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Abstract

Due to the increasing the calculus power of conmuie growing number of economic
phenomena are being studied through microsimulatitmwever, this methodology is
not updated, and the basic structure of these maslaill tied to outdated technologies
where economic hypothesis was used to simplify edatpnal complexity as the
calculus power of computers was not strong enoughthis paper, |1 suggest an
innovative approach to the microsimulation. Froheoretical point of view, it should
be more efficient than the traditional approache plaper is divided in three section. In
the first section, | explain this innovative appmband show its operating differences
respect to the traditional approach. In the seamution, | explore the difficulties of its
concrete implementation through a case study atmhrmend some technical solutions
in order to overcome them. In the last sectiomnharize the main results.
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Definition and classifications

Microsimulation is the most power-intensive techuiggn terms of calculus resource
and data required in economic analyses that ussopar computers extensively.
Introduced for the first time in 1957 [Orcutt 195i]icrosimulation was used poorly for
over 25 years because of the absence of datasgtefaimited calculus power of
computers. However, starting from the 80s thesdacles have been overcome. Its
applications have increased in number and haventbeanore interesting extending
from the field of economics [Mertz and others 193] sociology [Orcutt and others
1986], and until recently, also to geography [Céark986]. Also in the field of
economics, there is diversity in the topics taken At the beginning, in fact, research
was focused on taxation and income distributionkijggon and others 1988,
Monteduro-Di Nicola 2004], in particular income ringobs [De Lathouwer 1996]. Then
they extended to education on the one hand [Bogngui and others 2003] and to the
pension system on the other [Miniaci 1998, Atkinsamd others 2002]. With the
increase in computer power, microsimulation founidew fields of application. So,
there was a need to go deeper into the implementatiethod so as to make clear the
behaviour, potentialities, and limits of microsimtibn and avoiding that it becomes a
semi-unknown black box.

In brief, Microsimulation (an acronym for “Microalytical Simulation”) is a modelling
technique based on a computer. It operates atethed bf individual units such as
people, households or firms. In this model, eaclt is represented by a record
containing a unique identifier and a set of asdediattributes (e.g. a list of people with
known age, sex, marital and employment statusketfokrules (transition probabilities)
are then applied to these units leading to simdlateanges in state and behaviour.
These rules may be deterministic (probability = d)ch as changes in tax liability
resulting from changes in tax regulations, or sastie (probability< 1), such as chance
of dying, marrying, giving birth or moving withingiven time period. In either case the
final result is an estimate of the outcome aftgrl@pg these rules, possibly over many
time periods, including both overall aggregate geamnd, more significantly, the
distributional nature of any change. The last asgecrucial as it marks the distinctive
characteristic of this technique. Given the emphasi changes in distribution, in fact,
microsimulation models are often used to investig#te impact of fiscal and
demographic changes (and their interactioms) social equity.

Microsimulation (MSM) comes very close to two othedividual-level modelling
approaches: Cellular Automata (CAs) and Agent BaSkwdels (ABMs). In their
originally conceived forms these three approachey ime regarded as those that
represent the three corners of a continuum of iddal level modelling approaches.

In a pure CA all entities are spatially locatedhivita grid of cells, and all entities have
only one attribute (alive or dead), with behaviodeserministically dependent upon the
state of neighbouring cells [Shelling 1971]. In areo ABM, the emphasis is on the
interaction between individuals, with the main iatite of each individual being his
operating characteristics (behavioural rules), Whevolve stochastically over time in
response to the success or failure of interactrgtis other individuals [Terna 2002]. In

! Microsimulations are also applied in other sciémfields such as in road traffic density analysesn
biology.
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a pure MSM, transition probabilities lack evolutaoy and spatial dimensions
[Bourguignon-Spadaro 2005].

Microsimulation
Models

Cellular Agent Based
Automata Models

When microsimulation models add more behavioura spatial interaction between
individual units, when CAs add a growing range mdividual attributes and start to
incorporate aspatial behaviours, and when ABMs atdth space and
fiscal/demographic characteristics to their agethts,three approaches move towards a
common ground. Thus, from an empirical point ofwyighe main characteristic of
microsimulation is to use a sample of microdataltbloy single economic units
(microeconomic panel), instead of dealing with miation at an aggregated level
according to macroeconometric models. It bringsualsmme advantages, but it also
imposes some limits. So, the building of these e®dassentially depends on the
phenomenon under investigation.

Conceptually, microsimulation models can be divid@o static and dynamic models
[Caldwell 1990]. The latter are once again subdididihto dynamic population models
(dynamic cross-section and dynamic cohort models (dynamic longitudinalhe
distinction affects the type of used data and tlogeption method of the starting sample
in the future [Niccodemi 1998]. In static modelse tstructure and the unit number of
the starting sample remain unchanged throughoutstimeilation and the updating
procedure consists only in the re-weighting of sientata §tatic ageind). In dynamic
models, instead, there is continuous updatingtt@sample units in the former period
become the starting point in the latter one. Is thay, the unit number is not constant
as in static models, but changes in time througbhststic Montecarlo procedures based
on defined transition probabilitglynamic ageing Within dynamic models, instead, the
distinction depends on the procedure of simulafidagliasindi 2004]. In dynamic
population models, all the individuals in one pdrere simulated before moving to all
the individuals in the next period (proceeding lyipds). In dynamic cohort models,
all the periods for the same individual are simedabefore moving to all the periods for
the next individual (proceeding by individuals). erafore, a cohort dynamic model
does not allow interaction between individualsheslatter unit is defined only when the
former unit finishes its loop (implicit independgrizetween units).

As mentioned before, the choice for the model ladigicdepends not only on the topic
of analysis but also on the amount and qualityv@ilable data. In economic matters,
microsimulation is used to study the impact of dgraphic transformation, but it is

2 After re-weighing, every microunit represents arshof population different from the initial onethibe
total unit number is unchanged.
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also particularly fitting to analyse the phenoméed more or less directly to personal
or family income such as fiscal or pension reforfise choice for the models also
depends on the length of the simulation period.almedium-long term period, a
dynamic model is better than a static one becassevolutionary structure enables to
focus on events that characterise the life of ahvidual unit. This allows a better
specification of the model. Among these kinds ofdels, the cohort dynamic model is
more appropriate to life-cycle problems even ifjiites rise to less accurate outcomes
than does a dynamic population model that, allowintgraction between units,
achieves better performances but is more resonteesive

Limits and potentialities

Microsimulation provides remarkable advantagesrms of the traditional aggregated
analysis. The main advantage is the ability to i not only the total affect but also
the effect at each economic unit level. In this wiaywill be possible later to easily
combine units in limited subject groups to bettighhight some particular effects.

There are also other elements that consider tbimigue preferable to other ones. First
of all, a microsimulation model, not aggregatingadadoes not suffer from loss of
information that affects macroeconomic models andat forced to assume restricted
hypothesis on individual behaviours and on therithstion of interest variables such as
income. Secondly, it allows to overcome some diffies that arise using
macroeconometric models of equilibrium or modelsdoh on limited groups of
“typical” individuals [Vagliasindi 2004]. For inst@e, as regards income,
macroeconometric models reproduce “functional” ribstion, but not “personal”
distribution. Instead models with “typical” unit®wer a limited part of the economic
agents. So they study only a restricted part oerogeneity in microdata. Thirdly,
microsimulation allows to compare alternative pekcwithin the same demographic
and socio-economic scenario or different scenaftwsthe same economic policy.
Fourthly, working with microdata, a better reprdstion of heterogeneity and
interdependence can be obtained [Niccodemi 1998thé end, its modular structure
allows wide flexibility because every aspect ofaltg is simulated by a different
section. However, in spite of the powerful calcotatthe complexity of realty makes
any virtual copy of the world impossible and therefsimplified hypotheses are always
necessary to isolate and focus on the phenomeaoistto be analyséd

Nonetheless, a microsimulation model has some \weakts also. First of all, during a
simulation, it does not take into account behawabtegactions after modifications of the
surrounding environment [Ballas-Clarke-Turton 199%enerally, this distorts the
estimates as individuals continue to behave in dame way also in the face of
significant changes in the context in which thelgetdaheir decisions. Secondly, the
construction of a microsimulation model requiresnheinvestment in human capital
and in calculators as it has to project, prograch @date the model continually until a
malleable and efficient instrument is obtained.rdlyi, increase in the reliability of a
model raises its complexity in an exponential marmerause it is mode difficult to
identify errors and to control the results. Thiads to a considerable waste of energy
which is faced with simplified assumptions. These turn can lead to negative
consequences of not having precise results anteofriot being comparable with other
models (as regards interest variables and accuoickesults). Fourthly, being a

% In general, this happens almost in the same way al$economic models.
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stochastic procedure, the results obtained aremarnbiguous. They are however more
probable than the others and give important indioat on the studied phenomena
[Niccodemi 1998]. Finally, last but not least, @ lgjuantity of information is required
even though data are often limited in quantity guodlity or their use is expensive and
inconvenient.

General structure of a microsimulation model

The structure of an economic microsimulation is egalty traditional and standard.
However, there is no explicit codification of theopedure. In fact, the steps to follow to
build this kind of models are so simple to be ursadly accepted [Vagliasindi 2004].

At the beginning, an appropriate phenomenon isfedwn. Generally, when it is not a
demographic phenomenon, it is linked to income bseancome is a good economic
variable for this kind of analysis. The next stgpto choose an individual unit. For
example, if the evaluation of a new productionitathe matter, the firm will be adopted
as unit. Otherwise, if the aim is to understandithgact of a benefit on family income,
the family will be the unit. Lastly, if the aim i analyze pension benefits, the unit will
be merely a single individual. When the unit to &@mealysed is established, the
characteristics that affect the main interest \deigincome) are identified. Economic
literature usually provides a strong theoreticaprapch to search for these control
variables. Finally, the characteristics are mad&wolve” on the basis of implicit rules
in transitional probabilities. After building a dgepmental path for the variables we are
interested in, the last step is to analyze the @xaphenomenon using simulated data.
There are two weak point in this procedure: i)tgigrdata and ii) evolutionary phase
for the control variables. Initial distribution afvariable has an essential importance in
microsimulation. We can compare the starting da& microsimulation model with the
initial conditions of a differential equatioiheoretical solution is the simplest because
it assigns starting values of each variable aidiiig by extracting them from a defined
analytical distribution which we assume to reprégba real distribution. In this way,
the starting point is built ad hoc without sampigattions, missing values or excessive
anomalies. Therefore, it turns out to be the iderddstrate for the implementation of
microsimulation. It is clear that this procedurerksaa discontinuity point with real data
and puts microsimulation in a totally virtual eronment binding it to be almost purely
theoretical.

The empirical solution that starts from real avagadata eliminates this difficulty but
introduces a lot of other problems. Real dataaut,fsuffer from errors of measure, are
often incomplete, and sustain sample distortionaltgigi 1995]. All this can affect
negatively on microsimulation and empirical workengrally prefer the first solution
[Klevmarken 1997, Borella 2004, ecc.], fitting, asuch as possible, a theoretical
density function into real data distribution. Tipiocedure involves the assumption of
specific distribution hypotheses that are diffictdt verify empirically and to justify
theoretically.

The choice for the solution depends on the quality the quantity of available data and
it often pushes the researcher towards taking bdeeisions. As information at unitary
level are necessary, the data should have maxinewel bf detail for each control
variable. These high requirements are supplied bylfew datasets and this limits the
application of microsimulation very much. In the @rcal section of this work, | have
attempted to solve the questions linked to thetigpueal data through two original and
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innovative procedures that apply more flexible dess tightening hypotheses than
assumptions generally used starting with artifidiaa.

The second weak point of the implementation procedu microsimulation models is
identifiable in the evolutionary phase of contrariables. The set of these variables
specifies a unit state that is the overall condiiio which the unit occurs at a precise
moment. In formal terms, the unit staeis the vectoiX = (X3, Xz, ..., %) of control
random variable used to describe the attributethefunits. Defining the evolutionary
path for these variables means assigning them mevat each moment during
microsimulation. This is done by using the prohkabd “rules” embodied in the
transition matrices. When th@™variables in time t” are given and the staie= (x;, X

2, ..., Xp) IS defined, the transition matrix is tmxn matrix of cumulate conditional
probabilities. Each probability is that of movimgrn statex; at the time to statex;.; at
time t+1. Using the Montecarlo method and the transitionrices, state of the latter
periods can be detected starting from the stathefformer ones, so that all control
variables are defined. However, transition matricas be implemented in different
ways but empirical works are standardized on seelespproach [Niccodemi 1998,
Ando-Nicoletti Altimari 1999, ecc] which has nowdmene “traditional”. This solution
is not optimal and can appreciably affect the oues achieved on the basis of the
situation.

Traditional sequential approach.

In the traditional approach [Vagliasindi 2004, Bt&re€2004, ecc.] control variables are
simulated sequentially one by one. Practicallyeraéin order is defined, the program
proceeds to simulate the attributes of the unitstlen basis of that order. Every
characteristic has its transition matrix to whittvill refer to when the sequence arrives
to it. For example, only two characteristics fbe tunits is hypothesised. They are A
and B. Attribute A can assume a value equal to Q with probability p(A) and 1-p(A)
while attribute B will have probability p(B) to deand 1-p(B) to value 0. If order A-B
is established, the simulation will determine befthe attribute A through transition
matrix p(A) and 1-p(a), and then attribute B withtnix p(B) and 1-p(B). The following
matrices can be used to represent cumulate prapesof A and B.

A=1] A=0 B=1] B=0
p(A=1l)] 1 p(B=1)| 1

Obviously, if the characteristics are not a randeatk in the period but path-sensitive
(such as the great part of the cases), the condltiprobability of previous period
situation will be important and not the simple fneqcy distribution. It means that
transition matrices will have a form like:

A=1 A=0 B=1 B=0
A=1]| p(A=1]A=1)| 1 B=1| p(B=1B=1] 1
A=0| p(A=0|A=0)| 1 B=0| p(B=0|B=0] 1

To simulate the sequence A-B or B-A is indifferédnA and B are independent. If it is
not, however, the order will impact on transitioratnices introducing an arbitrary
element. The transition matrices, in fact, will dad not only on the sanoharacteristic
of the previous period but also on the other véeialb will be intuitively as follows:
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A=1 A=0 B=1 B=0
A=1| p(A=1]An B) 1 B=1| p(B=1|Bn A) 1
A=0]| p(A=0JAn B) 1 B=0| P(B=0|Bn A) 1

The correlation between unitary characteristicate® two problems in the sequential
approach. The first is a time-series difficulty determining the same variable. The
second is a cross-section difficulty in determinthg other variables. From a temporal
point of view, to define some attributes (and nibtess) makes conditional probability
of examined variable dependent on sequence ordeaube in the conditioning
characteristics there will be some attributes thiitalready have been simulated (the
former in the sequence) and others not (the lattethe sequence). Practically, the
simulation of A in the current period affects thelmbility to be used for B at the same
moment, t".

In literature, the solution adopted in these casds isolate each period avoiding the
intermediate update of unit state [Niccodemi 198€;.]. The new state is assigned
together to all the variables only when the pei®dinished. From a spatial point of
view, the correlation between characteristics bekan analogous way. To be B in the
former period changes the probability to be A ie tfhtter period. In realty, if the
variables are path-sensitive, then a given B inetimwould affect all transition
probabilities of all variables in residual periodsere would be a serial correlation
problem also in this case. Here, the conditionifigo@sent B to future A only, is
considered in order not to complicate the explamattoo much. A sequential
conditioning is used to account for this situationthe model. Each characteristic is
simulated taking a transition matrix “conditioneddy the situations of other
characteristics (that are “B” in our case). Contiguwith the previous example,
therefore, we will have a transition matrix for c¢ase of B = 0 and another one in case
of B = 1. Obviously, in this way, a “tree” of cotidnal transition matrices is created.
The “tree” divides itself more and more when sineda characteristics increase
(vertical direction) or when the modalities for kaattribute increase (horizontal
direction).

A=0 B=1 B=0
B=1| p(B=1|B=1n A=0) | 1
A=1 A=0 B=0| p(B=0|B=0n A=0) 1
A=1] p(A=1jA=1)] 1
A=0 | p(A=0jA=0)| 1 A=1 B=1 B=0
B=1| p(B=1|B=1n A=1) | 1
B=0 | p(B=1|B=0n A=1) | 1

Sequential conditioning does not theoretically I¢addistortions because order A-B
should yield outcomes that are not substantialljedint compared to order B-A.
However, to increase building of conditional traiosi matrices means having a lot of
detailed data available because the reference ‘lsdrbpcomes considerably thinner
during each conditioning.

A lot of works use sequential conditioning in a t@drway [Borella 2004, etc]
introducing practically discretionary elementsthié probability of the K’ characteristic
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is not conditioned with respect to all the previomes, then the hypothesis that tké “
probability is independent of the&k-1" characteristics is implicitly assumed. If it is
conditioned with respect to only some charactesshiut not to other relevant ones, a
distorted transition matrix is used. Lack of dataves many works towards partial
conditioning. It is not wrong priori but it becomes an error when independence is
hypothesised which does not exist. It could happen if the connection between the
two variables is unknown. All this generates ambiggimodels in which the simulation
mechanism is a black box with a well-known finaltmu but also with quite an
unknown internal operation.

The traditional structure has clear inefficienceso from a technical programming
point of view. Building of a sequential evolutioganodel involves an enormous waste
of energy because each new characteristic addée tmodel must be put into practice
in all its conditionings extending difficulties afs implementation in an exponential
way. It complicates debugging making the model ntbfecult to control. As such, it
becomes more and more a victim of eventual errors.

However, sequential conditioning was never borrualy as an irrational approach. It
comes from an adaptive conception of microsimutastructure. It starts from a base
model developed on a given software-hardware tdogggolIn the course of time, the
structure of microsimulation expanded, new charesties being added to it. Also, the
burden of programming increased exponentially. dghsit is split in modules and each
module is developed by a team (LaborSIM, DYNAMITHJROMOD, XEcon, etc.).
Every team adds a little part to the model and ubesentire model exploiting the
economies of scale that are essential in such tam&xe work. This is also one of the
reasons for which microsimulation models are essigntfew and altogether very
similar. However, the basic structure is still tgbtito be valid even though it is
technologically outdated. In the light of new deprhents in information, it is possible
to think of a different model structure and themadty more efficient and easier way to
implement it.

New Integrated Approach

The idea of an integrated approach is to createiqua transition matrix with all
possible states of the world that a single unitlda@ssume in input and in output.
Practically, all combinations of control variabke® determined. Then® possible states
of the world are obtained. They are equal to tluelpect of the characteristic number for
the modality number that each characteristic casklme.

The size of the transition matrix will be rex n. Coming back to the our example,
therefore, we will have 4 states of the world fakea variable AB. They are identified
with the codes deriving from the union of A valuedaB value, namely 11, 10, 01 and
00. The resulting transition matrix will be theléaing:

AB =11 AB =10 AB =01 AB =00
AB=11 | p(AB=11|AB=11) | p(AB=10|AB=11) p(AB=01AB=11) | p(AB=00 | AB=11)
AB=10 | p(AB=11|AB=10)| p(AB=10|AB=10) p(AB=01AB=10) | p(AB=00 | AB=10)
AB=01 | p(AB=11|AB=01) | p(AB=10|AB=01) p(AB=01AB=01) | p(AB=00 | AB=01)
AB=00 | p(AB=11|AB=00)| p(AB=10|AB=00) p(AB=01AB=00) | p(AB=00 | AB=00)

From a theoretical point of view, the integrategraach does not put any independence
hypothesis and the identification of all statestls# world is the only necessary and
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sufficient condition. Also, the eventual extensmmnindividual characteristics does not
complicate the model. If a new event C wilti fnodalities has to be inserted to extend
the model, it is sufficient to determine thek new states of the world that derives from
the previous states combination witti hew characteristic modalities and to widen the
transition matrix proportionally. The states of therld will be identified with the new
variable ABC and the logical operation will be albsely identical to the previous one
made in the case of AB. In an extreme situationetvariable could also be considered
as a characteristic made by as many modalitieseagdars. Therefore, in this approach,
it is not theoretically necessary to further imp&rwork to extend the model to new
characteristics or to new modalities for the currariable. However, from an empirical
point of view, it is more complex. Increasing thatss of the world, some of them
could be “impossible to exit”. In fact, the tramsit matrix could show many zeroes.
This creates many difficulties in the simulatiomthe next paragraph, the problems will
be analysed in detail and will be solved with tvemnplementary solutions. However, at
this moment | will not focus on this matter.

The other side of the coin in the integrated apgnioa a greater effort required for
elaboration. In fact, it is heavier to managena® squared matrix than to manage “
squared matrices ofn" sizes. It affects the simulation negatively besmuthe
elaboration becomes longer. However, if the integratransition matrix does not
become too big, the penalization in general perforoe of the simulation is
unimportant and if the programming phase is adtlegimodel can be implemented in
shorter total time with lower probabilities of ersoln conclusion, this new approach is
more simple, more scalable, and most of all, itthesadvantages of directing the power
of the elaborators towards reducing economic hygssk and towards making the
construction of the model easier.
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Case Study

A model for pension analysis.

A model to analyze pension reforms in Italy [Maarime 2003] was built to apply an
integrated approach to microsimulation. This iscage study. In fact, in every pension
system, the main interest variable is individualbime that responds well to this kind of
analysis [Marchionne 2004]. In every period, theoant of paid contributions and the
level of given benefits depend on gross individnabme directly (defined benefits) or
indirectly (defined contributions). Thus, an indival as reference unit is the natural
consequential choice for the purpose of our stiitherefore, the aim of the model will
be to simulate individual income level. Now, | wilbt go into detail in the subject of
social security because | plan to focus only onhodblogy.

In the economic theory, individual income dependsome personal characteristics, in
particular, on sex, geographical area, educatieel |gob qualification, work sector and
experience [Mirrless 1971]. The ltalian pension teys structure merges job
qualification and work sector in one only distivetielement [INPS 1994, 2004]. For
this reason, the two latter variables have beeodatt again in order to obtain a better
match between data and the necessary input fotwalgncalculating pension.

The structure of microsimulation is modular. Frorogic-operational point of view, it
is subdivided into 3 sections: Dataset, Demograpiggme. | used data as the starting
point for simulation and also for obtaining theirsited equation of individual income.
Therefore, different from other studies, populatiwas generated starting from a real
situation.

| would like to say a few words on data before pag®n to every single module. As
data have a particularly important role in the ¢argion of a microsimulation model,
they need to have well-defined characteristicsrandt set up a panel of“individuals
observed for t years. This kind of data is usually obtained tigb surveys and is
generally characterized by a widé’ ‘and a small t". All this can cause some
consistency problems on estimated coefficients. él@w, there are other difficulties. In
fact, microdata are typically affected by distomngo In particular, they suffer of errors in
measurement and selection problems (self-selectiwviti non-response). They are also
subject to a significant phenomenon of attritidmattis, the reduction in the unit number
due to moving out of some individuals from the skmfor whatever reasons
[Wooldridge, 2002].

Presently, there are 3 sources available that@enpally appropriate for our analysis:
1) INPS archives, ii) ISTAT's survey on the Italiavork force and iii) Bank of Italy’s
Survey on ltalian Householder Income and WealthI{HThe archive of INPS is the
largest and more complete than others, but theéa dee not good for scientific use
because they do not cover all individuals and dbhave information on individual
education which is an essential variable for inc@mnalysis. The survey on work force
by ISTAT is representative, wide and detailed, does not have information on
income, so it is unusable. The survey on househatd®me and wealth made by the
Bank of Italy is the only one to show not only infaation on an individual's
characteristics and personal income but also masta good representation of the
population. However, SHIW data present a lot ofbpgms. First of all, they are a
pseudo-panel because the panel rotates the unitgitttain the representation of the
population. The panel was brought back to a batinfem to facilitate the

10
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implementation of data in the model. The secondlera is that income is measured
net of contributions and taxes. As | mentioned efn each pension system the main
interest variable is gross personal income. It reedrat SHIW data have to be
elaborated in order to pass the income from negrass. Finally, bi-yearly surveys (on
average) cause remarkable difficulties in the kgdof transition matrices because
some units could “jump” more than once but leaviy one trac&in the data. Even if in
this analysis | avoided, in every way (which wasnetimes very hard to do), to take
from different sources because of problems of iecehce on data, SHIW data do not
have demographic information on fertility and deadkes. So, they have necessarily
been taken from ISTAT’s yearbook.

Dataset Module

The Dataset module converts raw data in inputerrhodel. Raw data are the SHIW
data of the Bank of Italy [2002] and ISTAT’E2004] mortality and fertility charts. The
module is divided into 5 sub-sections: Panel, MeGtoss, Transition, Survivorship and
Fertility. The Panel section deals with the creatod a balanced panel of individuals.
The years included are 1993, 1995, 1998, 2000, 200%2. The average number of
observations is 22864 yearly. Panel building reduoe2703 units observed per year. It
is obtained with a complex procedure. At first, ttedevant variables in different
archives are combined in a unique cross-sectiordch year, then income recipients,
dependent family members (partner, children, ratfaeniliar member) and other
situations of fiscal relevance (handicapped or ur8te months year old children) are
identified. A unique identification code is builtagting from time-invariant individual
characteristics for the last year. Then, this dgdapplied to the former period coming
back to latter one through 2 by 2 connection. ®e, archive is purified from all
superfluous observations, unnecessary variabled, wmts that were incoherently
connected (changes of sex, instruction levels desarg in time, impossible job
transfers, anomalous income variability, etc.).

The Net-to-Gross section determines gross indivicheame starting from net ones and
considering the different fiscal brackets andradlividual/family detractions attributable
to the taxed subject. The procedure does not cleedinancial income and limits itself
to earnings from work and transfers. Even if it Idoseem simple from a theoretical
point of view, the inversion of tax function witketiactions is not univocal so a numeric
procedure is necessary. | use a goalseeking rotheteminimizes the loss function
given by the relative difference between real astiiv@ated net income. Practically, a
control variable (gross income) is modified to feadlse optimal point of an objective
function (minimum of a relative loss function) thigh numeric optimization. The
procedure keeps under consideration the fiscal Ewvastax rates in force in each year
of the survey [Herr 2001, Targetti Lenti 2004, Eagd et al. 2004]. Net-to-Gross is a
very expensive routine in terms of resources ante.tiHowever, the outcomes are
excellent: at the end, an error over only +3% isfieel in 130 situations out of 13515
panel observations.

The third section deals with the creation of traasimatrices. For every individual a 6
digit code concatenating values of interest SHIVkaldes area3 sesso studio settp7
gualp7n nonogis built. The routine SGEE transforms the 6 dgpde into a 4 digit

“ In reality this phenomenon is always present\idens more when the period between two near
waves increases.
® Both archives are downloadable from web sitesiefBank of Italy and ISTAT.
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one. The first digit shows sex€, the second is a synthesis of geographical arda a
education geocul), and the last two digits identify the kind of woemploymenf a
subject does. The education level is reduced fram3categories and job qualification
and work sectofshave been arranged in 12 modalities accordingtsipn settingand
the main activities of non working subjects. Thidwing table shows the classification

of SHIW and SGEE codes:
Table — SHIW and SGEE codes

Variable SHIW Variable SGEE
1 =Male 1= Male
Sesso 2 = Female Sex 2 = Female
1 = North 1 = North — Low Education
Area3 2 = Center 2 = North — Average Education
3 = South 3 = North — High Education
1=No 4 = Center — Low Education
2 = Primary School Geocult 5 = Center — Average Education
) 3 = Secondary School 6 = Center — High Education
Studio 4 = High School 7 = South — Low Education
5 = Degree 8 = South — Average Education
6 = Master post-lauream 9 = South — High Education
1 = Blue Collar 1 = Dep. Employed — Public Workérsachers
2 = White Collar — Teacher
3 = Executive 2 = Dep. Employed — Private Work&esachers
Qualp7n | 4 = Manager
5 = Freelancer 3 = Dep. Employed — Public Manager
6 = Self-Employed
7 = Unemployed 4 = Dep. Employed — Private Manager
1 = Agricolture
2 = Industry — Buildings 5 = Freelancer
3 = Commerce — Tourism
Settp7 4 = Transport — Comunication 6 = Farmer — Settler — Cropper
5 = Fin. Interm. — Insurance Employment
6 = Pub. Amm. — Services 7 = Craftsman
7 = Unemployed
0 = Employed 8 = Retailer — Wholesaler
1 = Searching first job
2 = Housewife 9 = Unemployed
3 = Well-Off
Nonoc 4 = Retireted 10 = Student
5 = Unemplyed
6 = Student 11 = Retired
7 = Other
12 = Other

® SGEE is 8x Geocult Enployment. Letter Es doubled because of 2-digits for Employment
" Sector 4 and 5 are unified to sectors 2 and 3ertisely (see table).

® Pension set-up is a combination of job qualifmatand sector so it is an unusual classificatiorifese
variables from an economic point of view. See thg/lregarding this topic for details.
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In SGEE, “Unemployed” merges into individuals “long for first job” whereas
“Other” includes “Housewife”, “Well-Off” and “Othérof SHIW code
An example of SGEE routine working is shown in tbiéwing figure:

1 3 4 2 0 6 > 1 8 0 6
// /I \\ // /I
sesso area3 studio qualp7n nonoc settp7 sex geocult employment

The SGEE routine has an essential role in the immcig of the model because it is the
mechanism that allows the adoption of the innoeatipproach previously described.
The compression of the different individual chagaistics in a single variable, in fact,
allows summarization of all states of the worldomly one variable and simulation of
the events all together according to an integraeproach (avoiding the sequential
one). The price paid for this gain in efficacy retloss in efficiency because of the
increase in simulation time. After the SGEE codee assigned to the units,
KstatutKstaus transition matrices (216x216) are built. For eaolw, they show the
probability of passing from a given SGEE code mdi‘t” to any SGEE code at time
“t+1”. The values are cumulative, so it means thatokeds of the row are all equal to
1. As the transition probabilities are a functidrage, 12 different matrices are created
dividing the working age (15-75 years old) in haéfeade. The hypothesis that nobody
works after 75 years old is assumed. A further tiypsis concerns individuals under 16
years of age. If they are under 5 years old, theg are “Other” but if they are between
6 and 15 years old, then they are “Student” in @hi@ to mandatory education laws.
Even if it would be conceptually more correct, o igto detail through the yearly
period, it was impossible for lack of availablealdtor the same reason, the other two
hypotheses are made.

The fourth and fifth sections deal with the deteration of model demographic input
using ISTAT data (until now SHIW data had only baesed). In the fourth section
Survivorship Tables are generated starting fromlésalbf Death. They are meant to
determine the probability to survive the followipgar for each age and sex [Livi Bacci
1990]. The fifth section determines total fertilihdex given in the Fertility Tables. It is
the average number of children per woman [Terraakirl998, ISTAT 2003]. This
index is specified by age and is not a summaringdl walue in order to take into
account the population structure during the sinnutaand to have a good tool for
demographic hypotheses.

Demography Module

The Demography module deals with the determinafimneach period (year), the new
entries in population (births), the state of evenit (SGEE) and dead individuals
(deaths). The module is divided into two sectiofise former is strictly “accounting”
aimed to account for births and deaths. The résudt hugeN"xT" matrix whereN"
indicates the total number of simulated individu@itstal units) andT” is the overall
time that goes from the birth year of the oldestividual present in the panel from
1993-2002 to the last year simulated (total pedioEgery row represents the whole life
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of a single unit. In every period, the unit candmtive or “sleeping”. It is active when
the individual is alive and sleeping otherwise fmtlal was not yet born or is already
dead). An active unit always has a positive valiuis.equal to 1 for male, 2 for female.
The second section assigns a valid SGEE code tb aative unit. Given the
geographical area to which it belofigshe minimum education level and the
hypothesized employment (“Other” or “Student”) ss@ned to every unit younger than
16 years. Then, for each unit a random numbé&rbetween 0 and 1 is extracted
(Montecarlo Method). Given the SGEE code in tintig it allows to set up the SGEE
code in time t+1” comparing the extracted value with the cumulativensition
probability conditioned by age.

The operating mechanism is not complex. For reasbrsemplification, it is assumed
that there are only 3 modalities of the variablevibich evolution is simulated (SGEE)
and that the transition matrices in age 1 and aaye 2he following:

Modality for Age 1| A B C Modality for Age 2 A B C
A 04 1071 A 04| 08| 1
B 03|06 1 B 04| 07 1
C 02] 09| 1 C 03] 08 1

At time “t”, age 1 and modality B for the simulated indivitlug hypothesized. A
random numberx” from a uniform distribution between 0 and 1 idragted. Its value
is 0.68. The simulated individual will pass to migaC in time “t+1”, “X” being
higher than B value (0.6) and lower than C valueirflrow B of the matrix for age 1.
Similarly, another individual with modality B, arxteacted value X’ always equal to
0.68, but in age 2 is considered. In this casdina “t+1”, the individual will still
remain in modality B because 0.68 is higher thdn(8) but lower than 0.7 (B).

Even though the ambiguity of outcomes is not ardbl property, it is especially the
presence of structural all-zero rows in the tramsitatrix to cause greater problems to
the model. A structural zero is a conditional ptabgy equal to 0 in the non-cumulative
transition matrix. It means that it is impossibteachieve a given state in the output
starting from a given state in the input. Generadly these matrices have structural
zeroes because some transitions can never comet'hbWhen data used for
conditional probability determination are too searor the observations are too
concentrated in few modalities, structural zeroas fill a whole row. This does not
happen for natural causes, but rather for sampsores. This phenomenon increases
when the waves are spaced out in time (as SHIW) dBatzause some individuals could
change their situation more than once without legnany trace in the data. When this
happens, looking at cumulative probabilities, daustavith positive probability in the
input and zero in the output is credtedf an individual enters this state, the model
generates an error because it is not able to aasigde to the simulated unit in the next
period.

Two different ways were followed to solve this pieh. The first way simulates the
last “€¢” periods again with an increasing’“going back to as far as it enters a different

° Average values of long period extracted from 19002 SHIW sample are used as geographical
distribution percentiles: North 40,34%— Center 3%+ South 38,51%.

19 For example, a transition from being a pensioadrecoming a student .

" The last modality counts 0 instead of 1. Givendbmulative nature of the matrix, this means thiat a
the modalities have zero probabilities.
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evolutionary path that allows it to go around theo€?. From a theoretical point of
view, this procedure is equivalent to redistribgticonditional probabilities towards a
structural all-zero row among the other probaleditproportional to their values. The
transition matrices of the previous example areifreztifor age 2 in the following way:

Modality for Age 1| A B C Modality for Age 2 A B C
A 04 | 07| 1.0 A 04| 08/ 10
B 03 |06]| 1.0 B 0.4 0.7 1.
C 02] 09| 10 C 0.00 00 0.0

Now, the last row of the second matrix is a strradtall-zero row. It is hypothesized
that the simulated individual has age 1 and mogd88iat time t’. Random extraction
generates ar = 0.51 so there is no transitiost€p J. It is assumed that in time+1”
the individual does not achieve age 2. His tramsitnatrix, therefore, is the same as
that of age 1. Ax = 0.87 is extracted and there is a shift from nlibdB to C (step 3.

At time “t+2” the individual achieves age 2 and changes tmsitian matrix. However,
his present modality, which is C, has a structathkzero row. The random number
extraction does not assign a modality to exit fritva transition matrix. So, an error
comes up. At this point, the correction mechanitmns It scales down bg=1 in time
and repeats the simulation in periog1” starting from modality B and using the
transition matrix of age 1 agairstép 3. An x = 0.97 extraction leads to the same
identical error $tep 4. This time, the period goes backttoy e=2 (step 5. Anx = 0.27

is extracted with the move towards modalitystep §. In “t+1”, an extractiorxk = 0.13
does not mark any change with the exception oftdaesition matrix ¢tep 3. An x =
0.83 leads towards a new entry in C when timd+#2™ (step §. An error is generated
and the correction mechanism is brought back tomcHowever, this error is different
from the previous one. So, the counter of ergiis$ reinitialized which starts frore=1
again étep9). Int+2, anx = 0.39 is extracted. The individual can closedumsulation

in modality A at the timet+3” (stepl10). This regressive error correction mechanism is
expensive in terms of time and resources usedjdxrgite that it behaves neatly.

The following table summarizes the sequence of oanéxtractions (Montecarlo) and
of the regressive error correction mechanism s@RECM):

Montecarlo Sequence (Start in B;)
01: x=051 B |06: x=0.27 A
02: x=087 G |07: x=0.13 A
03: RECM e=1|/08: x=0.83 G
04: x=0.97 G |09: RECM e=1
05: RECM e=2|10: x=0.39 A

and the following diagram summarizes ttex described. The indexes of modalities A,
B, and C indicate the ages of the individual. ftew the transition matrix to use for
evolution.

12 practically, when a transition error is due totractural all-zero row, the time counteis scaled by
e=1in order to re-simulate the last period. If thensaerror comes up againis reduced bg=2. At every
repetition,e increases by 1 and therefore lagieriods are simulated again.
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The second solution adopted in order to avoid sirat all-zero rows is the partially
transition matrix closure. A transition matrix isl6sed” when every modality in the
input is able to generate a modality in the outpbis happens if the last column of the
matrix is full of 1 only. To understand the logiader this original solution, a
hypothetical rule to face structural all-zero rowgsimagined. It assigns the same
modality of the previous period to the next oneptababilistic terms, it means to put 1
in the main diagonal of the transition matrix whewgrosses a structural all-zero row.
So, it is certain that the modalities in the inpad output are the same. Now, closing
the matrix with a positive value lower than 1 isagmed. What does it mean? What is
the effect? Below a total closure (left) and a ipartlosure (right) applied on the
transition matrices used in previous examplesasvsh

Modality for Age 2 | A B C Modality for Age 2 A B C
A 04 08| 1.0 A 04| 08/ 10
B 04| 07| 1.0 B 0.4 0.7 1.
C 00| 00| 1.0 C 0.00 00 0.5

Even if the event is not certain, the meaning @lsafe does not change. Facing a
structural all-zero row, the individual has somehabilities to maintain the same
condition of the previous period. However, in these of partial closure, random
extraction can lead to the refusal of the hypothésading to an error similar to the
initial situation. Therefore, partial closure issdeincisive than total closure, but
combined to the control mechanism described prelyout allows to make more
acceptable hypotheses on transition matrices. keset reasons both methods were
implemented.

Income Module

The Income module takes care of estimating indizidluicome based on a set of control
variables in order to obtain an equation to be deetbrecasting. It uses the SHIW data
re-elaborated by the Dataset module. An individualharacteristics, therefore, are
recoded according to the SGEE code. At the same, imsomes are transformed from
net to gross, carried back to lire of the year 2Q@#al values) and expressed in
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first two units, SHIW takes up the following shape:

id year Dbirth| area3sesso studio settp7qualp7n nonoc YL
1 1993 1945 2 2 4 6 2 0 37000
1 1995 1945 2 2 4 6 2 0 37400
1 1998 1945 2 2 4 6 2 0 37800
1 2000 1945 2 2 4 6 2 0 38200
1 2002 1945 2 2 4 0 0 4 27800
2 1993 1975 2 1 4 0 0 6 0
2 1995 1975 2 1 4 0 0 6 0
2 1998 1975 2 1 4 0 0 6 0
2 2000 1975 2 1 4 0 0 6 0
2 2002 1975 1 1 5 4 2 0 22000

Id = identifier; Year = time variable; birth = Hirtyear of individual; Area3 = geographic area (meftcenter — south);
Sesso = sex; Studio = Education; Settp7 = workoseQualp7n = job qualification; Nonoc = non worgiactivities; YL
= gross income (real value in thousand of lire 3000

In the example, the first individual (id=1) is a mvan (sex=2) with high school diploma
(studio=4) and who worked for Public Administrati¢gettp7=6 and qualp7n=2) and
lived in the Center of Italy (area3=2). She reti(ednoc=4) when she was 57 years old
(age = 2002 — 1945). The second unit is a studerigc=6), a boy (sex=1) from the
same geographical area (area3=2). He graduatediqsf) and then went to the North

(area3=1) to work (qualp7n=2).
The SHIW panel re-elaborated in Data module, irsteas the following form:

id year birth sgee YL
1 1993 1945| 2501 37000
1 1995 1945| 2501 37400
1 1998 1945| 2501 37800
1 2000 1945| 2501 38200
1 2002 1945, 2511 27800
2 1993 1975| 1510 0
2 1995 1975| 1510 0
2 1998 1975| 1510 0
2 2000 1975| 1510 0
2 2002 1975| 1602 22000

Id = identifier; Year = time variable; birth = Hirtyear of
individual, sgee = sex-geocult-employment code; ¥Lgross
income (real value in thousand of lire 2000)
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The data compression is well-evident. The impoamicSGEE routine is that it really
allows a two-dimensional representation of data hmomore manageable than the
sequential one through the synthesis of contrabbées. The whole panel can be shown
using 2 relatively very small tables. In both xsa&nd y-axis there are several units and
periods.

SGEE t
id birth 1993 1995 1998 2000 2002
1 1945 2501 2501 2501 2501 2511
2 1975 1510 1510 1510 1510 1602

| YL t
id  bith | 1993 1995 1998 2000 2002
1 1945 | 37000 37400 37800 38200 27800
2 1975 0 0 0 0 22000

Id = identifier; birth = birth year of individuaBGEE = sex-geocult-employment code; YL =
gross income (real value in thousand of lire 2008)time variable

To simulate income, therefore, it is sufficienthave an equation that determines the
income in relation to the variables as summarirethe SGEE code. In fact, after the
code is expanded and inserted in this equationc#éih®ilation of the next individual
income becomes a matter of simple computation. prablem is to identify the
equation. In literature, the variables typicallyedsas regressors in econometric models
to estimate incomes are sex, geographical arezgagdnal qualification, occupational
place, affiliation sector and experience. As idliicult to find a good measure for this
last variable, generally, job seniority or, moregbly (but always good), age is used as
proxy for experience. However, in reality, there ather 2 variables that should be
inserted fully among regressors, but whose meagusitvery complicated. The first is
individual skill. Each individual, in fact, has aability regardless of education,
environment and experience he or she has goneginrdthis is called innate ability.
The second variable is the variability as a restilthe cohort effect that arises when,
ceteris paribus, being born in different periodsedaines different incomes among
individuals.

However, in its complete form, the estimate models follows:

Yit=at XX+ Vit 2zt e

whereo is a fixed constant for alli™ and ‘t”, g is the vector of parameters; are the
control variablesy; is an individual effect with B{)=0 and vang)=c?, z is a time-
effect with E€)=0 and varf)=c>, ands; is an classic idiosyncratic normal error with
git — N(0:0%). If variables able to capturge z are found, the model could be reduced.
With reference to time-effect, the level of GDPais acceptable proxy af even if it is
very limited. With reference to innate abilitigs it is impossible to identify such an
appropriate variable. Moreover, being unobservalike,effect is merged with all
residual effects raising a problem of collineatigtweenv, and the constant. It was
overcome substituting them with the generic indinaldeffecto; = a + v;.
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Analytically, the final model is the following:
Vit = ai+ BX Xt + &it

where the only remaining specific effect is theiwidbal effect and GDP is among the
regressors. Depending on the nature;pthe model is a fixed effects model (FE) or a
random effects model (RE). It is possible to detketmodel that is more accurate with
some tests [Baltagi 1995]. In fact, the presencBRIBfcan be detected through Breusch
and Pagan Lagrangian Multiplier Test (BPLM) thatifies the null hypothesisly: 62,

= 0. Rejecting the test indicates that individué&s are random and not fixed because
of no-zero variance. Alternatively, a comparisondgfainst RE can be attained through
the Hausman Test. It is based on the differencevd®et an unbiased and consistent
estimator subjected to the null hypothesig) (&hd to the alternative one {Has is FE,
and an unbiased and efficient estimator subjeadd, but biased subjected to,lds is
RE. Passing the test indicates the presence ofdmma effect.

Even though the latter estimators work well in mamydels of panel data, FE and RE
are static models and are not able to capture gngmdic evolution. In particular, any
lags of dependent variables capable of stressingl smrrelation phenomena are not
between the regressors. Individual income showeraigient trend. So, lags 9fis
should be included in the regressors or else motgmbblems of accuracy and
consistency come up.

The estimate problem of dynamic model such:as

YVit= @ XVYir1+tai+ B XXyt e

subjected to strictly exogeneity hypothesis xof, has been faced in econometrics
transforming the equation in first differences lefan order to eliminate individual
effects, and then using a GMM model to estimateldlyged differences of dependent
variable A i1 through appropriate instrument variables. Arellaavad Bond have
suggested the lagged level of regressors incluitiedag dependent variable (1991) or,
alternatively, the set of levels and differences tbé same variables (1995) as
instruments [Arellano 2003]. The number of instrmseincreases very quickly leading
to an illusory improvement in estimates due togbhantity of regressors more than their
quality [Baltagi 1995]. Using the Arellano-Bond iesttor, a dynamic model has to
show autocorrelation of the first order that jussfthe move to differences, but at the
same time must not show autocorrelation of the rearder because otherwise the
quasi-differentiation improvement declines [Woalldie 2002]. These assumptions can
be verified through specific tests.

However, there are also intermediate models betwtdit and dynamic ones. Here is a
specification structure:

Vit = ai+ BX Xt + &t
in which an error follows an autoregressive proc#gke first order:

gi=pXewtzr  with |p [<1 andz~i.i.d.(0 ;6% ;)

'3 The number of lags in dependent variable carréater than 1.
YE@i ] X1 o XTo 0) = 0O witht =1, ..., T
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In 1978, Lillard and Willis applied a transformatithat was able to convert the AR(1)
errors in a classic serially non-correlated ercoestimate the model above. The typical
elementy ;; of this transformation is similar to the familgt — y . of FE and can be

obtained subtracting a pseudo-average from a neakifi value [Baltagi, 1995].

Estimates of individual income

InY FE RE FE+AR1 RE+AR1 AB95
InY[-1] - - - - 0,227599
(6,49)**
Age -0.0127005 0.0160723 -0.0254883 0.0242296 -0,04115
(-0.98) (5.78)*** (1.57) (8.75)***  (6,38)***
Age? 0.000348 -0.0000827 -0.0007308 -0.0001619 0,000549
(8.42)*** (2.97)*** (9.38)*** (5.81)***  (8,13)***
Sex=1 - 0.4023947 0.1389501 0.4010123 0,32934
(19.51)*** (2.21)** (21.35)***  (11,36)**
Geo=1 - 0.1860222 0.267261 0.1817556 0,123243
(8.09)*** (1.51) (8.69)*** (4,35)**
Geo=2 - 0.1716919 0.0394127 0.1684787 0,089819
(5.95)*** (1.29) (6.43)*** (2,62)**
Cult=2 0.0973535 0.2749432 0.1150634 0.2903409 0,28381
(2.64)***  (13.69)*** (1.23) (15.08)*** (4,6)*
Cult=3 0.1298448 0.4457165 0.0460925 0.4543573 0,480343
(1.32) (12.84)*** (0.45) (14.05)***  (4,95)*
Employ=1 0.0188143 0.0308236 0.2293707 0.0248601 -0,01838
(0.88) (1.67)* (2.77)*** (2.35) (0,35)*
Employ=3 0.1025256 0.1787553 0.1582549 0.1942732 0,211277
(1.4 (2.62)*** (1.42) (2.83)*** (2,09)
Employ=4 0.0915888 0.1856926 0.1244862 0.2130514 0,368943
(1.21) (2.52)** (1.89)* (2.82)*** (2,06)
Employ=5 0.2954979 0.2415076 0.2547533 0.2073933 0,42406
(4.95)*** (4.90)** (4.49)*** (4.27)*** (4,43)*
Employ=6 0.0066192 -0.0596803 -0.0159765 -0.0528658 0,284515
(0.09) (0.95) (0.4) (0.84) (1,38)
Employ=7 0.1978347 0.2149156 -3.0862751 0.2132616 0,487511
(4.68)*** (6.03)*** (7.42)*** (5.99)*** (4,96)*
Employ=8 0.2400032 0.2116516 0 0.20887 0,528151
(6.50)*** (7.04)*** (7.43)*** (6.96)*** (5,31)*
Employ=11 -0.1461913 -0.1945516 -0.2006354 0,011254
(5.84)*** (8.73)*** (8.68)***  (0,19)***
Employ=12 -2.442705 -1.9020919 -1.8620027 -5,42622
(13.86)***  (14.42)*** (14.32)***  (1,99)***
GDP per capite 3.21e-12 2.34e-12 2.28e-12  3.59%e-12
(4.68)***  (30.48)*** (27.14)***  (20,76)***
Constant 13.0505715 11.5131163 8.5973148 11.2689738 11,53229
(101.56)*** (117.22)*** (50.97)*** (107.43)*** (26,48)***
Observations 7750 7750 5895 7750 5543
R-squared 0.18
Number of idkey 1855 1855 1692 1855 1602

Robust t statistics in parentheses

* significant at 10%; ** significant at 5%;

*** significant at 1%
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TEST

Model Type Statistic p-value
FE All u_i=0: F(1854,5881) = 5.85 Prob>F = 0.000
RE BPLM chi2(1) = 2400.00 Prob>chi2 = 0.000
RE Hausman chi2(13) = 353.25 Prob>chi2 = 0.000
FE + AR1 All u_i=0: F(1691,4189) = 2.01 Prob>F = 0.000
AB95 Hansen chi2(43) = 316.06 Prob>chi2 = 0.000
AB95 AB AR(1) z=-8.44 Pr>z = 0.000
AB95 AB AR(2) z=0.69 Pr>z =0.488

In our specific case, the estimates of all modeleral yield quite significant
coefficients and their signs agree with the exgexta. Therefore, the choice is made
on the basis of the results of the tests. Test Fndividual errors indicates that FE
model is better than the simple OLS. Instead, betvmeE and RE, BPLM and Hausman
Test turns out to be divergent. If on the one h#wedBPLM test moves towards the RE
model because the hypothesis of no variability rafividual effects is rejected, on the
other hand, Hausman Test marks a better performahdeE. Moreover, the FE
estimates show a non-null correlation of individe#fects as regard error terms. This
situation is in contradiction with the RE hypotisesThe incoherence of tests is
attributable to a bad specification of regressoiia particular to the lack of a variable
able to capture the dynamic structure of the mdéidhe model forecasted, for instance,
lagged income between regressors, the pro FE Hau$est result (RE is not the most
efficient and consistent model subjected to $b the test was badly built) and the pro
RE Breusch-Pagan result (there is anyway a posuareance of individual effects)
would be justified. The shift towards a dynamicusture through Arellano-Bond
(1995)° leads to an improvement of the estimates, but @sgreater complexity.
From an inferential point of view, Arellano-BondsEeonfirms the presence of the first
order serial correlation and rejects the seconcerombrrelation as expected. The
coefficients are significant on average. The reidadn the number of instruments from
187" to 62 involved a decisive improvement in the eatis.

Finally, the estimates of FE and RE models with BR{rror structure are considered.
The two-step method leads to more consistent etdsr serial correlation coefficient.
Coefficients of FE with AR(1) are not very signditt while those of RE are clearly
better. They are similar to previous FE and RE nwdehe coefficients come back
towards signs (but not values) and significancelamo OLS model.

In the choice for forecasting models, computationahsiderations are added to
econometric ones. Using the Arellano-Bond modealvedl to assign an income to each
unit still in the work force, but there is the gties of determining the gross income of

!> Number of groupss not equal to 2703 sample individuals becaudg imdividuals with income are
taken in account.

16 Using instruments in levels and in differencesjrtmumber increases rapidly. It is important tefke
their numbers down as much as possible removinthadle that are unnecessary. All dummy variables
that have low variability in time, similar to timavariant variables (null first differences), halbeen
included as instruments only in levels because mbgtem will have null differences. Other variagle
instead, have been joined in order to create onéyinstrument for each variable and lag size, aubtef
one for each period, variable and lag size. Segonlde dynamic structure of both models makes the
exclusion of outsiders necessary because theytteadnspicuous distortions in estimates. Individual
with an average income under the first or abovdabkepercentile are considered outsiders. It l¢adise
exclusion of 16 units.

" Estimates are not reported here.
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the new entries and of all individuals that haveretbfrom an inactive state to an active
one ;.1 = 0) for whatever reason. The problem can be sob&liming an initial
distribution for individual income. Avoiding purddoretical hypotheses, it means to
estimate a second model with a static structureldapof forecasting the first job
income after an inactive state. The best candidaté¢he RE model despite its
limitations. However, managing 2 independent irdeva forecasting structures creates
complications. Abandoning the dynamic structuraasan attractive idea because time
incoherent situations could be generated. In f@taog, it could happen that there could
be individuals that have unnatural decreasing carbecause their values are fixed
without reference to past ones. A good compromissajution, that maintains
dynamicity without excessive increases in complexig the RE model with AR(1)
errors. When an individual enters the work forte model simulates individual effect
o; and assumes a lagged erggr, equal to zerS. In the following periods, the AR(1)
error structure is fully implemented. Thus, the ®RiEh AR(1) solution is not optimal
from an econometric point of view. However, givdme tinstrumental and functional
nature that it has in the whole work, it seemggatrcompromise between the opposite
requirements of precision in estimates and thditiaof implementation.

Finally, the Income module simulates the weeks qguhas every state for each year. If
the individual does not change his condition, il Wypothesised that he had the same
job for all 52 weeks of the year. Instead, if hekega transition, then a random number
in [-26;+26] is extracted to establish in which we¥ previous [-26;0] or next [0;+26]
year it will happen. To implement the model and twtexcessively complicate the
calculation, the income for these weeks (determaedhe proportion out of the total
income of the same year) moves from the previouthéofollowing year in order to
have an income from only one job for every yeare @istortion introduced in this way
(no indexation of at the most 26 weeks) is small allows an easier implementation of
income management in various categories. In coieiughe forecasting model used is:

log i = + 11.26897 (Costant)
+ 0.0242296 * eta (Age in years)
—0.0001619 * efa (Ag€’in years)
+ 0.4010123 * sex1 (dummyMale)
+ 0.0000000 * sex2 (dummyFemale)
+ 0.1817556 * geol (dummyNorth Italy)
+ 0.1684787 * geo2 (dummyCenter Italy)
+ 0.0000000 * geo3 (dummySouth ltaly)
+ 0.0000000 * cultl (dummyLow Education)
+ 0.2903409 * cult2 (dummyMiddle Education)
+ 0.4543573 * cult3 (dummyHigh Education)
+0.0248601 * employl (dummyPrivate Employeed)
+ 0.0000000 * employ?2 (dummyPublic Employeed)
+0.1942732 * employ3 (dummyPublic Manager)
+0.2130514 * employ4 (dummyPrivate Manager)
+ 0.2073933 * employ5 (dummyFreelancer)
—0.0528658 * employ6 (dummyCD/CM")
+ 0.2132616 * employ7 (dummyCraftman)
+ 0.2088700 * employ8 (dummyRetailer)

18 |n theory, RE models can be estimated through 2AB( mode, but every lag means abandoning an
observation wave. Given that there are only 5 jpistid\R(1) seems to be the most appropriate choice.
19 CD/CM is INPS acronym for farmer, settler and gep
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—0.2006354 * employ11 (dummyPensioner)
—1.8620030 * employl12 (dummyWell-Off, Housewife and Others)
+2.28e-12 * GDP (GDP pro capite in lire 2000)

in which reference individual base unit for all ffients is SGEE=290%. Let me
recall thatemploy9(unemployeed) andmployl0(student) do not receive income by
definition. After the equation has been establishets applied to the SGEE code of
each individual for every simulated year in ordeestablish the future income

Outcomes

It is always difficult to evaluate the performaraemicrosimulation. All the more so it
is difficult to judge its particular implementati@mising from an integrated approach. It
is possible to control if the model forecasts ccliyethe years for which data are
available. With reference to SHIW 2004 data, | cagasure the frequency with which
forecasting errors happened for each characterstitcsidered. Age and sex are
perfectly predictable for every unit in the 2002adaHowever, the error was due to
sample rotation. Broadly speaking, these mismatdtaes been considered as the
benchmark to evaluate other variables.

Frequency |Age | Sex | Geo Cult Employ

(in %) 1 /1 2|2 3|1 2 3 4 5 6 7 8 9 10 11 12
Errors>5% | 1,7 | 0,7 |2,0 2,7|58 40(43 51 31 24 42 29 33 4,7 39 54 54 34
Errors>3% | 2,3 11,329 41|66 5251 6,6 3,9 28 49 42 38 55 48 6,4 61 4,6
Errors>1% | 3,6 | 3,3 4,1 45|80 74|75 83 53 38 61 6,0 6,1 63 6,7 91 7,9 6,3

The results seem very good. However, they shouldaken into account carefully
because the evaluation period is of only 1 wavethadotation mechanism introduces
an error that is difficult to evaluate. So the Hdenark could be not so much reliable.
Moreover, in microsimulation models errors tendptopagate more than how much
they offsetthemself[Bourguignon-Spadaro 2005]. So long term predictidr®ecome
increasingly uncertain and are subject to distogidbviously, the normal uncertainty
of every prediction is added. When comparing aegrdted approach with a traditional
one, it is necessary to refer to other models. Alsthis direction, evaluation should be
taken into account carefully for different reasomststly, model specification is
generally not so detailed enough to allow a reahriecal comparison. Only a global
comparison is possible. Secondly, the models doahways account for the same
variables and this makes their comparison pratyicadpossible. However, the figure
below shows the quota of pensioners accordingltuks rules. This is one of the few
variables that allows for matching with other madel

The results obtained are similar to the ones aelidwy INPS, Ragioneria Generale
dello Stato, Ministero del Tesoro and other workstle topic [Ferraresi 2000, OECD
1998, ecc.]. Generally, the performance of the rhadems by and large good.
Unfortunately the comparison is almost only dempgra but it was the best available.
As pointed out by the graph, the defined contrinutsystem starts working fully only
after a very long transition period in which thésea slow decrease in defined benefits
till 2015 (starting from 87.4%) and a peak of mixsathemes, around 2033 (47.9%).

% The choice is made in order to get coefficientdurhmysex geoandcult that are always positive and
increasing (the lower category is the base), wthiéebiggest group is the reference déamploy
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Share of pensioners by computational regime. 2000-2050
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These are the same results obtained by all the otbdels. More interesting would be
to verify the distortion due to the partial conditing of the sequential approach on
employment composition, but it would be necessaryhave detailed data of other
models and their whole implementation structureictviis very difficult. The matching
of pensioner quota in this model with other modsisot a trivial result because it
shows how, even by getting similar overall predict, it is possible to build
microsimulations with different distributions of eloyment. It generates models that
are seemingly unbiased but in reality they hideifigant distortions that could affect
very hard the outcomes in more complex situations.

Summary of module contents

0. SOURCES:

a. SHIW (historical) from 1993 to 2002 for Panel

b. ISTAT 2003

c. SHIW (historical) from 1998 to 2002 for Transition
1. DATASET Module:

a. Panel éttrition)

b. Net-to-Gross for IRPEFGoalseek

c. Transition (SGEE compression)

d. Survivorship (by sex)

e. Fertility (fertility index by age)
2. DEMOGRAPHY Module:

a. Births (Fertility)

b. Deaths (Survivorship)

c. Evolution (Transition)

I. Regressive error correction mechanism
ii. Partial transition matrix closure

3. INCOME Module:

a. OLS FE = Test F

b. FE RE = BPLM and Hausman

c. ABg 2  ABAR(1) and AB AR(2)

d. RE AR(1) > Compromise solution
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Conclusions

In this work, implementation problems of a microslation model are faced from a
methodological and empirical point of view. The awas to overcome the weaknesses
of the traditional sequential approach on the caredrand to build a model on real data
on the other. The sequential approach, in factpften used without appropriate
considerations on theoretical aspects. This leadsiplicit hypotheses that are usually
more restricted than as much as one believes. #apaequential conditioning, in fact,
iIs equivalent to hypothesizing independency of &eifhis approach, moreover,
becomes exponentially more expensive in programmamgl debugging when
characteristics to simulate increase. So this $impandability and scalability of the
model. It is possible to simplify model buildingréigh an integrated approach. This
innovative method is based on a compression mesimatiiat summarizes all the states
of the world in only one variable. So a unique $iian matrix is built to jointly
determine all the characteristics of a unit. HoweVack of data generates technical
difficulties. In particular, structural all-zerows can arise. They avoid to assign a state
of the world to some units. | have overcome thifiailty through a regressive error
correction mechanism and a partial transition matiosure. The former reflects on the
hypothesis of redistributing error probability @maining events. The latter assumes to
maintain a status quo. All this makes it possildebtild a model for carrying out
analyses on pension systems. It is similar to aie®tpl model (as far as possible to
compare them) but has better performance in theatderms. Therefore, this work
shows that there is more than one approach to simtdation, and especially, that
through more power elaborators it is possible tagme a more efficient structure in
order to implement these kinds of models.
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