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Abstract

The aim of this paper is to illustrate:

1) the use of graphical models known as ProbaigilExpert Systems (PES) for the
description of the interrelationships of the pheramobserved in different surveys;
2) the use of the updating system of a PES as tomaitic tool for establishing
coherence between sample surveys in an integregstisal system;

3) a system for the navigation of PES updated wabeth assess the validity of some
assumptions and perform some advanced analysestiodtual and updated data.
The motivating example is given by the integratedistical system for agriculture,
which is under construction. Other possible ardlasse of PES are also decision
making and policy evaluations.
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1. Introduction

When results of a sample survey are disseminataslpuld be mandatory that the
figures are consistent with the others of the samrgey and with the ones of other
surveys (on similar or overlapping topics). In thiet case, internal coherence can be
defined as the situation where all the figures ofswvey can be produced
marginalizing any disseminated table. In the seca@ade, external coherence
represents the situation where the figures of aabbr studied in two or more
different surveys (with the same reference popatatind time) are the same. The
objective of this paper is to show how the dependerelationship among the
variables of interest and the survey design isngoortant aspect to be considered in
order to fulfill coherence properties. This notiteads to the so called PES based
estimators (Ballin et al, 2005), which seem to lmrarefficient than usual estimators.

2. Motivating example
In official statistics it is usual that some valteb are observed in different surveys.

Sometimes this fact has been seen as a probleedondancy or a lack of efficiency
in planning the questionnaires, because it inceederesponse burden. In the case of



structural agricultural surveys, the overlappingpamquestionnaires is planned. Such
overlapping concerns the main aspects of farme,(&gal form, and so on) and it is
used to update the sample frame and to ensurestemsy between the surveys.

The construction of an integrated statistical syster the whole agricultural sector is
the real world problem that motivated this reseaidte prototype of this system will
consist mainly of three different statistical sascFADN (Farm Accountancy Data
Network Survey, focused on the economic performaatearms); FSS (Farm
Structure Survey, focused on the structural aspettiarms as crop production,
livestock, etc); sample frame (containing censusulte and data belonging to
archives).

These data sources share many common variablesXjsaspecially on the farm
structural characteristics.

A first problem is to ensure consistency on the wmm variables X, i.e. identification
of a common statistical distribution for the comma@riables. This has effects on all
the statistical tables that can be disseminatedn ¢kiose that do not include X as
explanatory variables.

Furthermore, it could be desirable to simulate dmgribution of some variables,
under the control of a decision maker, in ordemigke clear the effects on the other
variables (e.g. farmers’ income, productivity, asw on), under the hypothesis of a
fixed relationship between all the variables.

3. Probabilistic expert systems

PES stands for Probabilistic Expert System (alsowknas Bayesian network, see
Cowell et al, 1999) and it is a graphical repreatomn (by means of a directed acyclic
graph, DAG) of the joint distribution function cassng of nodes (the variables of
interest) and directed edges (representing prababibdlependence between pairs of
nodes). Each node is assigned with the probalofitiie corresponding variable given
its parents (when a node has no parents, it igr@ssiwith its marginal probability
distribution). In this set up, absence of direcesttjes corresponds to (marginal or
conditional) independence between pairs of varg@able

Figure 1: Four examples of PESs for three varia¥le¥, and Ya.
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Figure 1 shows four examples of PESs for threeabées VY, Y, and Y;. Each figure
corresponds to a particular model for the thre@bées, and describes the form of the

joint probability distribution by a simple multipktion of the distributions attached to
each node. For instance, the joint distributiontiigr PES in Figure 1.c is:

P(Y1, Y2, Y3)=p(Y1)p(Y2)p(Y3|Y1, Y2),

I.e. the joint distribution for the three variabisgiven by the product of the marginal
distributions of Y and Y, and the conditional distribution ofs\jiven Y; and Y,. The
four examples can be easily understood as the igaplepresentation of: a) the



saturated model; b) the model representing indegyas®l between Yand Y, given
Y3; ¢) the model representing independence betwegrand Y, but conditional
dependence of iYand Y, given Ys; d) the model representing independence between
Y1, Y and Ya.

PESs have been widely used in many applied settiiogsinstance in medicine,
biostatistics, forensic identification, costumergreentation and classification,
computer troubleshooting, decision problems andrs@for more details on this topic,
see Neapolitan, 2004). In the last years, PESslaeused in Official Statistics in
contexts such as the description of the Censudtsebetoor et al. 2001), or the
treatment of missing values (Di Zio et al 2004, 200 et al 2005). A preliminary
attempt to define PESs in the context of samplagdraccording to complex survey
designs is in Ballin et al (2005). In that papestiraators based on the dependency
structure between the variables of interest andstimeey design are defined, taking
respectively a model based and a model assistsgquive.

4. PES asatool for integration of two (or more) surveys

PESs are particularly useful to integrate two (asren surveys. In fact PESs are
characterized by two positive aspects (Ballin e@01):

I) an easy-to-interpret, concise and, above albgrinative way to represent a set of
surveys with their dependence structure;

i) a method to update the information producedabgystem of surveys, i.e. to pass
information between surveys.

The first aspect points out that models avoiding tresence of unnecessary
dependences are more appropriate for the defindfastimators. The second aspect
is essentially based on the junction tree algoritf@owell et al.,, 1999). This
algorithm, when one variable in a PES changes @&ggmal distribution, updates the
distributions of the other variables.

The aim of this work is:

1) to propose a graphical representation (keepingesPES properties) in the case of
integration of different sample surveys

2) to show how the junction tree works in this case

4.1. Graphical structuresfor theintegration of different sample surveys

Ballin and Vicard (2001) introduced a graphicauisture for the integration of two or
more sample surveys with the requirement that esachple survey is represented
graphically as a complete graph, i.e. its modetaturated. In this paper we will
consider a more general situation.
Figure 2 shows an example where two survéyandB, collecting information on
respectively A, Az, X1, X2, X3 andBs, By, Bs, X1, Xz, X3, are representedhis is a
typical situation in many multipurpose surveys, vehéhere is a core of common
variables, i.e. X Xz, X3, and each survey investigates a particular topic.
Integration of the two surveys essentially meanbeoence of information.
Coherence can be obtained when the distributionhefcommon variables in two
surveys are the same. This rarely happens in tweegs performed in distinct times
(e.g.A beforeB). The junction tree algorithm can be applied tdatp X, Xz, X3, in A
forcing them to have the same distribution estichates.



Note that the integration network in Figure 2nt areal PES, unless (A A,) and
(B1, By, Bg) are independent given {XX, Xs). In general the integration network is
obtained overlapping the PESs of different survesth the requirement that the
common variables (X Xz, Xz in Figure 2) form a complete subgraph and sepéhate
sets of variables observed distinctly;(AA, and B, B,, Bs in Figure 2). The
integration network does not represent any morestagstical relationship between
all the variables (due to the absence of inforrmatia the joint distribution of those
variables that where never jointly observed, asaAd B). Nevertheless it is still
precious for our purposes. In fact, the graphitaicsure of an integration network is
still a directed acyclic graph that preserves tbsspility to update the distributions
of the different survey variables when new infonmatecomes available.

Figure 2. Integration network for survefsandB. Green nodes represent the common
variables

4.2. How thejunction tree works

The algorithms for propagating new information miategration network (as well
as in a DAG) are based on a graphical structuresdgonction tree. The junction tree
is ahypergraphwhose nodes, namég/pernodesare complete subsets of variables
(namedcliqueg. Furthermore, a junction tree should fulfill thenning intersection
propertythat is: for any two cliqueg§, andCj in the set of cliques and any cliq@é

on the unique path between them in the junctioe, & n CJ. 0 C. Rules for

obtaining a junction tree from a DAG are describe@owell et al. (1999).
For instance, the junction tree of the graph irureQ is:

Xq X1 X2 X3 X2 X3 X3 B X3B1 B2 By By B3

X3

When new evidence about a node is available ptapagated through the network by
means of the distributions of the separators (negtkar shaped nodes) shown in the
junction tree. For example, considering a gendrgue C, its distribution is updated
according to information carried by separé@s follows (see Cowell et al, 1999):
- P (i)
ic)=p(, —-
p (ic)=p(c) o)




4.3. Propagation of information when samples are drawn according to complex
survey designs

Let us distinguish between two types of nodes énitbegration network.

The first group of nodes corresponds to thoseat@bbserved in only one survey (as
(Arand AinAand B, By, and B in B)

We suggest that every distribution to be attaclwethése nodes in the integration
network is estimated from the corresponding sureegording to the survey weights

observed in those survey, using a Horvitz-Thompesimmator (or a Hajék estimator,

if the weights do not sum to the population size).

The second group of nodes corresponds to thosesribdeare observed in more than
one survey.

There are two possibilities:

a) substitute new information on the common variabtgs X,, X3 from one
survey to the other (e.g. frod to B, becauseA is more recent, or more
accurate, etc).

b) estimate the joint distribution of XX, and X% usingA andB together, as a
unique sample.

The first case is an answer to the following questivhat is the new distribution of
the variables B B,, and B if the distribution for (X, X,, X3) is set to the one
observed in A? Hence, the propagation of infornmatiovolves only the variables in
theB survey.

The second case takes advantage of the inform@tonboth the surveys in order to
get a new estimate of the joint distribution foe tbtommon variables @< X, Xs).
This is not an easy task in the case of sampleegareollected by complex survey
designs. A solution could be the calculation of negights for the sample given by
the union ofA andB. This task can be performed following the “file catenation
approach” as in Rubin (1986) or, in case theraistntial knowledge on the design
variables as in Torelli et al (2008). This new uisition will be included in the
integration network, and the tables will be updabgdmeans of the junction tree
algorithm.

5. Navigating updated data

Integration networks represent a very concise waghbw the dependences between
two or more surveys, as expressed by the variablesmmon. Nevertheless, in some
cases it is important to analytically browse theadg@ften only small significant
portions thereof) arising from the updating systanthe corresponding junction tree,
by assessing the validity of the updating process@ossibly fine-tuning some of the
assumptions made (e.g. the assumed order of taliadonong the data sources to be
integrated, which indirectly determines the struetof the junction tree). To this aim
the data produced by the updating system explam&ection 4 can be used as a data
source for the IstarMD system and later freely gated by using its WebMD
component.

IstarMD is a component of the Integrated Output Mpment System in Istat, an
information system oriented towards the integratbmart of the statistical data life
cycle. It has been developed in order to integeatd manage the statistical data



supplied and validated by the statistical productiareas in Istat to produce
purposeful statistical outputs for end users.

The whole system can be considered as a multilamdl multiservice integration
environment: it is supplied with flexible and mple mechanisms for interchanging,
sharing and integrating data. The system processes through specific workflows
and allow for:

« the design of semantic metadata layers for modge8iatistical data marts of
elementary data

» the extraction of both elementary and aggregatdd ttam heterogeneous
sources

» their transformation into multidimensional format

» the data loading into statistical data warehouses

 the management of metadata for Web navigation agdregate data
computation

e the dissemination of information to many differemsers, by means of
different types of channels and technologies.

In this scenario, several different kinds of théegmation network generated data
could be easily browsed by using the IstarMD navwigesystem, e.g.:

» estimated data for a (possibly future) year stgrfrom the data available for
two past years;

» data obtained by the integration (and integratietwork-based updating) of
interdependent variables coming from several, pbsgartially incoherent,
data sources;

» data obtained by artificially modifying the distifions of a few “pivot”
variables to analyse how this impacts (throughithegration network) the
distributions of the other variables (this is adkof “what-if” analysis).

The two main components of the IstarMD toolbox thwe above mentioned WebMD
(the component for multidimensional navigation aissemination on the Web) and
FoxtrotMD (the “administration” component for mesa management and aggregate
data computation).

WebMD originates from the DaWinciMD disseminatigrstem (Sindoni et al, 2006),
initially developed to disseminate aggregate datanfthe 2001 Italian Population and
Housing Censdsand more recently used to disseminate, amongttees) data from:

« the graduate education and employment Italian sarve

« different surveys for setting up a system abouteTtmamework for integrated
territorial policies®;

* the household budget survey of the Bosnia and Ildexzea Agency of
Statisticé.

All data stored in IstarMD are based on the corgepbbject, classification and basic
table:

e anobjectcorresponds to the application of an aggregatiotfon to a certain
collection of analysis units and typically takes description from the first
part of the corresponding statistical table’s tftiore precisely the part before
the “by ...” section of the title, i.e. the partdependent from the classificatory

! http://dawinci.istat.ityMD

2 http://dip.istat.it/; http://lau.istat.it
® http://incipit.istat.it/

* http://hbsdw.istat.it/dawincibosnia



details). Examples of objects are “Number of hooki#si, “Resident
population aged 6 and over”, “Average income”, etc.

* each object may have zero, one or mdeaessifications e.g. an object like
“Resident population aged 6 and over” may be diassby “sex”, “five years
age groups”, “marital status”, etc.

« the combination of an object with a certain numlaér classifications
constitutes abasic table (or b-table for brevity), which is somehow an
abstraction of a conventional published statistiable.

In order to represent an actually published taatel (hence a collection of aggregate
values) each b-table has to Ispatio-temporally instantiatedi.e. be put in
correspondence with one or more specific combinatiaf times and territorial areas.
In other words, each b-table can have many diftespatio-temporal instantiations
i.e. be associated with collections of aggregateegcorresponding to different years
(or months, or other time periods) and territorpsssibly at different levels of detail.
By structuring the tables to be published in tewh®-tables and spatio-temporal
instantiations the dissemination designer can defiery precisely which aggregate
data can be accessed through the WebMD navigati@nface and which cannot.
Furthermore, the structuring of b-tables in terelgects and classifications, as well
as the territorial hierarchies defined in the sp&mporal instantiation, enables the
user to navigate the data by exploiting a multidisienal paradigm, very similar to
the one made available lwata warehouse systepand based on the well known
metaphor of thelata cubgKimball et al, 1998).

The concept of object in IstarMD basically corres® to that of measure in a
conventional data warehouse, although an object atsy incorporate somsicing
operations on the data cube. In order to guideusi®e in selecting the required cube,
objects are organized into hierarchies, mainly thase generalization relationships,
and the user can choose “generic” objects, i.esehacated in the higher levels of the
hierarchy and hence corresponding to more genedabhstract concepts. The system
is able to combine the generic user choices and them to the actual object-
classification combinations specified by the metada

WebMD classifications basically correspond to sfieclimension levels of the data
cubes, although a classification’s structure cannmee complex than usual flat
dimension levels. Classifications can be sharedsdxweral objects (and hence data
cubes), enabling a user to perform classificatiasel navigations: the user can select
a combination of classifications and ask the systerashow all available statistical
aggregates (cubes) classified in that way, indepethd of the measure. As with
objects, classifications are organized into hidni@s, to enable the user to express
generic queries and consequently facilitate acioedata.

The selection of a statistical table (cube) is Hame the interdependent selection of
the object and classifications of interest. FigBrehows the table selection page of
WebMD, enabling the user to express the requiréte thy selecting (without a
predefined order and possibly only in part) theeobj classifications, territory and
year of interest.



Figure 3. The table selection page of WebMD
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By performing some selection in one of the tabge, classifications, territory and

year) the user can then browse the informatioméndther four tab panels to analyze
which data have been made available for publicatitmr instance after an object's
selection he/she may view either all (and onlyksifécations that are available to

classify it, or the territorial areas for which tlabject was elaborated, or also the list
of statistical tables having that (or a more specdbject as component. Likewise, by
selecting a specific year, the user can browseother tab panels to view the tables
available in that year, and correspondingly theedlsj and classifications constituting
them, as well as the territories for which suchdsalare available in the selected year.

6. Feeding I star M D with PES updated data

FoxtrotMD is IstarMD administration component sgieaily designed for metadata
management and aggregate data computatBy. means of FoxtrotMD the
dissemination designer can define very precisedysthatistical tables to show, as well
as the rules to be applied on the source dataderdo obtain the corresponding
aggregate datdn the integration network context, source datd @ not only the
original source data, but also those updated andrgted by the updating system of
the corresponding junction tree.

The hierarchies of concepts (in particular objesntsl classifications) definable in
IstarMD can help the designer (as well as the Yigerslistinguish and group the
different kinds of data, e.g. if a table (or a frent thereof) is based on an estimated
forecast, derives from the modified distribution afcertain variable, et®y using
FoxtrotMD the dissemination administrator can:

* manage thebjectsof interest for the statistical tables to be dissmted, in
particular their descriptions in the two languagblesen for publication, the
related statistical tables (i.e. tables definedgisi given object), as well as the
parent (hierarchical) relationships between thesymfentioned above, objects
can indeed be arranged into a hierarchical stradiased on generalization. In
particular, this mechanism can be exploited to greame objects, making
them, for example, children of the sanadbstract object“Population
estimates”. An IstarMD abstract object like “Popida estimates” is mainly
introduced to group concepts and facilitate the aseess to data, although it
does not correspond to a single actual statistddé.



* manage thelassificationsof interest for the statistical tables to be nategl,
in particular their descriptions in the two langaaghosen for publication, the
corresponding modalities in both languages, thatedl statistical tables (i.e.
tables defined using a given combination of classifons), as well as the
parent relationships between them. Similar to dbjeclassifications can
indeed be arranged into a hierarchical structusedan generalization and
level of detalil.

* manage thstatistical tablego be disseminated, defined by the combination of
an object with a certain number of classificatidach table will have its own
multi-language descriptions, object and classiiicat components and
possibly multiple spatio-temporal instantiati®) i.e. combinations of
territories and years for which data are availalfgemd have to be
disseminated). FoxtrotMD also enables the disseimimaadministrator to
define the rules to extract and aggregate the tabee disseminated, starting
from tables of microdata or from a table of datalatpd by the integration
network.

e compute and store thaggregate datato be disseminated. By using the
specified rules, th&TL componenbf FoxtrotMD can extract/aggregate the
data and store them in the aggregate data tabkk digeng statistical table
visualisation by WebMD. The aggregation procesaut®omatically performed
at all levels of the territorial partitioning hiechy specified by the
administrator.

7. Further problemsand conclusions

Apart from the problem of integration, it is wonthentioning other possible uses of
PES. For instance, it is possible to use these toolthe evaluation of policies. This
can be performed by modifying some variables (urtter control of the decision

maker) and verifying the effect on the statistiedlles of interest.

Additionally, PES can easily be extended as a woetisool, that includes also

possible costs and utilities of an action.

These tools can be included in the PES. In thig,cRES do not only preserve
consistency among the information gathered betvadgégrent statistical sources, but
they constitute a valid tool that facilitates tleronunication with the users of official

statistics.
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