exists and conclude that three factors explain this correlation: shared tastes, a wealth

effect related to the marginal benefits of working an extra year, and complementary pref-

erences for “leisure”.

An et al. (1999) studied the joint retirement of married couples and demonstrated

that living as a couple plays a determining role in the retirement decision whereas pen-

sion level and marginal gains from working longer appear to have little influence. Blau

(1998) investigates the labour force transitions of older married couples and concludes

that preferences for leisure’ within a couple are interdependent. Sédillot and Walraët

(2002) evaluated the interdependence of retirement decisions based on French data using

a modelling method similar to that used by Gustman and Steinmeier (2000). They deter-
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mine a household model in which spouses share their resources (the joint utility function

is the sum of the utility function of each spouse) and benefit from economies of scale.

The individual decision to retire (preference (or not) for leisure’) depends on the spouse’s

activity status. For example, the probability of a married woman’s retirement decision

is three times higher if the husband has already retired than if he is still working. This

French study confirms the results of the Loprest et al. (1995) study demonstrating that

male and female behaviours are different and that the impact of martial status on retire-

ment decisions differs according to gender. It is thus clear that women, through their

investment in the family (turned towards caring for children, spouse and dependent

parents) are required to make choices that will have an impact on their labour supply.

Moreover, do family policies constitute an obstacle to continuing a professional activity?

We would also like to differentiate between age effects and generation effects. Potential
age effects can be numerous; one can intuitively deduct, for example, that the presence

of children at the beginning of a woman’s professional career will considerably constrain

her labour supply. It is then likely that the presence of a spouse will have an impact on

her labour supply, and finally, after 45 years old, informal care for a dependent parent is

likely to have an impact on both health status and employment status. Generation effects
can have an impact on fertility behaviour (delaying the age of first maternity, number of

children. . . ) and the growth of women’s labour supply in relation to sector-based trends

on the labour market (notably era’ effects).

2 Methodology

2.1 The model

The aim of this study is to simultaneously measure the effects of health-related self-

selection on employment status and the reverse causality effect within the population

aged 30-59 in France (a total of 8,667 individuals of which 50.6% women). A spe-

cific modelling method was elaborated to take both simultaneity bias and the ordinal

nature of the variables into account: a simultaneous-equation bi-ordered probit model

presented as follows:

y?1 i = a1y
?
2 i + b1x1 i + c1 +u1 i

if λ1 j−1 ≤ y?1 i < λ1 j then y1 i = j j = 1, . . . ,K1

y?2 i = a2y
?
1 i + b2x2 i + c2 +u2 i

if λ2 j−1 ≤ y?2 i < λ2 j then y2 i = j j = 1, . . . ,K2

The first equation explains the latent variable of professional integration, y?1 i , dependant

on the latent variable of health status, y?2 i , and socio-economic variables written x1 i . Here
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% weighted
1. Inactivity 13.6
2. Unemployment 8.0
3. Employment 78.4

Table 1: Actual professional situation — population aged 30–59

it involves estimating a multilevel ordered polytomous probit model. The second equa-

tion explains the latent variable for health status, y?2 i ; dependent on the latent variable

for professional integration, y?1 i , and socio-economic variables written x2 i . Several health

status measurement tools will be tested.

2.2 The variables of interest

Actual professional situation y1 i is estimated from three ordered modalities: economic

inactivity, unemployment and employment. The population retained in the sample is of

working age and is consequently characterised by a high employment rate of 78% (cf.

table 1).

Taking into account the complexity of measuring health status, we opted for the three

health status measurements y2 i , constituting the Mini European Health Module. As is

traditionally the case in this type of analysis, we use three health indicators susceptible

of indicating the plurality of health statuses:

1. The self-perceived health indicator corresponds to the question standardised by

the World Health Organisation Regional Office for Europe: “How is your health

in general: very good, good, fair, poor or very poor?” 75% of the population aged

30-59 self-report good or very good health.

2. The prevalence of chronic diseases is determined from responses to the question:

“Do you currently suffer from one or more chronic conditions?” Almost a third of

the population suffers from a chronic disease.

3. Activity limitations are determined from responses to the question: “During the

last six months, have you been limited in activities which people normally carry

out due to a health problem?” 15% of the population report activity limitations.

2.3 Identification conditions and explanatory variables

Estimating a discreet choice, simultaneous equation model requires that identification

conditions be defined in view of the elements of the hypotheses advanced by the litera-

ture. It is important to test the robustness of these conditions susceptible of influencing

results. We retained the following explanatory factors for employment status and health

status.
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2.3.1 Explanatory variables for the professional insertion model

The choice of a population aged 30 and over avoids taking into account preliminary train-

ing periods considered as being periods of inactivity. Fixing the upper bound at 59 years

old avoids the added complexities of analysing the conditions under which labour supply

is maintained after the age of 50, due to the various opportunities for early retirement

and dedicated schemes, resulting in a radical drop in the older worker employment rate

(68.6% against 84.3% for individuals aged 40 to 49). The second phase involves analysing

the population using the following stratification: 30-39, 40-49 years old and 50-59 years

old since the explanatory variables for professional integration appear to differ signifi-
cantly according to these age groups. Living as a couple, or the number of children in

the household, also influence employment status through the complementarity of prefer-

ences for leisure and the financial burdens associated with family life. Employment rate

furthermore appears to be impacted when the number of children reaches 3 and over

(70.3% against 82.8% when there are only two children).

2.3.2 Explanatory variables for the health status model

Following the review of the literature, we introduce proxies for the intermediary factors

influencing the relationship between employment status and health status. We first of

all used an exogenous health status estimator allowing the temporal dynamics of health

deterioration and individual health histories to be taken into account. This estimator

is the sum of diseases and symptoms, disabilities and accidents taken from an individ-

ual’s employment history but excluding any self-reported relationship with professional

integration. The exogenous health status estimator (EHSE) is composed of four ordered

modes: 1 (at least three health problems), 2 (two health problems), 3 (one health prob-

lem) and 4 (no health problems). We observe a significant correlation with current health

status whatever the measurement retained. 92% of individuals who have not experi-

enced health problems during the course of their professional life do not report activity

limitations against 55.6% of individuals counting at least two health problems. Social

determinants play an early role in an individual’s constitution and rythm the deterio-

ration of health capital. In order to measure the impact of childhood conditions, we

added a dummy variable that indicates whether an individual experienced healthrelated

events during childhood (disability; long-term illness; serious health problems within

the respondent’s family father, mother, other; physical, psychological, sexual abuse):

25% of individuals were concerned. This characteristic has a significant discriminatory

effect on the prevalence of chronic illness in adulthood (at the date of the survey) since

40% of individuals who experienced these difficulties declared suffering from a chronic

illness (against 25% for the others). As expected, high household income (sum of current

monthly resources taking all types of income into account) is a factor that contributes
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Share
weighted % in employment

Self reported health
Very bad 0.9 33.5
Bad 3.9 43.4
Fair 20.1 69.4
Good 48.5 82.3
Very good 26.7 84.8
Chronic illness
No 70.3 82.1
Yes 29.7 69.9
Activity limitations
No 85.9 82.0
Yes 14.1 57.0
Age
30-39 33.5 81.8
40-49 34.5 84.3
50-59 32.0 68.6
Sex
Women 50.6 72.2
Men 49.4 84.8
Safety professional biography
0%-25% (long employment period) 17.2 46.9
25%-50% (long employment period) 12.6 74.2
50%-75% (long employment period) 20.8 81.5
75%-100% (long employment period) 49.5 89.2
Education level
No diploma 9.4 62.6
Grade level 46.4 76.7
Bachelor level 16.9 79.5
Graduate level 27.3 86.2
Stability of professional biography
one period (max) 16.5 88.9
2 periods 28.2 82.3
3 periods 22.3 77.5
at least 4 periods 33.0 70.7
Children
None 15.7 78.9
1 19.8 80.7
2 38.0 82.8
3 and more 26.5 70.3
Couple living
No 21.0 73.5
Yes 79.0 79.8
Source: SIP Survey.
Champ: 30-59 years old, N = 8867

Table 2: Occupational status equation - explained variables

9



Self reported No No
weighted % health good chronic activity

or very good diseases limitations
Occupational Status
Inactivity 13.6 57.3 57.2 69.1
Unemployment 8.0 61.1 61.0 76.6
Employment 78.5 79.7 73.6 89.8
Age
30-39 33.5 84.9 78.8 91.7
40-49 34.5 76.0 71.6 86.0
50-59 32.0 64.2 60.1 79.9
Sex
Women 50.6 73.0 68.4 85.4
Men 49.4 77.4 72.3 86.4
Exogenous health status indicator
2 health problems and more 5.4 26.4 7.6 55.6
2 health problems 5.6 43.4 19.8 58.8
1 health problem 11.8 60.9 30.7 75.9
no health problem 77.2 83.1 84.5 91.6
Events in childhood
No 74.7 78.8 74.1 88.6
Yes 25.4 64.7 59.2 77.9
Household earnings
Less than 1 200 11.6 55.6 60.8 74.4
From 1200 to 2 000 24.1 68.5 69.2 83.9
From 2000 to 3 000 31.6 77.7 70.4 86.7
More than 3 000 32.8 84.6 74.6 90.7
Depression
No 78.7 81.3 73.3 89.0
Yes 21.3 52.5 59.6 74.8
Champ: 30-59 years old, N = 8867

Table 3: Health Status equation - explained variables

to protecting health capital. In households declaring monthly incomes of over 3,000,

85% of individuals self-report good or very good health against only 56% in households

earning less than 1200. Finally, the question concerning depression permits capturing

the effect of psychosocial factors on health status. Here it involves determining whether

the respondent has felt depressed or down over the last two weeks (“During the last two

weeks have you felt particularly sad, down or depressed most of the time during the day

and almost every day?”).

These different, simple statistical relationships must be tested so as to determine their

resistance/robustness in an analysis, all other things being equal.
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3 Econometric results

3.1 Estimation of the simultaneous equation model among the general pop-
ulation

A first series of estimations tested the causality relationship between health status and

occupational status among the general population. In order to test the robustness of the

subjective measure of health status, we carried out four estimations successively taking

into account:

• perceived health status;

• the prevalence of chronic disease(s);

• the prevalence of activity limitations;

• perceived health after correction for chronic illness.

Whatever the health measurement, a better health status improves professional inte-

gration and employability. An improvement in self-perceived health results in better

professional integration (coefficient equal to +0,5) and the presence of illness or activ-

ity limitations has a negative impact on employment status (respectively −0,2 and −0,6).
The health-related self-selection hypothesis is thus corroborated, and significantly so,

after controlling for socio-economic variables (age, gender, number of children, nature

of the professional careers) and taking into account simultaneity biases. The other fac-

tors explaining employment status have an impact in unexpected areas: the diminish-

ing degree of employability by age, and the virtuous circle effect of educational level
for example. The variables characterising an individual’s employment history deliver

coherent messages, notably that a stable professional trajectory (amount of time spent

in long-term employment) is protective of employment status quality at the time of the

survey.

When we broach reverse causality or the impact of professional integration on current

health status, the analysis leads to contrasted results. After correction for intermediary

factors (income, childhood conditions, health status estimator, psychosocial factors), a

better professional integration remains protective of individuals’ perceived health status

(estimated coefficient of 0.2) and reduces the probability of activity limitations. This

causality relationship is nevertheless more statistically fragile than the preceding one.

Intermediary factors play the role predicted by literature. The feeling of depression has

a negative effect on the way individuals assess their perceived health status and reinforces

the risk of suffering from activity limitations. Whatever the health measurement, health

problems experienced during childhood tend to explain current health status.
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On the contrary, when health status is approached from the prevalence of chronic ill-

ness, the results are not quite as expected. Initially surprising among the general popula-

tion, a better professional integration appears to favour the emergence of chronic illness

reinforcing the potentially pathogenic nature of professional activity.

3.2 Estimation of the simultaneous equation model according to gender

As gender naturally plays a significant role, especially on the labour market, we then

carried out estimations for the male and female populations so as to consolidate results

in view of a stratified analysis.

The health selection hypothesis is strengthened: for both sexes, a good health sta-

tus facilitates professional integration. The determinants of professional integration are

however markedly different between men and women. A higher number of children or

living as a couple, for example, penalizes women’s labour market integration whereas

the relationship is reversed for men. The proportion of long-term employment peri-

ods during the professional trajectory constitutes a highly determining factor in men

and women’s professional integration. Nevertheless, the role played by the professional

stability indicator (number of long-term employment periods) in the professional inte-

gration of men and women is diametrically opposed. A limited number of long-term

employment periods favours professional integration for the male population but disad-

vantages women. When one examines the second health equation, we observe that, for

both men and women, professional integration causes more chronic illnesses, all other

things being equal, and confirms the hypothesis previously advanced. For the health

equation, intermediary factors play a similar role for men and women both in terms of

intensity and the significance of the relationship.

3.3 Estimation of the simultaneous equation model according to age (30-44
versus 45-59 years old)

Are these results resistant to an analysis by age range? Among the younger age group

(30-44 years old), if we examine the professional integration perceived health model

we observe that both the selection effect and virtuous circle effect of work on health are

confirmed. On the other hand, the explanatory model differs for two variables. The

advancement of age, integrated here as a continuum, facilitates professional integration

for the 30-44 age group whereas it penalizes the 45 -59 age group. The presence of

children limits the insertion of younger workers, notably due to maternity leave, but

facilitates that of older workers. The determinants of perceived health status are virtually

the same with the slight difference that advancement of age has a negative impact on

self-perceived health between the ages of 30 and 45 but is not significant after 45 years

old. The deleterious effect of professional integration on the prevalence of chronic illness
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equally resists in the analysis by age range.

Conclusion

In this paper, we try to establish from a model of equations simultaneous and latent

variable model a full explanation of the relationship between health and occupational

status

The results lead to corroborate three assumptions:

1. healthy worker effect;

2. reverse causality;

3. negative causal effect of occupational integration on health.

It seems that the results are sensitive to the measure of health used. The prevalence

of disease appears to have a special status. In particular, further investigations should be

conducted to explore the specificity of relationship we found between workforce devel-

opment and the prevalence of chronic diseases.

The introduction of variables in the model controlling working conditions or measur-

ing, more accurately, the nature of diseases by differentiating, for example those belong-

ing (or not) of occupational diseases should help to better understand this phenomenon.

In addition, a business approach should also provide input to characterise the causal

relationship.
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A The SBOP and its’ estimation

This appendix details the method used in this study: the Gibbs sampling method to esti-

mate a simultaneous equation model in which the variables to be explained are ordered

qualitative variables. It thus involves an ordered, simultaneous, bi-probit model which

we name SBOP (Simultaneous bi ordered probit).

In the first part of this appendix, we specify the two points of departure utilised: the

Gibbs sampler and the estimation of the ordered probit model using the Gibbs sampler.

In the second part, we present the method we elaborated.

A.1 The points of departure

A.1.1 The Gibbs sampler

The Gibbs sampler is used to sample a random vector θ, partitioned into p elements such

that θ′ = (θ′1, · · · ,θ
′
p). This method is notably applicable when it is easy to sample from

the conditional distribution f (θi | θj , j , i). In effect, the Gibbs sampler comes down to

iterating the following algorithm from an initial value θ(0):

1. Generate θ(t+1)
1 ∼ f (θ1 | θ

(t)
2 , · · · ,θ(t)

p )

2. Generate θ(t+1)
2 ∼ f (θ2 | θ

(t+1)
1 ,θ

(t+1)
3 , · · · ,θ(t)

p )

· · ·

j. Generate θ(t+1)
j ∼ f (θj | θ

(t+1)
1 , · · · ,θ(t+1)

j−1 ,θ
(t)
j+1, · · · ,θ

(t)
p )

· · ·

p. Generate θ(t+1)
p ∼ f (θp | θ

(t+1)
1 , · · · ,θ(t+1)

p−1 )

One shows that, for t→∞, the joint distribution of θ(t) tends towards the joint distribu-

tion of θ. After an initial “burn-in” period, that is to say for t ≥ t0, it will thus be possible

to consider that θ(t) is effectively a simulated value of θ.

A priori the method is not particularly appealing in that, on the one hand, it requires

numerous iterations during the initial “burn-in” period without obtaining any results
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and, on the other, because the “burn-in” period has to be reiterated each time one wants

to obtain a simulated value for the random vector θ.

Reiteration of the “burn-in” phase, however, is unnecessary in that, to obtain several

simulated values for θ and obtain an n-sample, it suffices to retain θ(t0), θ(t0+k), θ(t0+2k),

· · · , θ(t0+(n−1) k) where k is the step used to recuperate a simulation in the Markov chain

made up from θ(t0), θ(t0+1), · · · , θ(t0+(n−1) k). In effect, θ(t) and θ(t+1) are strongly auto-

correlated by construction and one can suppose that θ(t) and θ(t+k) are approximately

independent. It is for this reason that the Gibbs sampler is similar to the method known

as the Markov Chain-Monte Carlo (MCMC).

A.1.2 The Gibbs sampler and estimation of the ordered probit model

Albert and Chib (1993) proposed estimating the ordered probit model using the Gibbs

sampler. The ordered probit modelling method is designed to explain a qualitative vari-

able the modalities of which are ordered. Suppose, for example, that the variable in

question takes the values 1, 2 and 3 to code the responses “a little”, “very much” and

“passionately” to a given question, these values determine three groups of observations.

This model assumes the presence of a latent variable and a threshold level that, when

crossed by the latent variable, explains the discreet values taken by the variable to be

explained.

Formally, by writing the variable latent y?i , themodalities of the variable to be explained

would be generated as follows.
if y?i < λ1 then yi = 1

if λ1 ≤ y?i < λ2 then yi = 2

if λ2 ≤ y?i then yi = 3

There is one threshold less than there are groups. Taking λ0 = −∞ and λ3 = +∞, one can

write

if λj−1 ≤ y?i < λj then yi = j j = 1, . . . ,K

where K is the number of groups.

Then, a linear model is specified to retrace the evolution of the latent variable:

y?i = a1xi 1 + a2xi 2 + · · ·+ apxi P +ui i = 1, . . . ,N

where xi j j = 1, . . . , P is the value of the explanatory variable j for the observation i,

where aj j = 1, . . . , P is the unknown coefficient to be estimated and where ui is the error

term. With matrix notation, this linear model becomes:

y? = Xa+u
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where X is the explanatory variables matrix and a the vector of the coefficients to be esti-

mated. It is advisable to normalize the model without which certain parameters would

be unidentifiable. Threshold levels and threshold ranges must be determined. In effect,
if the constant is included in the model, we see that the threshold levels remain undeter-

mined. Similarly, the threshold points constitute the rungs of a ladder and one could, for

example sets λ1 to 0 and λ3 to 10. Usual practice takes λ1 = 0 and V(ui) = 1 ∀ i.
Albert and Chib (1993) propose, on the one hand, using a Bayesian approach taking

the coefficients and thresholds as being random variables for which the joint distribu-

tion should be obtained and, on the other, a data “augmentation” taking the elements

of the latent variable as non-observed random variables to be included in the estimation

process. They thus suggest applying the Gibbs sampling algorithm by partitioning the

parameters vector θ into P + (K−1) +N blocks. The first block, of size P , is destined to

simulate the coefficients (the aj ); the following K − 1 blocks are destined to simulate the

thresholds (the λj ) and the last N blocks are destined to simulate the elements of the

latent variable (the y?i ).

Albert and Chib (1993) finally show that if one retains a diffuse prior on the coef-

ficients and normality of the error term, the joint conditional distribution of the coeffi-

cients is written a follows:

a | λ,y? ∼ NP (â,Ω̂) (1)

where â = (X ′X)−1X ′y and where Ω̂ = (X ′X)−1.

Similarly, by taking a diffuse-prior threshold structure, the conditional distribution

for one of these is written as follows:

λj | λ{−j}, y
? , a ∼ U (φl

j ,φ
r
j ) j = 1, . . . ,K−1 (2)

where λ′{−j} = (λ0, . . . ,λj−1,λj+1,λK )′, where U (·, ·) denotes the uniform distribution and

with φ
l
j =max(λj−1,max{y?i | yi = j})

φr
j =min(λj+1,min{y?i | yi = j +1})

j = 1, . . . ,K−1

Eventually, the conditional distribution for an element of the latent variable is written

as follows:

y?i | yi , a,λ ∼ N (a1xi 1 + a2xi 2 + · · ·+ apxi p,1) truncated on (λyi ,λyi+1) (3)

It is thus easy to apply the Gibbs sampler by respectively simulating the conditional

distributions given by the equations 1, 2, and 3. Of course, for the moment this is noth-

ing but a theoretical curiosity since it is much easier to estimate an ordered probit by

using the maximum likelihood estimator from the start. Likelihood estimation is not a

complex process and maximising likelihood is relatively easy using a standard numeri-
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cal algorithm. However, the method suggested by Albert and Chib (1993) proves useful

when a more complex model is required.

A.2 A simultaneous equation bi-ordered probit model

The analysis of causality relationships between two ordered qualitative variables is usu-

ally carried out using a set of dummy variables for each of the two variables. If y
1
and y

2
denote the two variables and supposing they each take the values 1, 2 and 3, the follow-

ing model would be used:

y?1 i = a′111(y2 i=1) + a′131(y2 i=3) + b1x1 i + c1 +u1 i

if λ1 j−1 ≤ y?1 i < λ1 j then y1 i = j j = 1,2,3

y?2 i = a′211(y1 i=1) + a′231(y1 i=3) + b2x2 i + c2 +u2 i

if λ2 j−1 ≤ y?2 i < λ2 j then y2 i = j j = 1,2,3

where 1(y2 i=1) is the formula for the dummy variable equal to 1 when y2 i takes the

value 1, where x1 is the explanatory variable in the first equation and x2 in the second

equation. To alleviate the formulae, we assume that only one explanatory variable inter-

venes (other than the constant) in each of the two equations. It should then be noted

that it is impossible to introduce the complete set of indicator variables, for example,

in the first equation, 1(y2 i=1), 1(y2 i=2) and 1(y2 i=3): one must retain a modal refer-

ence. Finally, as in the previous case, the model must be normalized. Let λ10 = λ20 = 0,

and V(u1 i) = V(u2 i) = 1.

The causality relationship between the variables to be explained are expressed by the

coefficients a′11, a
′
13, a

′
21, and a′23. Simultaneity can also result from a common compo-

nent of the two error terms u1 i and u2 i . We thus assume that the variance-covariance

matrix of the random vector u′i = (u1 i ,u2 i)′ is :

V(ui) = V

u1 iu2 i

 = Σ =

1 ρ

ρ 1

 ∀ i

This specification does not fully take into account the outcomes of this model. In

effect, we suppose the existence of two latent variables, y?
1
and y?

2
, but we do not intro-

duce cross coefficients between the two latent variables into the system. We propose
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using the following model:

y?1 i = a1y
?
2 i + b1x1 i + c1 +u1 i

if λ1 j−1 ≤ y?1 i < λ1 j then y1 i = j j = 1, . . . ,K1

y?2 i = a2y
?
1 i + b2x2 i + c2 +u2 i

if λ2 j−1 ≤ y?2 i < λ2 j then y2 i = j j = 1, . . . ,K2

A.2.1 The maximum likelihood estimator conditioned on the latent variables

Using the standard simultaneous equation formulas, the matrix structure can be written

as follows:

Y ?Γ +XB =U

with

Y ? =
(
y?
1
| y?

2

)
, X =

(
x1 | `N | x2 | `N

)
, U =

(
u1 | u2

)
where `N is the vector size N×1 for which the elements are equal to 1 to represent the

constant and, finally, with

Γ =

 1 −a2
−a1 1

 , B =

−b1 −c1 0 0

0 0 −b2 −c2

 .
This first representation is known as the structural form model. The reduced form

model results from solving the system with respect to Y ? :

Y ? = −XBΓ −1 +U Γ −1 = XΠ+W

where

Π = −BΓ −1, W =
(
w1 | w2

)
et W =U Γ −1

One thus obtains ui = Γ −1
′
wi ∀ i where w′i = (w1 i ,w2 i)′. The variance-covarience matrix

of the error terms in the reduced form model is thus:

V

w1 i

w2 i

 =Ω = Γ −1
′
ΣΓ −1 ∀ i

This reduced form model permits the model’s log likelihood, conditioned on the

latent variable, that is to say as if the Y ? matrix was observable, to be expressed as:

ln(L) = −N ln(2) +
N
2
ln(Ω) +

N
2
tr(Ω−1Sw)

where Sw corresponds to a matrix size 2×2 written 1
N

∑
iwj iwk i . It must of course be

understood that w1 i and w2 i are implicit functions of Γ , B, Y ?
i , ant xi . After several
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algebraic manipulations, notably detailed in Greene (1993), the log likelihood can be

written as follows :

ln(L) = −N ln(2) +N ln |Γ | − N
2
ln |Σ|+ N

2
tr(Σ−1Su)

where Su is a matrix size 2×2 written 1
N

∑
i uj iuk i . In the case of our two equation system

with single error terms, the log likelihood is simplified as follows:

ln(L) = −N ln(2)+N ln(1−a1a2)−
N
2
ln(1−ρ2)+ 1

2(1−ρ2)

∑
i

u2
1 i − 2ρ

∑
i

u1 iu2 i +
∑
i

u2
2 i


It would not be very complicated to use a numerical solution algorithm to obtain

an estimation of the coefficients. The derivatives of the log likelihood are expressed as

follows for the two coefficients of the first equation:

∂ ln(L)
∂a1

=
1

1−ρ2

∑
i

y?2 iu1 i − ρ
∑
i

y?2 iu2 i

−N a2
1−a1a2

∂ ln(L)
∂b1

=
1

1−ρ2

∑
i

x1 iu1 i − ρ
∑
i

x1 iu2 i



For the second equation coefficients, the formulae are comparable, mutatis mutandis. For

the derivative with respect to ρ, the correlation between the two equations, is not quite

as simple:

∂ ln(L)
∂ρ

=
1

1−ρ2
∑
i

u1 iu2 i − ρ

∑
i

u2
1 i − 2ρ

∑
i

u1 iu2 i +
∑
i

u2
2 i

/(1−ρ2) +N
ρ

1−ρ2

Our proposal is thus to use the Gibbs sampling algorithm and the asymptotic distri-

bution of the maximum likelihood estimator as the conditional distribution to simulate

the coefficients a1, b1, c1, a2, b2, c2, and ρ. In a fairly comparable but much simpler con-

text (a bi-ordered probit model in which the two equations are correlated through the

two error terms), Biswas and Das (2002) suggest using the Gibbs sampler.
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A.2.2 The Gibbs sampler and estimation of the simultaneous equation bi-ordered

probit model

We thus seek to estimate the simultaneous equation system

y?1 i = a1y
?
2 i + b1x1 i + c1 +u1 i

if λ1 j−1 ≤ y?1 i < λ1 j then y1 i = j j = 1, . . . ,K1

y?2 i = a2y
?
1 i + b2x2 i + c2 +u2 i

if λ2 j−1 ≤ y?2 i < λ2 j then y2 i = j j = 1, . . . ,K2

that has the two following particularities. On the one hand, the variables to be explained

are ordered qualitative variables, circumvented using latent variables (the variables y?
1

and y?
2
) and thresholds (parameters λ1 j and λ2 j ) to explain the modalities taken by the

variable to be explained. On the other hand, the cross difference between the two equa-

tions falls on the latent variable of the opposing equation. The latent variables are non

observable and it is thus tempting to use the Gibbs sampler to estimate this system since

this method allows one to have these latent variables at one’s disposal by simulation.

Let γ be the vector of the parameters a1, b1, c1, a2, b2, c2, and ρ:

γ ′ = (a1,b1, c1, a2,b2, c2,ρ)
′ .

We state the following conjecture. It is possible to retain a prior distribution on γ so

that its posterior distribution becomes the asymptotic distribution of the maximum like-

lihood estimator. This conjecture is particularly reasonable. It is notably verified in a

number of simpler models, such as the ordered univariate probit model, by retaining a

diffuse prior.
We thus assume that the conditional distribution of the parameter vector is:

γ | y?
1
, y?

2
,λ1,λ2 ∼ N7(γ̂ , Φ̂) (4)

where

γ̂ = argmaxln(L) and Φ̂ =

−∂2 ln(L)∂γ ∂γ ′

∣∣∣∣∣∣
γ=γ̂


−1

We take the asymptotic distribution of the maximum likelihood estimator by estimating

the variance-covariance matrix of the asymptotic distribution by the hessian matrix of

the log likelihood evaluated at the point that maximises likelihood.

The joint conditional distribution of one of the elements of the two latent variables,
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y?
i
, is obtained by using the reduced form of the system. This is equal to:

y?
i
| y?

1−i
, y?

2−i
,λ1,λ2,γ ∼ N2(µi ,Ω) truncated on (λy

i
,λy

i
+1)

where

µ
i
=

µ1 iµ2 i

 = 1
1− a1a2

b1x1 i + c1 + a1(b2x2 i + c2)

a2(b1x1 i + c1) + b2x2 i + c2


and

Ω = Γ −1
′
ΣΓ −1 =

1
(1− a1a2)2

 1+ a21 +2a1ρ a1 + a2 + ρ+ a1a2ρ

a1 + a2 + ρ+ a1a2ρ 1+ a22 +2a2ρ

 .
The signs λy

i
and λy

i
+1 designate the four thresholds of observation y

i
; or more precisely:

λy
i
=

λ1 y1 i

λ2 y2 i

 λy
i
+1 =

λ1 y1 i+1

λ2 y2 i+1


In order to simulate this joint conditional distribution, we once again apply the Gibbs

sampler as proposed by Robert (1995). Let us designate by ω11, ω12, and ω22 the terms

of the variance-covariance matrix Ω:
ω11 = (1+ a21 +2a1ρ)

/
(1− a1a2)2

ω12 = (a1 + a2 + ρ+ a1a2ρ)
/
(1− a1a2)2

ω22 = (1+ a22 +2a2ρ)
/
(1− a1a2)2

One has

y?1 i | y
?
2 i ,µi

,Ω,λ1 ∼ N1

(
µ1 i +

ω12

ω22
(y?2 i −µ2 i),ω11 −

ω2
12

ω22

)
truncated on (λ1 y1 i ,λ1 y1 i+1)

(5)

and

y?2 i | y
?
1 i ,µi

,Ω,λ2 ∼ N1

(
µ2 i +

ω12

ω11
(y?1 i −µ1 i),ω22 −

ω2
12

ω11

)
truncated on (λ2 y2 i ,λ2 y2 i+1)

(6)

Finally, the conditional distribution of the thresholds of the first equation is written

as follows:

λ1 j | λ1 {−j}, y
?
1
∼ U (φl

1 j ,φ
r
1 j ) j = 1, . . . ,K1−1 (7)

with φ
l
1 j =max(λ1 j−1,max{y?1 i | y1 i = j})

φr
1 j =min(λ1 j+1,min{y?1 i | y1 i = j +1})

j = 1, . . . ,K1−1
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With comparable notations for the second equation thresholds we obtain:

λ2 j | λ2 {−j}, y
?
2
∼ U (φl

2 j ,φ
r
2 j ) j = 1, . . . ,K2−1 (8)

We thus use the Gibbs sampling method by simulating the parameters vector γ (see

equation 4), the N elements of the two latents y?
i
(each time subsampling the Gibbs sam-

pler so as to simulate the joint conditionality rule of y?1 i and y?2 i by using the equations 5

and 6) and, finally, the K1−1 thresholds of the first equation and the K2−1 thresholds of

the second equation (see equations 7 and 8).

It was not an easy task to programme this method. We first used the Sas system,

notably to be able to reuse the procedure that calculates the maximum likelihood of a

bivariate system. The hypotheses are nevertheless unusual in that they assume vari-

ances for the two error terms being equal to 1. We finally opted for the C++ language

using the GNU Scientific library (the GSL) particularly for the minimising numerical

algorithm known as the Broyden-Fletcher-Goldfarb-Shanno method. We programmed

the log likelihood derivatives relative to the parameters by using their analytical expres-

sion. To evaluate the hessian matrix of second order derivatives, we simply evaluated

these derivatives numerically. The pre-burn-in stage is particularly long: the review of

the thresholds is slow because the length of the interval from which the new threshold

is taken is particularly weak. In addition, the Markov chain is highly auto-correlated,

despite the joint simulation of the two elements of the latent variable. We thus take a

step of 100 to retain a simulation on this chain. The programme execution time is thus

considerable, averaging about ten hours for the data set we used on the relatively rapid

PC at our disposal.
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1t equation 2d equation Average
OCCUP SELF_PERC_HEALTH

Frequency (%)
1 15 1
2 7.8 4.3
3 77 21
4 — 48
5 — 25

Coefficients
SELF_PERC_HEALTH 0.475 — —

(22)
OCCUP — 0.165 —

(1.8)
AGE −0.269 −0.187 2.1

(−14) (−4.9)
MALE 0.162 −0.104 0.45

(6) (−3.6)
INTERCEPT −0.631 1.25 —

(−5.7) (10)
NR_CHILDREN −0.0274 — 2.8

(−3.5)
COUPLE −0.143 — 0.72

(−5.4)
PROF_SAFETY 0.335 — 3

(10)
EDUCATION 0.0687 — 2.6

(7.1)
CAREER_SPELLS 0.0151 — 2.7

(1.8)
INFANCY — −0.192 0.26

(−9)
DEPRESSION — −0.517 0.22

(−12)
HEALTH_INDICATOR — 0.346 3.6

(12)
HOUSEHOLD_INC — 0.185 2.8

(9.3)
ρ −0.56 (−7.4) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.343 0.708 —

(7.7) (11)
λ3 +∞ 1.89 —

(20)
λ4 — 3.36 —

(24)
λ5 — +∞ —

Source : SIP Survey, 8 667 observations.

Table 4: Occupational status versus self perceived health, total population
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1t equation 2d equation Average
OCCUP CHRONIC_DISEASES

Frequency (%)
1 15 69
2 7.8 31
3 77 —

Coefficients
CHRONIC_DISEASES −0.204 — —

(−22)
OCCUP — 0.368 —

(16)
AGE −0.387 0.194 2.1

(−27) (14)
MALE 0.145 −0.123 0.45

(6.9) (−5.9)
INTERCEPT 0.663 3.84 —

(11) (47)
NR_CHILDREN −0.0363 — 2.8

(−3.6)
COUPLE −0.00871 — 0.72

(−0.42)
PROF_SAFETY 0.438 — 3

(43)
EDUCATION 0.0904 — 2.6

(8.9)
CAREER_SPELLS −0.0781 — 2.7

(−7.6)
INFANCY — 0.127 0.26

(5.7)
DEPRESSION — −0.00517 0.22

(−0.21)
HEALTH_INDICATOR — −0.885 3.6

(−60)
HOUSEHOLD_INC — −0.0335 2.8

(−3)
SELF_PERC_HEALTH — −0.496 3.9

(−38)
ρ −0.2 (−6.9) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.373 +∞ —

(8.8)
λ3 +∞ — —

Source : SIP Survey, 8 667 observations.

Table 5: Occupational status versus chronic diseases, total population
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1t equation 2d equation Average
OCCUP ACTIVITY_LIMITATIONS

Frequency (%)
1 15 85
2 7.8 15
3 77 —

Coefficients
ACTIVITY_LIMITATIONS −0.556 — —

(−22)
OCCUP — −0.0522 —

(−1.9)
AGE −0.296 0.186 2.1

(−13) (12)
MALE 0.193 0.122 0.45

(8.1) (5)
INTERCEPT 0.00665 0.189 —

(0.089) (3.7)
NR_CHILDREN −0.0321 — 2.8

(−3.4)
COUPLE −0.155 — 0.72

(−7.1)
PROF_SAFETY 0.378 — 3

(22)
EDUCATION 0.0555 — 2.6

(5.2)
CAREER_SPELLS 0.00881 — 2.7

(0.96)
INFANCY — 0.208 0.26

(9.3)
DEPRESSION — 0.348 0.22

(15)
HEALTH_INDICATOR — −0.36 3.6

(−25)
HOUSEHOLD_INC — −0.205 2.8

(−20)
ρ 0.41 (7.5) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.366 +∞ —

(7.8)
λ3 +∞ — —

Source : SIP Survey, 8 667 observations.

Table 6: Occupational status versus activity limitations, total population
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1t equation 2d equation Average
OCCUP SELF_PERC_HEALTH

Frequency (%)
1 15 1
2 7.8 4.3
3 77 21
4 — 48
5 — 25

Coefficients
SELF_PERC_HEALTH 0.406 — —

(15)
OCCUP — 0.183 —

(1.4)
AGE −0.297 −0.157 2.1

(−14) (−3.9)
MALE 0.169 −0.111 0.45

(7.4) (−2.6)
INTERCEPT −0.377 2.54 —

(−5.1) (12)
NR_CHILDREN −0.0299 — 2.8

(−3.6)
COUPLE −0.116 — 0.72

(−4.5)
PROF_SAFETY 0.347 — 3

(12)
EDUCATION 0.0758 — 2.6

(4.4)
CAREER_SPELLS −0.00855 — 2.7

(−0.96)
INFANCY — −0.173 0.26

(−8.2)
DEPRESSION — −0.516 0.22

(−12)
HEALTH_INDICATOR — 0.191 3.6

(8.7)
HOUSEHOLD_INC — 0.178 2.8

(8.9)
CHRONIC_DISEASES — −0.593 1.3

(−15)
ρ −0.51 (−3.2) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.352 0.692 —

(7.8) (10)
λ3 +∞ 1.9 —

(18)
λ4 — 3.4 —

(21)
λ5 — +∞ —

Source : SIP Survey, 8 667 observations.

Table 7: Occupational status versus self perceived health with chronic diseases control,
total population
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1t equation 2d equation Average
OCCUP SELF_PERC_HEALTH

Frequency (%)
1 19 0.88
2 8.6 4.5
3 73 22
4 — 48
5 — 24

Coefficients
SELF_PERC_HEALTH 0.387 — —

(16)
OCCUP — 0.139 —

(7.1)
AGE −0.225 −0.164 2.1

(−12) (−15)
INTERCEPT −0.689 1.34 —

(−7.2) (15)
NR_CHILDREN −0.0763 — 2.9

(−6.5)
COUPLE −0.206 — 0.69

(−7.5)
PROF_SAFETY 0.416 — 2.8

(26)
EDUCATION 0.073 — 2.7

(5.9)
CAREER_SPELLS 0.0698 — 2.7

(6.7)
INFANCY — −0.22 0.27

(−13)
DEPRESSION — −0.55 0.27

(−25)
HEALTH_INDICATOR — 0.34 3.6

(27)
HOUSEHOLD_INC — 0.172 2.7

(20)
ρ −0.46 (−12) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.349 0.727 —

(13) (9.7)
λ3 +∞ 1.93 —

(21)
λ4 — 3.4 —

(28)
λ5 — +∞ —

Source : SIP Survey, 4 748 observations.

Table 8: Occupational status versus self perceived health, women
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1t equation 2d equation Average
OCCUP CHRONIC_DISEASES

Frequency (%)
1 19 68
2 8.6 32
3 73 —

Coefficients
CHRONIC_DISEASES −0.135 — —

(−11)
OCCUP — 0.163 —

(6.3)
AGE −0.305 0.157 2.1

(−18) (9.3)
INTERCEPT 0.337 2.64 —

(4.2) (28)
NR_CHILDREN −0.089 — 2.9

(−6.5)
COUPLE −0.112 — 0.69

(−4.1)
PROF_SAFETY 0.493 — 2.8

(44)
EDUCATION 0.0933 — 2.7

(6.9)
CAREER_SPELLS 0.0132 — 2.7

(0.95)
INFANCY — 0.208 0.27

(7.4)
DEPRESSION — 0.222 0.27

(7.7)
HEALTH_INDICATOR — −1.01 3.6

(−48)
HOUSEHOLD_INC — −0.0519 2.7

(−3.7)
ρ −0.11 (−2.9) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.364 +∞ —

(12)
λ3 +∞ — —

Source : SIP Survey, 4 748 observations.

Table 9: Occupational status versus chronic diseases, women
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1t equation 2d equation Average
OCCUP SELF_PERC_HEALTH

Frequency (%)
1 10 1.1
2 6.9 4
3 83 20
4 — 49
5 — 26

Coefficients
SELF_PERC_HEALTH 0.619 — —

(13)
OCCUP — −0.161 —

(−0.79)
AGE −0.347 −0.354 2.1

(−11) (−4.9)
INTERCEPT −0.184 1.27 —

(−1.2) (12)
NR_CHILDREN 0.0551 — 2.7

(3.8)
COUPLE 0.00909 — 0.76

(0.19)
PROF_SAFETY 0.223 — 3.3

(9.9)
EDUCATION 0.00255 — 2.5

(0.067)
CAREER_SPELLS −0.0882 — 2.7

(−4.7)
INFANCY — −0.21 0.24

(−7.6)
DEPRESSION — −0.592 0.17

(−10)
HEALTH_INDICATOR — 0.468 3.6

(9.5)
HOUSEHOLD_INC — 0.269 2.9

(8.3)
ρ −0.39 (−2.2) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.36 0.728 —

(13) (9.6)
λ3 +∞ 1.89 —

(18)
λ4 — 3.35 —

(19)
λ5 — +∞ —

Source : SIP Survey, 3 919 observations.

Table 10: Occupational status versus self perceived health, men

34



1t equation 2d equation Average
OCCUP CHRONIC_DISEASES

Frequency (%)
1 10 71
2 6.9 29
3 83 —

Coefficients
CHRONIC_DISEASES −0.415 — —

(−16)
OCCUP — 0.647 —

(15)
AGE −0.481 0.466 2.1

(−18) (21)
INTERCEPT 1.43 1.54 —

(14) (13)
NR_CHILDREN 0.0453 — 2.7

(3)
COUPLE 0.176 — 0.76

(4.8)
PROF_SAFETY 0.307 — 3.3

(18)
EDUCATION 0.0471 — 2.5

(2.8)
CAREER_SPELLS −0.195 — 2.7

(−13)
INFANCY — 0.198 0.24

(6.5)
DEPRESSION — 0.23 0.17

(6)
HEALTH_INDICATOR — −0.98 3.6

(−42)
HOUSEHOLD_INC — −0.169 2.9

(−10)
ρ −0.29 (−6) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.388 +∞ —

(15)
λ3 +∞ — —

Source : SIP Survey, 3 919 observations.

Table 11: Occupational status versus chronic diseases, men
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1t equation 2d equation Average
OCCUP SELF_PERC_HEALTH

Frequency (%)
1 8.4 0.4
2 8.2 2.4
3 83 16
4 — 50
5 — 31

Coefficients
SELF_PERC_HEALTH 0.502 — —

(17)
OCCUP — 0.111 —

(6.2)
AGE 0.0205 −0.0293 38

(8.7) (−24)
MALE 0.344 −0.0182 0.45

(9.6) (−1.1)
INTERCEPT −1.75 1.96 —

(−19) (20)
NR_CHILDREN −0.121 — 2.6

(−8.4)
COUPLE −0.00879 — 0.73

(−0.26)
PROF_SAFETY 0.398 — 2.8

(19)
EDUCATION 0.0827 — 2.8

(5.2)
CAREER_SPELLS 0.00545 — 2.6

(0.39)
INFANCY — −0.216 0.25

(−12)
DEPRESSION — −0.485 0.21

(−22)
HEALTH_INDICATOR — 0.371 3.7

(23)
HOUSEHOLD_INC — 0.189 2.8

(20)
ρ −0.54 (−13) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.498 0.613 —

(17) (7.2)
λ3 +∞ 1.79 —

(16)
λ4 — 3.31 —

(28)
λ5 — +∞ —

Source : SIP Survey, 3 982 observations.

Table 12: Occupational status versus self perceived health, 30-44 old
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1t equation 2d equation Average
OCCUP CHRONIC_DISEASES

Frequency (%)
1 8.4 76
2 8.2 24
3 83 —

Coefficients
CHRONIC_DISEASES −0.18 — —

(−9.8)
OCCUP — 0.311 —

(12)
AGE 0.00885 −0.000588 38

(3.4) (−0.24)
MALE 0.401 −0.28 0.45

(10) (−8.5)
INTERCEPT −0.173 3.09 —

(−2.7) (49)
NR_CHILDREN −0.125 — 2.6

(−7.4)
COUPLE 0.138 — 0.73

(3.7)
PROF_SAFETY 0.511 — 2.8

(32)
EDUCATION 0.107 — 2.8

(6.7)
CAREER_SPELLS −0.086 — 2.6

(−5.1)
INFANCY — 0.183 0.25

(5.7)
DEPRESSION — 0.172 0.21

(5)
HEALTH_INDICATOR — −1.09 3.7

(−46)
HOUSEHOLD_INC — −0.0938 2.8

(−5.6)
ρ −0.16 (−3.9) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.539 +∞ —

(18)
λ3 +∞ — —

Source : SIP Survey, 3 982 observations.

Table 13: Occupational status versus chronic diseases, 30-44 old
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1t equation 2d equation Average
OCCUP SELF_PERC_HEALTH

Frequency (%)
1 20 1.5
2 7.5 5.9
3 72 26
4 — 47
5 — 20

Coefficients
SELF_PERC_HEALTH 0.446 — —

(17)
OCCUP — 0.197 —

(2.4)
AGE −0.0912 0.00351 52

(−34) (0.44)
MALE 0.0897 −0.184 0.45

(3) (−11)
INTERCEPT 3.27 0.754 —

(27) (1.7)
NR_CHILDREN 0.0188 — 3

(1.7)
COUPLE −0.192 — 0.72

(−6.6)
PROF_SAFETY 0.349 — 3.2

(9.7)
EDUCATION 0.0688 — 2.4

(5.3)
CAREER_SPELLS 0.027 — 2.8

(2.7)
INFANCY — −0.193 0.26

(−8.4)
DEPRESSION — −0.586 0.23

(−11)
HEALTH_INDICATOR — 0.336 3.5

(12)
HOUSEHOLD_INC — 0.188 2.8

(10)
ρ −0.55 (−7) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.29 0.836 —

(12) (11)
λ3 +∞ 2.07 —

(18)
λ4 — 3.53 —

(23)
λ5 — +∞ —

Source : SIP Survey, 4 685 observations.

Table 14: Occupational status versus self perceived health, 45-59 old
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1t equation 2d equation Average
OCCUP CHRONIC_DISEASES

Frequency (%)
1 20 63
2 7.5 37
3 72 —

Coefficients
CHRONIC_DISEASES −0.213 — —

(−16)
OCCUP — 0.212 —

(8.1)
AGE −0.0996 0.0392 52

(−52) (20)
MALE 0.0292 0.0648 0.45

(1.1) (2.5)
INTERCEPT 4.66 0.707 —

(63) (8.5)
NR_CHILDREN 0.00831 — 3

(0.62)
COUPLE −0.0705 — 0.72

(−2.4)
PROF_SAFETY 0.445 — 3.2

(35)
EDUCATION 0.0875 — 2.4

(6.1)
CAREER_SPELLS −0.0453 — 2.8

(−3.2)
INFANCY — 0.223 0.26

(7.9)
DEPRESSION — 0.274 0.23

(9.7)
HEALTH_INDICATOR — −0.931 3.5

(−50)
HOUSEHOLD_INC — −0.0703 2.8

(−4.9)
ρ −0.037 (−0.99) —

Thresholds
λ0 −∞ −∞ —
λ1 0 0 —
λ2 0.309 +∞ —

(14)
λ3 +∞ — —

Source : SIP Survey, 4 685 observations.

Table 15: Occupational status versus chronic diseases, 45-59 old
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