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1 Introduction

The International Labour Organization (ILO) has been created at the end
of World War I with the idea that a lasting peace could only be built on
the basis of social justice. Thus the ILO, a specialised agency of the UN,
endeavours to set since 1919 minimum standards of basic labour rights. For
that purpose, it adopts conventions that each member state is free to ratify
or not. There are 184 ILO conventions that have been adopted since 1919 in
many subject areas. However, (see Boockmann, 2001) most conventions are
rati�ed only by a minority of member states. Thus, it appears interesting to
evaluate the determinants of the rati�cation behaviour of ILO members, and
so doing to establish a link between economic performance, political factors
and the acceptance of international labour standards.

Boockmann (2001) speci�es a rati�cation model that takes account of
the role of costs incurred by the ratifying countries, as well as the external
and internal pressures, in explaining the rati�cation behaviour of a given
country. Membership in the ILO is almost universal, and this complicates
the problem addressed above: substantial di�erences exist between member
states and some are di�cult to control for. Typically, we are not able to
observe all explanatory variables that a�ect the rati�cation process. As a
consequence, any model which attempts to investigate the factors governing
rati�cation has to consider the problem of unobserved heterogeneity.

Typically, two approaches have been used: �xed e�ects and random ef-
fects (sometime referred to as frailty e�ects in the survival literature). The
advantage of the �xed e�ects approach is that it is easy to implement and
that it does not require assumptions on the unobserved heterogeneity.

A more general way to deal with �xed e�ects is strati�ed partial likelihood
as discussed in Kalb�eisch and Prentice (1980), Yamaguchi (1986) and Rid-
der and Tunali (1999). Observations are assumed to be grouped, and each
group is called a stratum. Partial likelihood is widely used in duration anal-
ysis, because it is a semi-parametric approach which avoids the speci�cation
of a functional form for the baseline hazard, and thus the problems linked
to a potential misspeci�cation. Ridder and Tunali (1999) discuss the mer-
its of �xed and random e�ects in their application to child mortality rates.
They also propose a Hausman test to test for �xed e�ects (strati�ed esti-
mation) versus random e�ects (unstrati�ed). As explained in Therneau and
Grambsch (2000), the disadvantages of strati�ed partial likelihood are that
the magnitude of the frailties cannot be estimated directly and the precision
of the estimates decreases in presence of a large number of strata. Boock-
mann (2001) restricts attention to a country �xed e�ect, and applies their
estimator. However, the Hausman test did not reject the unstrati�ed model
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for the sample of developing countries (for industrial countries, the unstrati-
�ed model was rejected). This information is important, because it provides
some justi�cation for the choice of a random e�ects approach for the dataset
of developing countries used in this paper.

Random e�ects permit us to go deeper in the analysis of unobserved het-
erogeneity, by estimating the parameters of the frailty distribution and the
importance of the group e�ect. The disadvantages of this approach are that
we need to suppose a distribution for the frailties and that they are generally
assumed to be independent of the covariates. Guo and Rodriguez (1992)
consider the proportional hazard model with one frailty term and, assuming
a piecewise constant baseline hazard, focus on e�cient parametric estimation
of observed covariate and frailty e�ect. If we suspect that dependence among
observations is due to more than one frailty, one way to proceed is to specify
a model with several random e�ects. The case of two frailties is presented
in the survey of Liang et al. (1995). They can be independent, or nested
as in Gustafson (1997), Sastry (1997) or Milcent (2003) where several indi-
viduals share a common frailty. Following Louis (1982), Guo and Rodriguez
(1992) used a speeded up Expectation-Maximization algorithm (Dempster,
Laird, and Rubin, 1977). Sastry (1997) extends this approach to the case of
a Cox model with two nested random e�ects. Bolstad and O. Manda (2001)
propose a Bayesian approach to estimate Sastry's (1997) model.

Djurdjevic (2000) extends the Guo and Rodriguez (1992) methodology to
the partial likelihood approach, relaxing the assumption of a piecewise con-
stant baseline hazard. Horny (2001) generalizes this work to a Cox model
with two nested random e�ects estimated through partial likelihood, extend-
ing also Sastry (1997). Using the same dataset as Boockmann (2001) and
the EM algorithm, they fail to provide any sensible result because of con-
vergence problems. They conclude that the EM algorithm, while working
satisfactorily on simulated data, is not well suited for this dataset of ILO
conventions.1

Considering a logistic regression, Rodriguez and Goldman (2001) compare
the maximum likelihood, marginal quasi likelihood, penalized quasi likelihood
and Bayesian approaches using clustered data. Except in the cases of max-
imum likelihood and Bayesian estimator, results underestimate both �xed
and random e�ects. Although bias can be removed by boostrapping, the
procedure proved to be computationally more intensive than Markov chain
Monte Carlo estimation and sometime failed to converge.

1Lancaster (1990) explains why such problems can occur when the likelihood is bounded
and when the variance of the random e�ect tends to zero. But here the problem goes in the
other direction: the variance becomes large enough to create numerical problems. Bolstad
and O. Manda (2001) explains it by inaccurate rounding o� in case of high variance.
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The main contribution of this paper is to apply a semi-parametric Bayesian
approach, based on partial likelihood, to a Cox model with two non-nested
random e�ects. In line with Boockmann (2001), we use a reduced form ap-
proach in order to analyse the observed and unobserved determinants a�ect-
ing the duration between adoption and rati�cation of a convention. Follow-
ing Boockmann (2001), we formulate three assumptions on rati�cation be-
haviour. The �rst one, concerning economic and administrative costs, posits
that political actors are more inclined to ratify conventions inducing low eco-
nomic and administrative costs. The second hypothesis is about internal
pressure: implementing an international standard via the rati�cation of an
ILO convention may be easier from the point of view of domestic acceptance
than implementing an equivalent domestic standard. The third hypothesis
deals with external pressure. Despite the voluntary character of rati�cation,
some countries can be in�uenced by other countries, or international orga-
nizations such as the World Bank or the IMF, in their rati�cation decision.
We will use approximatively the same explanatory variables as Boockmann
(2001). Readers interested in the details of the choice of these variables or
their expected e�ect on the hazard function are referred to this source. Ex-
planatory variables may take di�erent values depending on time, country and
convention, and can logically be separated in three groups corresponding to
the three hypotheses above.

The �rst group is composed of explanatory variables that can measure the
economic and administrative costs of rati�cation. Real per capita GDP, in
dollars and varying over time and countries, enters both linearly and quadrat-
ically, which allows a non-monotonic impact on the hazard. Two other vari-
ables in this group are dummy variables. The �rst one indicates whether or
not the convention under consideration is an explicit update of an existing
convention. The second one indicates whether or not a member state has
rati�ed in the past a convention whose explicit update is now considered.
Both variables are working together. While the second variable seems to be
the most meaningful, the �rst one introduces a di�erence between two states:
if the second variable is equal to zero, it may be due to the non-existence of
a �preceding� convention or to the non-rati�cation of an existing convention.
In the �rst case, rati�cation is more likely than in the second case. The last
variable is the population, used as a proxy of the administrative capacity of
a country.

The second group of explanatory variables is composed of dummies which
measure the impact of internal pressures. The �rst one, deduced from Alvarez
et al. (1996), indicates whether the country is a democracy or not. Another
dummy is equal to one for a left wing parliamentarian majority. Two other
variables refer to the vote of the national delegates (representing government
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and employers) during the adoption of the convention under consideration at
the International Labour Conference. The vote of the delegate of the unions
is not taken into account, because it is equal to one for nearly 99% of the
observations.

The third and last group of variables refers to potential external pres-
sures. The development aid received each year by a country, in percent of
GDP, is the �rst explanatory variable of this set. We also consider the IMF
lending and World Bank credits, in percent of GDP. Total exports and ex-
ports towards industrialized democracies, both in percent of GDP, are two
other explanatory variables. These variables can su�er from a potential en-
dogeneity problem if development aids, trade policies or the instruments of
the IMF and the Worldbank depend on past rati�cation decisions. We use
three years moving averages and lagged values to deal with this problem, as
in Boockmann (2001). We also di�erentiate oil-exporting countries from the
others, and consider as explanatory variables an oil-exporting dummy and
the interaction of its complement to one with the variable �exports towards
industrialized democracies�.2 We also create a set of dummies to take account
of di�erences between subjects of conventions.

Following the conclusions of Boockmann (2001) and Chau and Kanbur
(2001), we consider two types of e�ects: country e�ects, and convention ef-
fects. The presence of the latter type of e�ects stems from the fact that
some conventions may be more easily rati�ed than others. For instance,
conventions allow countries di�erent degrees of �exibility or di�er in com-
plexity. As a consequence, clustering occurs in two di�erent ways and we are
investigating the degree of association among observations from both sides.

To estimate the model, we use the approach described by Kalb�eisch
(1978) which allows to use the partial likelihood approach in the Bayesian
paradigm. After the full speci�cation of the model, we estimate the param-
eters using Gibbs sampling (introduced in the seminal paper of Gelfand and
Smith, 1990).

This paper is organized in 5 sections. Section 2 describes the data. Sec-
tion 3 presents the Cox model with two random e�ects (see Sastry, 1997)
and two special cases: the Cox model with one random e�ect (see, for exam-
ple, Lancaster, 1979) and the Cox model without random e�ect, thereafter
referred as the standard Cox model (see Cox, 1972). In Section 4, we discuss
the choice of the prior distributions, the implementation of the partial like-
lihood, and estimation using Gibbs sampling. The results are presented in

2These are: Australia, Austria, Belgium, Canada, Denmark, Finland, France, Germany,
Greece, Iceland, Ireland, Italy, Japan, Luxembourg, Netherlands, New-Zealand, Norway,
Portugal, Spain, Sweden, Switzerland, UK and the USA.
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Section 5.

2 Data

The survival data analyzed in this study come from a database described in
Boockmann (2001). The duration were collected using �ow sampling over
the period 1975-1995. Durations are de�ned in the original database as the
number of days between the adoption of a convention and its rati�cation by
a particular country. Due to computational limitations, we set up the data
as if they were recorded every 15 days.

Our data comprises 80 ILO member states, none of them industrialized
(OECD members) and 29 conventions for a total of 228 rati�cations. Con-
sidering spells ended by a rati�cation, the mean length of spell is 8 years
but durations di�er widely: nearly 20% of rati�cations occur before 3 years
and further 20% after 13 years. The values of the explanatory variables are
unlikely to remain constant over such spells. We expect the probability of
rati�cation to be in�uenced by the changes of the covariates as time passes,
and as a consequence, the data were set up to account for time varying co-
variates. Table 1 summarises the distribution of the number of rati�cations
per country. Three member states have rati�ed more than a dozen conven-

Table 1: Number of rati�cations for developing countries

Number of rati�cations Number of countries
More than 12 3

9-10 3
7-8 1
5-6 10
3-4 17
1-2 20
0 26
228 80

tions (Brazil, Mexico and Uruguay) and 6 countries more than 9, while 26
members did not ratify any.

Considering conventions, we see that some of them are rati�ed by a huge
number of countries whereas others are not. For example, conventions num-
bered 144 and 159 in the ILO classi�cation have been respectively rati�ed 38
and 25 times. On the other side, conventions 143 and 157 have been rati�ed
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by only 6 and 1 countries respectively. We estimate the survival function
for each convention using the Kaplan-Meier non-parametric estimator, and
perform a log rank test to assess their equality. Based on the null hypothesis
of no di�erence, the test statistic yields a value of 1002.55 and we conclude
that the cumulative probabilities of rati�cation are signi�cantly di�erent.3

As a consequence, we consider two types of random e�ects: a country
speci�c e�ect and a convention e�ect.

3 Mixed Proportional Hazard Models

In the following, we consider three di�erent nested models belonging to the
Mixed Proportional Hazard family (hereafter referred as MPH models, see
Van den Berg, 2001, for a survey), which can deal with time varying covari-
ates. We will �rst introduce the Cox model with two random e�ects, and
by imposing restrictions, deduce the other two models: Cox model with one
random e�ect and the standard Cox model. As a random e�ect represents a
source of clustering between the observations, the Cox model with two frail-
ties takes account of unobserved heterogeneity in the �nest manner among
the models we consider while the standard Cox model does not deal with it
at all.

Before going into the details, it is useful to discuss the indexing and the
concept of time used here. Let i=1,..., I denote the country index, and
j=1,...,Ji the convention index.4 We denote by tij the time between the
adoption of the convention j during the International Labour Conference
and its rati�cation by state i. That is, tij does not denote calendar time but
duration from the start of the rati�cation spell.

Van den Berg (2001) provides a complete discussion of the MPHmodel and
it properties. In this general framework, the hazard function is supposed to
be the product of three terms: a term of unobserved heterogeneity, a function
of the observed explanatory variables (possibly time varying) and a function
of time common to all individuals. The idea underlying the use of random
e�ects is that data are clustered in some way (for instance because they share
the same genetic factors, or the same environmental characteristics), and a
realization of a random e�ect is common to all observations in the same
cluster. The MPH model allows us to represent unobserved heterogeneity in
several ways.

3Critical values are 39.38 at the 5% level and 48.28 at the 1% level.
4Due to the sampling scheme, the number of conventions varies from one country to

the other.
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We begin here with the model where the unobserved heterogeneity term is
modelled as the product of two random e�ects. There is no hierarchy in the
clustering here. Observed durations are assumed independent conditional on
the covariates and both frailty terms, and the hazard can be expressed as:

λij(tij|xij, ξi, ψj) = ξiψj λ0(tij) exp [β′xij(tij)] , (1)

where ξi denote a country e�ect, ψj a convention e�ect, λ0(tij) the baseline
hazard which depends only on the time elapsed since the adoption of the con-
vention under study, and β is a parameter vector common to all observations.
The hazard function can also be written:

λij(tij|xij, vi, wj) = λ0(tij) exp [β′xij(tij) + vi + wj] , (2)

where vi denote the log-country e�ect and wj the log-convention e�ect.
By constraining this model, we obtain the Cox model with one random ef-

fect (used for example by Clayton, 1978, 1991, Guo and Rodriguez, 1992, and
many others). If we set one random e�ect to 1 in equation (1), the remaining
level of unobserved heterogeneity can be used to represent alternatively the
convention e�ect or the country e�ect. As the clustering at the country level
is �ner than at the convention level, we choose to use the unique random
e�ect as a country frailty:

λij(tij|xij, vi) = λ0(tij) exp [β′xij(tij) + vi] . (3)

The standard Cox model (Cox, 1972) can be deduced by assuming that
both random e�ects are set to 1. It assumes that conditional on the ob-
served vector of covariates, the tij are independent, hence not allowing for
unobserved heterogeneity. The hazard function is:

λij(tij|xij) = λ0(tij) exp [β′xij(tij)] . (4)

A commonly used approach to estimate the Cox model and its re�nements
is the partial likelihood approach.5 This semi-parametric approach does not
to require the speci�cation of a functional form for the baseline hazard, avoid-
ing therefore all problems linked to misspeci�cation of the latter. To proceed,
we have to de�ne the risk set as the set of spells still not completed at the
instant juste before tij, denoted by Rij. Convention j rati�ed by country i
at time tij contributes to the partial likelihood through:

Lij(β) =
exp [β′xij(tij) + vi + wj]∑

(k,l)∈Rij
exp [β′xkl(tij) + vk + wl]

. (5)

5See Lancaster (1990) for a detailed discussion.
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Note that the baseline hazard cancels out, but the random e�ects do not, as
long as they take at least two di�erent values in Rij. The partial likelihood of
nested models can be deduced from equation (5) by ignoring absent e�ects.
The whole partial likelihood is obtained by taking the product of Lij(β) over
i and j.

Equation (5) is conditional on unobserved heterogeneity terms, and we
proceed by making assumptions on their distribution. A wide choice is avail-
able for ξi and ψj: gamma distribution, inverse-gaussian, log-normal, positive
stable (see respectively Clayton, 1991, Milcent, 2001, Gustafson, 1997, and
Hougaard, 2000, for example) ... We assume that the log-frailties vi and wj

follow a Gaussian distribution, as McGilchrist (1993), Sargent (1998), Yau
and McGilchrist (1998), Ripatti and Palmgren (2000), Vaida and Xu (2000)
and many others. Our choice is motivated by two reasons. First, we have
no reason to think that the log-frailties induce positive or negative deviation
on the hazard. Thus, we assume a symmetric distribution. Furthermore, the
choice of a Gaussian distribution matches the view that unobserved hetero-
geneity is here due to a large number of unobserved country and convention
speci�c covariates. We suppose that {vi}I

i=1 and {wj}Ji
j=1 are independent

and:
vi ∼ N(0, τ 2), wj ∼ N(0, α2) (6)

We make the zero mean assumption so that the e�ects represent deviation
from the mean. A possible extension would be to assume variances speci�c
to each country or convention.

The partial likelihood approach can easily be extended to deal with cen-
sored observations, assuming that censoring is non-informative (see Lan-
caster, 1990). The risk set at time tik now also contains spells censored at
or after tik. Censored spells contribute only to the partial likelihood through
their presence in the risk sets, and thus in the denominator of equation (5).

4 Bayesian Inference

The parameters of the models presented are estimated using a Bayesian ap-
proach. We �rst need to combine the information carried by the data with
prior beliefs, to proceed afterward to the estimation using MCMC meth-
ods. In this section, we explain the choice of the priors and the parameter
estimation using Gibbs sampling.
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4.1 Prior Distributions

The �rst stage of the inference is based on the partial likelihood, justi�ed
from the Bayesian viewpoint by Kalb�eisch (1978). Basing his analysis on
counting processes, he showed that considering the baseline hazard values as
following a gamma distribution with adequate parameters leads to a posterior
density which is proportional to the partial likelihood. The direct calculation
of the partial likelihood through the speci�cation of the hazard function is
equivalent to writing a counting process with a baseline hazard distributed
according a gamma prior. Note that this approach is based on a limit ar-
gument in which both parameters of the gamma prior tend to zero. This is
why we assume in our application that the baseline hazard follows a gamma
prior with both parameters equal to 0.001. This assumption implies an ex-
pectation equal to 1 and a variance equal to 1000,6 which does not restrict
the hazard because the term exp[β′xik(tik) + vi + wj] is not constrained.

The counting process-based formulation of the model assumes that time
is continuous, in the sense that two rati�cations cannot occur simultane-
ously. We have only a few tied observations in the sample, handled with the
approximation of Breslow (1972).

The second stage of the Bayesian approach is to assign prior densities
to the parameters of the model. In our study, we used only proper but
uninformative priors, to make computation easier.

The last parameters to be estimated are the regression coe�cients. We
specify independent priors to simplify computation. Alternatively, one could
think of a multivariate normal distribution as prior but it would induce much
more complexity in the model, given that we would have to specify a covari-
ance matrix for 22 parameters. We assign each of them a normal univariate
distribution with 0 mean and variance equal to 106. Two reasons motivate
this choice: scale invariance and symmetry. Scale invariance is important,
because it ensures that the measuring unit for the covariates does not in�u-
ence the inference. For example, if an explanatory variable is changed from
dollars to thousands of dollars, this has the e�ect of dividing the coe�cient
by a factor 103. The property of symmetry of the normal distribution is
useful because, as for the log-frailties, positive and negative deviations seem
equally likely.

The last stage concerns the choice of priors for the parameter of the un-
observed heterogeneity distribution. Standard errors of both log-frailties are
assumed to follow an inverse gamma distribution, which is a conjugate prior
for the Gaussian distribution, with expectation one and variance equal to

6We refer here to the parameterization γ(α, λ) leading to an expectation equal to α/λ
and a variance equal to α/λ2.
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103.
Denote byM the number of observed explanatory variables. The posterior

marginal density of the Cox model with two frailties is:

π(β, α, τ |tij) ∝

[
I∏

i=1

Ji∏
j=1

Lij(tij)f(wj|α)

]
I∏

i=1

f(vi|τ)
M∏

m=1

f(βm)f(α)f(τ). (7)

On the basis of this posterior, we can deduce the special cases when we
consider the Cox model with one frailty and the standard Cox model. We
just need to omit unobserved heterogeneity distribution and to be careful
when taking products.

4.2 Parameter Estimation

An analytical solution for the posterior distribution is not easily available
because it involves the evaluation of complex integrals. However, it can be
approximated using Markov Chain Monte Carlo (MCMC) methods, espe-
cially Gibbs sampling. Recent reviews on MCMC methods include Robert
(1996), Neal (1997) and Robert and Casella (1999).

Gibbs sampling is implemented in the WinBUGS software7 and works as
follows. Suppose we consider a vector X, composed of n (n > 1) random
variables. The algorithm samples each xi from its conditional distribution
fi(xi|{xj}j 6=i), given the current values of xj, for i = 1 . . . n. The sequence xi

obtained by repeating the procedure is a Markov chain. Once convergence is
achieved, the Gibbs sampler produces a sample close to one sampled directly
from the posterior distribution, from which the expectations of quantities of
interest can be estimated.

The regression coe�cients β are simulated from their conditional distri-
bution using the Acceptation-Rejection sampling (ARS) (see Robert, 1996,
or Robert and Casella, 1999, for detailed discussion on this sampler). The
variances τ and α are simulated directly from a gamma density.

Results obtained are presented in the next section.

5 Results

In this section, we present the results for the three models. Two chains with
di�erent initial values were run for each model. Previous run indicate that
variance estimator converge slower than β estimator. Thus we initially set

7Freely available at http://www.mrc-bsu.cam.ac.uk/bugs/welcome.shtml, see Spiegel-
halter et al. (2000) for the manual and examples.
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the regression coe�cient to 0 for both chains and di�erentiate the values for
the parameter of the frailties distributions. Variances τ 2 and α2 were set
to 1 for the �rst chain and to 50 for the second chain. Results for the Cox
model with one or two frailties presented in the following are only preliminary
because convergence is not totally achieved. 11000 iterations were run for the
standard Cox model, 5000 for the model with a country frailty and 12000 for
the model with two frailties. Using the convergence diagnostic tool of Gelman
and Rubin (1992) and quantile plots, we concluded that 4000 iterations were
su�cient in every cases for the burn-in period. Estimation was performed
with a 2.5 Ghz Pentium and it took 610 hours for the standard Cox model,
265 hours for the Cox model with on frailty and 660 hours for the Cox model
with two frailties. All posterior summary statistics are based on iterations
of the two chains after the burn-in step.

Table 2 shows the estimates of the unobserved heterogeneity distribution
parameters.

Table 2: Estimates of the standard-errors of the log-frailties distributions

Type of heterogeneity Parameter Mean 2.5% 97.5%
Simple: country e�ect τ 0.56 0.34 0.96
Twofold: country e�ect τ 0.49 0.42 0.57

convention e�ect α 0.85 0.66 1.11

Considering the con�dence interval at the 5% level, we remark that the
convention e�ect is signi�cantly more important than the country e�ect.
That is, observations are more strongly correlated among conventions than
among countries.

Table 3 shows the posterior means and con�dence intervals at the 5% level
for the β parameters for the three models.

We see that the third model is characterized by many more signi�cant pa-
rameters than the two �rst and an important increase of the log-likelihood.
Comparing with Boockmann (2001), we remark that we have the same sig-
ni�cant cost variables in both studies.

Turning to internal pressure variables, no variable is signi�cant in the
speci�cation without frailty terms. Considering two frailties greatly alters
this conclusion. The democracy dummy has a signi�cant positive impact,
which is not surprising: groups whose working conditions are concerned by a
convention are more likely represented in a democracy than in other regimes.
Surprisingly, the left majority dummy has a negative coe�cient. This is
probably due to the fact that the left-right distinction is often inadequate
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Table 3: Estimates of the β parameters
Variable Standard Cox Cox: one frailty Cox: two frailties

Mean 2.5% 97.5% Mean 2.5% 97.5% Mean 2.5% 97.5%
Cost
Real GDP per capita 2.01 -0.76 4.92 0.21 -2.83 3.34 3.84 1.24 6.53
Real GDP per capita, -2.24 -5.46 0.77 -0.88 -4.38 2.42 -3.23 -0.49 -6.17
squared
No explicit update 0.53 -0.05 1.15 0.53 -0.01 1.11 1.38 0.86 1.95
Own past rati�cation 1.50 0.77 2.23 1.55 0.87 2.24 1.61 0.89 2.33
if explicit update
Population -0.05 -0.14 0.03 -0.12 -0.23 -0.02 -0.02 -0.11 0.07
Internal pressure
Democracy 0.12 -0.18 0.43 -0.14 -0.50 0.21 0.34 0.04 0.64
Left majority -0.39 -1.04 0.19 -0.24 -0.87 0.33 -0.69 -0.09 -1.32
Vote against convention:
Government -0.15 -0.59 0.33 -0.10 -0.54 0.38 -0.22 -0.66 0.24
Employers -0.15 -0.56 0.28 -0.14 -0.51 0.26 0.39 0.01 0.79
External pressure
Development aid -0.06 -0.11 -0.03 -0.09 -0.13 -0.05 -7.64 -3.85 -11.77
Worldbank loans -4.20 -7.63 -0.82 -4.25 -7.76 -1.68 2.00 -1.10 4.93
IMF credits 6.23 2.03 10.10 6.64 2.41 10.68 3.92 -0.09 7.67
Exports -0.76 -3.64 1.45 0.19 -2.27 1.86 -0.77 -3.58 1.19
Exports into industrialized -0.07 -6.37 6.29 -4.11 -11.15 3.38 -0.12 -7.35 6.70
countries
Exports into industrialized -0.55 -6.13 5.28 2.25 -5.00 9.15 -0.84 -7.27 5.93
countries (non oil exporting
countries)
Non oil exporting country 0.19 -0.91 1.30 -0.30 -1.65 1.23 0.26 -1.02 1.59
BIC 47.38 120.88
Note: Bold entries are signi�cant at the 5% level.

to capture the domestic politics of developing countries. Votes of the em-
ployers against a convention enhance the probability of rati�cation. They
do not seem to mobilize enough political power to prevent the rati�cation
of a convention against which they have voted. Comparing these results to
Boockmann's earlier study, the coe�cients are similar to the ones he obtained
for the Cox model without heterogeneity. They are, however, di�erent from
those obtained from strati�ed estimation.

The three models give closer results about external pressure variables.
Development aid has a negative in�uence on the hazard. One reason for
this is that countries receiving huge amount of this aid also have to cope
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with acute development problems, and so cannot bear the economic cost
induced by rati�cation. Worldbank loans seems to discourage rati�cation in
the two �rst models. Maybe the conditions a country has to ful�ll to obtain
loans are antagonist with some conventions. Another reason is that like the
development aid, the countries receiving loans cannot face the economic costs
raised by the convention. IMF credits have the opposite e�ect, but is not
signi�cant in the model with two frailties.

We compare the models using the Bayesian Information Criterium (BIC)
(Schwarz, 1978). It has been designed to �nd the most probably model
given the data, and takes account of Occam's Razor. In other words, the
more parsimonious model is chosen when two models �t the data equally
well. Wasserman (2000) reports that under mild regularity conditions, BIC
approximates the log Bayes factor. If one set the priors odds of each model
to be equal, the Bayes factor is the posterior odds ratio o� a model versus
the other one. It indicates how many time a model is more likely than the
other. The BIC is equal to 47.38 when comparing the standard Cox model
to the model with one frailty, and 120.88 when comparing the model with
two frailties to the one with one frailty.8 The Bayes factor between the last
two models is equal to exp(120.88) giving thus strong evidence for the model
with two random e�ects.

These results con�rm those obtained by Boockmann (2001) about the
cost variables, and yield more insights on the internal and external pressure
variables.

6 Conclusion

Our study uses a Bayesian approach to estimate MPH models with di�er-
ent speci�cations of unobserved heterogeneity, the more detailed using two
random e�ects. Rather than assuming a parametric form for the baseline
hazard, we use Cox's partial likelihood semi-parametric approach, justi�ed
from a Bayesian viewpoint by Kalb�eisch (1978), to avoid misspeci�cation
problems. The models are estimated using Gibbs sampling. In order to sim-
ulate from posterior marginal densities, we also use other simulation-based
computational algorithms such as the acceptation-rejection sampling.

Switching from the frequentist paradigm to a Bayesian approach does
not seem to in�uence a lot estimation results a lot, because the �ndings
con�rm results of previous studies on ILO rati�cation behaviour, especially

8The formula used is: BICij = lnLi − lnLj + dj−di

2 lnn, where i and j are the models
indexes, L the likelihood, d the number of parameters of the model and n the size of the
sample.
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Boockmann (2001). That is, we can also conclude that it is important to
control for the country under study. Some unobserved explanatory country-
speci�c variables seem to have a huge in�uence on the rati�cation behaviour.
Furthermore, there appears to be an even larger amount of heterogeneity
among conventions. Each one is speci�c and cannot be treated as a perfect
substitute for another, some of them being very consensual among member
states of the ILO or not inducing important economic or political costs. At
the same time, other conventions can be less easily rati�ed because they are
more ambitious and raise too important costs for the ratifying countries. It
is thus important to investigate states speci�c determinants of rati�cation,
and go deeper in the understanding of the speci�city of each convention.
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