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DISCRIMINANT ANALYSIS WITH MIXTURES \/

OF CONTINUOUS, DISCRETE AND
NOMINAL VARIABDBLES

A.M. EANDIL?®

ABSTRACT

Discriminant analysis is studied in the case of mixed
continuous, discrele and nominal variables. The probability

of misclassification is derived and computations of numeri-

cal example is presented.

Key Words : Discriminant anal sis, nominal variable, dummy

Linary variables, misclassifcation.

l. INTRODUCTION

This arlicle considers the problem of discriminating

between w-groups, and allocating individuals to one or

another of these groups, when the available data consists of

continuous, discrete and nominal variables.

The treatmentefmultivariate data has received substan-

tial attention in the lilerature. If the variables are con-

tinuous, then they lead to the use of linear discriminant
function, which was first, derived b} Fisher (1936) and
Subsequently studied by many others (e.g. Anderson (1951,
1958); Welch (1939);: Gilbert (1968, 1969): Lachenbruch,
Sneeringer and Revo (1973) discussed the case when the vari-

sbles are non-normal jn particular, the case of bihlrr data.
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However, recent research has opened up the possibillty of

approaches to the treatment of mxied binary and continuous

variables in discriminant analysis are evident in recent

literature. Aitchison and Aitken (1976) suggested a
Anderson (1972, 1975) dis-

me thod

based on the kernal approach.

cussed the use of logistic discrimination, in which the

probability of group membership is assumed to be a logistic

function of the observed variables.
Krzanowski (1975) studied the method of likelihood

ratio based on the location model .

(Krzanowski (1980, 1982) the case of mixed continuous and
The case of

lle also discussed

categorical variables in discriminant analyslis.

mixed continuous, discrete, and nominal varinbles In dis-

criminant analysis does not seen to have recelved attention.

The purpose of this paper Is to sltudy this case.

The model and an allocation rule are introduced in sec-
tion (2). The probabillty of misclassification Is dlscussed
in section (3) and computations of numerical example based
on hypothetrical data, which consists of mixed variables

(one continuous, one discrete, and one nominal variable) is

presented in section (4).

(2) THE MODEL AND AN ALLOCATION RULBE

Suppose that discrimination between W-sroups Hi, H2,..,
Hw, is to be based on available W-sets of n| observations
‘known to have come from Il groups (i=1,2,...,w). These sets
are often referred to as lraining sets. We wish to set up »a
discrimination rule between Iy groups (i=1,2....,w) on the
basis of three different kinds of vectors, observed on each

observation, The (first one, Z = (Zy , Z2, ..., 2.3 is
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_component veclur of nominal

variables, whrre the rlh
]
ominal variable has k; slales, The second vector, X = (X ,
n
X2 « 4%y "i is t-compunent veclor of discrete variables,

pich has & mullinomial Jdistribution wilh parameters (p
"

luj'
$10,0 ® $odvccesmi) = 1,2, ..t and X3 ® 012000 )).
I‘lj

The third omne, Y= (Y3, Y3,..., v,) is S-Component vector of

continuous varisbles, which has a multivariate normal dis-

tribution wilh paramelers “‘"l:l:" I“j ). Now we can replaced

esch nominal variable Ly (Ki=1)dummy binary “ariables, all

these Linary variables lake Lhe value zero, except the ril,

which takes value ovne, if Lhe corresponding nominal variable

Is observed in ils r L} stale, (r = 1,2,..,ki=1). Note that,

all DbLinary variables are zero for a nominal varlable in k|

h state. Thus, if we have g-nominal varlables, each of

nhich has ki states, (hen we replace It by g(ky - 1) dummy

binary viriables, each of *hich takes the value Lero or one,

Thuse, Lheseo Linary variables can be treated as & mul-

tinomlal wilth ¢ o zlu‘l"“ slales, and we can construct

an lncldence table with € -cells from each training set. To

|
Illustrate his. Suppose we have for example,
variables, each wilh Lhree slates.

able

two nominal

Thus, each nominal varl~-

s replaced Ly Lwo dummy bLinary varlables. S0 we have

the total of 4 Linary varlables. 12,

Ly and Z4 are the

two binary variables corresponding Lo the second one. If the

d 1, 2, and . I

11 = |; state (2) becomes Z,
Lecomes 7| = 0, 723 = 0,,

three states of e lirst variable are code
then state (1)

Lecomes Z; = 0,

Ly = and slate (3)
lor 2, and Za.
ls

Simllary
The resulting incidence table for these cells

shown table (1). It should be noted that 4

Yorlables mean Lhal Lhere are 28(k,-1) 4

the Multinomial lable for each group.

-binary

- 2 “ |6 cells In
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TABLE (1)
AN INCIDENCE TABLE FOR 4 BINARY VARIABLES

cell The first nominal variable The second nominal variable

no.

(1)
(2)

(9)
(10)

o o o O

o o o o

o o o QO

o © o ©




Let the probability or vccurrence of cell m in group Il
be denoted by Pig (i = by &4

Ve W W 1yt ses £33 8

pr (2) = Pis 1 where i-l "o 31 vl 0 S Pin'-2 i
ghere | = 1. 2, ... w.m = | - J— O

TLE o e T (2.1)

A suggested localion model assumes that the conditional dis~-

tribution of X in multinomial cell m is PelXILY . where,

\
£ %yt X, o .
P (X/2) = 1 ~3 — ¢ b terressanaaaa (202)
=1 "Imj im,
where 0 S ¢ln:j = 1. is the parameter of x; in cell m for

group Hi and i-l.l.....-.jnl' ossvnstsy mw §, 12,

& and x) = 1.2 Wy and the conditional distribution

of ¥ given X and Z is o mullivariate normal distribution

with mean velor “ln: and Lthe common dispersion matrix I
j' m

%y

Le., F (¥/x,2) ~~_" N I“lnu i

4 mX )

; voesisoses (2:3)

Now, lel nl.denule Lhe probLability that the observation

comes from the i ¢ty group, i.e

Y
PLUD) =0, 1By oy W ) $. 1 M.ty 02.4)

With this backgroud, we now construct the allocatlion
Tule which Is based on Bayes's theorem (lloel &and Peterson
1949y,
Since,

the problem is to classify an boservation( = (2, X,Y)
into one of W- [roups HI (i = 1,2,

from group Iy,
1974) is,

s o W), and If C is
then its density function (Chang and Afifl
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fy (C) = F, (2) Fy ( x/2) Fy(V/X,2)

" t ﬁlj ! o i .¢ *im3
191 o, -EI:;_f R | l'"j 15‘”1.;, ’ :'"j ) (2.5)
and

I-I-:. XY .:j‘l.:. . "8 I-l -'-'l':" SRR

8 ® Q. 0.3 éav W)
Where @, is a constant chosen to make the total prbabllity
unit.

Thus., Lhe probabilily of Lhe group Hi given C (Day and

Kerridge 1967)
FIHII PIC/H,)
Fl“lffl . = -

L P(Hy) FleHli
i=1

fAppling the.general model specified by (2.4) and (2.5) we find

t “1mJ =
M oy Mg My Pra $rag @XPL=40Y= pyp VT (2= My, )]
| TR =1 —f l{‘-l im lll’ 1-:, Z;uj ;IHJ
i v t *1n9 -1
I e M, P ° expl-Y (Y- u ) (Y- u )
=l §=1 1 ;) im l-:j lllj %y llI1
"lj |
““ ﬂlj. T H I = 1-2:---- wi m .1|2 . and
Rl ol aahesinine
let, J bl 21
n = ) ‘
lvax, & ( Hiax,” Yomx
) Tmxy ] ] (2.8)
e - - - y 1-:1
lul:j ‘I"l-:j' "ul:jl m IH1.11+ ”Plljl (2.9)
|
and
X
inj
i ﬂlj " Fll 'llt} {i 1o
- ——————— «10)
“p n"j [ % vm “-lj
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Then (2.7) can be simplified as
t \
’El e ‘ﬁr!lun:j a clu-uj Y rlunxj )
(W, 7C) * v t t2.1%)
e 1+ L N eupl\"n + C +r 1
fgh =] 1"'“5 lunlj lul:j
. and hence,
t
expl Z | Hlulx ’ clun: . rlun: ) ~
pHy/C) * o — : - (2.41)
1*1; !!pijfl Elu-u ¢ cll-'llj y rlulnjl
1t we put,
t . |
jEI'Ynluulj " Clvllj v rll-'l!j ) = "ln:j ¢ 2,32
then (2.11) will be
n
e I.-Ij
Pily/ C)e v (3.13)
1+ L n
13l e l-uj

Thus, imx is positive when Hy is more probable, and

Hyls more prubnb?u i nlniju:;atlve. Hence, the allocation

rule is Lo (classify an obLservatlonC (Z, X, Y) into Iy if

ﬂl'"j )0, olherwise it is classified Into H, (1 # v = 1,
2,....¥), (Day and Kerridge 1967).

{1) PRODADILITY OF MISCLASSIFCATION

It should Ue noled thal practical use of the allocatlon

fule is likely to resull in sume mislakes in classificatlion.

Il the relalive cusls [ Lhesc mislakes [misclnssifiuatin“)

can bLe eslimaled, the rule should lake them into account,
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Let CY/i) be the cost incurred when an observation which ac~

tually Lelongs to group i is classified as belonging to

group .

Now, givenT is from I}, Lhe conditional distribution of
Ceiven X and Z is a multivariale distribution with “'“"’ln:j
and dispersion malrix,

L . N =1

- - L ( - )

Dll’ I"'l-:j "u-:j, mx "l-:j ”llxj (3.1)

Which is the Mahalanobis squared distance between Iy and Ilp.

conditional on the observation falling in multinomial cell m

for the discrete variable Xj.
Note (hat the overall probabilily of misclassiflcation

from Wi is the sum of the probabilities of misclassification

for each mullinomial cell of Il weighted by the probability
of X; In this cell.

Now, lel
l'l—'-l'l—-c—mp—r-l { 3:& )

According to Chang and Afirl (1974) and Krzanowskl
(1975, 1980), the probabilily of misclassifying an observa-

tion from Il into I'lp is

WA e R X 3

T im)

n X JH imJ R lnx’ ; : - -:j
and (3.3)

‘ n & ‘p- ! :I-l'- 1

- —— j \ i I |

P (1/v) E E ﬂ g b ’““3 B l'tlnq A !.'D.uj’fﬂnnjl
When F(u) is tpe S

Cumulalive standard normal di
e 15, stribution
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4. A NUMERICAL EXAMPLE

In this section, three training sets of data size n; =

500, corresponding lo group Il (monthly income ¢ 170), nz =

500, corresponding to group ll2 (monthly income 170-800), and

ay " 500, corresponding to group Hy (monthly income 800-

2400), have beed taken as an example only to illustrate our

procedure of reclassification outlined above. It should be

these setls of data are derived from the data of
an:lrlali:nlinu and population

nﬂtld th!t ]

project (CEgyptian case
study) .

Suppose that, each data set consists of three different

kinds of variables, one of which, Y as a response varlable

(amount Income per month) is a continuous variable, and the

others as explanaltory variables, Lhese explantory varlables

Are.

(1) Z is a nominal variable corresponding to marital

status, which takes 4 states [stite (1) is married, (2) is

unmarried, (3) is divorced, and (4) is widow (er)].

(2) X is a discrete variable corresponding to the num-

ber of family individuals (X =0, 1, 2, .., 8).

Now, the nominal variable can be rePllcud by 3-dummy

binary variables. Let Z:, Zi, and Zj be these binary varl-

bles, each of which takes the value zero or one.

Then, state (1) is Zy = 1, Z2 =0, Zy = 0, state (2) is

Ly =0, 2; = l. Zy = 0, state (3) is Z; =0, Z2 =0, Zy = |,
8nd state (4) is Zy = 0, Z3 = 0, Z3 = 0.

The incidence table can be constructed with £ = 23 = 8

from each training set,
lowever,

cells analogous to table (1).

since it is impossible for Z: and Z2 to be simul-

taneously equal' to one and also, there is no multiple

fesponse, then one has to check that 4 cells in each table
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C8N not have any entries. This leaves 4 cells requiring es-

timated pProbabilities of occurence Flm and probabilities of

X and Y for each group.

The ruqulrud'cnnpulnliuns [or our model are:
(D P () ammed;pn)=Tyat 3 PNy = 7,=1

(%) Estimated probabllities of occurrence Fim are shown In table (2) . HNote
A
that, P, o= "im , 1= 1,2,3,m=1,2,3.4,

Table (2)

Estimated probabllities

ufl%m
Set (2) Set (3)
0.420 0.414
0.232 0.402
0.216 0.104 r
0.124 0.080
1.0 1.0
)
(3) Estimated parameters of X in each cell for each 5et¢lm are shown In
table (3).
Table (3J)

Estimated parameters of X

i~

@

P
Set (1) Set (2) Set (3)
%
0.7509578 0.4918224 0.4088164
0.1250 0.125 0.125
0.4984939 0.306574 0.3629807
0.5078947 0.5846774 0.36250

' L
(‘4) Estimated conditional probabllities P { X |Z) are shown In table (4).
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Estimated probabilities P, (X|Z) in each cell

for each training set

1992,
= 112 =~

Table (4)

0
| 0.000 0.034
2 0.004 0.117
1 0.023 0.226
(1) 4 0.086 0.273
5 0.207 0.212
b 0.311 0.103
7 0.268 0.028
8 0.101 0.003
0 0.344 0.344
1 0.393 0.393
2 0.196 ‘0.196
3 0.056 0.056
(2) 4 0.010 0.010
5 0.001 0.001
6 0.000 0.000
7 0.000 0.000
i 3 0.000 0.000
0 0.004 0.019
| 0.032 0.101
2 0.111 0.223
3 0.220 0.281
3)] 4 0.273 0.222
5 0.217 0.112
6 0.108 0.035
7 0.031 0.006
~1 8 0.004 0.001
—I'_ —
0 0.00" 0.001
1 0.028 0.010
2 0.103 0.049
y| 3 0.212 0.138
4 0.273 0.243
9 0.226 0.274
6 0.117 0.193
7 0.034 0.078
—r 8] 0.004 | 0.014

0.015
0.082
0.200
0.276
0.239
0.132
0.046
0.009
0.001

0.344
0.393
0.196
0.056
0.010
0.001
0.000
0.000
0.000

0.027
0.124

0.247
0.281
0.200
0.091
0.026
0.004
0.000

0.027
0.125
0.247
0.281
0.199
0.090
0.026

0.004
0.001

Set (3) _l

==

B e —————————
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(S) Estimated value of means for variable Y given value of X and value
of Z for each training set and estimated value of common variance

are shown in table (g)

(2)

(3)

(1)

mwmmnqm_c DSV BWN —-O SO~ BWMN =D D~NUN B LR ==

1161.278
1423.792
| 1487.821
1746.R30

1440.729

1507.377

2156.500
2333.333
1682.000
1682.632

1243.040
2221.900
943.330
2441.539
2350.000
2237.143
2167.857
2433.33

Table [5).
Estimated value nf'p‘imn

275
a14

325
3N
530
225
451

227
478
270
387

540

528.

230
643

V.

460

3.

754

0622
.921
125
.827
.000
.769
.818

75

875
.960
.000
.200

33

128

7.2

102.956
109. 123
105. 182
110.0
94.0
0.0

04.055

COO0O0O000

84.357
119.85

109.923
84.4
95
155.5
127.8
100
91
0

~ ?
07 =204863.25

n 2
O, =242624.12

~n 2

C); =243989.45

At

CT;.1213842.99
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-~ ~ ol
cstimated valuees of B, €. and Y] ™, are shown In
table (6) ) J
Table (8)
L Estimated values of
~ -
G and Y,
lymx . jyumx lpymx
j J e
P——l——_— i EE— -
Cell|Yalue IIt ---)-llz IiI "‘?'"3
no.| *!
2. 17 »~ ¥ A ~
J nli‘m: ¥ I?.mrur11 '.l’i?m_l . nm]ml -C”_. y'&.‘]mL:
0 |0 0 ] n 0 0 0 0 «1.2009
110 0 0 0 0 0 0 0 -0.01319
? N.00200 {1.5%200 -3.1907|0.003772] v.7407 |-).701) |0.000969| D.1709 |-0.5026
J |0.00)4) |2.0712 2.07)610.0051G6] ).266 .2.26'n 10.001523] 0.394) |-0.16082
(1) A |0.005)6 [4.6097 0 uu*wrﬂ 0061170 4. 2106 |-0.7905 [0.001054| 0.2290 | 0.16441
5 0.00574 |5.165%) 0.1706G]0 0OGTA9) §. 3757 0.6006 |0.001009] 0.21a4 D.50209
6 |0.0089)916G.76G19 L. 200510 0096 ] 2. 4029 | 2.v401 (|0.0020501 0.6561 0.0525
! |0.0060)2]5.0000 2.4G)210.00667S] S.191) J.7160 (0.0064) | 0.1029 1.2528
| (| 0.00402714.5670 ). 9440 (0.00701) ] 5.66) $.0434 |D,002206| 0.498) 1.0906
0 |o 0 0 at?J]r 0 -1.1942 |0 0 -0.5509
' 10.00437 [0.In24 0. 6455|0.004)7 | O.0146 |-1.1946 |0.001429] 0.3678 |-0.519]
« |0 0 .0.65)3|0 0 -1.2024 |0 0 -0.5491
1 o 0 -0.6649|0 0 -1.2019 |0 0 -0.5109
(2) | ¢« |o 0 .0.6931{0 0 -1.2039 |0 0 LD.5100
S |0 0 -0.641110 0 -1.1806 |0 0 «0.5454
6 |0 0 0 0 0 0 0 0 0
' jo 0 0 0 0 0 0 0 0
8 |0 0 0 0 0 0 0 0 0
_-I$-—|_L - —L-
0 |0 i -1.704710 0 -1.3063 |0 0 0.3185
| 0.00734 {1W.5129 -1.421410.00922 |11.1157 |-0.8A7]3 10.00108 0.5828 |-0.0487
, N.00G6G) 0.9%91 -0.697910.00049 9.515%6 J-0.3277 (0.00102 0.5565 0.0820
b4 Y jo.o0r60 |wo.6ngn 0,500 0.0072 (111418 | 0,220 |0.0016) | 0.A540 | 0.202)
) A 10.00579 | S.6a8) | -0.0550/0.00640 | S5.7602 | 0.7967 |0.00615 | 0.11965| 0.7329
5 0.005 S.A940 0.400810.00610 %.7509 1.3558 |0.000993] 0.2642 0.691)
6 [0.0007D 11.519] 0.875510.0101 13.548) 1.9253 |0.00149 0.4292 0.620C
; g-ggﬂgﬁ 14,7677 1.540410.011° 1S5.4413 | 2.639) {0.00235 | 0.6736 | 0.4250
.00100A} 0.0209 1.11079(0.00305 1.8108 | 7.4955 |0.00285 | 0.9699 | 5.7998
“-T— o i 222k _J |
0 |o 0 1.5198|0 0 -1.6458 |0 0 -2.0863)
| |0.00321 | 2.0641 1.3218|0.00510 | 3.5027 |-0.6242 |0.001965| 0.6886 |-2.7015
2 |0.00774 |10.6417 1.1741(0.00977 |11.2632 |-0.0180 |0.002029| 0.6215 |-1.811356
(4 ] 0.00326 1.912) 0.0443(0.001300 2.0126 | 0.5931 |0.000622| 0.1002 |-0.3515
) A 0.00022 112.7649 0.5361]0.00104 |13.5644 1.1038 |0.0022268]| 0.0894 |-0.2417
5 0.007986 |10.4765 0.2)2710.0N0102 |12.5002 1.100) |0.000296]| 0.0474 1.5002
6 |0.00012 |10.9513 | -0.0764|0.00977 |11.4119 | 2.3665 |0.001645| 0.4606 | 1.9009
7 10.,0066" | 9.572) | -0.4410{0.00949 [10.7185 | 3.0012 |0.002053| 1.1432 | 2.62%)
i} 0.00767 [12.229) 1.AD03510.01112 13,5282 4.5555% D.ﬂﬂ]lli| |.2989 1.7712) |
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(7) Estimated values of both the Mahalanobis squared distance umnj

L]

F(u) are shown In table

and the

cumulative standard normal distribution function

(7).
Table (%)
Al "
Estimated values of Dm“j and F(u)
EE|I ?iIUE n'zm: DIE‘I \ D23ml F {U} FZ{UJ Fa{u]
nﬂ- uf x 1 i__q 1 e
0 0 0 0 0 0 0
: 0 0 0 0 0 0
[ | 2 | 1.61039 |1.9152122|0.1921832|0.2743 |[0.1977  |0.4129
3 2.71913 | 5.467284(0.4750317|0.2061 |0.1210  |0.3632
(1) 4 5 89207 |8.4366259]0.2277463]0.1131 |0 07353 |0.4052
5 6.750314/9.3315448|0.2085027 |0.0968 [0.06301 |0.4090
6 7.22763 |13.078053|0.8610622 |0.09012 |0.03515 |(0.3228
7 7.453905/9.1283151|0.0847544 |0.08534 |0.06552 |(0.4404
i} 4,77365% |10.132125/0.9964672(0.1379 |0.04551 (0.3085
—-—-———-—h-—-—————_-
| 0 0 0 0 0 0 0
! 4.77745 |8.3497204|0.4954059|0.1379 |0.07353 |0.3632
2 0 0 0 0 0 0
3 0 0 0 0 0 0
(2) 4 0 0 0 0 0 0
5 0 0 0 0 0 0
6 0 0 0 0 0 0
7 0 0 0 0 0 0
l 8 0 0 0 0 0 0
0 0 0 0 10 0 0
1 13.1452) |20.721524(0.0583184 [0.03515 (0.01130 |0.3228
2 10.871041]17.598206(0.806216 [0.04947 [0.01786 |0.3264
3 14,094551/20.690479/0.6312766 |0.03005 |0.01160 |0.3446
(3) | 4 8.171415/10.00133 [0.0924016|0.07636 |0.05705 |0.4404
5 6.87794 19.6902231(0.2404236|0.09510 {0.05938 |0.4014
6 18.78916 |25.700176{0.5400602 |0.01500 |0.005545 |0.3557
7 19.317397]30.882585|1.3472334 (0.01390 {0.002718 |0.2810
8 0.246015|3.6214681(1.9796963 |(0.4014 |0.1711 0.2420
0 0 0 0 0 0 0
| 2.258538|5.8670104 |0.8452006 (0.2266 |0.1131 0.3228
| 2 13.106059/20.877554|0.9005383 |0.03515 [0.01130 |0.3192
3 2.325155|3.2885169(0.0845172|0.2236 |0.1814 0.4404
(4) A 14.78111 123.880017|1.0859669 |(0.02743 |0.007344 |0.3015
5 |21.26810 [22.564912(0.0191874 |0.01044 |0.008656 |0.4721
6 14.43151 |20.87058 |0.5922054 |0.02872 |0.01130 |0.3483
7 9.669395[19.709724|1.7688958 |0.05938 [0.01321 |0.2514
8 12.076633|27.0563612.597825 |0.03673 |0.004661 |0.2090
N
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Using the computations shown In tables (6) and (7) and applylng models
From (2.6) to (2.13) and the models (3.1) ,(3.2) , and (3.3) , we can flnd

the estimate nlehIm! and consequently F{H‘|1:} c 1 = 1,2, and 3 ; m = 1,2,
J

3 and 4 and o 0.1....8, for each indivaduals drawn from the three traln-

ing sets , vequivedfor the allocation rule to classify these Individuals we
find that:

(1) 90 oul of the 500 indivicils

. in group H1I (18 percent) and 100 out of

500 individuals in group H2 (20 percent) were misclassiflied . It means

that 18 % of Individuals drawn from 11, actually belong to H2 , and 20%

of Individuals drawn from H, actually belong to Hy .

(2) 193 out of the 500 individuals in qroup Hy: (30.6 percent) and 147 oul

of 500 individuals in group ”3 (29.4 percent) were misclassifled . It

‘means that 38.6 X of individuals drawn from H2 actually belong to Haaﬁd

29.4 % of Individuals drawn from 'y actually belong to HZ'
30 out of the 500 individuals in group I, (6 percent) were mlsclassif-
led .

(3)

It means that 6 X of individuals drawn ', actually belong to ”3-
(4)

Assuming that the costs of misclassification are equal for the three

irqhﬁnj Sets (note that it is not necessary at all) , then

itutlmm into(3.2),(3.3), and (3.4) and using the computations shown In

, by subst-

table (7) , we have the probabilities of misclassification as shown in

table (3 )
Table [u]
Estimated pruhahlllties uf
misclassificatlon on P{Uil] and F{ilﬂ]

3T TP L el o oY SSeeea g i
,gf P(2]1) P(1]2) | P (3]1) | P (1]3) P(3]2) P (2]3)

'] 0.0526276 |0.0608366 |0.0294039 |0.0418403 u.Iﬁﬂl-S “U.IdE‘BBS

2 0.0066054 {0.0125764 |0.0035221 |0.0116177 0.03332 0.057386

3 | 0.0096816 [0.0111618 |0.0057598 0.0033902 [0.0776615 |0.0367287
-2..1 0:0138264 10006831 10.0099989 [0.0424151_|0.0461503 |0.0293472_
sum | 0.082745 |0.0914058 [0.0486947 [0.0992333 |0.3172818 0.2694462
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It should be noted. that, the average of misclassifica-

tion between Iy and Wz is 0.08707, the average of

misclassification between Il and Iy is 0.07396, and the
average of misclassification

0.29336.

between Ha2 and Hy is

(S) Note that the idea in this article can be extended and

used to re-classify the egyptian income tax payers.
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