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Let suppose we have observed two random variables:

1. continuous & € RP;
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Let suppose we have observed two random variables:
1. continuous & € RP;
2. discrete (or categorical) 1 with valuesin 1,2, ..., G.

3. they have joined distribution (DA model):

e P(n=g)=nplg)
e Conditional distribution of & € RP given n = g is
described by the density f(z,m(g),C(g)).
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Let suppose we have observed two random variables:
1. continuous & € RP;
2. discrete (or categorical) 1 with valuesin 1,2, ..., G.

3. they have joined distribution (DA model):

e P(n=g)=nplg)
e Conditional distribution of & € RP given n = g is
described by the density f(z,m(g),C(g)).

Here f is the density of Gauss distribution in R” described
by two parameters:

e mean - m(g);

e covariance - C(g),
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1.1. Bayes formula

Suppose we know the parameters of this model: Overview
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Model

Diagnostics

Use

Algorithms

References

Home Page

Title Page

Go Back

Full Screen

Close

Quit

W ddaad

Sozopol 22-28.06.03 D. Vandev


http://www.fmi.uni-sofia.bg

1.1. Bayes formula

Suppose we know the parameters of this model: Overview
1. The prior probabilities - {p(g)}; i
Model

2. Group means - {m(g)};

Diagnostics
Use
Algorithms
References

Home Page

Title Page

Go Back
Full Screen
Close

Quit

W ddaad

Sozopol 22-28.06.03 D. Vandev


http://www.fmi.uni-sofia.bg

1.1. Bayes formula

Suppose we know the parameters of this model:
1. The prior probabilities - {p(g)}; e
Model
2' Group means - {m(g)}’ Diagnostics
3. Within group covariance matrices - C(g); Use
Algorithms

That is, the set of numbers: {p,,m,,C(g),g=1,2,.....,G}

References

Home Page

Title Page

Go Back
Full Screen

Close

W ddaad

Quit
Sozopol 22-28.06.03 D. Vandev


http://www.fmi.uni-sofia.bg

1.1. Bayes formula
Suppose we know the parameters of this model:
1. The prior probabilities - {p(g)};
2. Group means - {m(g)};
3. Within group covariance matrices - C'(g);

That is, the set of numbers: {p,,m,,C(g),g=1,2,.....,G}
Then according of the famous formula of Bayes we may
write down the conditional probability of n = ¢ given z:

P (n=gl|¢=g) =alglr) = c(z).p(g). f(z,m(g), C(g)),
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Suppose that within group covariance C'(g) are equal:
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The vector b(g) and the number a(g) in this case are
calculated explicitly:

b(h) =m(h)C™',  a(h) =logp(h) — m(h)C'm(h).
(7)

This is why DA takes the name Linear - the discriminant
functions are linear functions.
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We propose to correct the within group covariance esti-

mate considering instead the mixture:

Cyp=(1—a)xC+axC,. (12) =
The parameter 0 < o < 1 is to be chosen in interactive way —
via slider. Such corrections are not new (see for example Piagnostis
(Lauter, 159-168) in (Fedorov, 1992)). Use
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1.5. Selecting variables

The standard Fisher approach was to maximize the between
group variance or (what is the same) to minimize common
within group variance:

SS =Y (zi—mlg))(z: —m(g))

9€G icI(g)
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2.3. Save Data

Saves the data file in a form of comma separated file for later Overview
import in Excel or Statistica.
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3.2. Load Model
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3.4. Print Results

The following results are printed in the MATLAB command
window:

e File name - the name of file (data or model) you have
loaded recently;

e Model name - the name of corresponding value of selec-
tion variable if any;

e Number of cases in training sample.

Sozopol 22-28.06.03 D. Vandev

Overview
File

Diagnostics
Use
Algorithms
References

Home Page

Title Page

Go Back
Full Screen
Close

Quit

W ddaad


http://www.fmi.uni-sofia.bg

3.4. Print Results

The following results are printed in the MATLAB command Overview
window: File

- -
e File name - the name of file (data or model) you have Hoae

loaded recently; Diagnostics
e Model name - the name of corresponding value of selec- Use
tion variable if any; Algorithms
e Number of cases in training sample. References
e Variables in model with their f— and p— values ordered,; T —

Title Page

Go Back

Full Screen

Close

Quit

W ddaad

Sozopol 22-28.06.03 D. Vandev


http://www.fmi.uni-sofia.bg

3.4. Print Results

The following results are printed in the MATLAB command Overview
window: File

- -
e File name - the name of file (data or model) you have Hoae

loaded recently; Diagnostics
e Model name - the name of corresponding value of selec- Use
tion variable if any; Algorithms
e Number of cases in training sample. References
e Variables in model with their f— and p— values ordered,; T —

e Value of parameter o responsible for nonlinearity;

Title Page

Go Back
Full Screen
Close

Quit

W ddaad

Sozopol 22-28.06.03 D. Vandev


http://www.fmi.uni-sofia.bg

3.4. Print Results

The following results are printed in the MATLAB command
window:

e File name - the name of file (data or model) you have
loaded recently;

e Model name - the name of corresponding value of selec-
tion variable if any;

e Number of cases in training sample.

e Variables in model with their f— and p— values ordered;

e Value of parameter o responsible for nonlinearity;

e Value and p-value of Wilks A;

Sozopol 22-28.06.03 D. Vandev

Overview
File

Diagnostics
Use
Algorithms
References

Home Page

Title Page

Go Back
Full Screen
Close

Quit

W ddaad


http://www.fmi.uni-sofia.bg

3.4. Print Results

The following results are printed in the MATLAB command
window:

e File name - the name of file (data or model) you have
loaded recently;

e Model name - the name of corresponding value of selec-
tion variable if any;

e Number of cases in training sample.

e Variables in model with their f— and p— values ordered;

e Value of parameter o responsible for nonlinearity;

e Value and p-value of Wilks A;

e Results of the classification of the training sample - num-
ber of errors;

Sozopol 22-28.06.03 D. Vandev

Overview
File

Diagnostics
Use
Algorithms
References

Home Page

Title Page

Go Back
Full Screen
Close

Quit

W ddaad


http://www.fmi.uni-sofia.bg

3.4. Print Results

The following results are printed in the MATLAB command
window:

e File name - the name of file (data or model) you have
loaded recently;

e Model name - the name of corresponding value of selec-
tion variable if any;

e Number of cases in training sample.

e Variables in model with their f— and p— values ordered;

e Value of parameter o responsible for nonlinearity;

e Value and p-value of Wilks A;

e Results of the classification of the training sample - num-
ber of errors;

e Cases classified with probability below .8;

Sozopol 22-28.06.03 D. Vandev

Overview
File

Diagnostics
Use
Algorithms
References

Home Page

Title Page

Go Back
Full Screen
Close

Quit

W ddaad


http://www.fmi.uni-sofia.bg

3.4. Print Results

The following results are printed in the MATLAB command Overview
window: File
e File name - the name of file (data or model) you have
loaded recently; Diagnostics
e Model name - the name of corresponding value of selec- Use
tion variable if any; Algorithms
e Number of cases in training sample. References
e Variables in model with their f— and p— values ordered,; T —

e Value of parameter o responsible for nonlinearity;
e Value and p-value of Wilks A;
e Results of the classification of the training sample - num-

Title Page

ber of errors;
e Cases classified with probability below .8;
e Estimated power of the model by groups. Full Screen

Go Back

Close

W ddaad

Quit
Sozopol 22-28.06.03 D. Vandev


http://www.fmi.uni-sofia.bg

3.4. Print Results

The following results are printed in the MATLAB command Overview
window: File
e File name - the name of file (data or model) you have
loaded recently; Diagnostics
e Model name - the name of corresponding value of selec- Use
tion variable if any; Algorithms
e Number of cases in training sample. References
e Variables in model with their f— and p— values ordered,; T —

e Value of parameter o responsible for nonlinearity;
e Value and p-value of Wilks A;
e Results of the classification of the training sample - num-

Title Page

ber of errors;
e Cases classified with probability below .8;
e Estimated power of the model by groups. Full Screen

Go Back

Close

W ddaad

Quit
Sozopol 22-28.06.03 D. Vandev


http://www.fmi.uni-sofia.bg

Finally, a huge sample with 6000 observations per group

is produced according estimated within group means and co-
Overview

variance matrices. The sample is classified and results re-

ported on the MATLAB command window. This may be &
considered as an estimate of the theoretical power of the Hee
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4. Diagnostics
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Diagnostics

The tools proposed for making adequate decision are:

e Test - (Ctrl-t) - produces a test random sample;

e Leave-One-Out - checks the model against deleting each
of observations;

e Plot - (Ctrl-g) - makes two plots over canonical variables.

Test

A small sample with 100 observations per group is produced
according estimated within group means and covariance ma-
trices. The sample is classified and results reported on the
MATLAB command window. This may be considered as an
estimate of the power of the model. One may repeat this

step in order to be sure or use print menu with larger sample
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4.2. Leave-One-Out

A standard procedure is performed: Overview
1. For each observation in the training sample a model with -
the same variables is build but without this particular Model
observation.
Use
2. The training sample is classified with this new model and P
: ) lgorithms
classification errors counted. »
3. The errors for all observations are summarized and re- Home Page
ported o Title Page
4.3. Plot
Second (upper plot) and third canonical variables are plotted o Bock

against the first (on horizontal axes). The training sample is
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5.3.

Use

Load sample

A standard data (.csv) file is loaded which should not contain
missing values in the columns used for recognition. Columns
to use should have the same variable names.

Print results

Results of classification are printed.

Save sample

The sample is saved in a data (.csv) file with resulting clas-
sification in the first column.
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6. Algorithms

The calculations are based on the paper of (Jennrich, 1977) T

in the classical collection of (Einslein, Ralston et al., 1977) Fille

being in the foundations of the package BMDP(see (Dixon, Model
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