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Abstract
This paper presents an econometric model of the dual informal labour market observed in Latin American countries. Informality is observed under two
regimes: Exclusion and non-exclusion (or “voluntary” and “non-voluntary” informality). Model’s specification searches to encompass the empirical literature in
Latin American countries with an unifying theoretical framework being able to
model a dualistic labour market. Exclusion is then modeled following a latent
class econometric specification where class indicators are suggested by the theoretical framework. The model is estimated using Brazil 2004 household survey
and is specified so it could be replicated with standard household survey data.
Final results provide evidence that almost two thirds of informal workers in the
sample are excluded and corroborates the existence of a dualistic labour market
that goes beyond informality attaining other labour status as well. It also suggest
that education oriented policies may consistently reduce the weight of excluded
workers within the informal sector.
Keywords: Microeconometric, Labour Exclusion, Informal Labour, Latent
class.
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I

Introduction

Informality can be best defined from Hussmanns (2004) legalistic concept where the
informal economy term is used as referring to “all economic activities by workers and
economic units that are, in law or in practice, not covered or insufficiently covered by
formal arrangements”. Informality was first considered a consequence of segmentation
(Harris and Todaro, 1970). From this approach, informal workers are “excluded” from
a primary labour market and are then constrained to lower quality (informal) jobs.
But more recent empirical evidence based on job satisfaction surveys revealed that informality was also an exit from poverty potentially leading to better living conditions
(Perry, Maloney, Arias, Fajnzylber, Mason and Saavedra-Chanduvi, 2007). This new
evidence was theoretically supported by a competitive approach and has been verified
empirically by (Magnac, 1991) for women labour market in Colombia and Günther and
Launov (2012) for the urban labour market in the Ivory Coast among others. This duality has important implications in policy making as poverty and inequality may show
heterogenous responses between these two regimes
Despite of the fact that this new evidence clearly show the existence of dualistic labour
markets, there is no consensus about the theoretical approach that would better describe
the exclusion-informality phenomena. Such a theoretical approach would be crucial to
define informality and exclusion under an integrated framework and would give new
directions for the statistical measurement of both concepts. Moreover, other than subjective surveys, there is no theory based methodologies that would allow researchers to
identify workers that are “excluded” in Harris and Todaro’s sense, i.e. those who are
constrained to accept a given job.
This paper aims to bring to light that a theoretical unifying framework exists in the form
of equilibrium job search models which succeeded to introduce information uncertainty
into labour market models. From this approach, El Badaoui, Strobl and Walsh (2010)
specify a theoretical model of informality based on Burdett and Mortensen (1998).
This framework introduces imperfect information related to workers partial knowledge
of market’s job offers; Workers receive wage offers at a random frequency, where the
expected number of offers can be held constant or not across workers, a limiting case
being this expectation tending to infinity (perfect information case) which yields perfect competition equilibria. Under the original model (Burdett and Mortensen, 1998)
assumptions, this paper suggests that excluded workers, in Harris and Todaro’s sense,
can be identified with those lacking of information and opportunities regarding the job
offers in the labour market. Therefore, exclusion can be modeled by means of differentiated average arrival rates, where excluded workers are identified as those having the
lower arrival rates of job offers. From this paper approach, exclusion1 is an omnipresent
characteristic, not only attaining informal workers but other labour status as well.
1

Defined as the lack of information and opportunities regarding the job offers in the labour market
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To identify “non-excluded” informality, also known as “voluntary” informality, job
satisfaction (subjective) surveys have been implemented; unfortunately they are not
widely available in latin-american countries and are heterogenous and not comparable
across countries. To overcome the identification problem, this paper proposes a latent
class econometric model for classification. The resulting econometric model can be
implemented from standard survey data and is estimated using Brazil’s PNAD-survey
(2004)which, with respect to other LAC, has the advantage to report the legal registration status of workers’ jobs2 . Final results verify some stylized facts such as the
importance of ethnic discrimination and working experience into exclusion and the coexistence of excluded and non-excluded workers within the informal sector.
The paper’s empirical results confirm that informality exists at both exclusion regimes
and suggest it’s a more likely status under exclusion. At an aggregate level, and from
model estimates, there would be twice as much excluded informal workers than nonexcluded informals. Estimates also suggest that working at urban centers, lack of working experience and ethnic discrimination are the main exclusion determinants. The
observed increase in low skilled labour demand since the early 90’s is also captured by
the model as exclusion increases slightly with the level of education.
The paper’s structure is as follows. A second section (that follows this introduction)
presents a literature review about informality and Burdett and Mortensen model, the
latter being complemented in the Appendix. The third section develops the latent class
model for the exclusion regime. Finally the last section presents and comments the
model estimates and ends with concluding remarks.

II

Literature review

Informal Employment has been a major concern in developing countries since the 1970’s.
Its undesired effects on public finance, respect of law and economic policy efficiency are
widely documented in the economic literature (Feige, 2005b; Feige, 2005a; Albrecht,
Navarro and Vroman, 2006). Even though several statistical definitions are available, Informal Employment in Latin American countries is mainly characterized by
the avoidance of government regulation, a non-regular labour status and tax evasion
(Loayza, 1997; De Soto, 1989).
Formal economic models tend to explain informality from two rather complementary
approaches. The first one refers to labour market segmentation, whereas the second
refers to informality as a “voluntary” labour status. The labour segmentation literature has its roots in Harris and Todaro (1970), and identifies the informal sector
to a residual or disadvantaged sector that results from a labour market disequilib2

The informal status membership obtained by this definition makes possible to differentiate informal
workers from formal independent ones
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rium. This approach points to labour market segmentation as informality’s major
cause (Rauch, 1991; Feige, 1989). The alternative approach considers informality as
a “voluntary” labour status i.e. that informality is the result of an utility maximization
procedure Hirschman (1970). Recent empirical studies in Latin American countries,
based on labour satisfaction surveys, show that the majority of informal self-employed
workers seem to voluntarily chose their current informal labour status (Mondino and
Montoya, 2002; Maloney, 1999; Saavedra and Chong, 1999).
The first attempts to unify and test the competitive and segmented hypothesis were
proposed by Dickens and Lang (1985) and Magnac (1991). The later proposed a single
market model that could either be segmented (unconstrained model) or competitive
(constrained model) and without nonpecuniary earnings or compensating differentials
between sectors (formal-informal). The former proposed a dual market model (switching regime model) that nested competitiveness and segmentation assuming the existence
of compensating differentials and other strong assumptions criticized by Heckman and
Hotz (1986)3 . More recently, Günther and Launov (2012) tested for the existence of an
unknown number of clusters within the informal labour market of the Ivory Coast; from
their econometric approach, they find statistical evidence of the existence of a dualistic
informal labour market.

Compensating wage differentials
Two main implications arise from the compensating differentials perspective. First, job
seekers consider job’s advantages and disadvantages i.e. nonpecuniary compensations,
therefore formal-informal wage differentials will not be explained solely by workers productivity. Second, a priori compensating differentials do not establish which labour
status (formal or informal) receives higher wages(Maloney, 1999; Magnac, 1991). On
the one hand informal workers may receive higher earnings to compensate for the absence of some social benefits; on the other hand, they may receive lower earnings to
compensate for the value of some facilities related to informality like flexible working
environment, tax evasion, autonomous work, etc.

Equilibrium search models
Equilibrium search models provide a formal framework to model labour market equilibriums under agents’ limited information assumptions. Burdett and Mortensen (1998)
model4 assumes imperfect information and homogenous agents where firms have heterogenous profit maximization strategies. Every firm strategy is characterized by a
3

The main criticisms were related to (i) labour market, segmented or competitive, is rather multisectoral while the model assumed a single sector at both regimes (ii) agents are “utility” maximizers
nevertheless “utility” is reduced to a monetary definition, the net present value of future wages (iii)
mobility costs should not be neglected (iv) distributional assumptions were unrealistic.
4
See the appendix A.3 for a review of the model.
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particular incentive to offer higher wages so as to achieve low quit rates, thus the equilibrium wage across firms is not unique but stochastic i.e. characterized by a distribution
function. The non-participation decision is explained by the lower expected earnings
related to any job search effort when compared to the reservation wage. An extension
to the basic model assuming heterogenous agents was developed by the author and by
Bontemps, Robin and Van den Berg (1999)5 , yielding well behaved theoretical wage
densities. This approach is not in contradiction with standard labour supply theory
which is based on perfect information and the leisure and working hours trade-off. It
rather introduces more realistic assumptions like imperfect information that enables a
realistic job search behavior.
El Badaoui et al. (2010) extends Burdett and Mortensen (1998) model to account for
informality. The model is characterized by firms who may decide to become informal
by defaulting taxes. As in the original model, bigger firms pay higher wages, except
now, firms’ probability of being controlled depends positively on its size, thus bigger
firms not only pay higher wages but are less likely to default. At the steady state,
defaulting firms (informals) are those whose size (in number of employees) lies below
an endogenous threshold.
El Badaoui’s model inherits the core characteristics of Burdett and Mortensen’s such
as the temporary nature of the lower paid jobs even under homogeneous job arrival
rates. Given that informal (formal) firms, offer lower (higher) wages, its labour force
will be mainly concentrated on newer (senior) rather than senior (newer) workers. From
a worker’s perspective who faces formal and informal offers, the choice relies solely on
the offered wage, which by definition, is expected to be higher when coming from formal
firms. If by any chance a higher offer comes from the informal sector, it will be accepted
until a higher one (expected from the formal sector) arrives. This causes informal jobs
to be considered rather “temporary” when compared to formal ones.
The following section (III) presents an econometric specification of informality and
labour exclusion inspired on Burdett and Mortensen’s approach; Exclusion, defined as
the lack of information and opportunities in the labour market, is identified to lower
job offers arrival rates.
Exclusion under the job search framework
To better understand how this framework may nest a two regime model (exclusion or
not) let us consider the model review in appendix A.3. The model is first presented
with different arrival rates for employed (λ0 ) and unemployed (λ1 ) individuals, where
5

The authors show that the theoretical wage distribution function can be estimated by non parametric methods.
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arrival rates model information availability concerning job offers6 . Given that the wage
offer distribution H(w) is unique, it can be shown that the expected accepted wage is
higher for the category with the highest arrival rate other things been equal.
The following proposition thats allows labour exclusion to be interpreted based on Burdett and Mortensen’s framework is introduced :
Barriers to entry into the labour market constrain the set of available job offers, which
in terms of Burdett and Mortensen model implies lower arrival rates.
Therefore, in its simplest specification, labour exclusion may be defined as the lack of
information availability and opportunities, arising from barriers to entry and related
characteristics e.g. ethnic discrimination, oligopsony in urban or rural markets, etc. In
terms of El Badaoui et al. (2010) and Burdett and Mortensen (1998) model, this would
imply lower arrival rates for the excluded workers. The econometric specification of the
exclusion dichotomy to be presented in the next section is inspired on this approach.
The “non-voluntary” informality term needs to be interpreted with care as theoretical
models under an utility maximization framework consider discrete choices and decisions
making processes under a set of constraints. Extremely constrained problems may lead
to particular solutions where the available choice set (after controlling by problem’s
constraints) has few, a single or no choice alternatives; in that sense informality may
be referred in the literature as “non-voluntary”. As this paper adopts the theoretical
framework given by Burdett and Mortensen (1998) and El Badaoui et al. (2010), the
exclusion definition is preferred to the “non-voluntary” term.

II.1

Dualistic labour market: empirical evidence

Different informality indicators are available across Latin american countries, nevertheless the most common informal job definition is given by the ILO. According to ILO’s
definition, informal jobs comprise non-professional self employed, employers and employees in small firms with cut points varying from 5 to 15 employees. Only Brazil has
a registration card system that allows a more precise identification of informal workers.
Independent workers in LAC are closely related to informality due to the higher avoidance of certain labour regulations within this sector. Thus, the share of independent
workers is often considered as an informality indicator. Empirical evidence (see table 1)
shows that the percentage of urban formal workers that would prefer an independent job
is far from being negligible. The shares of informal workers (salaried and independent)
that prefer an independent job exhibits even higher proportions (from 40% in Colombia
to 75% at the Dominican Republic).
6

The perfect competition equilibria is obtained under a perfect information assumption, which
implies worker’s perfect knowledge about all available job offers in the market (λ → ∞)
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Table 1: Preference for independent employment (percent of workers)
Country
Formal Informal
Formal
Informal
salaried salaried independent independent
Argentina
38
43
86
60
Bolivia
41
62
65
74
Colombia
34
40
46
41
Dominican
51
57
85
75
Republic
Source: Perry et al. (2007), pg 64. Based on 2005-06 Household Surveys.

Informal employment disadvantages are relatively well known and are related to the
lack social benefits and legal protection. Thus, some surveys were conducted in Latin
American countries to explore the motivations to stay informal. Table 2 reports the
reasons to stay self-employed (informal) by gender and group of age in Brazil. The
female population seem to be motivated by time availability for household related tasks
whereas the male population declares to receive higher monetary revenues. Nevertheless,
both groups declare job satisfaction as their main motivation.

8

Table 2: Reported reasons to be informal self-employed in Brazil (percent of workers)
Would you like to leave your current job for a job with a signed contract? (Informal self employed)
Male
Female
Response
All 15 - 18 19 - 24 25 - 54 55 - 70
All 15 -18 19 -24 25 - 54 55 - 70
years
years
years
years
years
years
years
years
No
67.9
29.9
52.6
68.3
80.6
55.5
24.6
41.8
55.2
71.2

Reason

All

9
Earn more in current job
Needed to care for home
Need time for other
activities
Happy in current job
Did not want the
commitment
No answer
Percent of sample
Percent of gender

18
0.2
2.9

Motivations to prefer an unprotected job (Self-employed)
Male
Female
15 - 18 19 - 24 25 - 54 55 - 70
All 15 -18 19 -24 25 - 54
years
years
years
years
years
years
years
13.4
17.6
21
9.6
10.6
5.1
13.3
12.1
0
0
0.1
0.4
26.9
15.3
22.8
27.5
7.5
3.2
2.5
3.2
6.7
6.8
7.9
6.6

55 - 70
years
3.9
28.8
6.8

64.9
10.1

69.5
8

68.3
9.8

64
10

67.6
10.6

44.1
7.5

59.3
8.5

47.7
7.6

44.8
6.9

39
9.8

4
73.5
100

1.6
0.8
1.1

1.1
5
6.8

2.2
51.3
69.8

8.6
13.7
18.6

4.1
26.5
100

5.1
0.3
1

0.8
1.7
6.3

2.2
20
75.4

11.6
3.9
14.8

Source: Perry et al. (2007), based on “Pesquisa Nacional por Amostra de Domicilios 1990”.

Labour exclusion - Brazil
This paper defines labour exclusion as the lack of information and opportunities regarding the job offers in the labour market; in that sense, labour market segmentation may
be considered as its main determinant. From this definition, exclusion is not bounded
to the informal sector but can attain other status as well. Moreover, the importance of
information availability has been already considered to model informality in El Badaoui
et al. (2010).
Labour supply pressures play an important role given its obvious implications on the
scarcity of job offers. The Brazilian labour force rose at 2.6 % on average during the
1992-2004, a high increase when compared with worldwide rates of about 1.5%. As in
other LAC, much of this increase is caused by demographic factors (rising in fertility
rates and in women participation into the labour market).
From the labour demand side, an important change have been observed since the late
1990’s. A structural shift of the production towards lower productivity but labour intensive sectors(Ernst, 2008). The sudden shift in the share of the demand of low skilled
caused an occupational mismatch that raised the unemployment pressures at some sectors. The new jobs generated by this shift were mostly concentrated in the formal
sector, raising the exclusion concerns at self-employment and informality.

III

The model

Empirical evidence presented in the previous section shows that both, formal and informal workers, may be classified either as willing to keep or not their current labour
status. At the same time it’s suggested that the equilibrium search approach is able to
nest this duality. This can be done by assuming that workers with more information
and opportunities in the labour market (higher arrival rates of job offers) are more
likely to be matched with “better” jobs. Empirically, this implies that workers with less
information (lower arrival rates of job offers) are more likely to be observed at unemployment, lower quality (temporary, informal) or lower paid jobs. Thus, defining labour
exclusion as the lack of information and opportunities in the labour market implies that
exclusion is not bounded to stay in the informal sector but that it can be related to
other status and observed characteristics as well.
This section presents a latent class model for the unobserved labour exclusion state
which is specified by exploiting the relationships suggested by the empirical evidence
and economic theory. Exclusion (R) is modeled as an endogenous dichotomous state
that manifest through observed characteristics. Exclusion (R) itself is endogenous as
it is conditioned on worker’s characteristics. Such specification may also be interpreted
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as a MIMIC7 model with a discrete latent variable.
From the equilibrium search approach, the excluded labour may be assumed to have
lower arrival rates, hence when controlling for workers characteristics, excluded ones
would be expected to stay longer in lower quality or underpaid jobs. Thus, the higher
the exclusion the lower the accepted wage or the job quality related to it others things
been equal. As a consequence the following observable manifestations of exclusion are
considered :
Observed wages (w) Excluded workers receive less job offers, thus their received
wage is expected to be lower other things being equal.
Job seeking status (J ) Excluded workers will be prone to seek for a better paid or
more satisfactory job.
Labour status (S). Excluded workers will tend to stay longer at lower quality jobs
jobs until a better job offer arrives. Economic literature identifies informality per-se
as the most widely used indicator of job quality (Pagés and Madrigal, 2008), thus a
labour status indicator that considers formality, informality and unemployment could
be considered as an indirect exclusion indicator. As, it will be discussed in the econometric section, this variable not only serves as an indicator but also corrects for sample
selection in the observed wages equation.

III.1

The econometric model

The latent class model presented below distinguishes three kind of variables: First, the
latent class which is unobserved, endogenous and qualitative (R) ; second, the observed
endogenous indicators that could be continuous (w) or qualitative (S, J ) which by
definition are determined by the latent class. Finally the exogenous variables (x) on
which all others are conditioned. The framework provided by Burdett and Mortensen
approach is a helpful reference for the econometric specification i.e. the econometric
model does not pretend to fully test for the empirical validity of the theoretical model.
7

Multiple Indicators and Multiple Causes
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wage

X

R

labour status

job seek

Figure 1: Model’s structure
The presence of unobserved skills (or unobserved heterogeneity) in the model can be
detected through the conditional correlations between the unobservables of the endogenous variables e.g. higher (unobserved) skills will increase to likelihood of receiving
a higher wage and of being in a better quality job, causing a correlation between the
unobservables of w and S. Controlling for unobserved skills has important econometric
implications as it corrects for the potential correlation between the observed education
indicators within wage equations and the corresponding residual terms.
This model may also be written as a structural equation model (SEM) of interrelated
continuous endogenous variables and latent traits :
w
Ss∗
J∗
R∗

=
=
=
=

hw (x, R, S) + uw
hS (x, R, S) + us
hJ (x, R) + uJ
hR (x) + uR

where h() is a linear function of its arguments while the random vector u has a full
correlation structure, u ∼ D(0, Σ). As it can be noticed, the SEM representation of the
LC model is based on categorical variables’ underlying latent traits (S ∗ , J ∗ , R∗ ). Thus,
the mapping from the latent traits to the observed indicators is given by :

R=

J =





1 Excluded
if R∗ ≥ 0
0 Non-excluded otherwise

1 Job-seeking
if J ∗ ≥ 0
0 Not seeking for a job otherwise
12

S = Argmax Ss∗

;

s = 1, 2, 3, 4.

s

where Ss∗ denotes the labour status latent trait at a given status s.

The simplest LC model
For the sake simplicity, the following presents the formal definition of a Latent Class
(LC) model when a single dichotomous indicator (JR ) is available. Identification analysis is omitted on purpose as it is explained and applied to the final econometric model
at the end of this section. Let’s consider the latent trait R∗ linearly determined by the
covariates and unobservables defined above:
R∗ = δ1′ x + uR

and P [R = 1] = FuR (δ1′ x)

(1)

where R∗ is a continuous random variable determined by individual observed characteristics (x) and unobservables are modeled by uR , a random variable with distribution
function (FuR ).
As R is not observed, the dichotomous exclusion indicator (JR ) classifies individuals
with error in two groups (R = {0, 1}) with probabilities :

1 (Excluded);
P [JR = 1]= P[JR = 1 ∩ R = 1] + P [JR = 1 ∩ R = 0]
JR =
0 (Non-excluded); P [JR = 0] = P [JR = 0 ∩ R = 1] + P[JR = 0 ∩ R = 0]
where probabilities of observing a correct(false) classification are indicated in bold (standard) characters8 . These probabilities may be represented by probit specifications (Φ)
conditioned on individual characteristics (x):
P [JR = 1|R = 1] = Φ(δ2′ x) ;

P [JR = 0|R = 0] = Φ(δ3′ x)

which yields the following probabilities of observing JR :

JR =



1 (Excluded);
P [JR = 1] = Φ(δ2′ x)FuR (δ1 x) + Φ(−δ3′ x)FuR (−δ1′ x)
0 (Non-excluded); P [JR = 0] = Φ(−δ2′ x)FuR (δ1′ x) + Φ(δ3′ x)FuR (−δ1′ x)

This specification corresponds to a (unidentified) latent class model with a single indicator. It may also be described as a MIMIC model with a discrete latent variable. The
8

Correct and false classification probabilities are written as :
P [JR ∩ R] = P [JR |R] P [R]

where P [JR |R] is interpreted as the probability of observing an exclusion indicator(JR ) given an
underlying regime(R)
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simplest model is said to be unidentified as the left hand side probit P [JR ] provides
with one vector of reduced form parameters, whereas the right hand side requires three
(δi={1,2,3} ) structural parameters vectors. The necessary condition for identification (or
order condition) is achieved with at least three (k = 3) dichotomous indicators, as it
implies seven (2k −1) reduced form parameters and seven (2k +1) structural parameters
vectors. This analysis is extended to the complete model at the end of this section (page
19). See Hagenaars and McCutcheon (2002) and Skrondal and Rabbe Hesketh (2004)
for technical details.
III.1.1

Latent regime specification (R)

As mentioned above, the ”exclusion” dichotomy (R) may be explained by information
asymmetries about job offers in the labour market. Equation (1) presents a general
probit relationship, that can be specified based on two main sources: i) empirical evidence about excess of labour demand or supply at given labour productivities and
ii) theoretical implications of continuum labour productivities (Burdett and Mortensen, 1998; Bontemps et al., 1999).
Empirical evidence shows that labour market may be segmented as a consequence of
heterogeneity in jobs and workers productivities. If jobs and workers are classified in
two productivity categories, for instance high and low skilled, then segmentation implies
that substitution across categories is not allowed9 . Analogue implications arise when
continuum (supply and demand) productivities are assumed. Figure 2 presents hypothetical labour productivity(π) densities under two scenarios. The red density function
corresponds available jobs productivity whereas the blue (bold) one represents worker’s
productivity distribution. For simplicity and without loss of generality, the plots assume identical masses of available jobs and workers. Many hypothetical distributions
may exist, nevertheless the shapes presented here mimic the asymmetric and leptokurtic
shapes of income distribution which may be considered as productivity related indicator.
The first scenario (I) suggests that the available job offers for unskilled workers (R = 1)
will be lower when compared with their high skilled counterparts(R = 0). The second
scenario (II) suggests that the available job offers for the unskilled and highly skilled
workers (R = 1) will be lower when compared with their middle skilled counterparts(R =
0). Thus, at any scenario and productivity level, an excess of supply can be related to
a lack of information and opportunities, i.e. labour exclusion can be a consequence of
the information asymmetries towards workers caused by labour market disequilibriums.
As can be seen, being at the productivity domains of exclusion (R = 1) depends on π.
At the first scenario the exclusion probability would be expressed as P [π < t] where
π − t corresponds to the latent trait (R∗ ) in equation (1). From workers’ perspective,
9

An excess of labour supply in one sector can not be compensated by an excess of labour demand
in another
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I.

g(π)

R=1 t

R=0

II.

g(π)

π

R=1t

1

π

R=0 t R=1
2

Figure 2: Distribution of labour productivities, supply and demand.
P [π < t] is calculated over workers productivity distribution (blue) where the threshold
is implicitly defined by functions’ intersection.
In the second and most general scenario (II) the latent regime could be modeled as
a trichotomy by assuming three productivity states, nevertheless this would increase
the complexity of the econometric estimation. Instead, a simpler specification may be
adopted by defining the exclusion probability as a non linear function:
P [R = 1] = P [(π − t1 )(π − t2 ) > 0]
= P [α1 π 2 − α2 π + α3 > 0] ; (α1 , α2 , α3 ) = (1, t1 + t2 , t1 t2 )

(2)

where P [R = 1] at the first scenario is a nested model if (α1 , α2 , α3 ) = (0, 1, t).
Worker’s latent productivity being unobservable, it may be explained by mincerian
covariates (z) and a random component which leads to the reduced form:
P [R = 1] = P [β̃ ′z̃ + θ̃ε < uR ]

(3)

where the z̃ vector contains the reduced form variables resulting from the quadratic
equation (2) whereas θ̃ε is introduced to control for unobserved heterogeneity i.e. unobserved that determine productivity. This equation implies the inclusion of higher
order polynomials for π in order to model the underlying productivities scenario, thus
final estimates presented in the next section show evidence in favor of scenario I (table
4).
III.1.2

Indicators’ specification

The econometric model has a compact representation in the form of the i-th observation
likelihood function. Let’s first define the notation to be used for endogenous indicators
density or probability functions :
15

Table 3: Endogenous variables densities and cdf’s
Definition
P [J |x, R]

Probability of the dichotomous
job seeking indicator J .

Logit∗

P [S|x, R]

Probability of observing the
Labour status where S is qualitative and nominal. The four
labour status categories in S are
formal, independent, informal
and unemployed

Mixed multinomial logit∗

fu (w|x, R, S)
P [R|x]
∗

Specification

Observed wage density function ,
where u stands for the residual
term.
Probability of the underlying dichotomous regime∗

Linear regression∗
Logit∗

Linked to the other model equations through the mixing distribution ψ(ε)

Thus, for conditional independent J , S and w, the conditional mixture distribution
g( . |x) is obtained as:
g(w, J , S, R|x) =

X

f (w|x, R, S)P [J |x, R]P [S|x, R]P [R|x]

(4)

r

=

X

f (w, J , S|x, R = r]P [R = r|x]

r={0,1}

= g(w, J , S, R|x)
Nevertheless, the conditional independence assumption could be unrealistic in the presence of unobserved heterogeneity like individual unobserved skills, leading to inconsistency of the ML estimator. Thus, dependence between indicators and the latent
regime is induced by means of mixing10 distribution function d ψ( ε). The new mixture
distribution h( . |x) for the i-th observation is:
10

In the statistics literature, the weighted average of several functions es called a mixed function and
the density that provides de weights is the denoted as the mixing distribution
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h(w, J , S, R, ε|x) =
Z X
f (w|x, R, S, ε)P [J |R, ε, x]P [S|R, ε, x]P [R|ε, x] dψ(ε)
r

=

Z

X

f (w, J , S|R = r, ε, x]P [R = r|ε, x] dψ(ε) (5)

r={0,1}

Alternative interpretation Let’s consider the model without the job seeking indicator (J ) and the latent regime (R). The resulting model would consist of two endogenous
variables, the offered wage (w) and labour status (S). Such a model corresponds to a
multinomial tobit specification where (w) is the censored variable observed at different
labour status (S)11 . Thus, the introduction of the latent regime (R) leads to a two
regimes multinomial tobit model. Under this interpretation the additional indicator
(J ) enters the model only to contribute to the statistical identification of the latent
regime.

Dependencies within S The assumption of multivariate normality for the latent
trait that determines S would lead to a computationally burdensome estimation procedure due to the multidimensional integrals involved in the multivariate normal distribution function. An alternative approach consists to specify probabilities from a simpler
multivariate distribution function (like a multivariate normal with non correlated random variables or a multinomial logit) and to introduce a common random regressor
(ε) to induce dependence between categories(McFadden and Train, 2000; Train, 2002).
This is the role of ε, not only to avoid conditional independence within S but to create
dependencies between the endogenous variables in the system. Let’s define us as the
random term that underlies the latent trait determining P [S = s|.],
us = θs ε + us

;

s = 1, ...4

(6)

for simplicity a multinomial logit specification is assumed,
′

eαs x+θs ε
P [S = s|R, ε, x] =
P3
1 + τ =1 eα′τ x+θτ ε

(7)

which implies that us follows a Type-I extreme value distribution (log-Weibull), where ε
and us are independent and V (us ) = π 2 /6, ε ∼ N(0, 1). Thus, the implicit conditional
correlation between labour status s and p is given by:
11

This a multiple groups generalization of the Heckman’s sample selection model (Tobit II).
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θs θp
q
(θs2 + π 2 /6)(θp2 + π 2 /6)

The constraint V (ε) = 1, frees the correlation sign between status s and p by letting
the θ parameter to take positive or negative values.

Other implied correlations The observed hourly wage at a given regime (R) is
censored and observed at status s = 1, 2, 3 (S = 4 corresponds to unemployment) :
(
ln ws = a′s x + λs ε + ǫs
if S = s
(8)
ln ws∗ =
−
otherwise
where the as parameters represent the hourly wage returns on individuals’ characteristics (x). Both ε and ǫ are iid across workers and normally distributed . As mentioned
earlier, unobserved heterogeneity is modeled by the random term ε which induces conditional correlations between and within indicators.
From a multinomial tobit perspective it could be interesting to define and test for the
conditional correlation between S = s and ln ws , i.e. the correlation between us and
the wage equation residual (λs ε + ǫs ) :
θs λs
(θs2 + π 2 /6)(λ2s + σǫ2 )
while the correlation between the wage equation residuals s and p is given by :
p

λs λp
q

(λ2p + σǫ2 )(λ2s + σǫ2 )

The parameters (λ, θ,σǫ2 ) related to the above correlation structure are identified from
second order moments, which makes numerical identification very difficult if two correlation structures at both regimes (R) are estimated, thus an unique correlation structure
for both regimes is assumed 12 .
The job seeking dichotomous indicator (J ) has a logit specification P [J |ε, x, R, S] and
is conditioned on the random component (ε). Again the conditional correlation between
J and ln ws and s may be easily written as:
λs δ
θs δ
p
, ; p
(λ2s + σǫ2 )(δ 2 + π 2 /3)
(θs2 + π 2 /6)(δ 2 + π 2 /3)
where δ is the parameter that multiplies ε within the logit covariates.
12

The theoretical identification of the implied correlations has been established from rank and order
conditions as suggested in Walker, Ben-Akiva and Bolduc (2007)
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III.1.3

Identification issues

Theoretical identification of latent class models with categorical indicators have been
discussed in the literature by Goodman (1974) and Hagenaars and McCutcheon (2002)
among others. The necessary and sufficient conditions for identification may be considered as special cases of more general approaches as the one described in Skrondal
and Rabbe Hesketh (2004). In order to discuss identification of this paper’s model a
simpler version dealing with the categorical indicators (J , S) would be first considered,
thus the complete model analysis will follow with the introduction of the wage indicator.
As J and S have 2 and 4 categories respectively it’s possible to generate a new categorial
variable (M) to code their equivalent 8 possible combinations, for simplicity the IIA is
assumed. Thus the joint probability from which the i-th observation likelihood function
may be written has the form :
P [J , S] =

XXX
s

P [J = j|R = r]1[J =j] P [S = s|R = r]1[S=s] P [R = r]

r

j

As can be seen the probits (J , R) and multinomial logit (S) imply the estimation of
nine vector parameters:
P [J = j|R = r]] Two vector parameters (one for every exclusion regime).
P [S = s|R = r] Six (mlogit) parameters (three for every exclusion regime)
P [R = r]
One vector parameter.
In order to find the number of identifiable vectors, the previous probability may be
related to an equivalent multinomial probability P [M] (or reduced form model) that
deals with eight observed categories :
P [M] =

X

P [M = m]1[M =m]

m

P [M] ≡ P [J , S]
Therefore,
X
m

P [M = m]1[M =m] ≡

XXX
s

j

P [J = j|R = r]1[J =j] P [S = s|R = r]1[S=s] P [R = r]

r

The left hand side is a multinomial probability with one reference category, where seven
identifiable vector parameters exist. Given the equivalence between left and and right
hand sides, for every m there is an equivalent (s, j) combination, thus the following
implicit system of seven equations and nine unknown vectors is obtained :
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P [M = m] ≡

X

P [J = j|R = r]1[J =j] P [S = s|R = r]1[S=s] P [R = r] , m = 1, ...7

r

Having at least as many equations as unknowns is the necessary condition for identification, as a consequence the model is unidentified. If this condition would have been
satisfied, it follows that the Jacobian of the implicit system relating the reduced form
parameters within (P [M]) and the right hand side (structural) parameters must be full
rank in order to obtain local identification. Full rank of the Jacobian is then a sufficient
condition provided that there are as many equations as unknowns.
Let’s introduce wages at labour status s as an indicator, the overall probability becomes :

f (wm |M = m)P [M = m] ≡
X
P [J = j|R = r]1[J =j] [P [S = s|R = r]f (ws |R = r)]1[S=s] P [R = r]
r

The left hand side corresponds to a Multinomial Tobit13 probability where seven vector parameters14 , composed by multinomial logit and wage equation parameters15 , are
theoretically identified. Identification in mtobit models rely heavily on empirical rather
than theoretical identification e.g. a bivariate normal tobit is theoretically identified
but is close to unidentified if f (wm |M = m) and P [M = m] are conditioned on the
same explanatory variables (Cameron and Pravin K., 2005). Regarding the right hand
side or Latent Class model, this suggests that even if necessary and sufficient conditions
for theoretical identification are met, empirical identification could be a main concern.
The count of unknown parameter vectors at the right hand side yields the same results,
the only difference being in the definition of the mtobit probability :
P [S = s|R = r]f (ws |R = r)] Six (mtobit) parameters
( three for every exclusion regime )
As can be noticed, adding wages as a continuous indicator does not change the number
of resulting equations, so the model stays unidentified; thus estimation can only be
performed over a constrained version of the model.
The econometric model presented in the next section tested for alternative sets of constraints. Each constraint was evaluated by the economic coherence of its estimated parameters and empirical identification (the latter being monitored by the condition the
condition number16 ). This strategy pointed to a model where i) the job seek (J ) slope
13

Also known as switching regression model with endogenous switching
Multinomial logit and wage parameters can be represented as one mtobit parameter vector
15
The wage parameters for labour status other than unemployment
16
The ratio of the highest to the smallest eigenvalue of the log-likelihood Hessian matrix.
14
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parameters were statistically close to zero without discarding ε17 and ii) the formalexcluded and formal-non excluded wage parameters exhibited similar slopes. Thus, to
achieve theoretical identification, the job seek logit parameters were fixed to the values
suggested by the previous analysis, zero for the slope parameters while its threshold is
such that the likelihood is maximized. This reduces the number of structural vector
parameters by two and ensures that the order condition is met. A second constraint
that enhances the empirical identification of the model implies the equality of the slope
parameters at the wage equations across regimes. As will be presented in the next section, model’s economic coherence needs to be addressed by several probability curves
and estimated parameters. As this is a multivariate non linear model, the comparison
(reporting) of alternative models is cumbersome, thus this paper emphasizes on the
explanation of the resulting econometric identification. For a reference on analog latent
regime models and implied constraints see Dickens and Lang (1985) and Günther and
Launov (2012).

III.2

Estimation results

The econometric model is estimated using Brazil’s household survey (PNAD-2004). The
sample consists of male individuals between 18 and 65 years old, not working or having
a single job only. A main concern with this criteria relies in the fact that workers having
more than a single job may be related to informal activities which may cause a sample
selection issue. Nevertheless, the proportion of workers in this situation is only 2.5% in
the male subsample. The female sample is not considered in order to control for potential specification issues as parallel decision making processes (related to motherhood)
may play an important role in the determination of the chosen labour status and observed wages (see appendix A.1, for the descriptive statistics of model’s main variables).
The labour status (S) has been generated from survey’s indicators and it distinguishes
four labour categories: formals, independents, informals and unemployed workers :
• Informality. Workers whose current job is not registered on their working card.
Not registered jobs are not covered by the labour market regulation.
• Formality. Non independent workers whose current job is registered on their
working card plus public sector workers and members of the national army.
• Independent. Workers classified as self-employed, domestic servants and family
or non remunerated workers with a registered job. In Brazil’s case independent
workers are not informals. Even though, being independent may also be considered
as an informal status in other LAC where the registration card system does not
exist.
• Unemployment. Economically active workers that do not belong to the previous
three categories.
17

Its parameter is identified from second order moments (the implied variance structure)
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The other endogenous variables (indicators) definitions are:
• Job seeking status(J ). Dummy variable equal to one if the worker was seeking
for a job during the last 30 days and zero otherwise. The average over the entire
sample was about 5% and did not increase significantly when considering a longer
horizon (365 days).
• Logarithm of the hourly wage. Calculated from the declared working hours
per week and monetary wage received from the main labour activity.
The exogenous (x) variables definitions are:
• Years of education (Educ.years). Effective years of education (available in
the survey). This definition is more accurate that the nominal years of education
which tends to overestimate individual skills.
• Region (Urban). Dummy variable equal to one if workers’ region is urban and
zero otherwise (available in the survey)
• Potential experience (Potl. Exp.). Quantitative variable calculated as the
difference between worker’s age and the estimated age of entry into the labour
market. The latter is calculated as the years of education plus the age of entry to
elementary school.
• Ethnic group (White). Dummy variable equal to one if workers’ ethnic appartenance corresponds to ’white’ and zero otherwise.
• Postgraduate education (Educ.years(> 15)) Dummy variable equal to one if
years of education is greater or equal than 15 and zero otherwise.
• Wage equations also include dummy variables to control for industry and occupational wage differentials (see table 10).
III.2.1

Unconditional exclusion probabilities

According to the Burdett and Mortensen (1998) framework presented in the previous
section, excluded workers receive less wage offers than their non excluded counterparts.
Exclusion may also manifest in the way workers are distributed across the different
labour status(S) and in the job seeking (J ) decision(fig. 1), where the exclusion state
is a dichotomy modeled through equation (3) which depends on workers productivity (π) and other characteristics. Table 4 presents the estimated parameters for this
relationship.

22

Table 4: Unconditional exclusion probability
(P [R = 1]), logit estimated parameters.

Variable

parameters

White(race)

-1.3
(0.15)

Years of education(Urban)

-0.08
(0.02)

0.04a

Years of education

(0.04)

Years of education(> 15)

-0.84
(0.19)

Urban

0.62
(0.19)

Potential Experience

-0.53
(0.06)

Sqrd. Potl. Exp. /100

0.73
(0.08)

Educ.× Potl.Exper. /100

0.57
(0.12)

a
b

not significant at 5 % level.
not significant at 1 % level.
Standard errors in parenthesis.

The retained specification is mainly explained by mincerian covariates and an ethnic
dummy, where most of the higher order polynomials and crossed terms implied by scenario II were not significant or resulted in empirical non-identification of the overall
model.
The next figure presents the exclusion probability curves with respect to potential experience and ethnic groups based on table 4 estimates. Exclusion probability decreases as
experience increases until a certain experience level is achieved. Ethnic discrimination
may be verified for individuals not classified as ”white” by the survey as their exclusion
probabilities are statistically significant .
The non linear negative effect of experience into exclusion diminishes as experience
increases, as shown by the positive ”Sqrd. Potential experience” coefficient. It also diminishes with workers’ education as shown by the interaction coefficient.(Educ. × Potl.
Exper.). The ethnicity dummy controls for a discrimination factor that may influence
the exclusion state and as can be seen in fig. 3, it plays a significant role.
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Figure 3: Exclusion probability and potential experience (by ethnic groups )
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Some counterintuitive results may be noticed, the first being the positive relationship
between the urban dummy and the exclusion probability. In Brazil, rural regions exhibit
great heterogeneity as some of them may be populated by prosper rural societies (specially in the southern country) while others may harbor important indigenous tribes.
Thus, the urban dummy in the exclusion probability (4) only controls for some of the
geographic heterogeneity. Nevertheless, the higher exclusion probability at the urban
region is in line with recent findings. Ernst (2008) shows that a systematic increase in
urban unemployment since the early 90’s caused unemployment at urban regions to be
10% against 1% in the rural one.
The effect of education on exclusion probability (Figure 4 and Table 5, constitutes the
second counterintuitive result. Table 5 shows the exclusion-education slopes at several
experience levels calculated from the exclusion logit parameters (Table 1). This relationship is determined by education interaction with experience and tends to be positive
at lower experience levels. Nevertheless, the impact of postgraduate studies unambiguously diminishes the exclusion probability. This behavior points to a potential excess
of labour supply of middle educated workers as highly educated workers are less ex24

cluded. This phenomena is discussed in Ernst (2008) where the author suggests that
the structural change in Brazil’s labour market since the early 90’s, caused a systematic
decrease in the share of the highly skilled labour demand; this was also related to a
decrease in labour conditions (increase in unemployment rates) of better educated and
urban region workers. At the rural area, the education parameter is positive but non
significant, as a consequence, rural and urban probability curves share similar shapes.

Figure 4: Exclusion probability and years of education
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The random component parameter(θ̃) introduced to control for unobserved heterogeneity (skills) is not reported but its t-ratio is −9.58 and the implied conditional correlation
with formal workers wage residuals is a singnificant −60%. This is a sound result given
that if wage equation unobservables and workers productivity are driven by unobserved
skills, then an increase of the unobserved skills would imply a negative conditional correlation between the exclusion probability and wage equations.
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Table 5: Exclusion-Education slopes
Potential Experience level
0
6
10
15
35
Urban 0.43
0.47
0.49
0.52
0.63
(0.16)

Rural

(0.36)

(0.45)

(0.55)

(1.3)

0.52

0.55

0.58

0.60

0.72

(0.17)

(0.35)

(0.47)

(0.57)

(1.4)

Standard errors in parenthesis

III.2.2

Exclusion probabilities conditioned on labour status

The main drawback with probabilities calculated from 4 rely in the fact that they are
not labour status specific. The following figures show sample exclusion probabilities
conditional on the labour status and other worker characteristics. These probabilities
are calculated from the empirical sample and are not conditioned on wages, thus the
relationships are represented as clouds of points relating exclusion probabilities to the
exogenous characteristics.
For formal workers, potential experience and exclusion probabilities exhibit a clear
negative relationship, while for independent and informal workers exclusion is a non
linear function of potential experience. To better understand these effects, let’s consider
the exclusion probability conditioned on the labour status and other regressors also
known as posterior probability :

P [R|S, x] =

P [S|R, x] P [R|x]
P [S|x]

(9)

As can be seen in figure 5, the resulting probability shapes with respect to potential
experience do not correspond exactly to the quadratic one defined for P [R = 1|x] in
table (4). The new shapes are modified by the composition effect of potential experience
(x) on the labour status at both regimes. The composition effect may be defined as the
change in the composition of excluded/non excluded proportions within a given labour
status (S) i.e. the change in:
P [S|R = r, x]
P [S|x]

,

r = 0, 1

which once multiplied by P [R] yields the posterior probability.
The composition effect may be obtained from Table 11 estimates; e.g. consider informal
workers and a change in the years of education education, it can be seen that education
increases (0.92) the informal probability given non exclusion while it decreases the
informal probability given exclusion (-1.4). The final effect over the posterior probability
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results from the composition effect and the pure exclusion effect, the first and second
terms in the expression below :
d (P [S|R, x]/P [S|x]) P [S|R, x] d P [R|x]
d P [R|S, x]
= P [R|x]
+
dx
dx
P [S|x]
dx

(10)

At the formal status, the conditional exclusion probability is always decreasing and
seems to fit the quadratic shape of the unconditional exclusion probability discussed
earlier. It does not shows the the upward sloping probability segment of the unconditional probability (fig. 3) as potential experience beyond 40 years are less frequent
in the sample. From the composition effect, potential experience effect on conditional
exclusion stays ambiguous18 , therefore, the conditional exclusion probability for formal
workers is dominated by the exclusion effect.

Figure 5: Conditional Exclusion probability P [R = 1|S, x]
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In the case of independent workers, the conditional probability shape suggests that the
first experience years will diminish exclusion, nevertheless staying longer would revert
18

From table 11 coefficients, experience increases more the formal probability given exclusion than
the formal probability under non exclusion. This slight difference in experience coefficients (0.25-0.19)
is compensated by the experience squared (-1.13,-0.2) so the final effect stays ambiguous.
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this situation as additional years of experience will increase it. The complexity of the
shape is due to the quadratic (experience) terms within the labour status probabilities
(P [S|R = 1, x], table 11). Informal workers exhibit a similar probability curve with a
less dominant quadratic shape, it also presents higher exclusion probabilities at every
potential experience level when compared with independent workers.
For unemployed workers, exclusion probabilities remain constant and around 95% at
almost every potential experience level. The remaining 5% (non excluded) can be
identified to the non participation decision i.e. the economically active individuals
without a job and not seeking for one. Given that wages are unobserved for unemployed
workers its exclusion probability curve does not show the dispersion of the others.
Figure 6: Conditional Exclusion probability P [R = 1|S, x]
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The formal workers probability shape (fig. 4) is similar to the unconditional one19
(fig. 6) and education still has and slight effect on exclusion as experience stays at
19

These curves are not conditioned on the log of wages
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lower levels. The interaction with experience continues to dominate the effect as higher
experience levels downward shifts the exclusion probabilities. The upward slopping exclusion curves with respect to education may seem counterintuitive but it reflects the
dominance of the exclusion effect shown in figure 4.
The independent workers probability curves present a clear negative effect of education
on exclusion which is explained by the composition efect. The curves are downward
shifted as experience increases, nevertheless, as shown in fig. 5, the experience effect
is non linear and causes the curve to slightly shift upwards for even higher levels of
experience.
The informal workers probability curve is also downward slopping with respect to education and presents higher exclusion probabilities when compared to independent workers
at any experience level. It should be noticed that the dispersion in the sample of informal workers with 40 years of (potential) experience is not only due to wages dispersion
but to the small sample size.
Under unemployment, exclusion probability increases with education. Again, this is
consequence of the dominant exclusion effect, but may also be interpreted as being
related to the higher opportunity cost of unemployment for better educated individuals.
III.2.3

Wage and labour status estimated equations

Wage equations (eq. 8) are determined by education, potential experience and dummy
variables to control for industrial and occupational wage differentials. These equations
are estimated simultaneously with labour status (S) multinomial logit probabilities
which are also determined by Mincerian covariates. As mentioned in the previous section, such endogenous variables act as indicators for the latent regime (R) and the
resulting model corresponds to a two regime (mixed) multinomial Tobit specification.
Wage equations and labour status are determined by the latent regimes except for the
formal workers wage equation20 . Preliminary estimates also considered both regimes
for the formal status, nevertheless the resulting differentials where not significant or
model’s estimates were not reliable due to doubtful identification results21 .
As can be seen in table 10 returns on education are higher for non excluded (independent
or informal) workers while returns on experience are slightly higher for non excluded
informal workers only. Exclusion wage differentials on industrial and occupational characteristics can be calculated by adding the constant term22 with the corresponding
dummy parameter; as a result, non exclusion differentials are positive for independent
20

This is an additional constraint to the econometric model which assumes formal wage equations to
be identical at any exclusion regime. This is intended to deal with the fragile empirical identification.
21
Small condition numbers
22
Which stands for the omitted reference categories
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workers while for informal ones these differentials are positive for ’managers’ only.
Labour status (S) m-logit estimates (Table 11) suggest that education increases the
share of non excluded within a given status. Under exclusion, the effect of working at
an urban region leads workers to unemployment or formality while under non exclusion
it leads workers to unemployment or self-employment. This seemingly counterintuitive
result can also be explained by Ernst (2008) as the unemployment rates raised systematically in the urban region since the early 90’s achieving a 10% against 1% in the rural
area.
III.2.4

About the conditional correlation structure

The conditional correlation structure across endogenous variables (S, w, J , R) was
introduced in order to control for the unobserved heterogeneity which is believed to be
mainly driven by workers unobserved skills. The same covariance structure is specified
at both regimes by introducing one common factor (ε) so the estimation procedure could
still be feasible23 . This common factor has unit variance and shares the same loadings
or associated parameters across regimes. Correlations in the table below (table 6) take
as a reference category the unemployment status, as in the econometric model. The
significant correlation (66%) between the independent-informal status supports the fact
the independent and informal workers not only share observed but also unobserved
characteristics. As a consequence, the IIA assumption does not holds and corroborates
the strong relationship between self-employment and informality in LAC.
Table 6: Conditional correlations (between unobservables)

Within labour status
S♭

formalindependent
0.07
(0.05)

formalinformal
0.09
(0.06)

independentinformal
0.66
(0.05)

Between wages and
labour status a ♭
(ws ;S = s)

formal
0.05
(0.03)

independent
0.54
(0.04)

informal
0.40
(0.02)

Standard errors in parenthesis
♭ Estimated from the implied mixed multinomial tobit model.
a Correlation between the unobservables of labour status s and the corresponding wage equation
(log ws )residual

The second part of the table presents conditional correlations between the labour status
and wage equations. The significant correlations represent how the same unobservables
determine the received wage at a given status and the fact of being at the status itself;
They also confirm that wage equations should be estimated following a Mixed Tobit
23

Increasing the number of common factors also increases the dimension of the integral involved in
likelihood (eq. 5) calculation.
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approach.

III.2.5

The job seeking indicator (J )

According to this indicator 5% of the sample declares to seek for a new job. Several
specifications (explanatory variables) where considered for its logistic regression, nevertheless, none yielded reliable or significant results due to identification issues (see section
III.1.3). Hence, the final specification fixes the logit threshold and includes a random
term (ε) which may be interpreted as modeling the job seeking indicator as function
of unobservable skills. As the more skilled workers are less likely to be seeking for a
new job, other things been equal, the conditional correlations between J and wage
equations are expected to be negative. This is verified by the estimated conditional
correlations between J (formal, independent and informal) wage equations which are
all about −20%24 . Finally, the conditional correlation between J and R is +0.21%
meaning that unobservables leading to exclusion also lead to job search.
III.2.6

Exclusion and labour status patterns

From model estimates, conditional exclusion probabilities may be calculated in order
to classify observations into their most likely labour status and regime. The following
table shows this distribution for the estimated sample25 and brings into light a main
stylized fact : the incidence of exclusion on informality and unemployment; as can be
seen, the ratios of excluded to non-excluded are 2.4 and 5 respectively whereas formal
(0.9) and independent (0.53) status are much less affected.
According to this paper informality definition, independent workers are considered as
”formal” independent as their jobs are registered in their registration cards while other
informality definitions (ILO) tend to aggregate both, independent and non registered
jobs. Nevertheless, as can be seen in the table below, such aggregation relates two
highly heterogenous groups when it comes to labour exclusion.
24

Standard errors between 0.02 and 0.04. Similar results are also obtained from labour status correlations.
25
The sample includes the male population between 18 and 65 years old.
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Table 7: Estimated labour status and exclusion regime distribution
formal

independent

informal

unemployed

Non-excluded

0.25

0.15

0.05

0.02

0.47

Excluded

0.23
0.48

0.08
0.23

0.12
0.17

0.10
0.12

0.53

Based on estimated posterior probabilities

The degree to which the model estimates distinguishes between the latent regimes may
be evaluated by the following entropy measure (Ramaswamy, Desarbo, Reibstein and
Robinson, 1993) :
P P
−πik log πik
; i = 1, ..., N , k = 1, 2
E =1− i k
N log 2

where πik is the (i-th observation) estimated posterior probability of being at the latent
class indexed by k. A worker is classified as excluded if he(she) is more likely to be excluded (πiR > 0.5), thus clearer classifications imply probabilities that are closer to zero
or one and different from 0.5. This entropy measure increases with clear classifications
and is bounded between 0 and 1 (it tends to 0 as πik ’s are concentrated around 0.5 and
to 1 if they are closer to 0 and 1). The entropy measure for the exclusion regime (R)
is 0.42 which indicates a “fair” classification. The same measure can be calculated to
evaluate the overall model performance when dealing with labour status and exclusion
classification at the same time, that is, evaluating the classification underlying table 7
posterior probabilities; thus the entropy measure increases to 0.8.

IV

Concluding remarks

The exclusion classification based on Burdett and Mortensen framework under the latent
class approach verifies many stylized facts, as ethnic discrimination and lack of working
experience have a significant effect on (unconditional) exclusion probabilities. Having
postgraduate education will also reduce workers (unconditional) exclusion whereas middle education and lack of experience will increase it pointing out a potential excess of
labour supply of middle educated workers that enter the job market. This phenomena
has been identified in the literature (Ernst, 2008) in the form of a positive relationship
between unemployment rates and education levels due to the increase of low skilled
labour demand since the early 1990’s. Another stylized fact is the incidence of exclusion on informality and unemployment (table 7) as their excluded to non-excluded
worker ratios are about 2.4 and 5 respectively26 .
26

Non-excluded unemployed may be interpreted as non participants.
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Model estimates show that the lack of experience is the main determinant of (unconditional) exclusion and that education by itself will not suffice to reduce it. The influence
of experience and education on exclusion constitutes a main finding as it points out the
importance of school to job transition policies that facilitate the access to the labour
market in order to gain working experience.
Informality is estimated to be mainly constituted by excluded workers (70%), suggesting the importance of labour market policies aiming to specifically reduce excludedinformality. From the composition effect, it can be concluded that education is a key
factor as it’s capable of increasing non-excluded informality while decreasing the excluded one. On the contrary, the pure exclusion effect will tend to increase exclusion
as mentioned in the first paragraph. At the end, the overall effect (see eq.10) will still
be dominated by the composition effect as shown in figure 6. Such a result implies that
reducing the excluded-informality without discouraging the non excluded one can be
achieved by standard policy measures aiming to increase workers level of education.
The random component (ε) introduced to control for unobserved heterogeneity may
also be interpreted as an unobserved skills latent factor. From its estimated factor
parameters (loadings) the model verifies the negative relationship between unobserved
skills and exclusion. It also verifies the positive relationship between observed wages
and unobserved skills, where unobserved skills have a greater influence on independent
and informal wages determination.
The presented methodology tries to encompass the empirical findings in the informalityexclusion literature presented in (Perry et al., 2007) with a theoretical framework
((El Badaoui et al., 2010; Burdett and Mortensen, 1998)) so that it could be easily implemented with standard (household) survey data. The main feature of this approach
is the assumption of endogenous arrival rates determined by workers productivity level.
Even though, the endogeneity assumption implied by the econometric model yields coherent empirical results, it differs from Burdett and Mortensen approach where this rate
is assumed to be exogenous. Thus, the empirical results suggest that allowing arrival
rates to be endogenous is a natural extension to the theoretical framework.
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A
A.1

Appendix
Descriptive Statistics
Table 8: Education years by region, labour and job seeking status
Years of Education
Average Median Std. Dev.
8.4
9
4.1
5.6
5
4.2
5.8
5
4.2
6.7
7
4.5

Job seekers (yes)
(no)

7.4
6.9

8
7

4.4
4.1

Share
42.2%
22.6%
22.3%
12.9%
100%
5%
95%

Urban
Rural

7.6
3.9

8
4

4.2
3.5

83%
17%

Formal
Independent
Informal
Unemployed

Adult male population (< 65 years old), with one job only. Sample size: 110544.

Table 9: Main job income by region, labour and job seeking status
Monthly Earnings (in reales)
Average Median Std. Dev.
1’037
600
1’824
674
400
939
367
260
603

job seekers (yes)
(no)

538
837

400
500

665
1’525

Share
42.2%
22.6%
22.3%
12.9%
100%
5%
95%

urban
rural

861
365

500
260

1’519
696

83%
17%

Formal
Independent
Informal
Unemployed

Adult male population (< 65 years old), with one job only. Sample size 110544.
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A.2

Estimated equations
Table 10: Wage equations estimated parameters.
formal

Urban
Potential Experience
Sqrd. Potl. Exp. ×100
Agriculture
Industry
Transp. and Comm.
Construction
Manager
Technician(middle)
constant
variance (Resid.)
a
b

informal

Non
excluded

Excluded

0.11

0.14

0.02a

0.17

0.02

(0.001)

(0.004)

(0.008)

(0.006)

(0.004)

0.08

-0.1a

-0.05a

0.06a

0.00

(0.014)

(0.052)

(0.04)

(0.064)

(0.016)

Variable
Years of education

independent

Non
excluded

Excluded

0.05

-0.04

0.02

0.02

0.02

(0.001)

(0.006)

(0.006)

(0.006)

(0.002)

-0.05

0.06

-0.04

-0.01a

-0.03

(0.002)

(0.01)

(0.009)

(0.01)

(0.004)

0.07

-0.51

-0.21

-0.37

-0.18

(0.002)

(0.045)

(0.053)

(0.061)

(0.019)

0.27

-0.24a

0.02a

0.26a

0.04a

(0.025)

(0.2)

(0.14)

(0.19)

(0.086)

0.12

-0.19

0.16b

0.06a

0.09

(0.008)

(0.05)

(0.063)

(0.05)

(0.021)

0.14

-0.1

0.24

0.17

0.06

(0.01)

(0.029)

(0.034)

(0.046)

(0.018)

0.55

0.86

-0.43a

(0.014)

(0.19)

(0.27)

(0.014)
(0.036)

0.24

0.17

0.8

0.35

0.55

(0.014)

(0.17)

(0.16)

(0.056)

-0.51

1.12

-0.24b

-0.62

-0.33

(0.026)

(0.11)

(0.103)

(0.105)

(0.04)

0.32

0.6

0.09

0.67

0.1

0.3

not significant at 5 % level.
not significant at 1 % level.
Standard errors in parenthesis.

Educational and regional wage differentials between both regimes seem to be coherent as
non excluded workers earn higher wages. Occupational and sectoral differentials seem also
coherent for independent workers while they are ambiguous for informal ones. Nevertheless,
wage differentials across exclusion regimes need to be interpreted with care as characteristics
determining exclusion also determine received wages. To be able to calculate wage differentials
from the slope parameters, both populations (excluded and non-excluded) need to overlap in
terms of the characteristics included in the wage equation. As exclusion is mainly driven by the
same determinants (education, experience, etc.) this condition is not met. A valid comparison
would be available through matching and propensity score estimators. 00441865618642
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Table 11: Mixed multinonial logit estimated parameters(P [S|R, x]).
formal
Variable
White(race)
Years of education
Urban
Potential Experience
Sqrd. Potl. Exp /100

independent

informal

Non
excluded

Excluded

Non
excluded

Excluded

Non
excluded

Excluded

-0.43
(0.093)
0.91
(0.069)
-0.55
(0.106)
0.19
(0.015)
-0.2
(0.025)

0.53
(0.112)
-0.69
(0.065)
0.29a
(0.149)
0.25
(0.013)
-1.13
(0.042)

-0.5
(0.105)
0.93
(0.067)
-1.9
(0.122)
-0.02a
(0.016)
0.15
(0.026)

-0.7
(0.16)
-1.17
(0.068)
-0.06a
(0.215)
0.17
(0.020)
-0.51
(0.042)

-1.09
(0.125)
0.92
(0.067)
-1.29
(0.0155)
-0.26
(0.023)
0.45
(0.038)

-0.67
(0.179)
-1.4
(0.082)
-1.08
(0.256)
0.24
(0.022)
-0.67
(0.047)

a not significant at 5 % level.
b not significant at 1 % level.
Standard errors in parenthesis.
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A.3

Burdett and Mortensen model

First the basic model under homogeneous workers and productivities is presented; then it is
extended to the dichotomous and continuum heterogenous productivities case.
• Workers quantity is normalized to m while employers are normalized to 1. There is no
heterogeneity among workers or employers.
• At any moment of continuous time workers are either unemployed or employed. Workers
receive random job offers, which depend on worker’s state (employed or not). Job offers
follow a Poisson distribution with expected arrival rates λ0 and λ1 respectively.
• Workers receive job offers as realizations from H(w), the distribution of wage offers
across employers
• As jobs are identical, employed workers quit their current job to accept a higher paid
one. Workers may also transit from employment to unemployment due to a random job
destruction phenomena.
• Unemployed workers receive an instantaneous utility flow b. Future income is discounted
at rate r. Thus, the opportunity cost of unemployment equals the discount rate times
the value of all future flows under unemployment(V0 ). This value is the solution of the
asset pricing equation:
r V0 = b + λ0

nZ

o


max V0 , V (w̃) dH(w̃) − V0

again, the unemployment opportunity cost equals the unemployment fixed flow plus the
expected value arising from the job search.
• Jobs can disappear at any moment with instantaneous job destruction probability δ.
• Employed workers have an employment opportunity cost that adds the fixed employment
flow (w) and the expected value of future flows that depend on random job offers and
job destruction.



r V1 (w) = w − δ V1 (w) − V0 (w)
nZ
o


+ λ1
max V1 (w), V1 (w̃) dH(w̃)
• A job offer is defined by an offered wage (w) and the reservation wage R satisfies :
V1 (R) = V0
• Solving for R yields ,



R − b = λ0 − λ1



Z

∞

R
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V1 (w̃) − V0 ] dH(w̃)

• To keep the analysis simple, the discount rate is assumed to be small relative to the
employed job offers arrival rate , r/λ1 → 0.



R − b = k0 − k1

Z

∞h

R

i
1 − H(w̃)
dw̃
1 + k1 [1 − H(w̃)]

(11)

where k0 = λ0 /δ and k1 = λ1 /δ. These represent the ratios of state-dependent arrival
to job destruction rate.
• At the steady state, the number of unemployed workers u results from the equilibrium
between job inflows (new contracts) and outflows (job destructions) :


λ0 1 − H(R)) u = δ(m − u)
thus,

u=

m

1 + k0 1 − H(R)


(12)

• It’s now possible to define the number of workers receiving less than w at time t from
the differential condition:

n


dG(w, t)[m − u(t)] = λ0 max H(w) − H(R), 0 u(t)−
o


δ + λ1 (1 − H(w)) G(w, t)[m − u(t)] dt (13)

where G() represents the proportion of workers receiving less than w. The first term in
the right hand side is the expected number of unemployed that become employed and
are paid less than w; the second term represent the expected outflow of workers which
is constituted by the expected number of job destructions and by the number of workers
who receive a wage offer higher than w. At the steady state inflows equals outflows,
thus,
G(w, t) =

H(w) − H(R)
[1 + k1 (1 − H(w)][1 − H(R)]

(14)

At the steady state, the number of workers earning a wage in the interval [w − ǫ, w] is
given by [G(w) − G(w − ǫ)](1 − u). In the other hand the number of firms offering a
wage in the same interval is given by [H(w) − H(w − ǫ)]. Thus the number of workers
per firm earning a wage w is given by:
l(w|R, H) = lim

ǫ→0

G(w) − G(w − ǫ)
(m − u)
H(w) − H(w − ǫ)

(15)

Therefore, if w > R and l(w) = 0 if w < R :
l(w|R, H) =

mk0 [1 + k1 (1 − H(R))]/[1 + k0 (1 − H(R)))]
[1 + k1 (1 − H(w))][1 + k1 (1 − H(w− ))]
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(16)

where H(w) = H(w− ) + τ (w) and τ (w) is the fraction, or mass, of firms offering wage w.
Thus (16) represents the number of workers available to a firm offering a particular wage
w. This quantity is conditioned on the wages offered by other firms, represented by H and
workers reservation wage R. From (16) it follows that the number of employed workers
in a firm offering w is increasing fonction of w and that l(w, |R, H) is non continuous
where H has a mass point which is the wage offered by the firm itself.

Firm behavior and equilibrium
Let p denote the flow of revenu per worker within a firm. At the steady state, a firm’s profit
for a given w is written as (p − w)l(w|R, H). For a given reservation wage and job offer
distribution, a single firm choses the offered wage that maximizes its profit :
π(w) = Argmax (p − w)l(w|R, H)
w

(17)

Equilibrium This model represent a wage-posting and job search game where equilibrium
defined by two endogenous variables R,π and the distribution function H. The reservation
wage equilibrium is defined by (11) whereas firm’s profit is obtained through (17). The wage
offer distribution H with support [wi , ws ] is such that the profit is maximized on a unique w.
In order to obtain a well behaved equilibrium, unemployment opportunity cost is assumed to
be greater than workers productivity (b < p)and ki are supposed to be positive and finite.
Solutions in the interval w < R are discarded as no workers would accept any offer lower than
the reservation wage so wi ≥ R.
As mentioned above, l(w|R, H) is discontinuous over the wage offered by the firm (w̆); this
implies that for (w̆ < p), an increase in w̆ implies a significant increase in the hired labour
force l(w̆|R, H) and a proportional decrease of (w − p), which implies a positive impact on π.
As a result the equilibrium wage is not unique as firms are encouraged to offer higher wages as
the number of hired workers increases more than the decrease of the per worker profit. This
conclusion rules out the single market equilibrium as an equilibrium possibility.
From (16)the lower bound of the number of hired workers per firm is:
l(wi |R, H) =

mk0
(1 + k0 )(1 + k1 )

(18)

where wi ≥ R. Given firms homogeneity, the steady state profit is achieved so all the firms
have the same profit. Thus, by equating the profit under the minimum wage (πR ) with any
other (πw ) :
(p − R)

mk0
= (p − w)l(w|R, H)
(1 + k0 )(1 + k1 )

(19)

This steady state relationship implicitly defines firm’s wage offer distribution (H) :
H(w) =

 p − w 1/2 i
1 + k1 h
1−
k1
p−R
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(20)

with support [R, ws ]. As mentioned before, firms are encouraged to offer higher wages as
they get higher profits, thus no firm will offer w ≥ p which implies that ws = p. Now the
reservation wage (11) may be expressed as :
R=

(1 + k1 )2 b + (k0 − k1 )k1 p
(1 + k1 )2 + (k0 − k1 )k1

Heterogeneity in job productivities
Consider the case of identical workers and heterogeneous employers or productivities; for
simplicity the following firstly shows the scenario for 2 employers, then it’s extended to a
continuum. Let p1 and p2 denote the productivities of the low and high skilled workers
respectively (p2 > p1 ), where the proportion of high skilled workers is given by σ. All other
assumptions are those of the homogenous case presented above, thus the equilibrium consists of
{H1 , H2 , R, π1 , π2 } such that R, the common reservation wage, satisfies (11). The equilibrium
wage offer distribution Hi must equalize steady state profits at each productivity level:

(p1 − w)l(w|R, H)
w ǫ [R, p1 ]
πi =
(p2 − w)l(w|R, H)
w ǫ [p1 , p2 ]
then,
k1
1−
Hi (w) =
1 + k1

s

pi − w
pi − wli

!

(21)

and,
wl1 = R

,

wl2 = wu1

where wli and wui denote the lower and upper bound in Hi support. From the previous
assumptions it can be easily shown that the high skilled firm has a greater profit and in equilibrium w2 > w1 .
Finally, market’s wage offer distribution H becomes a mixture of H1 and H2 :
H(w) = (1 − σ)H1 (w) + σH2 (w)

(22)

Under the modified model more productive employers are allowed to pay higher wages which
also imply a higher profit and employment rate for skilled firms.
The previous results hold for finite number of productivities as shown in Mortensen (1988).
The market’s offer distribution becomes a mixture of n distributions Hi (w). The wage offer
distribution for given employer with productivity pi , is also bounded wi ǫ [pi−1 , pi ) for i > 2
as the lower bound for the less productive firm is given by the R.

Productivity as a continuum
In the case of a continuum of productivity types Bontemps et al. (1999) and Burdett and
Mortensen (1998) derive the same equilibrium solution, where every firm is able to perform
an unique wage offer, thus, market’s wage offer distribution H becomes a transformation of
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the underlying productivities distribution function J(p). To keep the analysis simple while
assuming a continuum of productivity types, the model assumes unique job offer rates (λ) and
the equality between the reservation wage and the unemployment opportunity cost R = b.
From the previous model, employers may maximize their profit under w ≤ p and w ≥ b :
π(p) = Argmax(p − w)l(w|b, H)

(23)

w≥p

Again, the equilibrium distribution H is such that employers with the same productivity have
the same profit and that the first and second order conditions of (23) hold. As the offered
wage is determined by firm’s productivity w(p) and that the proportion of workers receiving
less than w(p), H(w(p)) must equalize the proportion of jobs with productivity lower than p,
thus,
H(w(p)) = J(p)

(24)

It is possible to find an implicit solution to w(p) by substituting the previous contraint in (23)
first order condition, which yields the differential equation,
w′ (p) =

[p − w(p)]2kJ ′ (p)
1 + k[1 − J(p)]

(25)

that defines w(p) as its the lower bound is given by w(p) > b,
Z ph
1 + k(1 − J(p)) i
w(p) = p −
dx
1 + k(1 − J(x))
b

To understand how heterogeneity in job productivity solves for the offered wages increasing
density issue, a uniform distribution is assumed for J(p) which yields,
kp2
1+k

w(p) =

thus it may be shown that the wage offer density H ′ (w(p)) is decreasing :
H ′′ (w(p)) = −

H ′ (w(p))
<0
p

Modelling informality El Badaoui et al. (2010) present a model where firms may decide
to default taxes by evaluating the likelihood of being controlled and its implicit cost. The
model, which is based on Burdett and Mortensen (1998) assumes that bigger firms pay higher
wages are more likely to be controlled, thus bigger firms not only pay higher wages but are less
likely to default. At steady state, defaulting firms (informals) are those whose size (in number
of employees) lies below an endogenous threshold. This is clearly sustained by empirical
evidence in developing countries where statistical definitions of informality are mainly driven
by the firm’s size characteristic.
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