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AN INTRODUCTION TO SYMBOLIC DATA ANALYSIS
AND THE SODAS SOFTWARE
E. Diday

University Paris 9 Dauphine, Ceremade
Place Du Maréchal de Lattre de Tassigny
75016 Paris, FRANCE

ABSTRACT. In order to take better care from the complex data contained in huge
Databases and to extract new knowledge, Symbolic Data Analysis (SDA) get out from
standard data tables (imposed by standard statistical or Data Mining software, where n units
are described by p categorical or numerical variables). Symbolic Data represented by
structured variables, list, intervals, distributions and the like keep better this complexity. In
these Databases, first and second order units are distinguished and modeled with standard
descriptions(numerical or categorical variables) for the first and with "symbolic description”
for the second. Like the units, the theory increases in generality. The objective of SDA is to
discover new knowledge (as concepts modeled by "symbolic objects") from Databases and so,
to extend Knowledge discovery, Data Mining and Statistics to new kinds of units (like classes,
categories or concepts) described by symbolic data. The underlying structure of symbolic
objects is defined by Galois Lattices. Finally some practical tools of SDA and the European
software SODAS from EUROSTAT are presented.

KEYWORDS: Exploratory Data Analysis. Data Mining. Symbolic Data Analysi., Classification,
Knowledge discovery. Conceptual lattice. Mixture decomposition.

1) Introduction

A first meaning of a "category" is given in natural language where a "category" is a class of
similar units. A second meaning of a "category", is defined in philosophy by the quality which
can be attributed to an unit. Hence, Aristotle has defined ten categories: (substance, quantity,
relation, quality, place, time, situation, action, behavior, passion) and Kant has defined four
classes of categories (quantity, quality, relation, modality).

Databases sometimes huge, are now building and growing up everywhere in order to manage
companies or to get decision aid systems. These databases contain sets of units in relation
with sets of variables which can be categorical. Categories are considered in this paper from
these databases point of view. Hence, categories can be first defined by a value of a
categorical variable. It is then easy to associate to each category the set of units of the
database which satisfies it. Having this set, it is possible to get a description of this category
by using other variables of the database. For instance, if we wish to study the behavior of
succer teams and their success (as the number of goals), the units are the teams and not the
players. In a "soccer database" , the categorical variable "team" associates to each player its

team. Hence, from the category "Italian team" we can obtain the set of players of the Italian



team of the database. We can then model this category by describing this set by other
variables as the age, height, salary ... If we consider that each category is a unit of higher
level, we obtain a data table where the units are categories described by variables defined on
the set of categories instead of the initial variable which was defined on the set of players. The
values of these variables have necessarily to take care of the variation of the units inside of
each category. For example, by taking care of the variation of the age, height, salary among
the set of players of the Italian team we obtain intervals or set of values or distributions. For
example, if Tom is an Italian player, we have age (Tom) = 20 for the initial variable "age".
But if we consider the category "Italian players" as a unit, we need to use a new kind of
variable defined on the categories (here, the teams). If we denote them by capital letters, we
obtain AGE (Italian team) = [18, 22] which means that the age varies between 18 and 22. We
could choose also as a value of this variable the inter-quartile interval or the distribution of the
age of the Italian team's players. These new kinds of variables are called "symbolic variables"
and their values are called "symbolic data" as they are not necessarily numbers on which the
standard numerical operators can be applied.

The section 2 and 3 are devoted to categories and concepts modelisation. A concept is
generally defined by an"intent" and an "extent". The extent of a concept constitutes a category
of units which satisfies the properties of its intent. Hence, to any concept it is possible to
associate a category. In order to model a concept, we can use symbolic variables able to
describe its extent, like for categories, but this is not sufficient as we have also to model its
intent. That is why in section 4 we introduce "symbolic objects" which are a way to model
concepts including their intent and a way of calculating their extent. In order to build a
symbolic object four spaces are needed. From a concept given in a first space called "set of
concepts" we obtain its extent among a second set called "set of individuals". These two sets
form what we have called the "real world set". The extent of the concept is a category to
which we associate a symbolic description in a third set called "the set of description". Finally
we build the "symbolic object" associated to the given by adding a matching operator and a
membership function to this symbolic description. The set of symbolic objects constitute the
fourth set needed to modelise a concept by a symbolic object.

How to extract new knowledge from a set of classe, categories or concepts described by a
symbolic description? This is the objective of the so-called "Symbolic Data Analysis"
framework. The main principle and the historical origin of SDA are presented in the section 5.
In 6.1 we present an historical view on description of classes followed by an overview on the

main publications in symbolic data analysis. In 6.3 we present some natural sources of



symbolic data. For example, categories are a natural source of symbolic data, as their
description need symbolic data if we wont to keep its internal variation. How to produce
categories? Categories can be obtained from the categorical variables of a database or from
any Cartesian product of such variable (for example, if the variable "country" contains 5
categories, the Cartesian product country x sex contains 10 categories). Categories can also be
obtained from a decision tree in an supervised way or in a supervised way by clustering.

The input and output of a SDA is presented in the section 7. The input are classes, categories,
or concepts considered as units modeled by symbolic data sometimes with background
knowledge (taxonomic variables and dependencies between variables). The main output are
symbolic objects (called SO) extracted for instance, from a clustering or a decision tree
extended to symbolic data. From these SO new symbolic descriptions are obtained which can
constitute the starting point of a new SDA and so on. In section 8 we present the syntax of a
special kind of symbolic objects called "assertions". The way of calculating their extent by
using their membership function is presented in section 8.2. In the same section other possible
classes of SO are also presented. Some tools concerning symbolic objects (SO) are presented
in the section 9, as order and dissimilarities between SO and we give some ideas on how
prototypes can be built from a set of concepts or from a set of symbolic descriptions. The
underlying structure of SO is studied in section 10 where we show that Galois conceptual
lattices generalized to symbolic data constitute an underlying natural structure for SO. This
result is illustrated by a simple example. In 10.2 we summarize the main mathematical
operators needed in the SDA framework. In 10.3 some statistical aspect for structuring
symbolic data are recalled. For instance, a symbolic variable can be considered as a random
variable whose value for each second order unit as a concept or a category is a random
variable defined on its extent. In the section 10.4, we give some ideas on how to measure the
quality, robustness and reliability of SO in the case where we know the extent of a given
concept. In section 11 we give the main principle and methods of symbolic data analysis
which are or on the way to be included in the SODAS software. Finally, this (free) SODAS
software (Bock, Diday (2000)) issued from the work of seventeen European teams and
supported by the European Community is summarized in section 12. The input of this
software can be a query to a database from which a module called DB2SO creates a symbolic
data file on which several symbolic data analysis methods included in SODAS can be applied.
In the last issue of SODAS it is also possible to enter directly native symbolic data (i.e. units
already described by symbolic data). Finally, in section 13 some advantages in the use of

symbolic objects are summarized. Among them, the possibility of propagate a concept from a



database to another database obtained for instance by the same survey in a different time or in

a different region.

2) Categories

2.1 Definition of a category and a categorical set in a database

A categorical variable is a mapping defined on a set Q whose value for each unit of Q is a
name. A category is an entity defined by the name of its value among the set of possible
values taken by a categorical variable in a database. A categorical set C is a set of units having
the same value A for a categorical variable. This categorical set C is called the extent of the
category A in the database. For example, the category "Senegal team" is a value of the
categorical variable "country of the team" defined on a set of international players. The set of
Senegal players which are in the database are defined by (country of the team) ’]("Senegal
team") and constitutes a categorical set called the extent of the category "Senegal team".

2.2 Modeling categories by symbolic data: what are "symbolic data"?

In order to understand what is a given category we need to describe it. This description can be
obtained from the other variable of the database. As we have seen it in the introduction,
standard univalued variables are not sufficient in order to describe categories. Symbolic data
can better take care of the internal variation of the values taken by the units which are inside a
category. Hence, a category can be modelled by its symbolic description defined by the values
taken by several symbolic variables on this category. For example, the category "Senegal
team" is a value of the categorical variable "team". Its symbolic description is (AGE (Senegal
team), HEIGHT(Senegal team)) if we retain just these two symbolic variable in order to
describe this category. It is also possible to add other variables standard or symbolic variables
describing the category itself as for example the name of the manager of the team or the
correlation between the initial variables (in the example, the correlation between the age and
the height in the set of units of the Senegal team).

They are defined in the following way in the SODAS software: "Symbolic data

tables" constitute the main input of a Symbolic Data Analysis. They are defined in the
following way: columns of the input data table are « symbolic variables » which are used in
order to describe a set of units called "individuals". Rows are called « symbolic descriptions »
of these individuals because they are not as usual, only vectors of single quantitative or

categorical values. Each cell of this « symbolic data table » contains data of different types:



(a) Single quantitative value: for instance, if « height » is a variable and w is an individual :
height(w) = 3.5. (b) Single categorical value: for instance, Town(w) = London.

(c) Multivalued: for instance, in the quantitative case, height(w) = {3.5, 2.1, 5} means that
the height of w can be either 3.5 or 2.1 or 5. Notice that (a) and (b) are special cases of (c).
(d) Interval: for instance height(w) = [3, 5], which means that the height of w varies in the
interval [3, 5].

(e) Multivalued with weights: for instance a histogram or a membership function (notice that
(a) and (b) are special cases of (e¢) when the weights are equal to 1 or 0).

Variables can be: (g) Taxonomic: for instance, « the colour is considered to be "light" if it is
"yellow", "white" or "pink" . (h) Hierarchically dependent: for instance, we can describe the
kind of computer of a company only if it has a computer, hence the variable “does the
company has computers? ““ and the variable ““ kind of computer” are hierarchically linked.

(i) With logical dependencies, for instance: « if age(w) is less than 2 months then height(w) is
less than 10 ».

Many examples of such symbolic data are given in the chapter 3 in Bock, Diday (2000).

Figure 1 gives some examples of such data:

WAGES TOWN SOCIO-ECONOMIC GROUP
CATEG 1 {3.5} {London} {Personal of service}
CATEG 2 [ 3,8] {Paris, London}
CATEG 3 {3.1 ,4.6, 7.2} { 0.1 Manager, 0.6 Manual, ...}
CATEG 4 [(0.4) [2,3[, (0.6) [3, 8]]

Figurel. A "symbolic data table'': each cell contains an example of ''symbolic data''.

2.3 Joining categories in databases

For example, the categorical variable "town" (whose values are London, Cambridge, ...)
defined on a set of inhabitant given by a census, associates its leaving town to each
inhabitant. Then, to the categorical value "London", we can associate the categorical set of
the inhabitants of London. In another census the variable "town" defined on a set of schools
given by another census, associates its leaving town to each school. Then, to the categorical
value "London", we can associate the concept: "school of London", whose extent is the set of
schools of London. It is then possible to model the category "London schools and people" by
joining the symbolic descriptions of the category "people leaving in London" and "school of

London" without having to merge both census databases at the level of people or schools. In



section 6 and 7.2 we will see how to induce from the database these symbolic descriptions

and symbolic objects by a generalization process.

3.Concepts and categorisation

3.1 Definition of a concept, its intent and extent

A "concept" is generally defined by a set of properties called "intent" and a set of individuals
which satisfy these properties called "extent" or "extension" , this extent can be considered as
a "categorical set". By using "universal ideas" for "concepts", Arnault and Nicole (1662) have
brilliantly defined these notions in the framework of the "Port-Royal school", in the following
way:

"Now, in these universal ideas there are two things which are important to keep quite distinct:
comprehension and extension. I call the comprehension of an idea the attributes which it
contains and which cannot be taken away from it without destroying it; thus the
comprehension of the idea of a triangle includes, to a superficial

extent, figure, three lines, three angles, the equality of these three angles to two right angles,
etc. I call the extension of an idea the subjects to which it applies, which are also called the
inferiors of a universal term, that being called superior to them. Thus the idea of triangle in
general extends to all different kinds of triangles".

There are two kinds of "concepts":

1) The "concepts of the real world" as a town, a region, a scenario of road accident, a kind of
unemployment,... That kind of concept is defined by an "intent" and an "extent" which exists
has existed or will exist in the real world.

i1) The "concepts of our mind" (among the so called "mental objects" explained by J.P.
Changeux (1983)) which model in our mind concepts of our imagination or concepts of the
real world by their properties and a "way of finding their extent" (by using our sensors), and
not the extent itself as (for sure!), there is no room, in our mind, for all the possible extents.
A "symbolic object" models a concept in the same way as our mind does it, by using a
description "d" (representing its properties) and a mapping "a" able to compute its extent , for
instance, the description of what we call a "car" and a way of recognizing that a given entity
of the real world is a car. Hence, whereas a concept is defined by an intent and an extent, it is
modeled by an intent and a way of finding its extent by "symbolic objects" like those in our
mind. Notice that it is quite impossible to obtain all the characteristic properties of a concept

and its complete extent. Therefore, a symbolic object is just an approximation of a concept



and the problem of the quality, robustness and reliability of this approximation arise. This

important question will be discussed in § 4.

3.2 Concepts versus categories and categorization

Hence, a concept is defined by an intent and a way of finding its extent, it is modeled by a
symbolic object. A category is defined by the extent of a concept and it is modeled by a
symbolic description of this extent.

Categorization is the process of ranging units by categories. Here, the word "category” is
taken in its first meaning: a class of similar units. Having a concept, we have the way of
finding its extent, so it is easy to obtain the category defined by its extent. Therefore, the
question of categorization in practice is transformed in the question of how to get concepts in
practice? In other words, how to get a concept from a Database? There are at least two ways.
First finding the extent of the concept, from any category of any categorical variable or from
any Cartesian product of categorical variables. An other way for obtaining the extent of a new
concept is to use a clustering process on a set of units described by a set of variables: each
cluster can be considered as an extent of a concept. Having obtained the empirical extent of a
concept which can be considered as an "empirical category" the categorization process is
complete only if we are able to give a way which allows the automatical calculation of this
extent from the intent of the concept. Having its extent, several parameters are needed in order
to model a concept First, the choice of the aggregation mapping T which produces a symbolic
description dc of its extent. Second, the choice of the matching mapping R between the
description dy, of an individual w and d¢. Third, the choice of a membership mapping which
allows the allocation of a new individual to a category. These three choices define what we

have called a "symbolic object" that we define more precisely below.

4. Modeling concepts by ''symbolic objects'' and some philosophical aspects

4.1 Modeling concepts with four spaces: 'individuals', 'concepts', 'description',
"'symbolic objects"

In figure 2 the "set of individuals" and the "set of concepts" is considered to be in a set called
the "real world" , the "modeled world" is the "set of descriptions" which models individuals
(or categories of individuals) and the "set of symbolic objects" which models concepts. We
start with a "concept" C whose extent denoted Ext(C/Q') is known in a sample Q' of
individuals. For example, if the concept is "insurance companies", and 30 insurance

companies are among a sample Q' of 1000 companies. Each individual w of the extent of C in



Q' is described by using the mapping "y" such that y(w) describes the individual w. The
concept C is modeled in the set of symbolic objects by the following steps described in figure
2.

i)  We generalise the set of descriptions of the individuals of Ext(C/Q") with the operator T
in order to produce the description d ¢ (which can be a set of Cartesian products of
intervals and (or) distributions). In section 7, we give more details on this operator.

ii) The comparison relation R is chosen in relation with the T choice. For instance, if

T=uthenR="c",itT=n,thenR=">".

iii) The membership function is then defined by a ¢ (w) = [y(w) R ¢ d ¢] which measures the
fit or matching between the description y(w) of the unit w and the description d ¢ of the
extent of the concept C in the database. We can then define the symbolic object modeling
the concept C by the triple s = (a ¢, R, d ¢). In section 7.2 we go back to this definition
and we illustrate it by several examples.

When we don't have the the extent of the concepts as input, we get them in the following way:

1) A clustering of a sample Q' by using the description of the individuals produces a set
of classes.
| REAL WORLD | | MODELED WORLD
dc
INDIVIDUALS
SPACE —
Q
SYMBOLIC
CONCEPTS OBJECTS
SPACE SPACE

Figure 2. Modelisation by a symbolic object of a concept known by its extent



ii) To each interesting class denoted A , we associate a concept C and its modelisation by
a symbolic object sa = (aa, Ra, da) with ap = [y(w) Ra da] where d4 is obtained by
using an operator T on the set of the descriptions of the individuals of A, as in the
preceding case.

Knowing the extent or empirical category E1 of a concept in Q' and the extent E2 of a

symbolic object which model this concept, the aim of the learning process is to improve the

choices of T, R, a, until E1 and E2 be as close as possible. In section 10.4 more details are
given on this learning process which yield to the study of the quality, robustness and

reliability of a symbolic object.

4.2 Concepts: four tendencies.
In the Aristotelian tradition, concepts are characterized by logical conjunction of properties.
In the Adansonian tradition (Adanson (1727-1806) was a pupil of the French naturalist
Buffon, very much ahead of his time), a concept is characterized by a set of "similar"
individuals. In contrast, with the Aristotelian tradition, where all the members of the extent of
a concept are equivalent, a third tendency derived from psychology and cognitive science (see
Rosch (1978)), is to consider that concepts must be represented by classes which "tend to
become defined in terms of prototyped or prototypical instances that contain the attributes
most representative of items inside the class". Wille (1981), following Wagner (1973) says as
"in traditional philosophy things for which their intent describes all the properties valid for the
individual of their extent are called "concept"".
Symbolic objects combine the advantages of these four tendencies:
- The Aristotelian tradition as they can have the explanatory power of a logical description of
the concepts that they represent by "Boolean symbolic objects" (see section 7.2).
- The Adansonian tradition as the members of the extent of a symbolic object are similar in
the sense that they must satisfy at best the same properties (not necessarily Boolean, see
"modal symbolic objects in section 7.2). In that sense the concepts that they represent are
polytheistic.
- The Rosch point of view, as their membership function is able to provide prototypical
instances characterised by the most representative attributes. Having a symbolic object s =
(a, R, dc ) which model a concept C, prototypes of C are instances w which maximize a(w)
in the modal case (see section 7.2). More details on finding prototypes are given in section

9.3.



- The Wagner-Wille property is satisfied by the so-called "complete symbolic objects",
which can be proved that they constitute a Galois lattice on symbolic data (see for
instance, Diday (1989, 1991, 1998), Brito (1991, 1994), Diday, Emilion (1995, 1997,
2003), Pollaillon, Diday (1997), Pollaillon (1998)).

5. Analyzis of the categories by Symbolic Data Analysis

5.1 Main principles

In order to analyze categories, their description is needed. As a category is a set of
individuals, its description must take care of their internal variation which leads, by using an
aggregation mapping, to "symbolic variables" defined on the set of categories. The value of
such variable can be a single numerical or categorical value but also, an interval, a set of
ordinal or categorical values weighted or not. As they are not purely numerical or categorical
they are called "symbolic Data". By using symbolic variables, we can describe a category by a
"symbolic description" defined by the values taken by the symbolic variables for this
category. Hence, in order to apply the tools of standard Exploratory Data Analysis (clustering,
decision trees, factorial analysis, ...) to categories we must extent these tools to symbolic
data. We can summarize the main principle of a symbolic data analysis by the following
steps:

a) A Symbolic Data Analysis needs two levels of units. The first level are individuals, the
second level are categories.

b) A category is described empirically by using the description of a class of individuals of its
extent.

c¢) The description of a category must take care on the variation of the individuals of its extent.
d) SDA extends standard data analysis to the case where the units are categories described by
symbolic data.

e) The output of some methods of SDA provides new categories (i.e. categories of
categories).

f) Next steps: the new categories are considered as new individuals.

5.2 Historical and practical origin of the Symbolic Data Analysis field:
The key idea of SDA has been given by Aristotle, four century B. C. . The Aristotle Organon
(IV B. C.) clearly distinguishes "first order individuals" (as "a horse" or "a man") considered

as a unit associated to an individual of the world, from "second order individuals" (as "the



horse" or "the man") also taken as a unit associated to a class of individuals (the horses, the
men).

Our first aim is to extend standard data analysis to second order individuals. For instance, in a
census of a country, each household of each region is described by a set of standard numerical
or categorical variables (i.e. attributes) given in several relations of a Database. Each
household is considered as a "first order individual". In order to study the regions considered
as "second order individuals", each variable can be considered as a variable with value a
random variable expressing the variations of its values among the households of a region.
Hence, we can describe each region in summarizing the values taken by its households, by
inter-quartile intervals, or subsets of categorical values, or histograms or probability
distributions, etc. depending on the concerned random variable. In such a way, we obtain a
"symbolic data table" where each row defines the "description" of a region and each column
is associated with a symbolic variable. A simple example of such data is given in section 12.1.
An extension of standard Data Analysis to this type of data table is the first aim of what we
have called "Symbolic Data Analysis".

Another important aim is to obtain (or "mine") explanatory results (i.e. knowledge) by
extracting, the so-called "symbolic objects" which model new "concepts" extracted from the
database. A "symbolic object” is defined by its "intent" which contains a way of finding its
"extent". For instance, the description of the set of inhabitants of a region and the way of
allocating an individual to this region, is called "intent", the set of individuals which satisfy
this intent is called "extent". The syntax of symbolic objects must have an explanatory power.
For instance, the symbolic object defined by the following expression (see section 7.2, for a
formal definition): a(w) = [age(w) €[30, 35] ] A [Number of children(w) < 2], gives the intent
of a region of households and at the same time:

1) the description d = ( [30, 35], 2), where [30, 35] is the inter-quartile interval of the random
variable associated to the region for the variable age,

ii) a way of calculating the extent by the mapping "a" defined with the help of the relation R =
(e, ).

It means that an individual household "w" satisfies this intent (i.e. belongs to the "extent") of
this region, if the age of its members is between 30 and 35 years old and there are less than 2
children.

This very simple kind of symbolic object can be extended at least in the following way: the
individuals are of second order (as towns or regions) and represent classes of individuals of

first order; therefore the descriptions of the individuals are defined by distributions (the



histogram of the age in a town, for instance). In this case we have to define a different kind:
of class description (a "histogram of histograms"”, for instance), of relation "R" and also, a
threshold in order to calculate the extent.

There are several advantages in the use of symbolic objects to model "concepts", one of them,
is their ability to be translated into a query of a Database and therefore, to propagate the

concepts from a database to another database.

5.3 Symbolic Data Analysis is born from which influence?

There was a simultaneous influence of several fields:

- Standard exploratory data analysis (Tuckey (1958), Benzécri (1973), Diday et al (1984) ,

Saporta (1990), Lebart et al (1998)) where more importance is given to individuals then in

standard statistics and where the symbolic approach extend the methods to more complex

descriptions of the units and give more explanatory results .

- Artificial Intelligence, Learning Machine (AI) where much efforts has been devoted in

finding good languages in order to represent complex knowledge instead of the simple IRP

vectors of the standard statistical units. Notice that the simple language used in order to

represent symbolic objects is more inspired from languages based on first order logic

((Michalski (1973), Hayes Roth and McDermot (1977)) then from graph representation

(Winston (1979), Sowa (1984)). Notice also, that in symbolic data analysis we are not much

interested in the computer language (SQL, C++, JAVA, ..) used in order to represent

symbolic objects but much more by their mathematical model, the way of inducing them from

the data, their graphical representation, etc.

- Numerical Taxonomy in biology where any species (of insects, mushroom, animals) can
be considered as a concept and modeled by a symbolic object.

- Classification in Data Analysis where a class can be modeled by a symbolic object.

6. Symbolic Description of classes

6.1 Finding a unique description for a class: " T- norm of descriptive generalization"

Let be D the set denoted D of all possible descriptions of the elements of the set of units Q.
Let be D¢ the descriptions included in associated to each element of a class of units C (extent
of a category or a concept). The T- norm operator is defined on [0, 1]x[0, 1] (Schweizer et
Sklar (1983), Bandemer et Nather (1992)). In order to get a symbolic description dc of C, we

use a generalization of the usual T-norm. We call it a " T- norm of descriptive generalization".



This operator is defined on a set of ordered descriptions D where Op and 1p are respectively
the smallest and largest descriptions of D. For example, if D is the set of intervals included in
[a, b] and if the order is the inclusion "c" then 1p = [a, b] and Op = &.

Definition of a T-norme of descriptive generalization

T is a mapping [Op ,1p] x [0, 1]— [0 p, 1p] satisfying the following four conditions :

) T(u,1p) =,

ii) monotonicity: ul< u2 = T(ul,v) < T(u2,v),

iii) commutativity: T(u, v)= T(v,u),

iv) associativity: T(u, T(v,w))= T(T(u, v), w).

Due to the commutativity and the associativity of T, we can define a mapping T* from the power
set P(Q) of the set of units Q described in D. If A = {ay,...,a,} then T*(A)= T(a,, T(ay1, T(an2,
T(......... , T(az, a1))). So we have T*({a;, a;})=T(ai, a;). If we denote y(A) = {y(w)/ we A}) then
T*(y(A)) is the description of A for the variable y.

In the same way we can define the T-conorm of descriptive generalization by changing the

condition i) T(u,1 p) = u, ini) T(u,0p) =u.

In Bandemer H., Nather W (1992) many example of t-norm and t-conorm are given which can
be generalised to t-norm and t-conorm of descriptive generalization. Among them, it easy to see
that the supremum and the infimum are respectively a T-norm and a T-conorm. They are also t-
norm and t-conorm of descriptive generalization. It results, that the interval G(y(C)) = [inf(Dc ),
sup(D¢)] constitute a good generalization of D¢ as its extent defined by the set of descriptions
included in the interval contains C in a good narrow way.

In the case where D is not ordered which happen for instance, when y is a categorical not

ordered, we can use the frequency

Examples of generalisation:
We give examples with standard quantitative, and of symbolic probabilistic and interval
variables as input.
1) yis a standard quantitative variable such that: y(w;) = 2.5, y(w,) =3.6 , y(w3) =7.1. C =
{wi, w2, wi} , D is the set of values included in the interval [1, 100]. Then G(y(C)) =
[2.5, 7.1] is the generalisation of D¢ = { y(w), y(w2), y(w3)} = y(C) for the variable y.



2) y is a probabilistic variable of ordered or not ordered categorical variable (where 1(2/3)
means that the probability of the category 2 is 2/3), such that: y(w;) = (2 (1/3), 1(1/3)),
y(w2) = (2(2/3), 1(1/2)), y(w3) = (2(1/4), 1(1/8)). Then,

G®y(C)) =112 (2/3), 1(1/3)], [2 (1/4), 1(1/8)] is the generaliszation of
DC = { y(wl), y(w2), y(w3)} = y(C) for the variable y.

3) y is a variable whose values are intervals such that: y(w;) = [1.5, 3.2], y(w2) = [3.6, 4],
y(wsz) =[7.1, 8.4].. C = {wy, wy, w3}, D is the set of intervals included in the interval [1,
100], Then T*(y(C)) = [1.5, 8.4] is the generalisation of D¢ = { y(w1), y(w2), y(w3)} =
y(C) for the variable y.

Instead of describing a class by its t-norm and conorm, many alternatives are possible by
taking care, for instance, of the existence of outlier. A good strategy consists of reducing the
size of the boundaries in order to reduce the number of outliers. This is done in DB2SO inside
the SODAS software (see the appendix). Another choice of DB2SO is to use the frequencies

in the case of a not ordered categorical variable.

Example:

y is a standard not ordered categorical variable such that: y(w;) = 2, y(w2) =2 , y(w3) =1, C =
{w1, wa, w3} , D is the set of probabilities on the values 1,2. Then, G'(y(C)) = [1(1/3), 2(2/3)] is
the generalisation of D¢ = { y(w), y(w2), y(w3)} = y(C) for the variable y.

We can notice that we obtain an equivalent result by using G(y(C)) = [inf(Dc¢ ), sup(D¢)] if each
unit is considered to be an element of the power set P(Q2) of Q described by the frequencies of
the categories. As Q and the empty set belongs in P(Q) we get G(y(C)) = [[1(0), 2(0)], [1(1/3),
2(2/3)]].

6.2 Finding a disjunction of descriptions for a class

Instead of representing a class C of units by a unique description, it can be interesting to
decompose this class in subsets which description is obtained by generalization. The
description of C is then the disjunction of these descriptions. This kind of description avoid
over generalization.

Historically: three tendencies The first proposed by A. de Jussieu (1748) is in the
Aristotelian tradition and consists in defining top down the classes by a good choice of the
properties which characterize them from the most general to the most specific. In that way we

obtain a decision tree where each node is characterized by a conjunction of properties. Many



others have continued this tendency. In the supervised case, by starting from individuals of
first order: Belson (1959), Morgan and Sonquist (A.LLD. program (1963)), Lance and
Williams (1967), Breiman and al. (1984), Quinlan (1986). By starting from individuals of
second order: Pankurst (1978), Payne (1975), Gower (1975), J. Lebbe, R. Vigne (1991), H.
Ralambondrainy (1991), Ganascia (1991), Conruyt (1993) in the case of structured data, A.
Ciampi, E. Diday, J. Lebbe, E. Périnel, R. Vigne (1995, 2000), Périnel (2000), Aboa (2001),
Diday, Bock (2000). In the unsupervised case, Chavent (1998), Diday, Bock (2000).
Simultaneously an unsupervised and a supervised approach (see Vrac, Diday (2000), Limam,
Diday, Winsberg (2004)).

The second tendency concerns mainly the unsupervised case, put forward by Adanson (1757)
who gave the first "Sequential Agglomerative Hierarchical Clustering" (SAHC) algorithm.
This well-known "bottom up" algorithm, starting by classes reduced to individuals, merges at
each stage the most "similar" classes. This tendency is well represented by Ward (1963),
Lerman (1970), Jardine and Sibson (1971), Sneath and Sokhal (1973), Jambu (1978), Roux
(1985), Bock (1974), Celeux, Diday, Govaert, Lechevallier and Ralambondrainy (1989), etc.
The classes obtained in this way contain similar objects. It is then possible to generalize them
in terms of disjunction of conjunction of properties. Whereas, the first tendency yields
monotheistic classes by a top-down process, the second produces polytheistic classes by a
"bottom up" process. In this framework, a family of methods called "Conceptual Clustering"
has been developed in the eighties such as Langley and Sages (1984), Lebowitz (1983), Fisher
D.H. (1987), Fisher and Langley (1986) for a review. Instead of producing trees, in Diday
(1984), Bertrand (1986) for instance, an ascending process building a pyramid (a
generalization of hierarchical trees, allowing overlapping clusters) of polytheistic classes is
described. In Brito and Diday (1991), Brito (1994), E. Diday, Rodriguez, Brito (2000),
Rodriguez (2000) an ascending pyramid produces monotheistic classes.

The third tendency consists in looking directly for classes and their protype representation.
For instance, the "Dynamic Clustering Method" (Diday (1971), Diday and al (1979)), Diday
and Simon (1976)), defines a general framework and algorithms which aim to discover
simultaneously classes and their protype representation in such a way that they "fit" together
as well as possible. In the case of standard data, when the prototypes are means we obtain the
standard K-means algorithm. The Dynamic Clustering Method (which can be called also a K-
prototype method) has been used with several kinds of inter-class structure (partitions,
hierarchies, ...) and prototype representation modes for each class (seeds, probability laws,

factorial axis, regressions,...). In Diday (1976), a logical representation of clusters is proposed.



With regards to the "Conceptual Clustering” algorithm based on the Dynamic Clustering
Method or inspired by it, mention should be made of Diday, Govaert, Lechevallier, Sidi
(1980), Michalski, Diday, Step (1982), Michalski, Stepp (1983) among other pioneers papers
in "Conceptual Clustering".

6.3 The Symbolic Data Analysis field:

Since the first papers announcing the main principles of Symbolic Data Analysis ((Diday
(1987) a, (1987) b, (1989)) much work has been done up to the most recent book published by
Bock, Diday (2000) and the proceedings of IFCS2000, published by Kiers and al (2000)
which contains a large chapter devoted to this field. In factorial analysis, P. Cazes, A.
Chouakria, E. Diday, Y. Schecktman (1997)) have defined a principal component analysis of
individuals described by a vector of numerical intervals and in the same direction R. Verde,
F.A.T. De Carvalho (1998) by taking care on given dependence rules, see also Lauro,
Palumbo (1998). In the case where the individuals are described by symbolic data, Conruyt
(1993) in the case of structured data, A. Ciampi, E. Diday, J. Lebbe, E. Périnel, R. Vigne
(1995, 2000), Périnel (2000), Aboa (2001), have developed an extension of standard decision
trees. In the same direction E. Perinel and Y. Lechevallier on "symbolic discrimination rules"
, M.C. Bravo, J.M. Garcia-Santesmases (1998) on "segmentation trees for stratified data" and
J.P. Rasson and S. Lissoir(1998) starting from a dissimilarity between symbolic descriptions
have a chapter in Bock , Diday (2000). See also E. Auriol (1995) for a link with the domain
of "Case Based Reasoning". In order to select the symbolic variables which distinguish at the
best the individuals or classes of individuals, several works have been done such as R. Vignes
(1991) and more recently Ziani (1996). It is often useful to calculate dissimilarities between
symbolic objects; in that direction mention should be made of C. Gowda and E. Diday (1992),
De Carvalho (1994, 1998 a). If each cell of the data table is a random variable represented by
a histogram (for instance, the histogram of the inhabitant age of a town), a histogram of
histogram can be calculated for instance, by taking care of rules between the variables values
in De Carvalho (1998) b, or by using the capacity theory in Diday, Emilion ((1995, 1997),
Diday, Emilion, Hillali (1996). Noirhomme and Rouard (1998) give a way of representing
multidimensional symbolic data (see chapter 7 in Bock, Diday (2000)), see also E. Gigout
(1998) .

Starting from standard data, Gettler-Summa (1992), Smadhi (1995) have proposed a way for
extracting symbolic objects from a factorial analysis; in order to extract symbolic objects
from a partition, see Stephan, Hébrail, Lechevallier (see chapter 5 in Bock, Diday (2000))
Gettler-Summa M. (1997) and M. Vrac, E. Diday, S. Winsberg, M.M. Limam (2002). Starting



from time-series, Ferraris, Gettler-Summa, C. Pardoux, H. Tong (1995), have defined a way
for providing symbolic objects (see chapter 12 in Bock , Diday (2000)) .

More recently, several dissertations have been presented in the Paris 9 - Dauphine University.
Mfoumoune (1998), Oldemar (2001) for the sequential building of a pyramid where each
node is associated to a symbolic object. Chavent (1998), in order to build a partition of a set
of symbolic objects by a top-down algorithm which also provides a symbolic object
associated to each obtained class (see chapter 11 in Bock, Diday (2000)), Stéphan (1998) for
extracting symbolic objects from a database (see chapter 5 in Bock, Diday (2000)), Hillali
(1998) for describing classes of individuals described by a vector of probability distributions,
Pollaillon (1998), for extending Galois lattices and extracted pyramid to symbolic data at
input and "complete" symbolic objects at output (see section 11.4 in Bock , Diday (2000)) and
chapter 1 in E. Diday, Y. Kodratoff, P. Brito, M. Moulet (2000), Tang (1998) for extending
Factorial Correspondence Analysis and Rodriguez (2000) for extending regression and
Multidimensional Scaling to interval data. De Régnies (2002) for extending Dynamic
Clustering to symbolic data. Diday (2002), Vrac (2002) to extend Mixture decomposition to
distributions. Synthesis on Symbolic data Analysis can be found in Diday (2000) and Billard,
Diday (2003).

6.4 Sources of Symbolic Data
Many examples of symbolic data can be found on the same web site.

Symbolic data are generated from any database which contains descriptive categorical
variables. For instance in a survey on households, these categories can be simply the regions
or in a more complex way, the socio-professional categories (SPC) crossed with categories of
age (A) and regions (R). Hence, in this last case, we obtain a new categorical variable of
cardinality |SPC | x| A[x|RI, where |X|is the cardinality of X. The descriptive variables of
the households can then be used in order to describe these categories by symbolic data.
Symbolic Data can also appear after a clustering in order to describe in an explanatory way
(by using the initial variables) the obtained clusters.

Symbolic data may also be "native" in the sense that they result from expert knowledge
(scenario of traffic accidents, type of emigration, species of insects, ...), from the probability
distribution , the percentiles or the range of any random variable associated to each cell of a
stochastic data table, from time series (in representing each time serie by the histogram of its
values or in describing intervals of time), from confidential data (in order to hide the initial

data by less accuracy), etc. They result also, from Relational Databases, in order to study a set



of units whose description needs the merging of several relations as is shown in the following
example.

Example: We have two relations of a Relational Database defined as follows. The first one
called "delivery" is given in table 1. It describes five types of deliveries characterised by the

name of the supplier, its company and the town from where the supplying is coming.

Delivery Supplier Company Town
Livl Fl1 CNET Paris
Liv2 F2 MATRA Toulouse
Liv3 F3 EDF Clamart
Liv4 F1 CNET Lannion
Liv5 F3 EDF Clamart

Table 1 Relation "Delivery"

The supplying are described by the relation "Supplying" defined in the following table 2.

Supplying Supplier Town
FT1 F1 Paris
FT2 F2 Toulouse
FT3 F1 Lannion
FT4 F3 Clamart
FT5 F3 Clamart

Table 2: Relation "Supplying"

From these two relations we can deduce the following data table 3, which describes each

supplier by his company, his supplying and their providing towns:

Supplier Company Supplying Town
F1 CNET FT1, FT3 Y5 Paris, ¥2 Lannior]
F2 MATRA FT2 Toulouse
F3 EDF FT4, FT5 Clamart

Table 3: Relation "Supplier" obtained by merging the relations "Delivery" and "Supplying".
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Hence, we can see that in order to study a set of suppliers described by the variables
associated with the two first relations we are naturally required to take in account the four
following conditions which characterise symbolic data:

1) Multivalued: this happen when the variables "Supplying" and "Town" have several values
as shown in the table 3.

ii) Multivalued with weights: this is the case for the towns of the supplier F1. The weights Y2
means that the town of the supplier F1 is Paris or Lannion with a frequency equal to Y.

iii) Rules: some rules have to be given as input in addition to the data table 3. For instance, "if
the town is Paris and the supplier is CNET, then the supplying is FT1.

iv) Taxonomy: by using regions we can replace for instance {Paris, Clamart} by " Parisian

Region ".

7. Main input and output of Symbolic Data Analysis algorithms

7.1 Main input
The input of a Symbolic Data Analysis algorithm is a Symbolic data table (native or obtained
by DB2SO in SODAS) from a query to the Database or with some background knowledge as

rules or taxonomies as explained in the section 2.2.

7.2 Main output: Symbolic objects
Most of the symbolic data analysis algorithms give in their output the symbolic description
"d" of a class of individuals by using a "generalisation" process. By starting with this

description, symbolic objects give a way, to find at least, the individuals of this class.

Example:

The age of two individuals wl, w2 are age(w1) = 30, age(w2 ) = 35, the description of the
class C = {wl, w2} obtained by a generalisation process can be [30, 35]. The extent of this
description contains at least wl and w2 but may contain other individuals. In this simple case
the symbolic object "s" is defined by a triple: s = (a, R, d) where d = [30, 35], R="2¢€ " and
"a" is the mapping: Q — {true, false} such that a(w) = "the true value of "age(w) R d" "
denoted [age(w) R d]. An individual w is in the extent of s iff a(w) = true.

More formally (see figure 2), let Q be a set of individuals, D a set containing descriptions of
individuals or of a class of individuals, «y » a mapping defined from Q into D which associates

to each w € Q a description d € D from a given symbolic data table. We denote by R, a relation
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defined on D. It is defined by a subset E of DxD. If (x, y)e E we say that x and y are connected
by R and this is denoted by x Ry . More generally we say that x R y take its value in a set L. We
can have L ={true, false}, in this case [d' R d] = true means that there is a connection between d
and d'. We can also have L= [0, 1] if d is more or less connected to d'. In this case, [d' R d] can
be interpreted as the "true value" of x R y or " the degree to which d' is in relation R with d" (see
in Bandemer and Nather (1992), the section 5.2 on fuzzy relations).

For instance, R € {=, =, <, ¢ } or is an implication, a kind of matching taking care of missing
values, etc. R can also use a logical combination of such operators.

A « symbolic object » is defined by a description "d" , a relation "R" for comparing d to the

non

description of an individual and a mapping "a" called "membership function". More formally:

Definition of a symbolic object
A symbolic object is a triple s = (a, R, d) where R is a relation between descriptions, d is a

description and "a" is a mapping defined from 2 in L depending on R and d.

Symbolic Data Analysis concerns usually classes of symbolic objects where R is fixed, "d"
varies among a finite set of coherent descriptions and "a" is such that: a(w) = [y(w) R d]
which is by definition the result of the comparison of the description of the individual w to d.
More generally, many other cases can be considered. If for instance, the mapping "a" is of the
following kind: a(w) = [ he (y(w)) h; (R) h; (d)] where the mappings h. , h; and h; are "filters"
which will be discussed hereunder. There are two kinds of symbolic objects:

- « Boolean symbolic objects » if [y(w) R d] € L = {true, false}. In this case, if

y(W) = (y1,....yp), the y; are of type (a) to (d), defined in section 2.2.

Example:

Let be a(w) = [y(w) Rd] with R: [d'Rd]=vVvi=, 2 [diRid; ] where v has the standard
logical meaning and Ri = < . If y(w) = (colour(w), height(w)), d = ({red, blue, yellow},
[10,15] ) = (di, d2), colour(u) = {red, yellow}, height(u) = {21}, then

a(u) = [colour(u) c {red, blue, yellow}]v [height(u) < [10,15]]= true v false = true.

- « Modal symbolic objects » if [y(w) R d] € L=[0,1].
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Example:

Let be a(u) = [y(u) R d] where for instance R: [ d'Rd] =Max - »[d'iRid; ]. The choice of the
Max is among many other possible choices related to copulas theory (see Diday (2000)).
The "matching” of two probability distributions is defined for two discrete probability

r

distributions d'; =r and d ;= q of k values by: rRi g = Xjmixrjqje ;" ™ ;9. By analogy
with the Boolean case we denote [ d'Rd ]=v*;-; »2[d'i Rjd; ] where v* = Max . With these
definitions it is possible to calculate the mapping "a" of a symbolic object s = (a, R, d) where
SPC means « socio-professional-category » and d = ({(0.2)12, (0.8)[20 ,28]}, {(0.4)employee,
(0.6)worker}) by:

a(u) = [age(u) R1{(0.2)12, (0.8) [20,28]}] v* [SPC(u) R2{(0.4)employee, (0.6)worker}]

Notice that in this example the weights (0.2), (0.8), (0.4), (0.6) represent frequencies but more

generally other kinds of weights may be used as "possibilities", "necessities", "capacities",

etc. Notice that the Ri depends on this choice, (see Diday (1995), for instance).
8. Syntax and properties of symbolic objects

8.1 Syntax of symbolic objects in the case of "assertions'':
If the initial data table contains p variables we denote y(w) = (yi(W),..., yp (W), D =
(Dy.....Dp), d € D: d =(dy,..., dp) and R' = (Ry,...,R},) where R; is a relation defined on D;. We
call «assertion » a special case of a symbolic object defined by s = (a, R, d) where R is
defined by

[dRd]=Ai=1,p [diR;id; ] where "A" has the standard logical meaning and "a" is defined
by: a(w)=[y(w) R d]in the Boolean case. Notice that considering the expression
a(w) =Aji=1,p [yi(w) R;id; ] we are able to define the symbolic object s = (a, R, d). Hence,
we can say that this explanatory expression defines a symbolic object called "assertion".
For example, a Boolean assertion is:
a(w) = [age(w) < {12, 20 ,28}] A [SPC(w) < {employee, worker}]. If the individual u is
described in the original symbolic data table by age(u)={12, 20} and SPC (u) = {employee }
then: a(u) = [{12, 20 }c {12, 20 ,28}] A [{employee } ={employee, worker}]= true.
In the modal case, the variables are multivalued and weighted, an example is given by
a(u) = [y(w) Rd ] with [d'R d] =f({[yi(w) Rj di] };=1 ,p) where for instance,
f({lyi(w) Rj di]}izl,p) =1l 2[d;iR;id; ] where in case of probability distributions,

the "matching" is defined for two discrete density distributions d'; = r = (ry, ...,I'y) and
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di=q=(qi, ..., q of k values by: rRiq= Xj=ixrjqje (rj' mi“(rj’qj)).

By analogy with the Boolean case we denote [ d'Rd ]= A*i=; 2pi[ d'i Rid; ] where the meaning
of "A*" is given by the definition of the mapping "f". For instance, with these choices, a modal
assertion s = (a, R, d) is completely defined by the equality:

a(w) = [age(w) Ry {(0.2)12, (0.8) [20 ,28]}] A* [SPC(w) R, {(0.4)employee, (0.6)worker}]

8.2 Extent of a symbolic object s and other possible classes of symbolic objects

In the Boolean case, the extent of a symbolic object is denoted Ext(s) and defined by the extent
of a, which is: Extent(a) = {w € Q / a(w) = true}. In the modal case, given a threshold o, it is
defined by Ext, (s)= Extenty, (a)= {w € Q /a(w) = a.}.

If for instance the mapping "a" is of the following kind: a(w) = [he(y(w)) h;j(R) hi(d)], different
classes of symbolic objects may be defined depending on the choice of he, h. and h;. In practice,
these mappings may be used for instance, in the following way: h. is a filter of the extension of
the symbolic object; h; is a filter of the descriptive variables and h; is a filter on the descriptions.
More details may be found in Diday (1998) and in chapter 3 of Bock, Diday (2000). The

following example illustrates a kind of filter.

Example of filter on the extension:

We associate to each town a symbolic object defined by a(w) = [ he (y(w)) R d] where "d" is the
description of its inhabitant by using for instance, the histogram associated to each variable (as
the histogram of the age). In order that the extension of such symbolic object contains only
members of its associated town, the mapping h. is defined in the following way: h, (y(w)) =
y(w) if w is member of the town and if not h. (y(w)) = HS where HS is a dummy value such that

[ he (y(w)) R d] = 0 for any description d.

9 Tools for symbolic objects

9.1 Order between symbolic objects

If r is a given order on D, then the induced order on the set of symbolic objects denoted by r; is
defined by : s; 1y s iff d;j rds.

If R is such that [d R d']= true implies d r d', then Ext(s1) < Ext(s2) if s1 r; s2 . If R is such
that [d R d']= true implies d' r d then Ext(s2) < Ext(s1) if s1 rs s2.
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9.2 Dissimilarities and Symbolic description of a class

Tools between symbolic objects (Diday (1995)) are needed such as dissimilarities (F. de
Carvalho (1998), Esposito et al (1998)), matching, merging by generalisation where a t-norm
or a t-conorm (Schweizer, Sklar (1983) and Diday, Emilion (1995), (1997)) denoted T can be
used, splitting by specialisation (Ciampi et al. (1995)). A recent synthesis and other tools can
be found in Bock, Diday (2000). Hausdor-type dissimilarity measures are good example of
dissimilarity between symbolic data. Let A and B be two subsets of a set E for which we
know the dissimilarity between the units. Then a Haussdorf- type dissimilarity measure can
be defined in the follow way d(A, B) = Max {Max ,ca Min g d(a, b), Max peg Min 4c 4 d(a,
b)), In the case of several variables the mean of these dissimilarities for each variable can be
calculated.

It is possible to build an operator T which produces a set of symbolic objects whose extent
covers a given class A , the extent of each one covering partially or completly the class A. In that
way, see for instance M. Chavent (1997) by a top-down clustering tree or Brito and Diday
(1991) in a bottom-up clustering pyramid in the unsupervised case and E. Perinel (1996)) or
Gettler-Summa (1995) in the supervised case. A synthesis is given in Bock, Diday (2000). It is
also interesting to describe A by a set of symbolic objects which satisfies simultaneously an
unsupervised and a supervised criteria (see Vrac, Diday (2000), Limam, Diday, Winsberg
(2004)). For instance, in a top-down clustering tree where at each step a spliting variable is
choosen which cuts A in two subclasses and optimises a given criterion. This criterion can
express (in its unsupervised part), the sum of the two by two dissimilarities of the individuals of
each subclass and simultaneously (for its supervised part), the Gini impurity criterion of this
class. For instance, being 50 years old can be homogeneous for a class but not discriminant
whereas being less than 50 years old can be discriminant of a class but not homogeneous. The
process stops when it doesn't improve the criterion and in the final tree, we associate easily to
each terminal subclass a symbolic object by the conjunction of the values of the spliting
variables used in the branches of the path which defines this subclass. The extent of each
obtained symbolic object covers partially A and together they cover A. This method can be
applied iteratively to each classe of a partition or of a covering of the intial set of individuals in
order to summerize it by symbolic objects. For the supervised part of the criterion, the variable to

discriminate can be defined by two categories: the given class and its complementary.
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9.3 Finding prototypes from a class

If we wish to obtain prototypes of a given class which is member of the set of units, we can use a
given dissimilarity (of Hausdorf-type for instance) between any unit and each member of the
class. The prototypes are then the units which minimise the sum of these dissimilarities. In the
case of a class of concepts the best prototypes are the one which maximise the membership
functions of the symbolic objects associated to each concept of the class.

If we consider that a prototype is not necessary a member of the set of units, then the prototypes
can be calculated by various ways depending on the variable type. For example, if a symbolique
variable Y is of interval type (i.e. Y(w) is an interval), a prototype can be defined in the
following way: let M be the mean of the means of the intervals associated to the members of the
class and A be the mean of the range of each interval of the class, then the prototype interval can
be: [M- A/2, M+A/2]. Many other possibilities exists, for instance by using the mean of the min
and the mean of the max of each interval of the class. In the case of a variable whose values are
subsets of a given set, the probability or the conditional probability (or their product) for each
value which appear in the class can be used in order to define a prototype. In the case of a
variable whose values are distributions their mean can be used or their distribution (see Diday

(2002)).

10.Underlying structures of symbolic objects

10.1 A generalized conceptual lattice

Under some assumptions on the choice of R and T (for instance T = Max if R=<and T =
Min if R = 2) it can be shown that the underlying structure of a set of symbolic objects is a
Galois lattice (Diday (1989, 1991), Brito (1991, 1994), Diday, Emilion (1995), (1997),
Polaillon, Diday (1997), Polaillon (1998), Bock, Diday (2000)), where the vertices are closed
sets defined below by « complete symbolic objects ». More precisely, the associated Galois
correspondence is defined by two mappings F and G:

- F: from P(Q) (the power set of Q) into S (the set of symbolic objects) such that F(C) = s
where s = (a, R, d) is defined by d = Tccc y(c) and so a(w) = [y(w) R Teec y(c)], for a given R.
For example, if Tcec y(c) = Ucec y(¢) , R = « < », y(u) = {pink, blue}, C = {c, c’}, y(c) =
{pink, red}, y(c’) = {blue, red}, then a(u) =[y(w) R Tecc y(c)] = [{pink, blue}c {pink,
red}U{blue, red}})={pink, red, blue}] = true and ue Ext (s).

- G: from S in P(Q) such that: G(s) = Ext (s).
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A « complete symbolic object » s is such that F(G(s)) = s. Such objects can be selected from
the Galois lattice but also, from a partitioning, a hierarchical or a pyramidal clustering, from

the most influential individuals in a factorial axis, from a decision tree, etc.

Example:

The symbolic data table is given in figure 3. With the choice T = Max and R = <, the Galois

lattice obtained from this table is given in the same figure 3. This lattice can be build for

instance, by using a generalisation to symbolic data of Chein (1969) or Ganter algorithm

(1984) which can be found in Diday ( 1998, 2000) and Pollaillon (1998). The set of all the

complete symbolic objects and their extent which are the vertices of this lattice are the

following:

sizar(W)=[y1 W) €O ] A ly2 (W) S 02 ] A [ys (W) € O3 ], Ext(sy ) = {w1, Wa, W3, Wa}

st ax(w)=[y2(w) c {e} ] A [ys (W) € {gh} ], Ext(sz)={ wi, wa, w4}

s3taz(w) =[y1 (W) < {c} ], Ext(s3) ={ w2, ws}

ssras(wW)=[yt(W)c{ab} IAlya(W) =D [Alys(w)c{gh} ], Ext(ss)={wi, w}

ss:as(w)=[y2 (w) < {e} ] Alys (W) < {h} ], Ext(ss) = { wa}

se:as(W)=[y1(W)c{ab} |A[ya(W) =D JAa[ys(W)c{g} ], Ext(ss)={wi}

sr:ar(W)=[yt (W) ={D} ALy (W)= 1Aalys(w) c{gh} ], Ext(s7)={ w2}
ssrasW)=[yi(W) =D JAly(W)=DF JAalys (W) =], Ext(sg)= { D}

Vi 2 o |y3 St, {W1, Wa, W3, wa}
wi [{ab} | |{g}
wa @ 1D |{gh)
w3 | {c} {e.f} {g,h,i
wy | {a,b,c] {e} |{h}

S8, @

Figure 3 The conceptual lattice, the symbolic objects associated to the vertices and their

extent, obtained from the given Symbolic Data
10.2 Mathematical framework of a symbolic data analysis

Finally we can summarise the mathematical framework of a symbolic data analysis in the

following way (figure 4):
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d.plus R and a

Figure 4. Q: set of individuals. D: description set. L= {true, false} or L= [0,1]. S: set of
symbolic objects. y: description function. a: membership function from Q in L= {true,
false} or L= [0,1]. R: comparison relation. T: generalisation mapping. F: intension
mapping, G: extension mapping. d, : y(w) = dy, is an individual description. w*: w* = F(w) =
(a, R, y(w)) is an individual symbolic object. dc :description of class C. s: intensional
symbolic object given by F(C) = (a, R ,d¢) where a = [y(w) R dc]. G(s) is the extension of s.

Modeling individuals, classes of individuals and concepts

10.3 Statistics of symbolic objects

Instead of studying robustness, reliability and characteristic of symbolic objects, by using
their extent, another way consists in using their description part in order, for instance, to find
outliers. In that case, we need to extend the notion of "mean", correlation and "standard
deviation" to symbolic data, in order to use, for instance, a kind of Fisher and a Student test.
In that way, a first effort can be found in Bertrand, Goupil (2000) and Billard, Diday (2000),

Rodriguez (2000) where histogram and covariance of interval data are studied.

10.4 Quality , robustness and reliability of a symbolic object

It is always possible to choose the operator T in such a way that, the extent of the symbolic
object sc contains the extent of the concept C, but it can contain also individuals which are not
in the extent of C. Moreover, for instance in the modal case, we can have some individuals of
the extent of C which are not in the extent of sc in Q', this depends on the choice of the
threshold o Ext o sc) = {w/ a(w) }= a}. Therefore we can have two kinds of errors:

i) individuals who satisfy the concept and are not in the extent of sc,

i) individuals who do not satisfy the concept but are in the extent of sc.
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The "quality" and "robustness" of the symbolic object s can then be defined in several ways.
We denote e;(at) and ex(ov) the error percentage in the first and second kind of error. In order
to find the best o0 we can vary o between 0 and 1 and we retain the o which minimises the
product e;(0r) ex(Q).
In order to validate the symbolic object sc, we suggest the following method. Repeat n times
the following steps:
Stepl. Obtain a sample Q' with replacement from the whole set of given individuals Q.
Step2. Calculate the symbolic object sc by following the scheme given in figure 2.
Step3. Calculate the extent of sc in Q.
Step4. Calculate the errors of kind i) and ii).
The quality and robustness of the symbolic object sc is the higher when the mean and the
mean square of the two histograms of the frequency of errors of kind i) and ii) is the lowest.
In other words, let X1 (resp. X2) be the random variable which associates to each sample the
frequency of error of type i (resp. ii). Then, the lowest is the mean and the mean square of
these two random variables, the higher is the quality and robustness of the symbolic object sc.
The "reliability" of the membership of an individual w to the extent of sc can be measured by
the mean m(w) of the a «(w). More precisely, if the i th sample gives the value a;(w) then
m(w) = 2i-1n a; (W)/n and the reliability of sc can be defined by :
W(s ¢) = ZweExic) m(w)/ | Ext(C)) |. The higher (i.e. the closest to 1) W(s ¢) the better is the
reliability of s c. The "sensibility" of s ¢ can be measured by:

W'(s ) = Zwebuc) 6(W) /| Ext(C) | with o(w)*= Xz n (a; (W)-m(w)) */n.
These measures seem natural but their precise study remains to be done in comparison with other

measures of such kind.
11. Some symbolic data analysis methods

11.1 Main principle

Symbolic Data Analysis methods are mainly characterised by the following principle:

1) they start as input with a symbolic data table and they give as output a set of symbolic
objects. These symbolic objects give explanation of the results in a language close to the one
of the user and moreover have several advantages mentioned in section 13).

ii) They use efficient generalization processes during the algorithms in order to select the best

variables and individuals.
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1ii) They give graphical descriptions taking account of the internal variation of the

symbolic objects.

11.2 The main methods
The following methods are developed in Bock, Diday (2000) or in the SODAS (2004) free

software. More details are given on some of the modules in the appendix.

11.2.1 Descriptive SDA

- From Database to symbolic description (called DB2SO in SODAS)

- Inter-active and ergonomic graphical representation of symbolic objects (called VIEW in
SODAS).

- Extension of elementary descriptive statistics (called DSTAT) to symbolic data (histograms,
mean, min, max, biplot, etc. from a symbolic data table).

- Principal Component (called SPCA in SODAS). The output of this methods preserves the
internal variation of the input data in the sense that the individuals are not represented in the
factorial plane by a point as usual but by a rectangle which allows the definition of a symbolic

object with explanatory factorial axes as variables.

11.2.2 Classification of symbolic data

- partitioning, hierarchical or pyramidal clustering (HIPYR).

- Kohonen mapping of a set of individuals described by a symbolic data table such that
each class be associated with a complete symbolic object (called SYKSOM) .

- Top-down hierarchical tree (called DIV).

- dissimilarities between Boolean or probabilistic symbolic objects.

11.2.3 Predictive SDA

- Discriminate Factorial Analysis of a symbolic data table (called SFDA)

- Extension of decision trees

- Regression on symbolic data

- Generalisation by a disjunction of symbolic objects of a class of individuals described in a

standard way.

Explanation of the intial correlation between variables inside each category , extending rule

extraction algorithms to symbolic data, symbolic 3-D Clustering.etc.
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12. Symbolic Data Analysis in the SODAS software

12.1 The general aim

The general aim of SODAS can be stated in the following way: building symbolic data in

order to describe categories, analyse them by Symbolic Data Analysis. For instance, if a set of

households is characterised by its region, the number of bedrooms and of dining-living, its

socio-economic group, we obtain a data table of the kind of table 4:

Household Region Bedroom Dining-Living Socio-Econ group

number

11404 Northern- 2 1 1
Metropolitan

11405 Northern- 2 1 3
Metropolitan

11406 Northern- 1 3 3
Metropolitan

12111 Northern-
Metropolitan

12112 East anglia 1 3 3

12112 East anglia 2 2 1

12112 GreaterLondon N-E| 1 2 3

In census data there is a huge set of households. In order to compare the regions, we can

summarise them by describing each region by the households of their inhabitants. In order to

Table 4 : Standard Data Table where the units are Households

do so, we delete the first column of this table and we obtain table 5:

Table 5: The first column of table 4 concerning the household number has been deleted.

Region

Bedroom

Dining-Liv

Socio-Ec gr

Northern-
Metropolitan

2

1

1

Northern-
Metropolitan

2

1

3

Northern-
Metropolitan

3

3

Northern-
Metropolitan

East-anglia

W

East-anglia

N | —

[\

p—

East-anglia

Greater London
North-East
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We can now describe each town by the histogram of the categories of each variable. This is
done in table 6 which is a symbolic data table as each cell contains a histogram and not a
quantitative or categorical number as in standard data tables. It is easy to see that standard
data analysis methods will not apply in the same way with these kind of symbolic data. For
instance that a decision tree will not be the same if the variables are categories and each cell
of the associated data table contains a frequency and if the variables are symbolic and each
cell contains a histogram. In the first case each branch of the decision tree represents an
interval of frequency (for instance, "the frequency of the category [20, 30] years old is less
then 0.3"), whereas in the second case it represents an interval of values ( for instance, "the

age is less then 50 years old"). For more details see in Bock, Diday (2000) the chapter 11.

Region Bedroom Dining-Living Socio-Ec gr
Northern- (2\3) 2, (1\3) 3 2\3)1,(1\3) 3 (I\3) 1, (2\3) 3
Metropolitan
East-anglia (2\3) 1, (1\3) 2 (2\3)2,(1\3) 3 (1\3) 1, (2\3) 3
Greater London

Table 6: A symbolic data table where the units are now the regions

The main steps for a symbolic data analysis in SODAS can then be defined as following:

If there is more than one data table, put the data in a relational database (ORACLE, ACCESS,
...). Then, define a context by giving: the units (individuals, households,...), the classes
(regions, socio-economics groups,...), the descriptive variables of the units. Then, build a
symbolic data table where the units are the preceding classes, the descriptions of each class is
obtained by a histogram as in table 6 or by a generalisation process applied to its members.
This is done by a computer program of SODAS called "DB2SO" (from Databases To
Symbolic Objects). Finally, apply to this symbolic data table, symbolic data analysis methods
(histogram of each symbolic variable, dissimilarities between symbolic descriptions,
clustering, factorial analysis, discrimination of a symbolic data table, graphical visualisation

of symbolic descriptions, ...).
12.2 Examples of applications strategy in SODAS

We start from data provided by the three Statistical institute involved in SODAS (ONS

(England), INE (Portugal), EUSTAT (Span)), as household consuming, census, labour force
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survey or road transportation. Units are for instance, " unemployment type " defined by each
category of a new variable obtained by the cartesian product: "unemployment people
categories X age categories X countries" given by a query to the relational database. Then,
DB2SO associates to each unit a symbolic description. Hence, we get a symbolic data table
on which symbolic data analysis methods can be applied. In order to summarize and to get an
overview on this symbolic data table, we can for instance, apply the following steps: we apply
DIV (see chapter 11 in Bock, Diday (2000) ) which provides classes of units. It is then
possible to apply again DB2SO on the same units but with the classes given by DIV.
Therefore, each class represents a set of regions or a set of unemployment type. Hence, we
obtain a new symbolic data table where each unit represents one of these classes. Several
symbolic data analysis methods can then be applied: for instance, a principal component
analysis (PCA, see chapter 9 in Bock, Diday (2000)) in order to get a graphical overview on
these classes, a graphical visualisation of each class by "stars" (see chapter 7 in Bock, Diday
(2000)), a description of each class by a disjunction of assertions (DSD, see section 9.4 in

Bock, Diday (2000)), etc.

12.3 SODAS software overview
In figure 5 an overview on the SODAS software is given. The input of DB2SO (see chapter 5
in Bock, Diday (2000)) is a query to a database. Its output is a symbolic data table. Having

obtained this data table any symbolic data analysis method can be applied.

DATA
BASE

DB2S0O

SY'MBOLIC
DATATABLE

Biplot

|Discriminatiun|

Dissimilaritiesl

I Factorial analysisl

I Decision tree I

Figure 5: A SODAS software overview
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13 Some advantages in the use of symbolic objects and concept propagation

13.1 Some advantages in the use of symbolic objects

We can observe at least six kinds of advantages in the use of symbolic objects.

. They give a summary of the original symbolic data table in an explanatory way, (i.e. close to
the initial language of the user) by expressing descriptions based on properties concerning the
initial variables or meaningful variables (such as indicators obtained by regression or factorial
axes).

. They can be easily transformed in terms of a query of a Database and so they can be used in
order to propagate concepts between databases (for instance, from one country to another
country).

. By being independent of the initial data table they are able to identify any matching
individual described in any data table.

. In the use of their descriptive part, they are able to give a new symbolic data table of higher
level on which a symbolic data analysis of second level can be applied.

. In order to characterise a concept, they are able to join easily several properties based on
different variables coming from different relations in a Database and different samples of a
population.

. In order to apply exploratory data analysis to several databases, instead of merging them in a
huge database, an alternative is to summarise each Database by symbolic objects and then to

apply Symbolic Data Analysis to the whole set of obtained symbolic objects.

13.2 Concept propagation

This propagation is interesting for instance, in order to see if concepts obtained on a survey in
a contry remains in a survey done in another country or at another time. In order to propagate
concepts from a database to another database there is a module called SO2DB (i.e. Symbolic
Objects to Database) due to Donato and al.. This prpagation is based on the following steps.
First to extract symbolic objects from the clustering, factorial analysis, decision tree or
discrimination (standard or symbolic) methods. Second, to induce from these symbolic
objects, a new symbolic data table in order to study them, by a symbolic data analysis of
higher level. Third, to select the "best" symbolic objects and prototypes, by using good
criteria . Fourth, to propagate the obtained symbolic objects (the concepts that they represent).
This propagation can be done towards the same Database for instance, at different times (in

order to study the time evolution of the retained concepts) or towards other databases
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associated with different countries. In any case, we have to compare sets of concepts and their
associated symbolic objects obtained from different databases. This may be done in several
ways. For instance, by looking for a consensus tree or pyramid, between the concepts
obtained in two different countries. Among many other possibilities, we can also calculate the
extent of the symbolic objects obtained from a country in another country and then comparing
the concepts associated to the symbolic objects of the first country to the concepts of the
second country induced by the "complete symbolic objects" obtained from these extension.
An overview on the next steps for the research and development of SODAS project are given

in figure 6.

Conclusion

The need to extend standard data analysis methods (exploratory, clustering, factorial analysis,
discrimination, ...) to symbolic data tables in order to extract new knowledge, is increasing
due to the expansion of information technology, now able to store an increasing amount of
huge data sets. This need, has led to a new methodology called "Symbolic Data Analysis"
whose aim is to extend standard data analysis methods (exploratory, clustering, factorial
analysis, discrimination, decision trees, etc.) to new kind of data table called "symbolic data
table" and to give more explanatory results expressed by real world concepts mathematically
represented by easily readable "symbolic objects". The aim of the EUROSTAT European
Community project called SODAS for a « Symbolic Official Data Analysis System» in which
17 institutions of 9 European countries are concerned was to produce a first software of
Symbolic Data Analysis. Three Official Statistical Institutions were involved in this project:
EUSTAT (Span), INE (Portugal) and ONS (England). An example of future applications
proposed on their Census data consists in finding clusters of unemployed people and their
associated mined symbolic objects in a country, calculating its extent in the census of another
country and describing this extent by new symbolic objects in order to compare the behavior
of the two countries. To this end, several new theoretical developments are needed such as the
selection and the stochastic convergence of symbolic objects. Also needed, are developments
permitting one to obtain the consensus between set of symbolic objects and their associated
concepts extracted from different databases. New software developments are also needed as a
tool in order to be able to transform a symbolic object extracted from a database in a query of
this database or of another database. This new tool may be called SO2DB as it is
complementary to the actual DB2SO. Moreover, the next steps will be to improve the actual

SDA methods (robustness, validity of the results, extending standard tests to symbolic data,
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etc.) and extend the symbolic data analysis methodology to regression, multidimensional

scaling, neural networks etc.

SYMBOLIC
DATA
Histogram tars Graphics
Biplot [5
Discrimination
Dissimilarities
Decision tree
Clustering
Factorial analysis
STYMB. DEJEETE
Selection of best
_ Symb. Objects '\
New Symb, DataTable s02DB

Graphics of Symb. Objects

Symb. Objects Propagation:

Figure 6: Symbolic objects propagation.
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Concerning the free SODAS software much information can be found in Bock, Diday (2000)
and in the synthesis paper: L. Billard, E. Diday "From the statistic of Data to the statistic of
Knowledge". JASA. Journal of the American Statistical Association. June(2003)..

In the Web site www.ceremade.dauphine.fr/%7Etouati/sodas-pagegarde.htm you can

load SODAS on your PC computer and get much informations on the methods and many
examples of applications in numerous domains. Recent papers can also be found in the

Electronical Journal of SDA (JSDA) at director @uninaZ2.it.
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APPENDIX

DB2SO (G. Hébrail, Y. Lechevallier, V. Stephan)

In the DB2SO module, the user can create a set of descriptions modeling categories from data
stored in a relational database. Two main steps are performed:

a) building of symbolic descriptions corresponding to descriptions of groups of individuals of
the initial database (by a generalization process),

b) Refining the description to make them simpler by removing some untypical individuals.

¢) Symbolic description, built by the basic process, can be enriched by metadata, still picking
up information from the database: DB2SO supports addition of taxonomies in variable
domains, mother/daughter variables and rules.

Finally we present some additional features included in DB2SO, which facilitate the user’s
life in the process of constructing of a set of symbolic objects from a database.

An example is presented as a didactic introduction to construction of symbolic objects from
the contents of relational databases.

An interesting property of relational databases is that operations can be defined on tables that
produce new tables. Queries on a relational database are defined by a combination of these
operations: the result of a query is consequently also structured as a table. The standard

language for querying relational databases is the SQL language.

From a query to the initial database which produce a data table (where the first column
express the single name of each individual, the second column the name of the category of
each individual, the next columns are associated to the descriptive variables of the
individuals), DB2SO create three types of symbolic variables:

*The interval of observed values on individuals in the group for numerical variables,

oThe list of observed values on individuals in the group for nominal variables,

*The frequency distribution of observed values on individuals in the groups for nominal
variables.

The output of DB2SO is an assertion (see section 8.1). This assertion can be refined in order
to avoid a too large covering of the category. The idea of the refinement process is to remove
from each group some untypical individuals. Each group of individuals is processed
separately. With each SO can be associated a function which says if an individual is

recognized by a SO or not. In the case of interval variables or Boolean multi-valued ones, this
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function says ‘yes’ if individual values for every variable are in the interval or list of values of
the corresponding OS variables. Untypical individuals are removed and simpler SO are built
again from the resting individuals. The following optimization constraints guides the removal
of individuals:

*A minimum threshold is defined on the number of individuals of the group still recognized
by the refined SO (this threshold is given by the user, typically 80%),

®A volume measure is associated with each SO, representing the amount of subspace its
variable values occupy in the Cartesian product of variable domains. The choice of untypical
individuals to be removed is done to maximize decrease of volume associated with the
refinement process.

Details of this refinement process and a description of the algorithm can be found in Stéphan

(1998) and Bock, Diday (2000).

DSTAT (P. Bertrand, F. Goupil)

The goal of DSTAT is to extend standard descriptive statistics to the case of symbolic data. It
produces:

- relative frequencies of each category for variables (called interval variables) whose value for
each unit are a unique or several categories.

- relative frequencies for variables whose value for each unit are intervals

- capacities and min/max/mean histogram for variables whose values are frequency
distributions.

- biplot for interval variables .
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Applications of SDA

- Exploitation of final databases

* Quality Control Process in Statistical

Production

Time Use Survey

Case Study 1
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DATA

- Observed Data
Portuguese Time Use Survey 1999
7021 adults and 34 variables (+ weight)
*Processing data
BLAISE — ASCIl - ACCESS — SODAS

- Symbolic Objects
- Sex, Age, daytype (2*5*2=20 SO)

VARIABLES

-socio-demographic:

* region

. sex

* age group

* marital status

+ education level
-activity:

* occupation

* economic activity

- professional status

* number of hours worked group

-type of day (weekend; workday)
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Variables of perception of time

* hurried - Do you feel like you are in a hurry?
- yes, no
* hurried_often - How often do you feel in a hurry?
- every day, often or sometimes
* hurried_byears - Compared to 5 years ago?
- more hurried, no change, less hurried
* hurried_3years - Compared to 3 years ago?
- more hurried, no change, less hurried
* hurried_lyear - Compared fo last year?

- more hurried, no change, less hurried

Variables of perception of time

* reduce - do you intend to reduce your rhythm of life
next year?

- yes, no

- work_time - Work - Time to accomplish all the tasks?
- everyday, often; sometimes; rarely; never

- private_life_time - Time to accomplish all the tasks?
- everyday, often; sometimes; rarely; never

- weekend_time - Time to accomplish everything that
you wanted?

- everyday, often; sometimes; rarely; never

- available - Available time without knowing what to do
with it?

- everyday, often; sometimes: rarely. never
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Example of rule design

Hurried_Often is applicable if Hurried in {"Yes"}

Hurried_Syears is applicable if Hurried in {"Yes"}
Hurried_3years is applicable if Hurried in {"Yes"}
Hurried_1lyears is applicable if Hurried in {"Yes"}

Reduce is applicable _
if Hurried in {"Yes"} Hurried |
Work_Time is applicable ’*‘-Vﬁ||ab|'3_tln'!e
if Hurried in {"Yes"} - Weskend_Time
Private_Life_Time is applicable ~ Provate_Life_Time
if Hurried in {"Yes"} = wfark_Time
Weekend_Time is applicable HE':'}":E
if Hurried in {"Yes"} HU"fEdJ.'r'EETS
Available_time is applicable ~ Hurried_3years
if Hurried in {"Yes"} + Hurried_Syears
- Hurried Often

Variables of duration of activities

- sleep - purchases

- eat - children cares

- personal_hig - social life

- profissional_act * sports

* study - games

" prep_food *read

* clothes_care - television_video
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Advantages of SDA

- confidentiality of data
- dealing with complex questionnaires

- data analyses using confidence

intervals (sampling errors)

- join of independent data files

The Labour Force Survey
using confidence intervals

Case Study 2
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DATA

- 2nd quarter 1998 from LFS
- 22660 workers
Did you do any work for pay or profit

during the reference week (one hour or
more) ? (including family workers)

* processing data:

BLAISE —» ASCII — ACCESS — SODAS

VARIABLES

- Socio-demographic
- age group (ordinal)
- sex (nominal)
- marital status (nominal)
- education level (ordinal)

* Activity
- economic activity (nominal)
- profession (nominal)
- searching employment (Boolean)
- full / part time (Boolean)
- type of enterprise (nominal)
- social security (Boolean)
- over qualifications (Boolean)
- normal number of hours (Boolean)
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VARIABLES (cont.)

* Activity (cont.)
- previous experience (Boolean)
- change duration (Boolean)
- studying or training (Boolean)
- professional status (nominal)

* Weight
SO

- sex / age group
- 2%6 = 12

Analysis with confidence intervals

[aij, bij] - confidence interval
For each modality (variable) ; and SO ;:
aij = pij-1.96*sqrt(pi;* (1-pij)/ni)
bij = pij+1.96*sqrt(pi*(1-pi;)/ni)
hi - number of the individuals in SO ;
pij - proportion of individuals with the
variable j in SO ;
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VARIABLES

-marital status (4)
-education level (4)
-economic activity (12)
-profession (10)

~full / part time (2)
-professional status (5)

TOTAL: 37 var
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SOEditor - 0528 - 052.5D5 - [Table]
File Edit Wiew Selection Graphic 'window Help =& x|

= =T = e N e P e el P N e e I R N
=RE

Full-time: Part-time: Primary_studies_or_less | Secondary_studies_-_and_profes | University_studies | vithout_
Man /1510 24 years old [9450:9650] | [3.50:5.50] [54.40:59.00] [36.50: 41.00] [140:270] [1.50
Man /25 1o 34 years old [9630:9760] | [2.40:3.70] [57.50:61.10] [27.60:31.00] [6:80:8:50] [290
Wan /35 1o 44 years old [9790:9880] | [1.20:2.10] [60.70:64.20] [23.90:27.00] [E70:860] [3.70
Man /45 to 54 years old [9660:9790] | [2.10:3.40] [67.10:70.70] [16.50:19.50] [6:80:890] [4.30
Man /55 1o 64 years old [8720:9010] | [9.90:12.80] [63.30:67.70] [710:970] [440:B50] |[1880
Man {65 and more years old | [53.20: 5950 | [40.20: 46.80] [4510:51.70] [420:730] [280:560] |[38.30
Woman /150 24 yearsold | [89.10: 9230 | [7.70:10.90] [46.40:51.90] [39.50: 44.90] [550:830] [1.00
Woman /250 34 yearsold | [55.20: 90.70] | [9.30:11.80] [49.10:53.20] [29.30:33.00] [1480:1760] | [1.10
Woman /3510 44 yearsold | [87.40:89.90] | [10.10:12.60] [56.90: 60.80 ] [2210:2540] [1210:1480] | [340
Woman /450 54 yearsold | [S0.00: 83.40] | [16.60: 20.00] [61.60:6580] [1210:1510] [9.00:1170]1 |[1080
Woman /550 64 yearsold | [E160: 67.00] | [33.00: 38.40] [43.60:49.10] [2:80:510] [4B0:720] |[41.00
Woman / §5 and more years old | [35.30: 43.30] | [56.70: 64.70] [22.20:29.30] [0:80:3.00] [130:380] |[E6.0
[l ol
Ready |UNLOERED | [NUM [
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IZoon St Superm | 5 ] | 2 B T

[BS Fie Edt Miew Selection bModficalion Graphic ‘window Help |
seE|a] | -T2 w4l ofa Bl =6 es]2] BT |
Man /15 to 24
g Craft_and_relat oo e B htors,_se
an and mo 443 158
Clerks Plant_and_machi
168 E
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2.8 152 28
107
Wholesale_and_r oz Service_workers
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K%
4 b
Transport,_stor. Skilled_agricul
23 57 o o T
a4
Real_state, ren 2 2 Technicians_and
74 p
BYai vt &
Py
Public_administ, o o ulltime
5 3 53 e
e $.
5
Otner_services 355 sa7 Part-time
e
Mining_and_quar” 1.1 707 Primary_studies
2
g o R
Manufacturing 410 12 aas’Secondary_studi
Hotels_and_rest 113 75 University_stud
Financial_inter sz = o 735 Without_studies
747
Electricity, ga 20 ko 0% hgriculture, ca
Fieady UNLOCRED | INUM

B Fle Edi View Selection Modiicaton Graphic Window Help
saagl |- F2@| s ofa ==
Man i 25 to 34 years
¥ Craft_and_relat Elementary, goiliors, se
[Woman / 25 to 34 yea ann ot
Clerks Plant_and_machi
5

| ) ] 0 )
EEEEE el

Armed_forces Professionals

Wholesale_and_r, Service_workers

Transport,_stor,
28
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0.7

Real_state,_ren
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Ready UNLOCKED UM
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PCM

FC2 (21.21)

MIa54

5.0

254

-2.5

=50

PCT (44.77)
303 1st - WordPad

Fichier Edition Affichage  Insertion Format 2

Dl=(@ Sl @l b [@]a] |

PARTITICHN IN 2 CLUSTERS : ;I

Cluster 1 (n=9] :
"Man / 15 to 24 years old"™ "Man / 25 to 34 years old” "Man / 35 to 44 wears old”

"Man / 45 to 54 years old" "Man 4 55 to 64 years old" "Woman / 15 to Z4 years old"
"Woman / 25 to 34 years old" "Woman / 35 to 44 years old™ "Uoman / 45 to 54 years old"

Cluster.zZ “[n=J) 3

"Man / 65 and wore years old" "Woman / 55 to 62 years old" "Woman / 65 and more years old"™

PARTITICMN IMN 3 CLUSTERS :

Cluster 1 (n=2] :
"Man / 15 to 24 years old" "Woman / 15 to 24 years old”

Cluster 2 (n=3] :

"Man / 65 and more years old” "Woman / 55 to 64 years old" "Woman / 65 and more years old"™
Cluster 3 (n=7] :

"Man / 25 to 34 years old" "Man / 35 to 44 years old" "Man ¢/ 45 to 54 years old"

"Man / 55 to 64 years old" "Woman / 25 to 34 wears old" "Woman / 35 to 44 years old®
"Womwan ¢/ 45 to 54 years old”

4] | _>l_I

Pour de |'side, appuyez sur F1 [ [Hum
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DIV

B Xomm30 WordPad [_ =[]

FEichier Edition Affichage  Insettion Format 2
D|z(d| SR sl o |el|-] B

PARTITICN IN 4 CLUSTERS :

Cluster 1 (n=2] :
"Man / 15 to 24 years old" "Uomsn / 15 to 24 years old"

Cluster 2 (n=3) :
"Man / 65 and more years old” "Uoman / 55 to 64 years old” "Woman / 65 and more years old”

Cluster 3 (n=4) :
"Man / 25 to 34 years old" "Man / 35 to 44 years old" "Man / 45 to 54 years old"
"Man / 55 to 64 years old"

Cluster 4 (n=3] :
"oman ¢/ 25 to 34 years old" "Woman / 35 to 44 years old” "Woman / 45 to 54 years old”

+-——- Classe 1 (Ng=2)
!

!=—--2- [Married <= 46.200001]
!

| +--—- Classe 3 (Ng=4)
| |

|
|
|
! l——--3- [Other_servipes <= 15.075000]
|
! 4---- Classe 4 (Nd=3)

|

—-—-1- [Part-time <= 27.000000]
|

+-——- Classe 2 (Nd=3)

Pour de l'side. appuvez sur F1 [ IMumn

PYR

A CEREMADE
File Edit Classification Options Window

wfam L R [l DR SRR =] [Z]aE]

Help

1 { 55 to B4 years old|

1an { 45 to 54 years old|

AEn | 35 to $4 years old|

1an { 25 to 34 years old|

Aan | 15 to 24 years old|

Lan | 15 to 24 years old|

Lan {25 to 34 years old]|

Lan | 35 to $4 years old|

Lan {45 to 54 years old|

Lam | 55 to b4 years old|

65 andmnore yeais old”

65 amdwoie yeais old”

-

Hinl :
[ [eaps [num [ [
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Fichier

Ediion Affichage Insetion Format 2

=T N e =]

Classification table:

Testh Classes

[ 12

"Han
"Man
"Man
"Han
"Man
"Man
riloman
riloman
lioman
iomat
riloman
ioman

4
4
4
4
/
4

15
25

to 24
to 34
to 44
to 54 year|
to 64 year|
and more ¥l

year|
year|
year|

15
25
35
45
55
65

to 24 we|
to 31 vye|
to 44 ye|
to 51 we|
to 64 wye|
and more|

[= = = = = R e e

OrrrRPROORRE PR

(=T = =R = I = R R = = R

Classification Surmary

ClasshClass [ 12 13

1, |2
2 | o 8 o
3 | o

Classification Ratio 100. 0%

Pour de l'aide, appuvez sur F1

S|

FDA

T SODAS - Basic Stat
File Edt View Process Draw Help

ics

Dl @ o] L] 8] 2|

¥2 (0.47)
1 woman /1510 24 ye
‘ 1
150 Yhan 1540 24 year |
i
075 4 '
2 Man i FStn aduear
Wan /55 10 64 ysar
oM lyyaman £55 to 64 ye
0 Man [ 3510 44 year T T
oman / 45 10 54 ye 0 4+ va_]L
075 4 i
|

3ioman [ 65 ancd more

Man /65 and more y

A Start| 5€ Microsoft . | [ uniiled -F..| B Explaing -

Microsoft ..

s 10 15
W 053

| FEoszLAL |[wusopas

[SR® 5 v

62




The Quality Control in Statistical Production

Case Study 3

v v

Data entry




COLECTING
DATA

R B | s

z , ,
ag

W < ¢

O

s Recod

= ecoding

Quality Control

- in a quantitative and univariate form at micro-data
level, using some indicators already presented in several
bibliography (consistency index)

- in a qualitative form, using multivariate techniques on
the aggregation of the registers, according to
convenient criteria for each of the different analysis
to be done. It is a control system based on symbolic
data analysis using SODAS software
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Alert System

e

Rotation Reinterview Recoding

analysis analysis analysis
Validation of Measurement Processing
the Sample errors errors

Quality control for non-sampling errors

- validation of the sample in panels with
rotation

* measurement errors - reinterview

analysis

* processing errors - recoding analysis
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DATA

- Observed Data

All employed persons from the Portuguese LFS
1st and 2nd quarters of 2000 - region of
“Lisboa e Vale do Tejo" (8669 records)

- Processing data
BLAISE —» ASCII — ACCESS — SODAS

- Symbolic Objects
on rotation of the sample (6*2=12 SO)

DATA

Sampling frame

Master Sample - list of housing units
(dwellings)

sampling unit - dwelling

observation unit - individual
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VARIABLES

-socio-demographic:
- sex
* age group
+ marital status
- education level

-activity variables:
* occupation
* economic activity
* professional status
* part/full time
* number of hours worked group

-sampling weight

Rotation Analysis

1 2 3 4 5 6 1st Quarter
/1 2 1/3 ¢ 1/4. »'1/5« 1/6

2 3 4 5 6 | 7 2nrd Quarter
2/2 2/3 2/4 2/5 2/6 2/7
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Rotation Analysis

9641
Ist
quarter —>
2000
Employed
persons from
2nd g > 1st op 2nd
quarter quarter
2000
Employed 8669
9528 persons

| key | rot | sex age_group | marital_status | economic_activity
L 15 Nl 172 Male 55 <= age ==64  Married Wholesale and retail trade, repairs
| 1810204112 1/6  Male 35 <=age <=44  Single Construction
| 1811203211 141 Male 35 <= age <= 44 Married Manufacturing
| 118112035811 142 Male 35 <= age <= 44 Married Manufacturing
| 11811203512 142  Female 256 <= age ==34  Married Other Services
| 1811203711 142 Male 45 <= age <= 54 Married Manufacturing
| 11811203712 142 Female 45 <= age <= 54 Married Manufacturing
| 1811203713 142 Male 15 <= age <= 24 | Single Manufacturing
| 11811203714 142 Female 15 <= age <= 24 | Single Manufacturing
| 11811203811 142  Female 15 <= age <= 24 | Single Manufacturing
| 11811203311 1/6  Male 35 <= age <= 44 Married Manufacturing
| 1511203312 (1/6 Female 38 <= age <= 44 Married tanufacturing
| (1511204111 (173 Female 35 <= age <= 44 | Divorced or Separated | Other Services
| 1811204411 144 Male 45 <= age <= 54 Married Manufacturing
| 1811204412 144 Female 45 <= age <= 54 Married Manufacturing
| 1811204413 1474 Male 15 <= age <= 24 Single Wholesale and retail trade, repairs
| 118112045811 1474 Male 55 <= age <= 64 Married Manufacturing
| 11811204611 145 Female 45 <= age <= 54 | Divorced or Separated | Other Services

1511204711 (1/5  [Female 35 <= age <= 44 Married Other Services

A
Var.
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|25 SOEditor - AAA FIL - ROTTOT SDS - [Table] |2 | B ] | | | ] |

B Fie Edt View Selsction Graphic Window Help
slal@| =[] 2zofE el clmle =] el E

FEX AGE_group

206 Female (0 45), Male (0.55) | 45 == age == 54 (0.22), 35 == age == 44 (0 28], 55 == age == 4 (008}, age >= 65 (0 02), 25 == age == 3

215 | Female (0.46), Male (0.54) | 45 <= age <= 54 (0.22), 35 == sge <= 44 (0.25), 55 <= age <= 54 (0.14), age == 65 (0.03), 25 <= oge =3

213 | Female (0.47), Malz (0.53) | 45 <= age <= 54 (0.25), 35 == age <= 44 (0.22), 55 <= 208 <= 54 (0.12), age == 65 (0.02), 25 <= age <=3

.
symbol |C 214 Female (0.45), Male (0.55) | 45 == age == 54 (0.22), 35 == age == 44 (0.22), 55 <= age <= 64 (0.14), age »= 5 (0.04), 25 == age =3

2i7=

And
And
And
And
And
And
And
And
And

217 | Female (0.47), Male (0.53) | 45 <= age <= 54 (0.23), 35 == age <= 44 (0.24), 55 <= age <= 64 (0.12), age == 65 (0.04), 25 <= oge =3

tabl e 141 | Female (0.45), Male (0.55) | 45 <= age <= 54 (0.22), 35 == age <= 44 (0.26), 55 <= ane <= 64 (0.13), age »= 65 (0.03), 25 <= age <=3

292 Female (0.47), Male (0.53) | 45 == age == 54 (0.23), 35 == age == 44 (0 24), 55 == age == 64 (0.13), age >= 65 (0 03), 25 == age == 3

115 | Female (0.46), Male (0.54) | 45 <= age <= 54 (0.21), 35 == cge <= 44 (0.25), 55 <= age <= 64 (0.14), age == B5 (0.02), 25 <= oge =3

142 | Female (0.47), Male (0.53) | 45 == age == 54 (0.23), 35 == age == 44 (0.24), 55 == age <= 64 (0.13), age == 65 (0.03), 25 <= age =3

113 | Female 0.47), Male (0.53) | 45 <= age <= 54 (0.25), 35 == age <= 44 (0.21), 55 <= age <= 54 (0.12), age == 65 (0.02), 25 <= age <=3

116 Female (0.44), Male (0.56) | 45 == age == 54 (0.21), 35 == age == 44 (0.28), 55 <= age <= 64 (0.08), age == 65 (002), 25 <= age ==3

144 | Female (0.95), Male (0.55) | 45 == age == 54 (0.23), 35 == age == 44 (0.21), 55 == age <= 64 (0.13), age == 65 (0.03), 25 <= age =3

sex = Female (0.47), Male [0.53)

age_group = 45 <= age <= 54 [0.23), 35 <= age <= 44 [0.24), 55 <= age <= 64 [0.12], age >= 65 [0.04] 25 <= age SOL
marital_status = Married (0.69), Single (0.22), Divorced or Sep [0.05), Widow [0.03]

economic_a = Real state, ren (0.07), Other Services [0.21]. ¥holesale and r [0.17). Agriculture, hu [0.06],

occupation ElEI‘I‘IEI‘IlﬂEy u[I:[:u [[I.:uﬁlr,iegh;iciansiand [[I[.[]I[[I']é]PrSnfl;.fssinrllals [;I.[l[]'ﬂ‘}.g]SErvice workers [).15), Craft s b 'i

pr i |_status = ploy .79). Other professio [0.02), Self-employed (0.

partfull = partime [0.11). fulltime [0.89) yrbr\ o c
hours_group = hours <= 24 [0.08), 25 <= hours <= [0.04), 35 <= hours <= [0.18), hours >= 40 (0.70) O ject

education_level = lower secondary [0.66). higher educatio [0.13), without educati [0.06). upper secordary [0.15]

Language

Editor - Rotation 1/1

occupation

fumed forces
economic_activity Flant and machi
Legislators, se

Clets
Skilled agricul
Cratt and relat
Semice motkers

Mining and quar professional_status

Financial inter
Manufasturing
Construction
Transpart, stor
Putlic administ

, Agriculture, hu
marital_status Wiholeszla and 1

seltemployed

i o
Divorced or Sep partfull

fulltime

26 <= age <=
16 <= age <= 24

35 == hours <=
age_group

higher educatio
hours_group

without educati

uppersecandary

education_level
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Editor - Rotation 2/7

217

occupation

Aumed forces
economic_activity Flant and machi
Legislators, se professional_status

Cletks

Mining and quar
Electrisity, ga
Hotels and rest

Financial inter
Man utacturing

Skillzd agricul
Craft and relat

Selfemployed

Service wotkers
FPublic administ

- Agriculture, hu
marital_status Wiholesale and

partfull

i o
Divarced or Sep

Singls fulltime

55 = age <=
age 2=65 I
25 <= age =34
15 <= age <= 24

secondary 25 €= hours &=
Female

35 <= hours <=

age_group

higher educatio houts »= 40

hours_group

without educati

uppersecondary
education_level

Editor - Occupation 1/1 and 2/7

Elementary occupations
Technicians and aszociate prof
Frofessionals,

Semice wokerz and shop and m
Craft and related trades worke
Skilled agricultural and fishe
Cletks,

Legislators, senior officials
Flant and machine operators an
Armed forces,

Eleme ntary oocupations
Technicians and associate prof
FProfessionals

Senvice workers and shop and m
Craft and rel ated frades worke
Skilled agricultural and fishe
Clerks,

Legislators, senior officials
Flant and machine operators an
Amed farces,
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Factorial Discriminant Analysis
DEditor - AAA FIL - ROTTOT.SDS - [Table] | EIR | 38 =1 &

Felel=l e |

Eflle Edit “iew Selection Graphic Window Help

&3] o= ZP|oja Bz

education_level rot_cl
216 lowver secondary (0.66), higher educatio (0.14), without educati (0.05), upper secondary (0.15) G
215 loweer secondary (0.66), highet educatio (0.12), without educati (0.05), upper secondary (0.17) Bl
213 loweer secondary (0.63), higher educatio (0.15), without educati (0.06), upper secondary (0.16) 3
274 lovwwer secondary (0.67), higher educatio (0.11), without educati (0.06), upper secondary (0.15) 4
207 | lower secondary (0.66), higher educatio (0.13), without educati (0.05), upper secondary (0.15) 1
11 loweer secondary (0.64), highet educatio (0.12), without educati (0.06), upper secondaty (0.18) 1
212 loweer secondary (0.62), highet educatio (0.15), without educati (0.06), upper secondary (0.17) 2
115 loweer secondary (0.66), higher educatio (0,120, without educati (0.06), upper secondary (0.16) 5
Bl lovwwer secondary (0617, higher educatio (0.15), without educati (0.06), upper secondary (0.18) 2
103 loweer secondary (0.62), higher educatio (0.15), without educati (0.08), upper secondary (0.17) 3
116 lowver secondary (0.66), higher educatio (0.14), without educati (0.05), upper secondary (0.15) [
114 loweer secondary (0.68), highet educatio (0.11), without educati (0.06), upper secondary (0.15) 4

@ Class var
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Factorial Discriminant Analysis

8 Zigzon0a s woapar TR TN e ey WEIE|

Eichier Edition Affichage  Insertion  Format 2

s I E e R

Classification table: LI
Test\Classes 12 13 14 15 16
"z /e | o o a o o k
"z /& | O o a} o Y a}
"z oan | o o 7 3 a o a
nz /oA | O o a 1 o a
nZ S (" o a ] o a
i e ] 4 u a a o a
"z /o | 0 1 a o o a
ML e | o o a o d, a
ML B da | o 4, a a u a
i i | o o 7 3 a o a
L et | o o a ] o k
Mg A | O o a} ; 1 o a}

Classification Summary :

Clags\Class 11 |2 E 12 |5 |6

i, (&) ] 0 o ] 0

2 |0 (e») 0 0 a 0

3 | o ] (&) 0 o 0

4 | o ] 0 [>) ] 0

5 | o a 0 0 (&) 0

& | o o 0 0 ] (&)

Clagzification Ratio :IIDD.D%I _I
Pour de laide, anpuvez sur F1 [ Hum

Joining of independent surveys

time
use
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Joining of independent surveys

Woman Married 35-59 years Emtployed University
ras =

COMBINIWG SOME ract
CHEWSTRY
BORK m:é:ﬁmsu Bt I

HOT APPLICAELE
OTHER FORMWS
EY TRAN

comt

RETURH HOWETO

BY CAR
OH BICYCLE
EY BUS

HOT RETURH HOME ||mp

HOT ARPLICABLE " . Hign Faricip,
S P:ni:inuedmm Faricip
CONTHUOUS SPLTEIT
Jern Ha Panizin,
Ha Faricip.
Madium Parlicip
High Paricip.
prpe

Madium Fariicip
Wadium Paricip

1 Hign Pamicip.
ropa Hign Panicin,
prac

-~

Dissemination )
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SODAS software is a useful ool for:
* Manipulating
+ Joining
» Visualizing
* Comparing
* Analyzing
» Explaining

COMPLEX
official statistical data EASIER !l

References

* Analysis of Symbolic Data: Exploratory Methods for
Extracting Statistical Information from Complex Data -
BOCK, H.H.; DIDAY, E.; Springer, 2000

+ SODAS Reference Manual

- Download SODAS I and several information:
www.ceremade.dauphine.fr/~touati/sodas-pagegarde.htm
- ASSO site
www.assoproject.be
+ Journal of Symbolic Data Analysis
www.jsda.unina2.it
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