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This paper introduces a statistical strategy for Correspondence Analy-
sis. A formal description of the choices, actions and decisions taken
during data analysis is built. Rules and heuristics have been obtained
from the application of this technique to real case studies.

The strategy proposed checks suitability of certain types of data matri-
ces for this analysis and also considers a guidance and interpretation
of the application of this technique. Some algorithmic-like rules are
presented and specific criteria are given for application.

This strategy has been implemented in a statistical knowledge-based
system prototype using hypertezt and rules.

Key words: Statistical Strategy, Correspondence Analysis,

Knowledge-Based System, Knowledge Enhancement
System, Hypertext.

1. This paper has been partially supported by Spanish CICYT Project INF91-74.

t M2 Carmen Bravo Llatas. Centro de Proceso de Datos. Universidad Complutense. Avda.
Paraninfo s/n. 28040 Madrid. Spain.

—Article presentat al Seventh International Conference on Multivariate Analysis, setembre
1992.

—Acceptat el gener de 1994.

51



1. INTRODUCTION

The increasing number of user friendly statistical packages together with
the daily use of Statistics by non-experts may lead to its misuse. This is the
main reason why statistical knowledge-based systems or statistical knowledge
enhancement systems (Hand (1987, 1990)) are necessary. A first aim of these
systems should be to help researchers in data analysis tasks providing them with
guidance to choose a technique for analysis, to perform a successful analysis
and to interpret the obtained results. Another goal of these systems should be
the knowledge improvement in a statistical technique both by non-experts -and
experts 1n Statistics.

When dealing with the creation of a statistical knowledge base for a system,
attention could be paid to two types of knowledge: the statistical theoretical
background about a technique or a set of techniques and, the heuristics and
rules that data analysts adopt in their work. In this paper, we concentrate on
the latter and propose a statistical strategy for simple Correspondence Analysis.
It also can be applied when more than two variables are present. The multiple
Correspondence Analysis can be reduced to the two-way analysis partitioning the
variable set into two groups, each of them composed of independent variables.
In this case, a submatrix of the Burt matrix is analised, with different row and
column categories, Lebart et al. (1984), Benzécri and Maiti (1990), Benzécri
(1990).

A statistical knowledge enhancement system prototype has been developed
combining these two types of knowledge. Rules and hypertext have been the
tools employed to represent statistical knowledge. A deeper view of this system
may be seen in Ferran (1991), who organizes knowledge about Correspondence
Analysis in order to implement it in a hypertext, and Ribes (1991), who describes
the prototype. In Bravo (1991) a methodology for building a statistical strategy
is proposed, and a part of the statistical strategy presented here is outlined.

For further information on these systems where hypertext is one tool emplo-
yed to represent knowledge, see Hand (1987, 1990). Concerning strategies for

Correspondence Analysis, Jambu (1991) gives some rules of action for applica-
tion.

The rest of the paper is organized as follows: In Section 2, the statistical
strategy concept is defined and a general view of Correspondence Analysis stra-
tegy is outlined. In Section 3, determining suitability of matrix substrategy is
described, with emphasis on variables and categories. Two trees representing the
main points of the strategy are also presented. Sections 4 to 6 show strategies
for selection of the number of axes to be retained, interpretation based on one
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space and simultaneous interpretation. Some algorithms with specific criteria
are presented and some ideas on how to implement them in the prototype are
outlined. Section 7 presents some information about the implementation of the
prototype together with a short example.

2. STATISTICAL STRATEGY

Hand (1986) defines a statistical strategy as a formal description of the choi-
ces, actions and decisiones taken during data analysis. It is not merely a sequence
of actions but a recipe to choose an action as a result of an external event.

There are two well-known types of statistical strategies depending on their
main purpose. One is related to the selection of some statistical techniques
suitable for analysing a specific data set and the other provides a guidance
to the analysis and interpretation of results, once a statistical technique has
been chosen. For the development of our strategy, Correspondence Analysis is
assumed to be the technique chosen to analyse data.

As many authors agree (Lubinsky and Pregibon (1988), Thisted (1986), Ol-
ford and Peters (1986), Pregibon (1986)), a statistical strategy may be repre-
sented by a set of trees where every node is a different representation of data.
Furthermore, data analysis consists in navigating through this set where any
movement from one node to another is done by means of any transformation,
such that: a test, a complicated procedure, a researcher’s preference or even
data themselves.

Hand (1986), Huber (1986) and Pregibon (1986) consider that data analysis
does not merely consist in data cleaning followed by analysing but in these four
stages:

(a) Objective formulation. In the application context researcher’s objecti-
ves are formulated and suitable techniques are considered. Dependent and
independent variables are determined as well. In our case, there is no need
to select a technique because Correspondence Analysis has been chosen for
application. Even though, we will determine if our main aim is basically
descriptive or scores on axes will be used in a subsequent analysis; select
active and illustrative variables; combine categories to form illustrative
ones; or make a decision for missing value categories.

(b) Formalization. In this stage, the translation of objectives to statistical
terms is carried out.
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(c) Numerical processing. It consists in modeling test, data cleaning and
selection of data transformations. Undoubtedly this is the most valuable
part a knowledge enhancement system should contain. At this stage, we
would give criteria or algorithms to select axes, intepret them or determine
well represented categories. Some data cleaning is also included such as,
for example, if only a few categories explain the maximum inertia axis we
should reconsider the matrix to be analysed.

(d) Interpretation of results. In subject-matter context, we will interpret
retained axes and proximities between points projected onto axes.

Although these stages are followed in a sequential way it is not a rigid struc-
ture. Iterative or recursive cycles may occur in numerical processing. Besides,
from numerical processing and from the interpretation it is possible to go back
to the first stage to look for another objective. Similarly, if disparity between
objectives and results is encountered a reformulation of an old objective may be
done.

Note also that interaction between the system and the user may take place in
the four stages. Whenever it is possible, the user’s preferences should be taken
into account to choose the way analysis should proceed.

As in most data analysis tasks, I believe that Correspondence Analysis stra-
tegy has hierarchical structure that can be represented by a tree. It is subdivided
in two main interrelated parts connected to the two types of statistical strategy:
determining suitability of the matrix to analyse and, guiding and interpreting
the analysis. The interrelation between these two hierarchical parts can be ex-
plained by displacements from a node of one branch to the other branch. The
first strategy is composed of two substrategies: one forms the data matrix to
be analysed and the other determines when the analysis is appropriate for this
data set. The second strategy is composed of four substrategies: selection of the
number of axes to be retained, interpretation based on one space, simultaneous
interpretation and interpretation of interesting and illustrative categories. These
substrategies are also broken down into some substrategies and so on.

3. DETERMINING SUITABILITY OF MATRIX

3.1. Determining data matrix

Since Correspondence Analysis is an exploratory data analysis technique re-
vealing interrelations between two spaces of categories, we shall usually use it

94



to analyse large data matrices of positive numbers. This is motivated by the
difficulty of drawing significant information just from viewing these matrices.

This substrategy, presented in figures 1 and 2, deals with the configuration of
data matrix for analysis, with regard to variables and categories. It also implies
some data cleaning and selects illustrative variables or categories to be projected
onto the axes.

RELEVANCE
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ILLUSTR. VAR.
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ACTIVE & ILLUSTR.
VARIABLES
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Figure 1.
Statistical strategy for variables.

3.1.1. VARIABLES

Globally, the substrategy related to variables deals with the selection of active
and illustrative variables, as well as the preparation of these variables and the
determination of row and column spaces of the matrix to be analysed.
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Figure 2.

Statistical strategy for categories.

to specify that matrix:

(a) Select active and illustrative variables following the Relevance Principle to
preserve homogeneity. In Correspondence Analysis, we require not only
measure homogeneity of variables, but also their semantic homogeneity.
The Relevance Principle should be applied to keep for principal analysis
those variables interrelated in a specific point of view. Not being illustra-
tive variables in the analysis, they could be used as a validation test for
principal analysis, Lebart et al. (1984) and Benzécri et al. (1990).

(b)
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If there are continuous variables, categorize them following the researcher’s
knowledge or any other criteria as, for example, subdividing in similar
weight classes, Tekaia et al. (1990).



(c) If there are ordinal variables, consider their categorization if the number
of possible values is greater than a fixed number, i.e., four or five. It is
convenient to follow the reserarcher’s interests and not to unbalance the

weight of classes. Even, extreme value categories could be joined when it
is Judged reasonable.

(d) If more than two active variables are present:

» determine sets of variables with interactive effects on the others. Af-
terwards, variables in each of these sets should be crossed to create a
new active one,-which replaces-those.-.Gommonly,-a temporal -varia-
ble will be crossed with those of interest in evolution, Benzécri et al.
(1990), Alawieh (1990), Maravalle (1990).

» determine variables of less important to take marginals on them.

» determine row and column spaces of the matrix to be analysed, which
1s built extracting the corresponding submatrices of the Burt matrix.

(e) Even when Correspondence Analysis is an exploratory technique, someti-
mes it is useful to apply it to data matrices traditionally analysed by other
confirmatory techniques, such as, for example, analysis of variance, non-
parametric multiple comparison tests or discriminant analysis. Although
these techniques did not reveal significant effects, Correspondence Analy-
sis may show important interrelations among variables, which are easy to
check with the data matrix, Benzécri et al. (1990), Maiti (1989), Tekala
et al. (1990).

3.1.2. CATEGORIES

This substrategy considers the treatment given to special types of categories
such as, missing value, similar profile and small weight and determines illustra-
tive categories. It is subdivided in these parts:

(a) For missing value categories, the strategies that could be followed are:
define them as illustrative categories, keep them in principal analysis or
remove them from principal analysis. In case of elimination of categories
from principal analysis we also could consider the elimination of experi-
mental units with missing values on them.

(b) In each space, similar profile categories will be joined, as a consequence

of distributional equivalence property of x—squared distance, Lebart et al.
(1982).
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(c) If there are small weight categories, reconsider their presence in principal
analysis. For each of them, three strategies may be followed: join the ca-
tegory to another of similar meaning, define the category as an illustrative
one or give more weight to it.

A category could be considered of small weight when its weight is lower
than 1/(a x p), p being the number of categories corresponding to the
variable and « a real number greater than 1, e.g., 3.

(d) Define other illustrative categories taking marginals on combinations of
active categories or considering the researcher’s interests.

3.2. Determining suitability of analysis

The aim of Correspondence Analysis is the distribution of total inertia in
a few axes. Although it could be applied in the independent case, it is more
valuable when rows and columns of the matrix are not independent. In this
case, the analysis tries to explain interrelations among row and column points.
Note, however, that if the distribution of total inertia on axes were homogeneous,
Correspondence Analysis would not be the best suitable descriptive technique
for these data matrices, Lebart et al. (1984).

4. SELECTION ON THE NUMBER OF AXES TO BE RETAINED

The selection of the number of axes to be retained depends on our main pur-
pose, if it is merely descriptive or if in subsequent analysis the original variables
are going to be replaced with scores on the axes.

The proposed strategy, which is not based on a statistical test, tries to get
a compromise among well-known criteria. These criteria are: a) to retain only
a few axes, b) to keep as much of total inertia as possible, ¢) to avoid that the
inertia of any retained axis being similar to the inertia of any other non-retained
axis, d) to retain those axes whose proportion of inertia is greater than the
‘inertia mean’.
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Algorithm below combines specific versions of those aspects:

Algorithm 1.

Step 0. Initialization:

A(= 0) : inertia explained by retained axes.
k(= 0) : number of retained axes.

€(= 0.25/0.20) : coefficient to-determine a-big:step between two eigen-
values.

m, s : degrees of freedom of rows and columns.

k' : maximum number of axes to be retained.

Ak 1 kth eigenvalue or inertia explained by k*h axis.
¥ : total inertia minus one.

Stepl. k = k+1
A = A4+
Step 2. If ((v—A/\— > 0.80 and |Ag41 — Ak| > € x /\k> OR (k > min(m,s)))
LA

then go to Step 3.
else go to Step 1.

Step 3. If k > k' then Rewnitialization: k = 0
A =0
3.1. k=k+1
T —— then A=A+ X
max(m, ) Go to 3.1.
else k=k-1
Go to Step 4.

else go to Step 4.

Step 4. Results:

k : number of axes to be retained.
Lambda

N
End.

: proportion of inertia explained by retained axes.

In this algorithm, all computations are supposed to start at the second ei-
genvalue because the first one is always one and it doesn’t make sense.
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5. ONE SPACE INTERPRETATION

This strategy deals with the fact of interpretation based on one space. Usua-
1ly, for each retained axis the row or column spaces will be chosen to interpret it.
Afterwards, the projections on the axis of the other space points will be inter-
preted, taking into account that badly represented categories over the retained
axes set should lead us to reconsider their presence in the analysis.

5.1. Interpretation of an axis

The algorithm introduced for the intepretation of an axis provides criteria to
select the categories that explain mostly the axis according to the category abso-
lute contributions. It also determines the relative importance of these categories
in this explanation and locates the category projections on both sides of the axis.
Note that we should also include those categories whose absolute contributions
are similar to one of those of the explicative categories. Lebart et al. (1982),
define the absolute contribution of a point to an axis as the proportion of total
inertia of the axis explained by the point.

The algorithm also considers the case when very few categories explain the
maximum inertia axis. In this case, the matrix to be analysed should be recon-
sidered, according to the following substrategies for those categories: join them
to another category of similar meaning, remove them from principal analysis or
give them less weight.

Once chosen one of the two spaces, the algorithm proposed to interpret an
axis 1s as follows:

Algorithm 2.

Step 0. Initialization:
LIMIT (= 1/n) : limit to retain an explicative category.
n : number of categories in the space.
k(= 1) : number of categories explaining the axis.

6(= 0.5) : coefficient to detect similarities between absolute contribu-
tions.

a(= 0.20) : coefficient to obtain N.

N : maximum number of categories that explain the first axis prior to
reconsidering the matrix to be analysed.

N =INT[n X o] if n < 20; N =4 if n > 20.
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Step 1.

Step 2.

Step 3.

Step 4.

Step 5.

Step 6.

CABS;(i = 1,...,n) : absolute contribution of i*" point to the axis.
PROJ;(i = 1,...,n) : projection of i*" point onto the axis.

Order categories decreasingly according to their absolute contributions:
CABS; > --+ > CABS,

Verify that CABS; > LIMIT

SIGN = SIGN(PROJ,)

k=k+1

If caBS; < LIMIT then go to Step 5.

I=1

3.1. If (caBS; — CABSg) < 6 x LIMIT X [ then the relative importance
of the two points in the construction of the axis is I—similar.

Go to Step 4.
else IT=1+1
Go to 3.1.

If sIGN(PROJ,) = SIGN then the k™ point is projected on the same
semiaxis of the point of greatest importance.

else k*M and the point of greatest importance are in opposite semiaxes.

Go to Step 2.

k=k—-1

If (CABSg4+1 — CABSk) < (6/2) X LIMIT

then readjust the number of categories, k, due to similarity between
absolute contributions.

If 1t is the first axis and k < N then reconsider the configuration of the
matrix following the strategy given above the algorithm.
Go to End.

else  Results:
the first k categories explain the axis.
their relative importance is given in Step 3.
their relative position on the axis is given in Step 4.
End.

The criteria specified in the algorithm may be substituted as, for example, the
limit for retaining categories could be LIMIT = p/(n — 1), being g = 0.75 or any
other constant smaller than one.
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Practically speaking, in the prototype built, the set of categories that explain
an axis is divided only into three groups of importance. The interval between
the limit to accept explicative categories and the greatest absolute contribution
among categories is divided into three equal size subintervals.

5.2. Representation of categories on an axis

The algorithm proposed for intepreting categories on an axis provides criteria
to select well represented categories on-the-axis according to the-category rela-
tive contributions. It also positions the projections of well represented categories
on both sides of the axis and considers the selection of categories whose relative
contributions are similar to one of those of the well represented categories. Be-
forehand, the presence of badly represented categories in the retained axes set
should lead us to reconsider their presence in the analysis. According to Lebart
et al. (1982) relative contribution of an axis to a point is the squared cosine of
the angle formed by the point with the axis.

Note that retaining a category to interpret an axis (based on absolute con-
tribution), position it on a semiaxis and not to represent this category onto it
because of a low relative contribution, may be confusing. It may be due to the

fact that this category would participate in the explanation of some other axes,
Lebart et al. (1984).

Once interpreted an axis by the categories of one space, the algorithm for
interpretation of the other space projections onto it is given by:

Algorithm 3.

Step 0. Initialization:

LIMIT(= 0.40): minimum value for relative contributions to select a
well represented category.

CAT: the other space category of greatest absolute contribution.
SIGN: sign of the projection of CAT.

n: number of categories in the space.

k(= 1) : number of well represented categories on the axis.
CREL;(7 = 1,...,n) : relative contribution of axis to i*h point.
PROJ;(i = 1,...,n) : projection of i*" point onto the axis.

a(= 0.05) : coefficient to detect similarities between relative contribu-
tions.
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Step 1. Order categories decreasingly according to their relative contributions:
CREL{ > --- > CRELy.

Verify that CREL; > LIMIT.

Step2. k=k+1
If CREL; < LIMIT then go to Step 5.

Step 3. If SIGN(PROJ,) = SIGN then the k" point and CAT are on the same
semiaxis.

else the kM point and CAT are in opposite semiaxes.

Step4. I =1
4.1. If (1 — CRELg) < a X I then the level of good representation of kP
point is I.
Go to Step 2.
else [ =1+1
Go to 4.1.

Step 5. k=k—-1

If (CRELg4+1 — CREL}) < /2 then readjust the number of categories,
k, diminishing or augmenting it.

Step 6. Results:
The first k categories can be explained by the axis.

The way they are correlated with the axis and other space categories
is given by relative contributions and by Step 3.

The levels of good representation are given in Step 4.
End.

All the specified criteria in this algorithm may be modified. For example,
the limit in order to select well represented categories, could be related to the
global quality of representation of categories in the retained axes set, provided
that these qualities are acceptable. This limit could be LIMIT = Q/NRA or LIMIT
= 1/NRA, where Q is the global quality of representation of the category and
NRA 1s the number of retained axes.

In our prototype, the set of well represented categories is divided into three
groups whose relative contributions lie in [0.40, 0.60), [0.60, 0.80) and [0.80,
1], respectively. Considering that the limits of these groups depend on the

dimensionality of the data, they could be changed depending on the number of
inertia axes in each problem.
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6. SIMULTANEOUS REPRESENTATION AND INTERESTING
AND ILLUSTRATIVE CATEGORIES INTERPRETATION

Simultaneous interpretation is done by explaining proximities between pro-
jected points of both spaces onto axes. It should be taken into account their
quality of representation and weights, as well as Euclidean distances between
points and from the origin, which is simultaneously the center of gravity of row
and column points.

For well represented categories on an axis, the proximity of a row (column)
point to a column (row) point is encountered when the component of this column
(row) in the row (column) profile has a higher value than the same component
in the average row (column) profile. The row (column) profile components with
lower values than the corresponding components in the average row (column)
profile are the column (row) categories which are projected on different semiaxis
that the row (column) category. Similarly, two row (column) points are close
to each other when their profiles are similar and are located on different se-
miaxes when they have very different profiles. In fact, the proximity between
two row (column) points is explained by higher values in their profiles than the
average row (column) profile of the components corresponding to the nearest
column (row) points, and lower values than the average row (column) profile of
components corresponding to the other semiaxis column (row) points.

The above interpretations will be more accurate when points are farther from
the origin, better represented, and have more weight, Lebart et al. (1984). It
would be interesting to investigate ways of combining these criteria in order to
obtain a measure of the relative importance of these interpretations.

For categories that are illustrative or of interest for the researcher, the axes
in which they are well represented have to be selected. Proximities to other well
represented categories on those axes may be interpreted as the above paragraphs
suggest. Section 5 also may be applied to intepret projections onto axes.

In the prototype built, simultaneous representation of well represented points
on axes is shown, and some guidelines are given to the user for interpretation.

7. IMPLEMENTATION OF THE PROTOTYPE. AN EXAMPLE

A prototype for PC MS-DOS has been built. Both the statistical strategy
and the theoretical background of the technique have been included. There is
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a continuous interaction between the user and the prototype, allowing them
to participate in matrix building and analysis and to learn how the analysis
is performed and interpreted by the prototype. The user’s knowledge about

the technique also can be improved using the hypertext and explaining com-
mands.

Tools employed in the prototype are: a)'KESR‘II2 ‘(Knowledge Engineering
System II, Release 2.2), an expert system tool, b) HIPERI, the hypertext, writ-
ten in C (Mosich et al., 1988), ¢) ANCO, a FORTRAN program that performs
the analysis. KES® II is composed of a rule-based knowledge base and a back-
ward chaining inference engine.

KES® II helps us to build a menu-driven interface between the user and the
prototype. It displays two main menu screens: One to determine the matrix
for analysis and another to perform the analysis; both of them include several
submenu screens and questions. It is possible to ask for explanation of technical

terms about those questions or reasons leading to them by the EXPLAIN and
WHY commands.

Both menu screens allow for linking to HIPER1, which contains the theoreti-
cal background of the technique in textual cards. HIPER1 allows the navigation
through its knowledge base in a non-sequential way, letting the user to establish
interrelations among statistical terms according to their needs. Graphical aids
would make more understandable some concepts and strategies, and could be
included in later versions.

During matrix construction, the prototype tries to obtain some metainfor-
mation available of data. It suggests the application of Relevance Principle to
select active and illustrative variables; inquires into dependencies among va-
riables (anova, discriminant, time effect, others) and interactive effect of some
variables on the others; and asks for: the user’s interests in categorization of
ordinal and continuous variables, how to deal with non-complete cases, missing
value and small weight categories, and the determination of some illustrative
categories as for example marginals and others of user’s interest.

Once built the data matrix, the analysis is performed by ANCO, which cre-
ates some communication files with KES® II, which applies the strategy.

Having proved the success of the conjunction of hypertext, rules and pro-
gramming techniques in the construction of the prototype, we suggest the deve-
lopment of a more powerful system. We would suggest also the use of a hypertext

2KES® 1I (c) (1985) Software Architecture & Engineering, Inc., distributed and supported
by Sperry Corp.
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as the interface between the user and the system and the incorporation of tools
that would allow the system to get as metainformation of data as possible.

The following short example illustrates the use of the prototype. It concerns
a study of the influence of body position in some respiratory measures, taking
into account sex, age, body mass index (bmi), smoking and exercise. The initial
menu screen is shown in figure 3.

What do you want to do?

1. Identification of principal and illustrative variables. (Rele-
vance Principle).

2. Identification of rows and columns.

3. Preparation of variables. (Type of variables, interactive
effects, less important variables).

4. Determination of categories. (Missing value, equal profile,

small weight).

Determination of illustrative categories.
Determination of meaningful categories.
Enter into help menu. (Hypertext).
Perform analysis.

Exit.

© oo

Figure 3.
Menu for determining the matrix for analysis.

The matrix for analysis will be determined by clicking points displayed in this
menu. Through point 1, the prototype asks for selection of active variables
among the observed ones, according to the Relevance Principle: sez, age, bmz,
position, smoking, exercise and some respiratory parameters. Smoking and exer-
cise are considered unimportant. Point 2, see figure 4, finds a discriminant
variable, position; variables characterizing the groups, respiratory parameters;
and other variables influencing on these, sez, age and bmi. Point 3 helps to
detect an interactive effect of sex and age on respiratory parameters; determi-
nes the categorization of continuous variables in three classes: age according
to the user’s interests, dmi and respiratory parameters in equivalent weight
categories, defining different dm: limits for each sez; and variables of less im-
portance, smoking, ezercise and some respiratory parameters. Point 4 consi-
ders the presence of missing value, small weight and equal profile categories.
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Type of problem:
1. Discriminant.
2.  Anova.
3.  Time effect.

4.  Other interrelations.
=7 EXPLAIN 1

A problem is of discriminant type if there are some groups that
have to be characterized by some parameters.

=71

Which variable identifies your groups?

1. Sex. 7. Fve.
2. Age. 8. Pef.
3. Bmi. 9. Mef50.
4. Position. 10. Pif.
5. Smoking. 11. Tpef.
6. Exercise. 12. Ttot.
=74
Which variables characterize your groups?
1. Sex. 7. Fve.
2 Age. 8. Pef.
3. Bmi. 9. Mef50.
4. Position. 10. Pif.
5. Smoking. 11. Tpef.
6. Exercise. 12. Ttot.

=7 T&8&9&10&12

Is there any other variable that incides in your characteristic
variables?

1. Sex. 7. Fve.

2 Age. 8. Pef.

3. Bmi. 9. Mef50.

4. Position. 10. Pif.

5 Smoking. 11. Tpef.

6. Exercise. 12. Ttot.
=7 1&2&3

Figure 4.
Identification of rows and columns of the matrix.
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Point 5 defines some illustrative categories, such as marginals on sez and age
and other categories. Finally, point 6 determines meaningful categories to be
interpreted. This menu helps to determine the matrix for analysis. Here, it
is the submatrix extracted from the Burt matrix with rows the categories of
position, bmi and the combination of sez and age, and columns, the categories
of the respiratory parameters of interest in principal analysis.

Figure 5 displays the hypertext, which may be called from the two main
menu screens. Once built the matrix for analysis, point 8 of the initial menu
leads to the second manin menu screen shown in figure 6. Point 1 of this second.
menu shows the histogram of proportion of inertia explained by the axes and
gives some explanation about the number of axes that are retained in this step.
Other points are self explanatory enough. Figures 7 and 8 display part of the
output of the session, but not the dialogue between the user and the prototype.
Output in figure 7 is related to points 2 and 3 of this second menu, while figure
8 is related to point 4.

[ Home ]

Home Stack Prev Next Delete Quit

Correspondence_An. Conting.matrix

c""’“"‘"d-di'TAborrospondonco_Analysts[
Absolut
Quality Home Stack Prev Next Delete Quit
Illustr

It is s descriptive technique for snalysis

of a [TIISUCAKCIIIITILn general. Its ais is to

represent rows and columns in a lower dimension

ERTIECTKTIIT ceeping saxisua of the
o irorcia]

| Total_inertia |

Home Stack Prev Next Delete Quit

Dispersion of rows (columns) of the matrix,

taking into account its CEFFIT]

Figure 5.
The hypertext.
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What do you want to do?

1. Election of axes to be retained.
Explanation of an axis.
Interpretation of projections on an axis.
Simultaneous interpretation of rows and columns.
Interpretation of meaningful categories.
Representation of illustrative categories.
Enter into help menu. (Hypertext).

Previous menu.

Figure 6.
Menu for performing the analysis.

8. CONCLUDING REMARKS

The main goal of developing statistical strategies is to build statistical know-
ledge enhancement systems that not only lead to a better use of data analysis
techniques but also to the improvement of user’s knowledge about them.

The developed strategy and the organized knowledge about Correspondence
Analysis have been implemented in a knowledge enhancement system prototype.
Next step should be the transformation of this prototype into a modular sys-
tem to which new modules related to other techniques could be added sub-
sequently. This modular system would represent a valuable tool to analyse

data correctly and to learn or improve users’ knowledge in data analysis tech-
niques.

According to our experience, these systems not only help researchers in other
fields to perform analysis but also benefit Statistics and data analysts. Statistics
is protected against misapplication of techniques to data and data analysts may
improve their own knowledge about certain techniques.
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(Point 2. Determined an axis and row points to explain it)

First axis is explained by the categories:
mc™, mct, posl, pos2, and pos3

Below, groups of categories by their importance in determining the axis
(absolute contributions):

Maximum importance categories: mc*, posl, and pos3

Medium importance categories: mc~, and pos2
Moreover, the categories: mc*, posl, and pos2

are opposed in this axis to the categories: mc¢™, and pos3

Ready for command:
(Point 3.)

Being explained this axis by row categories, column categories will be
explained.

The categories well represented onto first axis are:
fv_vaszv+7pef—)pef=’pef+’m50—7m50=1m50+7pif’pif+7t_)
and tt

Below, groups of categories by levels of good representation (relative
contributions):

Rather well represented categories: fv~,pef~,m50~,m50%, and ¢~
Quite well represented categories: fv=, fvt,pef* pift, and t*
Fairly well represented categories: pef=, m50=, and pif~

Moreover, the categories: fv~,pef~, and t*
are projected onto positive semiaxis being correlated with the cate-
gories: mc¥, posl, and pos2
and the categories: fv=, fvt,pef=,peft, m50~, ms0=, ms60*, pif~,
pift, and t~
are projected onto negative semiaxis being correlated with the cate-
gories: mc~, and pos3

Ready for command:

Figure 7.
Parts of the output displayed by the prototype during analysis.
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(Point 4.)

Categories well represented onto first (horizontal) and second (vertical) axes:

posi
t+
pos3 ne.  fus ) pos2
p‘"*fv;paf! pif- mc+
pift+ )
t- nok pos6 pef-fv- m50-
t=

For simultaneous interpretation of well projected categories in each axis take
into account:

~ One row (column) point is near one column (row) point because the
corresponding column (row) component in the row (column) profile is
higher than this component in the average row (column) profile; the
column (row) points on the other semiaxis have lower values in their
row (column) profile components than the corresponding components
in the average row (column) profile.

— The proximitity between two row (column) points is derived from
higher values than the average row (column) profile of the compo-
nents corresponding to the nearest column (row) points, and lower
values than the average row (column) profile of the components co-
rresponding to the other semiaxis column (row) points.

— The more weighty and farther the points are from the origin the more
accurate these interpretations are.

— It should be taken into account quality of representation of points.

Figure 8.
Part of the output displayed by the prototype in point 4 of second menu.
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