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Abstract

This study proposes the use of an ordered probit model to analyse income mobility in the private

sector in Portugal using Quadros do Pessoal dataset. The approach used in this study provides a

methodology to evaluate income class mobility and to quantify how certain characteristics or events

impact the probability of moving up across the di↵erent social classes.

1



Contents

1 Introduction 4

2 Social and Income Mobility: A short review 5

2.1 Mobility concepts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 Economic approach to social mobility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.1 Mobility’s multiple dimensions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.2 Mobility Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2.3 Definition of thresholds . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.3 Ordered probit and mobility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

3 Econometric Theory 11

3.1 Ordered Probit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

3.1.1 Estimation by Maximum Likelihood . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.1.2 Predicted Probabilities and Marginal E↵ects . . . . . . . . . . . . . . . . . . . . . 13

3.2 Comparison of Predicted Probabilities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

4 Data Treatment and Analysis 15

4.0.1 Cleaning the data and Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

4.1 Defining income classes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

4.2 Descriptive statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

5 Estimation and Results 19

5.1 Ordered probit applications to income mobility, conditional on past status . . . . . . . . . 19

5.2 Average Predicted Probabilities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

5.3 Average Marginal E↵ects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

5.4 A short note on the generalized ordered probit . . . . . . . . . . . . . . . . . . . . . . . . 22

6 Conclusion 23

A Appendices 31

A.1 Data treatment and analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

A.1.1 Tax Band Notes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

A.1.2 Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

A.2 Estimation Results Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

A.2.1 Ordered probit regression output . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2



A.2.2 Predicted Probabilities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

A.2.3 Marginal E↵ects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

A.3 Generalized Ordered Probit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

A.3.1 Parallel Regression Assumption . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

A.3.2 The Generalized Ordered Probit . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3



1 Introduction

This study proposes the use of an ordered probit model to analyse income mobility in the private sector

in Portugal using Quadros do Pessoal dataset, an annual census survey conducted by the Portuguese

Ministry of Solidarity and Social Security (MSSS). The first objective is to answer the question ”what

is the probability of an individual to come up/down in the income ladder” (across income classes and

time). The second objective is to look at ”how individual characteristics a↵ect these probabilities”. The

approach used in this study provides a methodology to evaluate income class mobility and to quantify how

certain characteristics or events impact the probability of moving up across the di↵erent social classes.

The first comprehensive treatment of ordered regression model (ORM) appeared in a study by McK-

elvey and Zavoina (1975) where they analyse the votes (against, weakly for or string) for the 1965 US

Medicare bill. In its essence, an ordered regression model maps a naturally ordered preference scale (usu-

ally unobserved) to an ordered observed outcome. This study uses an ordered probit (oprobit) model

which derives from the ORM when choosing a normally distributed random term 1. The ordered regres-

sion models have been used in a variety of studies, some applications include: Winship and Mare (1984)

use an oprobit to model educational attainment; Terza (1985) applies it to bond ratings; Clark et al.

(2001), and Wim and Ven den Brink (2002) use it to explain levels of ”life satisfaction”; Long and Freese

(2006) take on an ologit to evaluate responses to the question ”A working mother can establish just as

warm and secure a relationship with her child as a mother who does not work”; Riphahn et al. (2005) also

use an ologit to analyse individual data on health care satisfaction; among others. After McKelvey and

Zavoina (1975), generalizations of the ordered response models have been proposed such as the generalized

thresholds model (Maddala, 1983; Terza, 1985) and the sequential model (Fienberg, 1980; Tutz, 1990)

In this study the categorical dependent variable in the ordered probit model is ”Income Class”. This

variable is created by dividing private sector workers into 4 income classes (low, middle-low, middle-high

and high) where the division is made according to which IRS average tax band the worker’s nominal wage

would fall into. Worker’s characteristics such as gender, age group, highest educational attainment and

tenure are included as explanatory variables. Further, worker’s data is taken at two di↵erent waves, the

first wave constituted by the same workers observed at 2000 and 2003 and the second wave constituted

by the same workers observed at 2006 and 2009. An ordered probit model per income class of the form

P(y
t

= j | x, y
t�1 = s), is run separately for each wave, where j, s = 0, 1, 2, 3 represent the income

categories.

To measure mobility, we test formally if the predicted probabilities from the ordered probit for each

income class between the two waves are statistically di↵erent. If the di↵erence in predicted probabilities

1one other option would be to consider the logit model
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for category j at two di↵erent points in time is positive and statistically di↵erent from zero, everything

else equal, we have evidence of an improvement in income-class for class j members. As suggested by Long

(2009), the standard errors of the di↵erence in predicted probability used to run the test are computed

using the delta method. This method also allows to compare the marginal e↵ect of discrete independent

variables between waves.

2 Social and Income Mobility: A short review

2.1 Mobility concepts

Social mobility in modern societies has been a subject of interest in the various fields of social sciences,

particularly in sociology and economics. There is no agreed upon definition of social/income mobility

in the literature, it is a multi-faceted concept and di↵erent studies focus on di↵erent aspects of it. This

section briefly reviews the main concepts used in the social mobility literature .2

Changes in the social/economic status can be viewed as movements in social/income class over a given

period within an individual’s lifetime (intra-generational mobility) or from one generation to another

(inter-generational mobility). These two types of mobility may be described in absolute or relative terms:

absolute mobility refers to the movement of individuals between the class of origin and the class(es) of

destination and relative mobility refers to the positional change of an individual in the class rank relative

to whole population. If we are interested in income classes, absolute mobility measures the absolute

change in incomes experienced by individuals at di↵erent points in time (if it increased or decreased)

while relative mobility describes the probability to pass from an origin class to a destination class. 3

When analysing absolute mobility the concentration of individuals in a particular class changes over

time, while in a relative mobility framework the share of each group is constant across time - if someone

moved up in the income rank, someone else must have moved down.

One other important distinction is often made when evaluating mobility: exchange versus structural

mobility. Exchange mobility refers to the movement of individuals among the available classes (change in

the ranks) for a given distribution of positions among these social groups. Structural mobility refers to

changes in the structure of the initial class distribution (Fields and Ok 1996).

Several studies in both economics and sociology use transition matrices to measure social/economic

mobility between two periods of time. In each cell there is a probability p
ij

which represents the proportion

of people that were in class i and have moved to class j. Before the mobility transition matrix can be

constructed, the income-classes need to be defined (see the next subsection for details). If income-classes

2see Fields and Ok, 1996; Jantti and Jenkins 2013 for more details
3for a detailed description of these methods see Fields and Ok, 1996; Jantti and Jenkins, 2013; Carter et. all, 2014
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are set using absolute measures, the matrix probabilities can be computed simply as the proportion of

people that went from class i to class j. In a relative measure approach, a decile or quantile matrix is

used (known as fractile matrix). Conclusions based on transition matrices depend on the way the classes

are defined.

2.2 Economic approach to social mobility

Typically, in a sociological approach, the researcher starts with a particular definition of class and then

analyses the descriptive statistics and evolution across time by means of a transition matrix. These

mobility matrices reflect the association between the class of origin and the class of destination. Absolute

mobility rates tells us the inflow/outflow in each category while relative mobility rates show us the

probability of an individual from a given origin class to reach a di↵erent destination class.

The economic literature on social mobility follows a slightly di↵erent rationale. The population is first

divided into income groups. The analysis of income-class mobility then includes the characteristics of the

individuals, by investigating their explanatory power on the (movements in) observed income-classes.

Despite the uncertainty surrounding mobility measures, economists do agree on one thing: ’income

mobility is about how much income each recipient receives at two or more points in time’ (Fields an Ok

1996). Therefore, in contrast with inequality and poverty studies (which focus on cross sectional data),

mobility studies study the movements of the incomes of the same individual/dynasty over time.

Mobility, however, has multiple dimensions and, depending on the concept used, one may arrive at

di↵erent conclusions with respect to whether or not a particular outcome is socially desirable. Greater

mobility may be preferred in the sense of providing equality of opportunity and the reduction of long-term

inequalities, It can be opposed as it increases the income instability as well as an individual’s lifetime

risk. From an inter-generational perspective, more mobility ican be seen as socially desirable as it means

that there is less dependence on an individual’s starting point. From an intra-generational perspective,

individual income growth is clearly socially desirable, but on the aggregate level its desirability may

depend on who has experienced that growth and to what extent. The conclusion will depend on the

weights given to the individual’s gains/losses conditional on their income groups.

2.2.1 Mobility’s multiple dimensions

Consider a society composed of N individuals where the income distribution is denoted by z = (z1, ..., zN )

where z
i

represents the income level of individual i. Suppose that one period later the income distribution

changed to y, z has been ’transformed’ to z ! y.

Jenkins (2011), distinguishes four di↵erent concepts for measuring mobility in the literature. Each of
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these concepts uses di↵erent approaches to standardise the marginal distributions of z and y in order to

concentrate on the nature of z ! y.

1. Positional Change: Mobility arises from an individual’s movements relative to other individuals (it

compares the concentration of individuals at di↵erent points along the income range in z and y). This

may refer either to the pattern of exchanges of individuals between positions (exchange mobility)

or to the concentration of individuals in a particular group in each year (structural mobility).

If income increases proportionately for everyone, the concept of positional change considers this to

be immobile (everyone has the same position in z and in y. Changes in income a↵ect positional

mobility only if they alter each individual’s position relative to the position of others.

There are two di↵erent ways of viewing perfect mobility. One view is when an individuals destination

is unrelated to his income origin ( ’independence’) - the probability of ending in the top ten percentile

(rich) is the same for people who started in the bottom ten percentile (poor) and in the top ten

percentile (rich). The other view, considers perfect mobility to be the case where the destination

positions are a reversal of the origin positions (rank reversal) - the richest person in one period is

the poorest in the next period and vice versa.

2. Individual income growth: Commonly used to study aggregate income movements based on on

individual’s income changes, measures mobility through the distance between z and y for a given

distance function d
n

(z,y). The definition of the distance function is fundamentally important for

the concept, di↵erent authors have suggested di↵erent functions (Fields and Ok, 1999a). According

to the individual income growth concept, mobility is greater the greater the distance between origin

and destination for any individual. Therefore, if everyone experiences a positive income growth this

is seen as upward mobility even if relative positions remain the same.

Because mobility is evaluated in terms of the distance between origin and destination income for

each individual, we do not have an upper bound to use as a reference for maximum mobility and

there is no clear way to build a transition matrix.

3. Impact on inequality in longer-term incomes: Compares the inequality in longer-term average in-

come across individuals (measured as the time average of income for each i) with current inequality.

Perfect mobility is the case where there is inequality in per-period incomes but there is perfect

equality in longer-term incomes.

4. Total income risk/volatility : Gives a behavioural interpretation to the long-term income average -

it is the expected future income per period given all the information available in the first period.
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Period-specific deviations from the average represent unexpected idiosyncratic shocks to income.

Income risk is measured as the dispersion across individuals each period.

2.2.2 Mobility Measures

The patterns of mobility can be summarized by means of graphs, tables (transition matrix and marginal

distributions) or indices.

To access the degree of mobility from a temporal dependence point of view, Shorrocks (1978) suggests

using a continuous function M : T ! P . Denoting I as the identity matrix (perfect immobility) and Q as

a matrix with identical rows (perfect mobility): M(I)  M(T )  M(Q). Measures of this form include:

• Trace measure: [s� Tr(T )]/(s� 1), s = incomeclasses (Prais 1995, Shorrocks 1978) 4

• Determinant measure: det(T )/(s� 1) (Shorrocks 1978)

• Second largest eigenvalue module: one minus the modulus of the second largest eigenvalue of T

(Sommers and Conlisk 1979, Shorrocks 1978)

• Mean crossing measure: the sum over i and j (from 1 to s) of T
ij

times |i� j| divided by s(s� 1),

(Bartholomew 1982)

• Ratio of multi-period to weighted average single-period inequality (Shorrocks 1978) 5

The choice of the most appropriate index to summarize mobility depends on the concept of mobility

one chooses. See Jenkins and Jntti 2013 for a deeper discussion on how summarize mobility by means of

graphs, tables (transition matrix and marginal distributions) or indices.

2.2.3 Definition of thresholds

So far we assumed that income distributions are continuous but it is often useful to group the data into

specified income classes. Despite the disadvantages of such a discretization - estimates are a↵ected by the

choice of boundaries and we loose information within group - the income classes are more easily defined

an interpretable.

When compared to sociology, the economics field uses a di↵erent approach for mobility but shares

a similar problem: there is no precise empirical methodology to define the boundaries which divide the

income distribution into groups. Various methods have been proposed but there is a lack of consensus

about the most appropriate one (for a detailed description see Fields and Ok 1996, Jantti and Jenkins 2013,

4Used, for instance in case where we view mobility as ’positional change’
5Used, for instance in case where we view mobility as a reduction in the ’inequality of longer-term income’
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Esteban and Ray 1994, Cruces et al. 2011). As a guideline, we can categorize the di↵erent methods used

to define thresholds into four main groups: relative measures 6; absolute measures7; polarized measures

and other endogenous measures.

• In the first branch of studies (relative measures), the definition of the income classes thresholds is

related to the methods used to study inequality and poverty, such as the percentile/quintile analysis

and the measures of central tendency. Using either the per capita income distribution or the wage

distribution, both characterized by a long tail, the middle class can be defined as the middle three

quintiles (Levy 1987, Barro 1999, Cantante 2012) or as the group lying between a lower bound,

defined as the fraction f1 of the mean/median, and an upper bound, defined as the fraction f2 of

the mean/median (for instance [0.75,1.25] Wolfson 1989 and Birdsall et al. 2000; [0.6,2.25] Blackburn

and Bloom 1985).

A problem in common with this two approaches is clear cut, the definition of the thresholds is

rather arbitrary, there is no precise justification for the upper class to be above the 80th or the 90th

percentile 8 or to be f2 times larger than the median. The percentile approach as an additional

problem, by definition it implies that each group has the same size in each period of time, which

does not allow to study the increase/decrease of each classes (Foster and Wolfson 2010, Cruces et

al. 2011)

• Absolute measures consider, for instance, the definition of a poverty line and a rich line, based

on a basket of goods thought to be representative of each group consumption patterns (Foster et

al. 1984, Araar 2008). Though the literature on poverty line is relatively widespread, research

regarding the basked of goods representative of an upper class (using nonessential consumer goods)

is more arbitrary and di�cult to standardize, partially because there is no consensus on the goods

to consider and whether to use the cost of acquisition or the value of the basket.9

• The third branch of studies is related to polarization measures: the analysis of the degree of polar-

ization of a given income distribution as to do with the measurement of the evolution of the distance

between the two end groups, the poor and the rich. Here there are two di↵erent lines of though, one

related to the decrease/increase of the middle class (Foster and Wolfson 1994) and another related

to the existence of two separated tail-ended income groups (Esteban and Ray 1994).

6used for instance for measuring the positional change
7used for instance in the case of income growth
8for instance Alesina and Perotti 1996 consider the the lower class to be below the 50th percentile and the upper above

te 80th, while Solimano 2008 consider the 30th and 90th percentiles, respectively
9Cruces et al. 2011
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• There are few studies that attempted to define the thresholds endogenously. D Ambrosio et al.

(2002) for instance, applies the change point theory to determine endogenously income thresholds

and classes. Torche and Lopez-Calva (2010) use household characteristics (related to the capacity

to generate income) to define the middle class.

Although here only few studies are mentioned, several other authors continued to work on these strands

of thought.

2.3 Ordered probit and mobility

This study follows an intragenerational perspective on Portuguese income mobility in the 2000-2009

period, where individuals are used as the unit of observation and income is used as a measure of ’status’.

The focus here has to do with the ’movement’ feature of intra-generational mobility, in particular, the

probability that individuals belonging to a given class experience an upward/downward mobility. As

so, transition matrices were considered to be one of the most appropriate instruments to summarize

this particular aspect of income mobility. Although the methods used to generate the probabilities that

compose the transition matrices di↵er substantially on the degree of complexity, the matrix itself is of

simple interpretation and this can be seen as a major advantage.

To generate these predicted probabilities and analyse income mobility this study proposes the use

of an ordered probit model and extensions. Departing from a continuous income distribution one can

generate a categorical variable by defining thresholds that delimit each income category and enumerate

them in a orderly fashion. The regular probit model only allows for two categories (0,1) however, the

ordered probit model accommodates more than two categories and it takes into account the ordering

nature of the data.

Using the income group in t as the dependent variable conditional on the income group in t� 1, it is

possible to generate the probabilities of an individual to come up/down in the income ladder. Each entry

in the transition matrix is a probability predicted by the ordered probit. Measurements of mobility over

time can be calculated by comparing rows between transition matrices. As the ordered probit generates

standard errors for its predicted probabilities, we can formally test if the di↵erence in predicted probability

is statistically di↵erent or not (if mobility as improved or not).

The ordered probit model also allows for the inclusion of other explanatory variables, such as gender

and education, which provide an interesting analysis about the degree to which individual characteristics

a↵ect the probabilities of moving up/down in the income scale.

To summarize, this study aims to answer two questions. Firstly, ”what is the probability of an

individual to come up/down in the income ladder” (across income classes and time). Secondly, ”how
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individual characteristics a↵ect these probabilities”.

3 Econometric Theory

3.1 Ordered Probit

This section describes the ordered probit version of the Ordinal Regression Model introduced by McKelvey

and Zavoina (1975) in terms of an underlying latent variable with observed ordered categories. If y is an

ordered response, the values assigned to each outcome are not arbitrary and the fact that a lower/higher

outcome is worse/better conveys useful information. Defining y⇤ as a latent variable, the structural model

is

y⇤ = x0� + v (1)

where x is a vector of strictly exogenous explanatory variables which does not contain a constant term.

Let y be an ordered response taking on the values 0, 1, . . . , J . The latent variables y⇤ is linked to the

observed y by the measurement model

y = 0 if �1 < y⇤  ⌧1

y = 1 if ⌧1 < y⇤  ⌧2

...

y = J � 1 if ⌧
J�2 < y⇤  ⌧

J�1

y = J if ⌧
J�1 < y⇤ < +1

where ⌧1 < ⌧2 < . . . ⌧
J�1 are the threshold parameters 10

Given the Standard Normal assumption for v | x ⇠ N(0, 1) we can derive the conditional distribution

of y | x by computing the response ordered probabilities.

Prob[y = j | x] = Prob[⌧
j�1 < y⇤  ⌧

j

| x] = Prob[⌧
j�1 < x0� + v  ⌧

j

| x]

= Prob[x0� + v  ⌧
j

| x]� Prob[v  ⌧
j�1 � x0� | x]

= Prob[v  ⌧
j

� x0� | x]� Prob[v  ⌧
j�1 � x0� | x]

= F[⌧
j

� x0�]� F[⌧
j�1 � x0�]

where F[v] is the CDF of v. In the probit set-up the PDF is �(v) = 1p
2⇡
exp

⇣
� v

2

2

⌘
and the CDF is

10⌧0 = �1 and ⌧J = +1

11



�(v) =
R
v

�1
1p
2⇡
exp

⇣
� t

2

2

⌘
dt such that

Prob[y = 0 | x] = Prob[y⇤  ⌧1 | x] = Prob[x0� + v  ⌧1 | x] = �(⌧1 � x0�)

. . .

Prob[y = j | x] = Prob[⌧
j�1 < y⇤  ⌧

j

| x] = �(⌧
j

� x0�)� �(⌧
j�1 � x0�) (2)

. . .

Prob[y = J | x] = Prob[⌧
J

< y⇤ | x] = 1� �(⌧
J�1 � x0�)

No intercept within the vector of regressors x can be identified, due to the appearance of the thresholds

⌧ in the index function. Moreover, as the thresholds and the coe�cients � are only identified up to scale,

the model restricts �
v

to equal 1. Hence, there are two identification conditions in this model: i) �
v

= 1

and ii) x does not contain a constant.

3.1.1 Estimation by Maximum Likelihood

If the N observations are independent, ⌧ and � can be estimated by the maximum likelihood method.

Denoting z
ij

= 1(y
i

= j), the likelihood equation can be written as

L
i

(⌧,�) =
JY

j=1

P (y
i

= j | x, ⌧,�)zij

=
JY

j=1

h
�(⌧

j

� x0�)� �(⌧
j�1 � x0�)

i
zij

For each i, the log-likelihood function is:

ln
h
L
i

(⌧,�)
i
= l

i

(⌧,�)

= I(y
i

= 0)ln
⇥
�(⌧1 � x0

i

�)
⇤
+ I(y

i

= 1)ln
⇥
�(⌧2 � x0

i

�)� �(⌧1 � x0
i

�)
⇤
+ ...

...+ I(y
i

= J)ln
⇥
1� �(⌧

J

� x0
i

�)
⇤
=

JX

j=0

I(y
j

= j)ln
⇥
P (y

j

= j | x)
⇤

For N individuals:

l
n

(⌧,�) =
NX

i=1

JX

j=0

I(y
i

= j)ln
⇥
P (y

i

= j | x)
⇤

(3)

From general maximum likelihood results, �̂ is consistent and asymptotically normal and e�cient
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3.1.2 Predicted Probabilities and Marginal E↵ects

The predicted probability that y = j can be computed by using the fitted probabilities: for each i, the

outcome with the highest estimated probability is the predicted outcome.

P̂ [y = j | x] = �(⌧̂
j+1 � x0�̂)� �(⌧̂

j

� x0�̂)

The partial change in the probabilities is called marginal e↵ect i.e. the marginal e↵ect of a change in

x
k

on the probability that y = 0, 1, 2, 3, ..., while holding all other variables constant.. Since there are J

outcomes, there are J marginal e↵ects:

P[y = 0 | x]
dx

k

=
�(⌧1 � x0�)

dx
k

= �(⌧1 � x0�)(��
k

)

. . .

P[y = j | x]
dx

k

=
�(⌧

j+1 � x0�)� �(⌧
j

� x0�)

dx
k

= �(⌧
j+1 � x0�)(��

k

)� �(⌧
j

� x0�)(��
k

)

= [�(⌧
j+1 � x0�)� �(⌧

j

� x0�)](�
k

) (4)

. . .

P[y = J | x]
dx

k

=
1� �(⌧

J�1 � x0�)

dx
k

= �(⌧
J�1 � x0�)(+�

k

)

For the lowest and highest category we can determine the sign of the marginal e↵ect by looking at the

sign of the �. However, for intermediate outcomes 1, 2, . . . , J � 1, the sign of �
k

does not determine the

direction of the e↵ect.

In ordered response models the magnitude of the change in the P[y = j | x], for a given change in x
k

,

depends on the level of all others x’s The partial e↵ect of x
k

on P[y = j | x] depends on all of x.

• Marginal e↵ects at the mean: the functions are evaluated by inserting the sample means of the

regressors ��(⌧
j

� x̄0�)�
k

• Average marginal e↵ects: computed by evaluating the partial e↵ect for each individual and averaging

the computed e↵ects 1
N

P
n

i=1

⇣
� �(⌧

j

� x0�)�
k

⌘

3.2 Comparison of Predicted Probabilities

This study proposes to compare how the probability of an individual to come up in the income ladder

changed between time periods and how di↵erent are these probabilities for individual with di↵erent

characteristics.

For illustrative purposes, consider two waves of observations W1 and W2. Each wave is composed by

two time periods w1,t and w1,t�1 in W1 and w2,t and w2,t�1 in W2. Now consider an ordered probit model

with the same J categories in each wave.
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We will start by estimating the the predicted probabilities for all J categories: P(y
w1,t = j | x, y

w1,t�1 =

s) and P(y
w2,t = j | x, y

w2,t�1 = s), where j and s are a category and j can be = s. Then we will want

to compare if the predicted probabilities for the same categories are statistically di↵erent between waves,

everything else being equal (this will become clearer in section 5):

M (x) = P(y
w2,t = j | x, y

w2,t�1 = s)� P(y
w1,t = j | x, y

w1,t�1 = s) (5)

The test of interest is H0 :M (x) = 0. If rejected, this means that the probability of being in category

j in t (given s in t � 1) is statistically di↵erent between the two waves, for individuals with identical

characteristics.

Long (2009) proposes a method for comparing groups by testing the equality of predicted probabilities

which uses the delta method to compute the variance of a function of maximum likelihood estimates. For

a matter of simplicity, the demonstration here will use a regular probit model, though a generalization

for the ordered probit case is straightforward. Denoting the vector of maximum likelihood estimates by �̂

and a function G(.). The first order taylor series approximation around � creates a linear approximation

of the function: G(�̂) ⇡ G(�) + @G(�)
@�

0 (�̂ � �).

Under regular assumptionsG(�̂) is normally distributed around � with V ar[G(�̂)] = @G(�̂)

@�̂

0 V ar(�̂)@G(�̂)

@�̂

.

Shorting the notation of M (x) to P(y
w2,t = 1 | x

w2

) � P(y
w1,t = 1 | x

w1

)11. In our particular case

G(�) =M (x) = �(x
w2

0�)� �(x
w1

0�).

The first derivative of G(�) is @G(�)
@�

= @�(xw2
0
�)

@�

� @�(xw1
0
�)

@�

and the variance is:

V ar[�(x
w2

0�)� �(x
w1

0�)] =
h@�(x

w2

0�)

@�0 V ar(�̂)
@�(x

w2

0�)

@�

i

+
h@�(x

w1

0�)

@�0 V ar(�̂)
@�(x

w1

0�)

@�

i

� 2
h@�(x

w2

0�)

@�0 V ar(�̂)
@�(x

w1

0�)

@�

i

When M (x) is fixed, either by fixing x at means or by averaging M over the observed values of x, the last

term of the variance is zero. The formula for the variance for the di↵erence in probabilities then reduces

to:

V ar[M (x)] = V ar[�(x
w2

0�)]� V ar[�(x
w1

0�)]

A z-statistic = M(x)p
V ar[M(x)]

with an asymptotic normal distribution can be used to test H0 :M (x) = 0.

Alternatively, we can use a confidence interval P(M (x)
LB

6M (x) 6M (x)
UB

) = 1� ↵

Note further, that while regression coe�cients are a↵ected by the identification assumption �
v

= 1,the

predicted probabilities are not. This builds an interesting device for making several di↵erent types of group

comparison (see Long, 2009 and Williams 2010 for further detail).

11this example is for the standard probit model such that j = 0, 1
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4 Data Treatment and Analysis

This study takes an intragenerational perspective on Portuguese income mobility in the 2000-2009 period,

where individuals are used as the unit of observation and income is used as a measure of ’status’. The

longitudinal data for individuals is taken from Quadros de Pessoal dataset (Personal Records), an annual

census survey conducted by the Portuguese Ministry of Solidarity and Social Security (MSSS). Only

private firms with paid workers are legally required to fill this survey and for this reason there is no

information on public administration employees, self-employed workers or armed forces personal. QP is a

vast dataset with an average of 3,000,000 observations per year: most workers in Portugal are employed

in the private sector witch represents about 3/5 of total employment. It is clear that some working classes

will be under-represented: the private sector generally has more high top professionals with larger wages

than their public sector counterparts; low skilled workers tend to earn more in the public sector than their

equivalents in the private sector and there is large part of intellectuals who are self-employed or employed

in the public sector.

Hence, by using only private sector information we are analysing the income mobility in the ”relatively

more free” labour market which is subject to market competing system and volatility. Furthermore, when

a worker is out of QP data set it is impossible to know if this worker retired (an assumption may be made

for workers with more than 60 year), got unemployed or changed to the private sector.

The QP includes information on workers’ characteristics such has age, gender, tenure, highest level

of education and nationality as well as on worker’s monthly wage before taxes (base salary, extra salary,

regular subsidies and irregular subsidies), hours of work and the professional occupation according to the

Portuguese National Occupation Classification.

Recorded data from Quadros de Pessoal dates back to 1994 and the last year of available information

refers to 2012. As any survey, QP is subject to measurements errors which implies a very careful treatment

of the data on a year by year basis. Though studying mobility over the entire period may be an interesting

exercise, it cannot be done all in once. The methodology, the type of data collected and the classification

system (for instance of professions) has changed over the years which makes hard to standardize the

dataset. For this reason a sample of the 2000-2009 period will be used, which nonetheless must also be

handle with care has there are subtle di↵erence in the coding of variables and a major change in the

employee identifier.

The period after 2009, specially 2011 and 2012, would be of particular interest since it comprises the

aftermath of the 2008 financial crisis and the coming of the so called troika12 and the implementation of

austerity measures in June 2011. However, besides the substantial change in some of the variables, the

12 European Central Bank, European Commission and the International Monetary Fund
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data is not yet stabilized and data privacy laws came into force such that this period will have be left for

a posterior study.

Moreover, social security numbers changed in 2004 from 9 digits to 11 eleven digits such that it is only

possible to match workers by their social security from 2000 to 2005 and from 2006 to 2009 but not between

the two sets. For this reason, the 2000-2009 period will be divided in two waves 2000-03 and 2006-09 as

a way to study mid/short-term income mobility. There is no exact definition of what ’short-term’ is, one

must consider the subject of interest to address what is ’short-term’ in a given context13. If income was

the subject of interest, and not income class, one year could be considered short-term. However, relatively

small changes in income, for instance due to one more year of tenure at a company, are not enough to

proportionate an upgrade in terms of income class. Further, labour contracts do not change immediately

neither do the underlying characteristics of workers, such has education. In the case of income groups a

year by year analysis has low variation and leaves little space to study mobility. Hence, a three period

analysis is considered ’large’ enough to capture changes on income classes while being ’short’ enough to

study how mobile/immobile is the Portuguese society in the short-term.

4.0.1 Cleaning the data and Sampling

The QP is filled by companies and hence it is prone to human error. The data was cleaned and treated on

a per year basis such that the corresponding variables were standardized and only actual social security

numbers were kept. Nonsensical social security numbers such has 9999999 or 1000000 were dropped out

since these could generate fake worker matches between years. Social security numbers appearing more

than once in a year were also dropped out, in some cases this could due to filling errors or because, for

instance, a worker has two part-time jobs - this may lead to loss information, but it is not possible to

analyse each case separately. A combination of social security numbers and birth date also used to ensure

de social security number were referring to the same person.

Even after a first cleaning the number of observations per year is very high (2- 3 million per year)

which renders the estimation procedure extremely slow. For this reason it is less time consuming and

more e�cient to work with a smaller subset. A random sample of 5% was taken from the 2003 and 2009

dataset separately to which the 2000 and 2006 data was posteriorly appended, correspondingly. The final

sample contains 58,758 observations (workers that are observed in both years) for 2006-2009 and 45,476

observations for the 2000-2003 wave.

The drawback of this procedure is that we loose information regarding those that left their work on

the private sector and those that got in after the lower year in each wave. 14

13 plenty of individuals worked over 40 years, so 10 years could be seen as the long term
14This of course causes some attrition in the data but we expect that it won’t change significantly the results
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4.1 Defining income classes

As described in section 2, there are several way dividing the income distribution into classes depending on

the type of analysis one wishes to perform. This study uses data specific to Portugal and does not intend

to make international comparisons, therefore it makes sense to think of a measure that is specific to the

distribution of incomes in Portugal. Given the the nature of the ordered probit model it is appropriate tu

use an absolute measure for the income thresholds, one possible option is to use income tax bands (IRS in

Portugal) since they take into account the purchasing power within Portugal and the shape of the income

distribution. The average tax for a single individual was taken as the reference case from the Ministry of

Social security (see Appendix A for an example)

It is important to notice, that this study is only considering income from labour and does not take

into account income coming from capital. This of course makes a di↵erence in the total available income,

but it is more likely to a↵ect higher classes (which are already allocated to high class according to this

methodology) than lower classes.

4.2 Descriptive statistics

This sections presents some basic statistics to help understand the relationship between income classes

and potential explanatory variables across the two waves of 2000-03 and 2006-09 (at 2006 prices). All the

tables are included in Appendix A at the end.

The dependent variable, income class, is divided into four categories: 0 = low, 1 = mid-low, 2 =

mid-high and 3 = high. Four potential explanatory variables available from the QP data are: age, sex,

tenure, and education. The impact of variables such as age or education is probably better captured,

for instance, not by the impact of one more year of education but by the impact of completing a higher

educational level. Therefore, it is interesting to test for these variables when they are grouped: age group

equals 0 if 16-24, 1 if 25-34, 2 if 35-44, 3 if 45-54, 4 if 55-64 and 5 if >65; sex equals 0 if Male and 1 if

Female; the level of education equals 0 if Below Basic Education, 1 if Basic Education, 2 if Secondary

Educ and Non-Higher Post Secondary Education and 3 if Higher Education.

Table 1. in the appendix shows the percentage of private sector workers in the sample per income

class in 2000, 2003, 2006 and 2009. It is visible that the composition in 2000 is sightly di↵erent from the

following years - in 2000 a higher portion of the private sector workers were concentrated in the lower

class. Overall, from 2000 to 2009 the concentration of individuals in the bottom part of the distribution

seems to have narrowed.

Has mention in section 2, the definition of thresholds that divide the income distribution into classes

is slightly arbitrary and depends on the researcher’s judgement. Nevertheless, from 2000 onwards the
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highest share of the private sectors falls into the middle low income class (60%-65%) followed by middle

high (17%-20%), low (10%-20%) and high (3%-5%) which is consistent with the definition of classes used

by other authors (Piketty 2014)

While the model-based approach allow us to condition on other variables when determining the e↵ect

of previous income class, Table 2. in the appendix shows income class dynamics without conditioning on

other variables. Each entry in the table can be interpreted as the conditional probabilities under a Markov

model. For the most extreme cases, the o↵-diagonal probabilities of transitions to high/low income class

from low/high income class, are almost zero. The high relative magnitudes of the diagonal elements shows

the persistence of income class.

Persistence in income class outcomes is clear in both the first (2000-2003) and second (2006-2009)

wave. Mobility for the lower class in the second wave seems to have improved when compared to the first

wave, while for the remaining classes mobility became more rigid.

Table 3. in the appendix shows average wage, tenure and age per income class. As expected high

income class is associated with a higher average age and tenure. Middle-high income class individuals

earn on average 2 times more per month than middle-low class individuals. High income class individuals

earn almost 10 times more than low income class individuals, on average.

Educational status is usually considered as a determinant of social class and a source of income

inequalities. Therefore, it is of interest to consider how income class is related to educational attainment

in the Portuguese private sector. Table 5. shows the highest level of education completed by income

class. Has expected, lower income classes are associated with basic levels of education and higher income

classes are associated with higher levels of educations.15 The share of workers with an education level

below basic is less than 2%. This represents a very small share and for estimation proposes it might be

di�cult to consider separately this group - it is more feasible to consider a ’Basic education and below’

group.

It is also interesting to look at income class by sex Table 4.. The first thing to notice is that according

to the sample of private sector workers there are more men (⇡ 58%) than women in the private labour

market. Per year and class, the share of men is higher from the middle low income class up and the

proportion of men increases as the income class increases. Around 60% of the low income class are

women while around 70% of the high income class are men.

15There are few cases of low income class workers with higher education, but a part of these are part time working females,

who at least to not have another recorded job at the private sector
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5 Estimation and Results

This section presents the estimation of the probabilities for the income class using the ordered probit

models described in section 3. Due to the size and large amount of tables, all the tables are aggregated

in Appendix B.

5.1 Ordered probit applications to income mobility, conditional on past status

A simple way to start is by estimating 4 di↵erent equations separately conditional on the previous period

income class for each wave.

Prob[y
t

= j | x] =

8
>>>>>><

>>>>>>:

�(⌧0
j+1 � x0�0)� �(⌧0

j

� x0�0) if y
t�1 = 0

�(⌧1
j+1 � x0�1)� �(⌧1

j

� x0�1) if y
t�1 = 1

�(⌧2
j+1 � x0�2)� �(⌧2

j

� x0�2) if y
t�1 = 2

�(⌧3
j+1 � x0�3)� �(⌧3

j

� x0�3) if y
t�1 = 3

The explanatory variables in x include a dummy variable for sex, categorical variables for age and

education and tenure (continuous).

As seen in the previous section the proportion of workers with below basic education was small,

particularly in high income class, which makes estimation complicated. Thus, it is more e�cient to

combine some of the independent variable categories that have low frequencies with adjacent categories.

Age will be collapsed into 3 categories (instead of 5): 0 if age is between 16� 34, 1 if 35� 54 and 2 if 55

or more. Below basic education will be aggregated with basic education, such that the variable education

now has also 3 categories. The base group for sex is male. For choosing the right model specification,

potential collinearity among explanatory variables was analysed and a LR test was run to check whether

the categorical variables could be treated as continuous without loss of information. Other specifications

such has age and age squared were also tested (AIC/BIC). The chosen specification is as described above.

The results from the estimation for wave 1 and 2 are showed in tables 6 and 7, respectively. The

coe�cients are significant in most cases, with the exceptions in the first wave being tenure for 2000 low

income class and age group for 2000 high income class while in the second wave the ”35-54” bracket is

not significant in the 2003 middle-low class and sex in the 2006 high income class.

The LR test rejects the null that the combined e↵ect of all the variables in the model is equal to zero.

The parameters in an ordered probit model are hard to interpret and it is usually more insightful to look

at predicted probabilities and marginal e↵ects.
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5.2 Average Predicted Probabilities

Table 8. in the appendix depicts the average predicted probabilities for 2003 per income class in 2000.

Within this wave the high relative magnitudes of the diagonal elements shows the persistence of income

class while the o↵-diagonal shows very few ”extreme” cases. It its interesting the to see that individuals

who were low class in 2000 had a relatively high probability of becoming mid-low class in 2003. The

predicted probability of going up to the adjacent upper class for the two mid categories is considerably

lower than the previous case. High income class workers in 2000 are the ones with the highest probability

of remaining in the same class in 2003.

Nevertheless, the focus here is not in the probabilities within the same wave but between waves. We

want to test whether the probability of going up the income ladder (given the previous period income

class) has changed from the first to the second wave. The test used for analysing the di↵erence in the

chances of upward mobility between is has described in 3.3. Recall that we are testing if M (x) = P (y2009 =

j | y2006 = s)� P (y2003 = j | y2000 = s) is statistically di↵erent from zero (where j and s are any of the 4

income classes, also j can be = s).

Table 9. gives the di↵erences with confidence intervals. By looking at the first 12 rows it is possible

to see that the confidence intervals do not contain zero. Thus we can a�rm that for the classes low,

mid-low and mid-high in t�1 (e.g. 2000 or 2006) the predicted probabilities for being low, mid-low, mid-

high or high in t are significantly di↵erent between waves at a 5% level. This means for instance, that

P (y2009 = Mid-low | x, y2006 = Low) is statistically di↵erent from P (y2003 = Mid-low | x, y2000 = Low).

The M (x) however, is not significant for the cases of high income class in t�1, e.g. individuals who where

high class in 2006 were as equally likely to remain high class in 2009 as they were in 2000.

The chances of going up in the income ladder for low income class (e.g. the chances to be mid-low,

mid-high or high) are lower in 2009 than in 2003. Similarly the chances for mid-low class to be mid-high

or high class and the chances for the mid-high class to be high are relatively lower in 2009 than in 2003.

The combinations (Low(t) | Low(t � 1)), (Mid-low(t) | Mid-low(t � 1)) and (Mid-high(t) | Mid-

high(t � 1)) are statistically higher in 2009 than in 2003. This translates into a higher state persistence

in second wave when compared to the first wave.

5.3 Average Marginal E↵ects

The marginal e↵ect for discrete variables is computed simply as the discrete change in the predicted

probability and it tends to be more informative than for continuous variables since we can actually

measure the change in probabilities given a one unit change in x . For instance, the marginal e↵ect for

sex is P(y = j | x, sex = 1)� P(y = j | x, sex = 0).

20



The marginal e↵ects for the first wave show that, on average, females who were low income class are

17.3 percentage points (pp) more likely than males to remain low class in 2003 and 13.6 pp less likely

to improve to mid-low class in 2003 (Table 10). Everything else equal, mid-low income class females in

2000 were 4.6 pp more likely to remain mid-class in 2003 than men and less 8.5 pp less likely to become

mid-high income class in 2003. Similarly, mid-high class females were 3.2 pp more likely than men to

remain in the same class and 7.5 pp less likely than men to become high class. All these results are

statistically significant at 1%.

Sex marginal e↵ects results for high income class in the first wave are only significant at 10%. Ac-

cordingly, women that were in the high top in 2000 are 5.9 pp less likely to remain high class in 2003 than

men and 4.1. pp more likely to come down to mid-high in 2003 than men.

Turning into education, (the base group is ”Basic education or below”) it is expected that individuals

who have secondary or higher education are more likely to to improve in social income class (hence

positive sign) and less likely to lower their income class (negative sign) than individuals who have only

basic education or below. Table 10. shows that this is indeed the case, people with secondary or non-high

post secondary education (Sec. Educ & NHPSE) who were low income class in 2000 were 19.7 pp less

likely to remain low class in 2003 than people with only basic education or below and 17.9 pp more likely

to become mi-low class in 2003. If mid-low income class in 2000, people who attend secondary secondary

school were 15.9 pp more likely than basic educated ones to become mid-high class and less 5.3 pp to

come down to low class, everything else equal. The results follow for mid-high and high class in 2000.

The marginal e↵ects for higher education have the same direction although the magnitude of the e↵ect is

considerably larger, as expected.

The results for the second wave follow, in terms of sign, for the great majority of the cases (Table

11.). As seen in the previous sub-section, the e↵ect of sex is not significant for the high income class in

2006 (it was also not significant at 5% in the previous wave).

The results for the marginal e↵ects of tenure and age group for the first wave are showed in Table

12. and for the second wave in Table 13. Broadly speaking belonging to the age group of 35-54 years

(relative to 16-34) increases the chances of class improvement for individuals who were middle-low and

middle-high in t � 1 in both waves. This is not true for low income individuals at t � 1. The marginal

e↵ect of the highest age group is mixed, but overall it seems to be only positive to mid-high and high

classes. The marginal e↵ect of tenure is not significant for the t�1 low income class . The marginal e↵ect

of tenure on P(y
t

= mid-high | y
t�1 = mid-low) and P(y

t

= high | y
t�1 = mid-high) seems to be positive.

The marginal e↵ects of sex and education on income class are more interesting, so we will pay more

attention to these. The fact that education an sex are categorical variables (the marginal e↵ect is just
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the di↵erence in predicted probabilities) is convenient because it allows us to test just how di↵erent are

these results between the first and the second using the test described in 3.3. Here the main focus will

be on the comparison of the marginal e↵ects on the probability of going up between waves, e.g. focus on

P (y = Mid-high | x, y = Mid-low) and not so much P (y = Low | x, y = Mid-low).

The marginal e↵ect of sex is statistically di↵erent between waves for individuals who were low class

(Table 14.). Other things being equal, the marginal e↵ect of sex on P (y = Mid-low | x, y = Low),

P (y = Mid-high | x, y = Low) and P (y = High | x, y = Low) is stronger in the first wave than in the

second. Similarly the marginal e↵ect of sex on the P (y = Mid-high | x, y = Mid-low), P (y = High | x, y =

Mid-low) and P (y = High | x, y = Mid-high) is statistically di↵erent between waves, being stronger in

the first wave. Overall, the e↵ect of gender di↵erences on the probability of moving up in the social class

is less pronounced in 2009.

For a matter of space and clear readability Table 15. shows only the results the classes ”above” the class

in t � 1. The marginal e↵ect for secondary education (base is basic education or below) is statistically

di↵erent between waves for P (y = Mid-low | x, y = Low) and P (y = Mid-high | x, y = Low) and

P (y = High | x, y = Low) although the marginal e↵ect of higher education is not. The marginal e↵ect for

both secondary and higher education on P (y = Mid-high | x, y = Mid-low), P (y = High | x, y = Mid-low)

and P (y = High | x, y = Mid-high) is statistically di↵erent between waves, being stronger in the first

wave.

The impact of obtaining a higher level of education (relative to basic education) on the probability of

improving in the income class had a stronger impact on first than it had on the second wave.

5.4 A short note on the generalized ordered probit

The generalized ordered probit (goprobit) framework was also tested in this study (see appendix C for a

short explanation). The LR was used to test the validity of the parallel line assumption, e.g. if restriction

of having the same �’s across the categories of y holds. However, using the current specification of the

model made the estimation of a generalized ordered probit rather ine�cient and the results were counter-

intuitive. The likelihood does not converge for the high class, neither for low class. While the goprobit

model provides an alternative to the standard model, it is very sensitive to low frequency counts such that

the estimation for high income class and low class is very hard in both waves (see Greene and Hensher

(2009) for a discussion on such cases). Fully constraint and partial constrained goprobits were run using

several di↵erent specifications but it was very di�cult to reach a feasible estimation. Even for the middle

classes, the current specification of the model took a long time to converge and the results were rather

counter-intuitive. For e�ciency and robustness reasons it was decided not to continue with the goprobit
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approach. This might constitute nevertheless a topic for further research.

6 Conclusion

This study proposed the use of an ordered probit model and its extensions to study income mobility in the

private sector in Portugal using data from Quadros do Pessoal. The dependent variable y was generated

by dividing workers into 4 income classes (low, middle-low, middle-high and high) according to the IRS

average tax band their nominal wage would fall into. Worker’s characteristics such as gender, age group,

highest educational attainment and tenure were included as explanatory variables.

The workers were separated into two di↵erent waves. The first wave is constituted by the same workers

observed at 2000 and 2003. The second wave is constituted by the same workers observed at 2006 and

2009. The workers between the two waves are not necessarily the same since the social security number

(used to identify the workers) changed in 2005 such that is not possible to match the same workers between

waves.

The results from the estimation show that for the classes low, mid-low and mid-high in t�1 (e.g. 2000

or 2006) the predicted probabilities of being low, mid-low, mid-high or high in t are statistically di↵erent

between waves at a 5% level. The di↵erence in probabilities however, is not significant for the case of high

income class in t� 1, e.g. individuals who where high class in 2006 were as equally likely to remain high

class in 2009 as they were in 2000. Given the negative sign in the di↵erence between probabilities, we

can conclude that chances of going up in the income ladder for low, mid-low and mid-high income classes

were lower in 2009 than in 2003.

The marginal e↵ects for sex in both waves show that, on average, females who were low, mid-low

or mid-high class were more likely than males to remain in the same class and less likely to improve to

the adjacent class, everything else equal. Further, the e↵ect of gender di↵erences on the probability of

moving up in the social class is less pronounced in 2009 than in 2003. Using ”Basic education or below”

as the base group, individuals who have secondary or higher education are more likely to improve in social

income class and less likely to lower their income class. than individuals who have only basic education or

below in both waves. However, the impact of going from basic education or below to a higher educational

level was a stronger determinant of the probability of moving up in the first wave than in the second

wave.

The generalized ordered probit model was also tested, however the model is very sensitive to low

frequency counts and a feasible estimation was not possible. Namely, the likelihood function for the high

and low class did not converge. For e�ciency and robustness reasons it was decided not to continue with

the goprobit approach. Nevertheless, this might constitute a topic for further research, one would need
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to look at the categories of both y and the x’s and see how theses could possible be re-categorized.

The method utilized in this study provides an interesting framework for analysing income class mobility

and compare the change in the degree of importance of di↵erent social class determinants across time

(for instance, if gender inequality has been reduced). This analysis could be even more insightful if the

set of explanatory variables was extended. In the QP framework one could match worker’s data with

the company data to include informative independent variables such as region and industry, which would

allow to analyse other things such as the inequality in the probabilities across regions within Portugal.

In a more broad sense it would also be interesting to have explanatory variables that can be directly

a↵ected by policy makers such that one can study the impact of certain policies on income class mobility.

A deeper analysis of what external factors (a↵ecting the probability of moving up) have change between

the waves used in the estimation would also add meaning to the results.

Having a larger panel dataset would also be interesting to to extend the model such that state de-

pendency and individual unobserved heterogeneity can be distinguished - by not taking into account

individual unobserved heterogeneity, state dependency can be overestimated. This could be achieved by

using Wooldrige (2002a) solution for the problem of initial condition in non-linear models with lagged

dependent variables. The approach requires at least T= 3 (y
t

, y
t�1 and a y

t�s

, s > 1 to control for initial

conditions) in each wave which would be complicated in our case since there is a break in 2005 in the

match of workers. Implementing this solution in the second would reduce even further the transition

2006-2009 to 2007-2009, which for an ”income class” mobility analysis is a very short period to look at.
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A Appendices

A.1 Data treatment and analysis

A.1.1 Tax Band Notes

For instance, based on the 2006 average income tax bands for single individuals (Ministry of Social

Security) one can divide the income tax bands into 4 groups:

• Up to 4,451 euros a year pays an average tax rate of 10.50% (Low income class)

• From 4,351 to 6,732 euros a year pays an average tax rate of 11.35% (Low income class)

• From 6,732 to 16,692 euros a year pays an average tax rate of 18.60% (Middle-Low income class)

• From 16,692 to 38,391 euros a year pays an average tax rate of 27.30% (Middle-high income class)

• From 38,391 to 55,639 euros a year pays an average tax rate of 30.15% (High income class)

• Above 55,639 euros a year pays an average tax rate of 30.87% (High income class)

Tax bands change slightly from year to year because of inflation and in some cases because of changes

to the bands themselves. Therefore for the same wave incomes and tax bands are deflated to a common

year (2006). Furthermore, all the wage data from 2000 was converted from escudos to euros using the

exchange rate established by the Central Bank at the time of the transition (1 euro = 200,482 escudos).

A.1.2 Statistics

Year Low Middle Low Middle High High

2000 34.5% 53.8% 10.2% 1.5%

2003 20.1% 59.4% 17.2% 3.4%

2006 15.7% 61.6% 18.8% 3.7%

2009 10.8% 64.1% 20.0% 5.2%

Table 1: Income class relative percentages by year
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Income Category in 2003

Income Cat in 2000 Low Middle Low Middle High High

Low 86.9% 28.2% 1.9% 0.5%

Middle Low 12.7% 70.7% 53.0% 5.2%

Middle High 0.4% 1.0% 44.4% 54.7%

High 0.1% 0.0% 0.7% 39.6%

Income Category in 2009

Income Cat 2006 Low Middle Low Middle High High

Low 77.4% 11.6% 0.4% 0.1%

Middle Low 22.2% 85.1% 23.1% 2.5%

Middle High 0.4% 3.3% 75.1% 31.2%

High 0.0% 0.1% 1.4% 66.2%

Table 2: Income class transition matrices

Income Cat (00-03) Age Tenure Wage Income Cat (06-09) Age Tenure Wage

Low 00 33.1 4.4 382.7 Low 06 34.7 4.5 427.2

Low 03 36.9 6.1 393.8 Low 09 38.8 6.6 455.9

Middle Low 00 35.5 7.2 694.1 Middle Low 06 36.6 6.8 732.2

Middle Low 03 37.9 8.3 739.8 Middle Low 09 39.5 8.6 755.5

Middle High 00 38.2 9.5 1627.8 Middle High 06 38.4 9.7 1690.4

Middle High 03 39.5 10.7 1716.3 Middle High 09 40.4 11.3 1737.0

High 00 40.8 8.2 3840.8 High 06 42.1 10.6 4064.6

High 03 42.0 10.2 4070.5 High 09 43.8 12.5 4102.1

Table 3: Average age, tenure and wage by income class and year
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Income Cat (00-03) Female Male Income Cat (06-09) Female Male

Low 00 58.5% 41.5% Low 06 61.5% 38.5%

Low 03 63.1% 36.9% Low 09 62.7% 37.3%

Middle Low 00 34.0% 66.0% Middle Low 06 40.4% 59.6%

Middle Low 03 39.0% 61.0% Middle Low 09 41.9% 58.1%

Middle High 00 29.1% 70.9% Middle High 06 33.8% 66.2%

Middle High 03 30.2% 69.8% Middle High 09 35.0% 65.0%

High 00 18.1% 82.0% High 06 23.1% 76.9%

High 03 21.2% 78.8% High 09 24.7% 75.3%

Total 00 41.8% 58.2% Total 06 41.9% 58.1%

Total 03 41.8% 58.21% Total 09 41.9% 58.1%

Table 4: Sex by income class and year
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Income Cat (00-03) Below Basic Educ. Basic Educ. Second. Educ. A NHPSE Higher Educ.

Low 00 2.8% 83.8% 12.3% 1.1%

Low 03 1.8% 85.1% 11.5% 1.2%

Middle Low 00 1.3% 69.5% 23.1% 6.1%

Middle Low 03 1.1% 72.9% 22.2% 3.8%

Middle High 00 0.1% 31.5% 28.6% 39.7%

Middle High 03 0.1% 37.3% 34.1% 28.4%

High 00 0.0% 10.6% 18.4% 70.8%

High 03 0.0% 10.2% 20.7% 68.9%

Total 00 1.7% 69.8% 19.8% 8.7%

Total 03 1.0% 67.1% 22.1% 9.8%

Income Cat (06-09) Below Basic Educ. Basic Educ. Second. Educ. A NHPSE Higher Educ.

Low 06 2.1% 81.8% 14.7% 1.3%

Low 09 1.5% 80.6% 16.2% 1.6%

Middle Low 06 1.1% 66.8% 24.1% 8.1%

Middle Low 09 0.7% 66.5% 25.8% 6.9%

Middle High 06 0.1% 30.5% 31.2% 38.2%

Middle High 09 0.1% 28.0% 32.5% 39.4%

High 06 0.0% 10.9% 20.6% 68.5%

High 09 0.0% 9.5% 21.7% 68.9%

Total 06 1.0% 60.2% 23.8% 15.0%

Total 09 0.6% 57.3% 25.9% 16.1%

Note: NHPSC refers to Non-high post secondary education

Table 5: Highest educational attainment by income class and year
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A.2 Estimation Results Tables

A.2.1 Ordered probit regression output

(1) (2) (3) (4)

Low 2000 Middle-L 2000 Middle-H 2000 High 2000

Female -0.448⇤⇤⇤ -0.410⇤⇤⇤ -0.330⇤⇤⇤ -0.327⇤⇤

35-54 -0.0380⇤ 0.108⇤⇤⇤ 0.332⇤⇤⇤ 0.0987

over 55 -0.159⇤⇤⇤ -0.172⇤⇤⇤ 0.364⇤⇤⇤ -0.202

Sec. Educ and Non-H PS.Educ 0.516⇤⇤⇤ 0.664⇤⇤⇤ 0.608⇤⇤⇤ 0.749⇤⇤⇤

Higher Educ 0.780⇤⇤⇤ 1.459⇤⇤⇤ 1.210⇤⇤⇤ 1.232⇤⇤⇤

Tenure 0.00254 0.0256⇤⇤⇤ 0.0140⇤⇤⇤ 0.0394⇤⇤⇤

cut1 -0.177⇤⇤⇤ -1.397⇤⇤⇤ -1.715⇤⇤⇤ -1.277⇤⇤⇤

cut2 2.267⇤⇤⇤ 1.436⇤⇤⇤ -0.661⇤⇤⇤ -0.779⇤⇤⇤

cut3 3.341⇤⇤⇤ 3.418⇤⇤⇤ 1.990⇤⇤⇤ 0.0442

Observations 15372 24133 4560 654

Pseudo R2 0.039 0.084 0.080 0.089

Chi-squared 817.4 2102.0 404.4 41.11

⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.01

Table 6: Income class ordered probit conditional on 2000 income class
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(1) (2) (3) (4)

Low 2006 Middle-L 2006 Middle-H 2006 High 2006

Female -0.259⇤⇤⇤ -0.375⇤⇤⇤ -0.225⇤⇤⇤ 0.0194

35-54 -0.0792⇤⇤⇤ 0.000785 0.170⇤⇤⇤ 0.343⇤⇤⇤

over 55 -0.144⇤⇤⇤ -0.112⇤⇤⇤ 0.168⇤⇤⇤ 0.430⇤⇤

Sec. Educ and Non-H PS.Educ 0.250⇤⇤⇤ 0.434⇤⇤⇤ 0.591⇤⇤⇤ 0.715⇤⇤⇤

Higher Educ 0.814⇤⇤⇤ 1.331⇤⇤⇤ 1.110⇤⇤⇤ 1.211⇤⇤⇤

Tenure -0.0221⇤⇤⇤ 0.0157⇤⇤⇤ 0.0211⇤⇤⇤ 0.0342⇤⇤⇤

cut1 -0.219⇤⇤⇤ -1.666⇤⇤⇤ -2.071⇤⇤⇤ -1.852⇤⇤⇤

cut2 2.375⇤⇤⇤ 1.755⇤⇤⇤ -0.358⇤⇤⇤ -0.824⇤⇤⇤

cut3 3.225⇤⇤⇤ 3.358⇤⇤⇤ 2.403⇤⇤⇤ 0.259

Observations 9016 35361 10834 2150

Pseudo R2 0.031 0.081 0.067 0.099

Chi-squared 345.8 2048.3 840.7 119.3

⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.01

Table 7: Income class ordered probit conditional on 2006 income class
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A.2.2 Predicted Probabilities

Average Predicted Probabilities, 2003

Prob Low Prob Mid-Low Prob Mid-High Prob High

Low 2000 0.504*** 0.487*** 0.009*** 0.000***

Mid-Low 2000 0.048*** 0.780*** 0.170*** 0.003***

Mid-High 2000 0.007*** 0.059*** 0.754*** 0.180***

High 2000 0.007** 0.015*** 0.081*** 0.897***

Average Predicted Probabilities, 2009

Prob Low Prob Mid-Low Prob Mid-High Prob High

Low 2006 0.528*** 0.467*** 0.005*** 0.000*

Mid-Low 2006 0.039*** 0.885*** 0.074*** 0.002***

Mid-High 2006 0.003*** 0.111*** 0.800*** 0.087***

High 2006 0.001 0.009*** 0.073*** 0.917***

*** p < 0.01, ** p < 0.05, * p < 0.1

Table 8: Average Predicted Probabilities for 2003 and 2009
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Class at t� 1 Prob at t
M= P2009(y = j | x)� P2003(y = j | x)

Statically 6= 0
Contrast S. Error CI 95%

Low

Low 0.024 0.006 0.012 0.037 Yes

Mid-Low -0.022 0.006 -0.034 -0.010 Yes

Mid-High -0.002 0.000 -0.003 -0.001 Yes

High 0.000 0.000 0.000 0.000 Yes

Mid-Low

Low 0.016 0.001 0.013 0.018 Yes

Mid-Low 0.051 0.002 0.048 0.055 Yes

Mid-High -0.063 0.002 -0.068 -0.059 Yes

High -0.004 0.000 -0.004 -0.003 Yes

Mid-High

Low 0.003 0.000 0.002 0.004 Yes

Mid-Low 0.050 0.003 0.043 0.056 Yes

Mid-High 0.031 0.004 0.023 0.040 Yes

High -0.084 0.005 -0.094 -0.074 Yes

High

Low -0.001 0.001 -0.002 0.001 No

Mid-Low -0.003 0.002 -0.007 0.002 No

Mid-High -0.011 0.010 -0.030 0.009 No

High 0.014 0.012 -0.010 0.039 No

Table 9: Di↵erence in predicted probabilities 2009 and 2003
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A.2.3 Marginal E↵ects

Low 2000

Prob 2003 Low Mid-Low Mid-High High

Female 0.1733*** -0.1620*** -0.0107*** -0.0006***

Sec. Educ & NHPSE -0.1965*** 0.1789*** 0.0165*** 0.0010***

Higher Educ -0.2851*** 0.2488*** 0.0336*** 0.0026**

Middle-Low 2000

Prob 2003 Low Mid-Low Mid-High High

Female 0.0427*** 0.0461*** -0.0853*** -0.0034***

Sec. Educ & NHPSE -0.0534*** -0.1107*** 0.1588*** 0.0053***

Higher Educ -0.0689*** -0.3843*** 0.4135*** 0.0396***

Middle-High 2000

Prob 2003 Low Mid-Low Mid-High High

Female 0.0068*** 0.0358*** 0.0322*** -0.0749***

Sec. Educ & NHPSE -0.0208*** -0.0908*** 0.0135** 0.0981***

Higher Educ -0.0258*** -0.1332*** -0.1126*** 0.2716***

High 2000

Prob 2003 Low Mid-Low Mid-High High

Female 0.0072 0.0115 0.0407* -0.0594*

Sec. Educ & NHPSE -0.0466* -0.0540** -0.1218*** 0.2224***

Higher Educ -0.0546* -0.0694*** -0.1816*** 0.3056***

***p < 0.01, **p < 0.05, * p < 0.1

Table 10: Average Marginal E↵ects Sex and Educ, 2003
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Low 2006

Prob 2009 Low Mid-Low Mid-High High

Female 0.1005*** -0.0967*** -0.0035*** -0.0003*

Sec. Educ & NHPSE -0.0975*** 0.0937*** 0.0035*** 0.0003*

Higher Educ -0.2990*** 0.2722*** 0.0236*** 0.0032*

Middle-Low 2006

Prob 2009 Low Mid-Low Mid-High High

Female 0.0321*** 0.0143*** -0.0442*** -0.0022***

Sec. Educ & NHPSE -0.0331*** -0.0201*** 0.0517*** 0.0015***

Higher Educ -0.0526*** -0.2370*** 0.2676*** 0.0219***

Middle-High 2006

Prob 2009 Low Mid-Low Mid-High High

Female 0.0020*** 0.0399*** -0.0098*** -0.0321***

Sec. Educ & NHPSE -0.0086*** -0.1393*** 0.0963*** 0.0516***

Higher Educ -0.0103*** -0.2068*** 0.0680*** 0.1491***

High 2006

Prob 2009 Low Mid-Low Mid-High High

Female -0.0000 -0.0004 -0.0022 0.0026

Sec. Educ & NHPSE -0.0055 -0.0448*** -0.1392*** 0.1896***

Higher Educ -0.0061 -0.0544*** -0.1995*** 0.2600***

*** p < 0.01, **p < 0.05, *p < 0.1

Table 11: Average Marginal E↵ects Sex and Educ, 2009
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Low 2000

Prob 2003 Low Mid-Low Mid-High High

Tenure -0.0010 0.0009 0.0001 0.0000

Age 35-54 0.0145* -0.0136* -0.0009* -0.0001

Age over 55 0.0609*** -0.0574*** -0.0033*** -0.0002**

Middle-Low 2000

Prob 2003 Low Mid-Low Mid-High High

Tenure -0.0024*** -0.0035*** 0.0057*** 0.0002***

Age 35-54 -0.0098*** -0.0154*** 0.0242*** 0.0010***

Age over 55 0.0193*** 0.0161*** -0.0342*** -0.0011***

Middle-High 2000

Prob 2003 Low Mid-Low Mid-High High

Tenure -0.0002*** -0.0014*** -0.0017*** 0.0034***

Age 35-54 -0.0070*** -0.0363*** -0.0321*** 0.0753***

Age over 55 -0.0074*** -0.0390*** -0.0372*** 0.0837***

High 2000

Prob 2003 Low Mid-Low Mid-High High

Tenure -0.0007** -0.0012** -0.0045*** 0.0064***

Age 35-54 -0.0017 -0.0030 -0.0113 0.0159

Age over 55 0.0048 0.0076 0.0261 -0.0385

*** p<0.01, ** p<0.05, * p<0.1

Table 12: Average Marginal E↵ects Age and Tenure, 2003
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Low 2006

Prob 2009 Low Mid-Low Mid-High High

Tenure 0.0085*** -0.0082*** -0.0003*** -0.0000**

Age 35-54 0.0307*** -0.0295*** -0.0010*** -0.0001

Age over 55 0.0557*** -0.0538*** -0.0017*** -0.0002*

Middle-Low 2006

Prob 2009 Low Mid-Low Mid-High High

Tenure -0.0013*** -0.0008*** 0.0019*** 0.0001***

Age 35-54 -0.0001 -0.0000 0.0001 0.0000

Age over 55 0.0096*** 0.0040*** -0.0130*** -0.0006***

Middle-High 2006

Prob 2009 Low Mid-Low Mid-High High

Tenure -0.0015*** -0.0304*** 0.0080*** 0.0239***

Age 35-54 -0.0014*** -0.0299*** 0.0079*** 0.0235***

Age over 55 -0.0002*** -0.0036*** 0.0006*** 0.0031***

High 2006

Prob 2009 Low Mid-Low Mid-High High

Tenure -0.0001 -0.0007*** -0.0039*** 0.0047***

Age 35-54 -0.0009 -0.0095* -0.0462** 0.0566**

Age over 55 -0.0010 -0.0110** -0.0555** 0.0675**

*** p<0.01, ** p<0.05, * p<0.1

Table 13: Average Marginal E↵ects Age and Tenure, 2009
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Class at t� 1 Prob at t Relative to Male
M= P2009(y = j | x)� P2003(y = j | x)

Stat. 6= 0
Contrast of dy/dx S. Error CI 95%

Low

Low Female -0.075 0.013 -0.100 -0.049 Yes

Mid-Low Female 0.069 0.012 0.045 0.093 Yes

Mid-High Female 0.005 0.001 0.004 0.007 Yes

High Female 0.000 0.000 0.000 0.001 Yes

Mid-Low

Low Female -0.002 0.003 -0.007 0.004 No

Mid-Low Female -0.044 0.002 -0.049 -0.040 Yes

Mid-High Female 0.042 0.004 0.034 0.050 Yes

High Female 0.004 0.000 0.003 0.005 Yes

Mid-High

Low Female 0.001 0.001 0.000 0.002 No

Mid-Low Female -0.002 0.008 -0.017 0.013 No

Mid-High Female -0.044 0.004 -0.052 -0.035 Yes

High Female 0.044 0.010 0.025 0.064 Yes

High

Low Female -0.004 0.002 -0.008 0.001 No

Mid-Low Female -0.012 0.007 -0.025 0.002 No

Mid-High Female -0.050 0.026 -0.102 0.002 No

High Female 0.065 0.035 -0.003 0.134 No

Table 14: Di↵erence in sex marginal e↵ects, 2009 and 2003
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Class at t� 1 Prob t Relative to B.Educ
M= P2009(y = j | x)� P2003(y = j | x)

Stat. 6= 0
Contrast of dy/dx S. Error CI 95%

Low

Mid-Low
S. Educ a NHPSE -0.091 0.016 -0.122 -0.060 Yes

Higher Educ. 0.006 0.029 -0.052 0.064 No

Mid-High
S. Educ a NHPSE -0.010 0.002 -0.013 -0.007 Yes

Higher Educ. -0.001 0.009 -0.018 0.016 No

High
S. Educ a NHPSE -0.001 0.000 -0.001 0.000 Yes

Higher Educ. 0.000 0.001 -0.002 0.002 No

Mid-Low

Mid-High
S. Educ a NHPSE -0.107 0.006 -0.119 -0.096 Yes

Higher Educ. -0.140 0.011 -0.163 -0.118 Yes

High
S. Educ a NHPSE -0.007 0.001 -0.008 -0.005 Yes

Higher Educ. -0.041 0.004 -0.048 -0.033 Yes

Mid-High High
S. Educ a NHPSE -0.047 0.009 -0.066 -0.029 Yes

Higher Educ. -0.129 0.013 -0.154 -0.103 Yes

Table 15: Di↵erence in education marginal e↵ects, 2009 and 2003
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A.3 Generalized Ordered Probit

A.3.1 Parallel Regression Assumption

The ordered probit model assumes that the e↵ect of predictors is constant across the categories of y.

This is commonly called the parallel regression assumption and it can be seen by writing the cumulative

probabilities:

Prob[y  j] = �(⌧
j+1 � x0�)

While the intercept ⌧
j+1 is allowed to change, the absence of the j subscript in the � makes it clear the the

predictor is the same for all j’s Changing the intercepts (⌧ ’s) shifts the cumulative distribution function

to the right or left but there is no shift in the slope of the distribution i.e. the �’s are the same for each

category. In other words, there is a parallel shift of the probability curve and this parallel shift is due to

an assumption that the �’s are equal for each equation.

LR Test
Category in 2000

Low Mid-Low Mid-High High

LR chi 91.81 389.75 95.12 -

Prob 0.00 0.00 0.00 -

LRTest
Category in 2006

Low Mid-Low Mid-High High

LR chi - 517.55 229.52 -

Prob - 0.00 0.00 -

Table 16: Parallel line assumption test

A.3.2 The Generalized Ordered Probit

In practice, the parallel regression assumption is often violated by the data (Long and Freese, 2014). In

such situations one can use the Multinomial Response Model, however this does not take into account

the ordinal nature of the dependent variable and therefore is not e�cient (Long, 1997). An alternative

is to use the less explored Generalized Ordered response model introduced introduced under the name

of Generalized Threshold Model by Maddala (1983) and Terza (1985) that relaxes the parallel regression

assumption by making the threshold parameters linear functions of the covariates (e.g. allows the �’s to

di↵er across the categories of y).
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Let ⌧
j

= ⌧̃
j

+ x0�
j

where x is a vector of covariates excluding the constant as before. Substituting ⌧
j

in (2) we obtain:

Prob[y = j | x] = �[⌧̃
j+1 + x0�

j+1 � x0�]� �[⌧̃
j

+ x0�
j

� x0�]

= �[⌧̃
j+1 � x0�

j+1

]� �[⌧̃
j

� x0�
j

] (6)

where �
j

= �
j

� �. The model contains J � 1 constants ⌧̃1, ..., ⌧̃J�1 and J � 1 parameter vectors

�1, ...,�J�1 which can be estimated jointly be the maximum likelihood method.

The generalized ordered probit nests the standard ordered probit model by imposing the restrictions

�1 = ... = �
J�1 and therefore the likelihood ratio test can be used to test for the parallel regression

assumption. If J is large, the unconstrained generalized ordered model requires the estimation of much

more parameters, which can be a disadvantage. Nevertheless, one can estimate a ”partial” generalized

ordered model by imposing partial restrictions in some subsets of outcomes, while allowing the �’s to

di↵er in others.

The partial parallel lines model may prove to be a good ”mid-term” between the two specifications,

it captures more information than the regular ordered probit and it renders more parsimonious models

than the unconstrained generalized ordered probit (Williams, 2006). The partial generalized ordered

model is estimated by running a series of binary regressions, it starts with a regression where category

1 = 0 and categories 2, . . . , J = 1, then 1, 2 = 0 versus 3, . . . , J = 1 and so until the last panel where

1, 2, . . . J � 1 = 0 versus J = 1. If the proportional lines assumption is met, the coe�cients across each

panel should be equal and the regular ordered probit should be chosen. If one or more �’s di↵er across

panels, the partially constrained generalized ordered probit may be a better alternative.

All of these approaches were tested in study but the results were not reasonable.
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