Tafwounon Ivéwv os pla amd tpelg dulec, Brahim (M1), Artisan (MN2),
Korwa (M3).

MetaBAntec: X1=stature, X2=sitting height, X3=nasal depth, X4=nasal
height.

ALaXWPLOUO TOU XWwpPou tov opilouv oL 4 petaBAnTteC o€ 3 MEPLOXES
taélvounonc.
loa k6otn eopaApEvn Taévopnong.
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logg ek TwV npotEépwv mbavotnteg ta§ivopnong pl =p2 =p3=1/3 3 mgf("b

ZA/’L(SOVTOLL Ol LLECOL, Ol TUTTLKEC armmoKAloeLg Ko o MNivakog Zuoxerioewq.
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> HitHH R HE # dianysmata meswn timwn 2w Ky Xz K, Xq )
> mg-c(164 .51)86.43,25.49,51.24)

> mu2<-c(160.53/81. 47 23, 84,48.62)

> mu@( -¢(158.17,81.16,21.44,46.72)

> HHHHHEHHHHHHT # typikes apokliseis
s1<-5.74

j 52<-3.2Q}

>s3<-1.75

> s4<-3.50

> HHHHEH R # diakymanseis

>511<-s1"2

> §22<-5272

> §33<-5372

> s44<-s412

> HHHH R HEH#E Ypologismos stoixeiwn Pinaka S




> 5124-0.5849*s1*s2
>s12

[1] 10.74344
>5134-0.1774%*s1*s3
>s13

[1] 1.781983
>514<-0.1974*s1*s4
>s14

[1] 3.965766

> 523<-0.2094*s2*s3
>s23

[1] 1.17264

> 524<-0.2170*s2*s4
>s24

[1] 2.4304

> 534<-0.2910*s3*s4

> s34
[1] 1.782375

j\\\\\\\\\\____;




> HH#H R Dimiourgia Pinaka S
> cl<-c(s11,s12,s13,s14)
> c2<-c(s12,s22,523,s24)
> c3<-c(s13,s23,s33,s34)
> cd<-c(s14,s24,s34,s44)
> S<-rbind(c1,c2,c3,c4)
> corre<-cov2cor(S)
> corre

L1 [2] [31 1 [,4]
c1 1.0000 0.5849 0.1774'0.1974
c2 0.5849 1.000C 0.2094 0.2170
c30.1774 0.2094 1.0000 0.2910
c4 0.1974 0.2170 0.2910!1.0000



> S # o pinakas

L1 [2] [3]  [4]
c1[32.947600/10.74344 1.781983 3.965766
c2 10.743443(10.24000/1.172640 2.430400
c3 1.781983 1.17264 3.062500)1.782375

c4 3.965766 2.43040 1.782375 EE.ZSOOOO}
> eigen(S)Svalues # ypologismos idiotimwn tou S H##t# it HHHH

[1] 38.200422 11.774581 5.868467 2.656629 (\ (vl % J
1 > # antistrofos tou S S: Dt dpagpN — "””\“g“’

> Sinv<-solve(S) QoL

> Sinv j\{NV‘E‘W' Ko = <0(

cl c2 c3 cd \

[1,] 0.046610571 -0.04703200 -0.006294337 -0.004842544
[2,] -0.047032003 0.15251569 -0.024344286 -0.011491066
[3,] -0.006294337 -0.02434429 0.366558171 -0.046466604
[4,] -0.004842544 -0.01149107 -0.046466604 0.092241077




B’!

- [\o@’lﬂ\/\nﬁ: 1;1005 (5&4& I
N
> ### Ypologismos gia 1,2 / GNA D \,0/,, |

> round(@ifnv%*%(mul-mﬂZ), igits=4) “——
[,1] |

1,] -0.0708

2,] 0.4990

3,] 0.3373

4,] 0.0887

> 0.5*(mul+mu2)%*%Sinv%*%(mul-mu2)

[,1]

[1,] 43.12859

> ### Ypologismos gia 13

> round(Sinv%*%(mul-mu3),digits=4)
[,1]

[1,] 0.0003

[2,] 0.3550




[3,] 1.1063

[4,] 0.1375

> 0.5*(mul+mu3)%*%Sinv%*%(mul-mu3)
[,1]

[1,] 62.48837

> ### Ypologismos gia 23

> round(Sinv%*%(mu2-mu3),digits=4)
[,1]

1,] 0.0711

2,] -0.1440

3,] 0.7691 i

4,] 0.0487

>\0.5*(Mmu2+mu3)%*%Sinv%*%(mu2-mu3)

]

1]
[1,] 19.35978




j/ A‘/ d‘,?owﬁg, 'IAP\"lO'D
>(@O.S*(mu1+mu2))%*%Sinv%*%(@mu1) 6} pe X},)c\,)('};éuy =
,1

] My 2 oo @4
[1,] 1.491079 o oD
- O.5*(mu1+mu3))%*%Sinv%*%@mul)
1]

[1,] 3.487421

> ( 0.5*(mu2+mu3))%*%Sinv%*%@-mu2)
1]

[1,] 1.03077

> (Mul-0.5*(mul+mu2))%*%Sinv%*%(mul-mu?2)
[,1]

[1,] 1.491079

> | -0.5*(mMul+mu3))%*%Sinv%*%(mul-mu3)
1]

[1,] 3.487421



)

# NEW OBSERVATION m4 (‘\ [\‘D\] 00409’%'\*\\'%
O((\é&\ 046\,\(/1,)“ ol N0 W L

> mué<- cm
> (Mu4-0.5*(mMuI+mu2))%*%Sinv%*%(mu2rmul) -__? (W\\AZr é ﬂ&

[,1]
[1,@.’7’16371]
>(mu4-0.5*(mu1+mu3))%*%Sinv%*%@-mu1) /IMUKZf & WS
1]
[1,]10.8615478‘ O
>(mu4-0.5*(mu2+mu3))%*%Sinv%*%@mu2) é“ 0)6\le 6\} % 3
[,1]
[1,] -0.8548277




> #Ht##tuse the Ida() function from the MASS package to fit the LDA model
> libfaky(MASS)

> attach(iris) R. A. Fisher (1936). "The use of multiple
.. measurements in taxonomic problems". Annals of
> Irls Eugenics. 7 (2): 179-188.

Sepal.L Sepal W Petal.L Petal W Species

1 5.1 3.5 1.4 0.2 setosa
2 4.9 3.0 1.4 0.2 setosa
3 4.7 3.2 1.3 0.2 setosa
4 4.6 3.1 1.5 0.2 setosa
5 5.0 3.6 1.4 0.2 setosa
6 5.4 3.9 1.7 0.4 setosa
7 4.6 3.4 1.4 0.3 setosa
8 5.0 3.4 1.5 0.2 setosa
9 4.4 2.9 1.4 0.2 setosa
10 4.9 3.1 1.5 0.1 setosa
11 54 3.7 1.5 0.2 setosa
12 4.8 3.4 1.6 0.2 setosa
13 4.8 3.0 1.4 0.1 setosa
14 4.3 3.0 1.1 0.1 setosa


alexk
Text Box
R. A. Fisher (1936). "The use of multiple measurements in taxonomic problems". Annals of Eugenics. 7 (2): 179–188.


15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

5.8
5.7
54
5.1
5.7
5.1
5.4
5.1
4.6
5.1
4.8
5.0
5.0
5.2
5.2
4.7
4.8
5.4
5.2
5.5
4.9

4.0
4.4
3.9
3.5
3.8
3.8
3.4
3.7
3.6
3.3
3.4
3.0
3.4
3.5
3.4
3.2
3.1
3.4
4.1
4.2
3.1

1.2
1.5
1.3
1.4
1.7
1.5
1.7
1.5
1.0
1.7
1.9
1.6
1.6
1.5
1.4
1.6
1.6
1.5
1.5
1.4
1.5

0.2
0.4
0.4
0.3
0.3
0.3
0.2
0.4
0.2
0.5
0.2
0.2
0.4
0.2
0.2
0.2
0.2
0.4
0.1
0.2
0.2

setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa
setosa



36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56

5.0
5.5
4.9
4.4
5.1
5.0
4.5
4.4
5.0
5.1
4.8
5.1
4.6
5.3
5.0
7.0
6.4
6.9
5.5
6.5
5.7

3.2
3.5
3.6
3.0
3.4
3.5
2.3
3.2
3.5
3.8
3.0
3.8
3.2
3.7
3.3
3.2
3.2
3.1
2.3
2.8
2.8

1.2
1.3
1.4
1.3
1.5
1.3
1.3
1.3
1.6
1.9
1.4
1.6
1.4
1.5
1.4
4.7
4.5
4.9
4.0
4.6
4.5

0.2 setosa
0.2 setosa
0.1 setosa
0.2 setosa
0.2 setosa
0.3 setosa
0.3 setosa
0.2 setosa
0.6 setosa
0.4 setosa
0.3 setosa
0.2 setosa
0.2 setosa
0.2 setosa
0.2 setosa
1.4 versicolor
1.5 versicolor
1.5 versicolor
1.3 versicolor
1.5 versicolor
1.3 versicolor



57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

6.3
4.9
6.6
5.2
5.0
5.9
6.0
6.1
5.6
6.7
5.6
5.8
6.2
5.6
5.9
6.1
6.3
6.1
6.4
6.6
6.8

3.3
2.4
2.9
2.7
2.0
3.0
2.2
2.9
2.9
3.1
3.0
2.7
2.2
2.5
3.2
2.8
2.5
2.8
2.9
3.0
2.8

4.7
3.3
4.6
3.9
3.5
4.2
4.0
4.7
3.6
4.4
4.5
4.1
4.5
3.9
4.8
4.0
4.9
4.7
4.3
4.4
4.8

1.6 versicolor
1.0 versicolor
1.3 versicolor
1.4 versicolor
1.0 versicolor
1.5 versicolor
1.0 versicolor
1.4 versicolor
1.3 versicolor
1.4 versicolor
1.5 versicolor
1.0 versicolor
1.5 versicolor
1.1 versicolor
1.8 versicolor
1.3 versicolor
1.5 versicolor
1.2 versicolor
1.3 versicolor
1.4 versicolor
1.4 versicolor



78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98

6.7
6.0
5.7
5.5
5.5
5.8
6.0
5.4
6.0
6.7
6.3
5.6
5.5
5.5
6.1
5.8
5.0
5.6
5.7
5.7
6.2

3.0
2.9
2.6
2.4
2.4
2.7
2.7
3.0
3.4
3.1
2.3
3.0
2.5
2.6
3.0
2.6
2.3
2.7
3.0
2.9
2.9

5.0
4.5
3.5
3.8
3.7
3.9
5.1
4.5
4.5
4.7
4.4
4.1
4.0
4.4
4.6
4.0
3.3
4.2
4.2
4.2
4.3

1.7 versicolor
1.5 versicolor
1.0 versicolor
1.1 versicolor
1.0 versicolor
1.2 versicolor
1.6 versicolor
1.5 versicolor
1.6 versicolor
1.5 versicolor
1.3 versicolor
1.3 versicolor
1.3 versicolor
1.2 versicolor’
1.4 versicolor,
1.2 versicolor
1.0 versicolor
1.3 versicolor
1.2 versicolor
1.3 versicolor
1.3 versicolor



99 5.1 2.5 3.0 1.1 versicolor
100 5.7 2.8 4.1 1.3 versicolor
101 6.3 3.3 6.0 2.5 virginica
102 5.8 2.7 5.1 1.9 virginica
103 7.1 3.0 5.9 2.1 virginica
104 6.3 2.9 5.6 1.8 virginica
105 6.5 3.0 5.8 2.2 virginica
106 7.6 3.0 6.6 2.1 virginica
107 4.9 2.5 4.5 1.7 virginica
108 7.3 2.9 6.3 1.8 virginica
109 6.7 2.5 5.8 1.8 virginica
110 7.2 3.6 6.1 2.5 virginica
111 6.5 3.2 5.1 2.0 virginica
112 6.4 2.7 5.3 1.9 virginica
113 6.8 3.0 5.5 2.1 virginica
114 5.7 2.5 5.0 2.0 virginica
115 5.8 2.8 5.1 2.4 virginica
116 6.4 3.2 5.3 2.3 virginica
117 6.5 3.0 5.5 1.8 virginica
118 7.7 3.8 6.7 2.2 virginica
119 7.7 2.6 6.9 2.3 virginica



120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140

6.0
6.9
5.6
7.7
6.3
6.7
7.2
6.2
6.1
6.4
7.2
7.4
7.9
6.4
6.3
6.1
7.7
6.3
6.4
6.0
6.9

2.2
3.2
2.8
2.8
2.7
3.3
3.2
2.8
3.0
2.8
3.0
2.8
3.8
2.8
2.8
2.6
3.0
3.4
3.1
3.0
3.1

5.0
5.7
4.9
6.7
4.9
5.7
6.0
4.8
4.9
5.6
5.8
6.1
6.4
5.6
5.1
5.6
6.1
5.6
5.5
4.8
5.4

1.5
2.3
2.0
2.0
1.8
2.1
1.8
1.8
1.8
2.1
1.6
1.9
2.0
2.2
1.5
1.4
2.3
2.4
1.8
1.8
2.1

virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica
virginica



141 6.7 3.1 5.6 2.4 virginica
142 6.9 3.1 5.1 2.3 virginica
143 5.8 2.7 5.1 1.9 virginica
144 6.8 3.2 5.9 2.3 virginica
145 6.7 3.3 5.7 2.5 virginica
146 6.7 3.0 5.2 2.3 virginica
147 6.3 2.5 5.0 1.9 virginica
148 6.5 3.0 5.2 2.0 virginica
149 6.2 34 54 2.3 virginica
150 5.9 3.0 5.1 1.8 virginica

fit.irig<-lda(Species™., data=iris)

>
Call:
|da(Species ~ ., data = iris)

Prior probabilities of groups:
setosa versicolor virginica 50 _ \

_ =

0.3333333 0.3333333 0.3333333 §)> P> 157 So



Group means:

Sepal.Length Sepal.Width Petal.Length Petal.Width
setosa m rt1.462m
versicolor  5.936 2.770 4260 1.326
virginica 6.588 2.974 5.552 2.026

Coefficients of linear discriminants:
LD1 LD2

Sepal.Length 0.8293776 0.02410215
Sepal.Width 1.5344731 2.16452123
Petal.Length -2.2012117 -0.93192121
Petal. Width -2.8104603 2.83918785

‘Proportion of trace:
LD1 LD2

0.9912 0.0088
\




> ###Proportion of trace: The % of separation achieved by each linear discriminant
function.

. LD1: .8293*Sepal.Length + 1.53*Sepal . Width — 2.2012*Petal.Length — 2.8104*Petal.Width

. LD2: .024*Sepal.Length + 2.164*Sepal.Width — 0.931*Petal.Length + 2.839*Petal.Width

—

#PREDICTIONS

predicted <- predict(fit.iris, iris)
predictedSclass

#find accuracy of model 0/ LA — [_@_ - |50 -3
mean(predictedScIass@risSSpecies) o EOUWR (50 1S0
e

= 0.9%



|

#PLOT

library(ggplot2)
plotl <- cbind(iris, predict(fit.iris)Sx)

#create plot \,&“5: N
ggplot(plotl, aes(LD1, LD2)) + Zones®

geom_point(aes(color = Species)) />
#Each predictor has the e variance> NO, use "scale"
#scale each predictor variable (i.e. first 4 columns)
# iris[1:4] <- scale(iris[1:4 o \90
[2:4] <- scale(ris[1:4]

# Na xpnotpornotnBet 1o 65% twv data wg TRAINING SET kat va eAeyxOeLn
OLTLOTEAECOLULTLKOTNTO TOU 0TOo UTtoAouno 35% TESTING SET.
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setosa

versicolor

virginica
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