Predictive Analytics - Regression and Classification
Prof. Sourish Das
Department of Mathematics
Chennai Mathematical Institute

Lecture - 43
Hands on with R: Implement LDA

Welcome back to the part d of lecture 12. In this video, we are going to do some Hands on.
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L, pch=20, xlab='Sepal Length'

2 » ylab="Sepal width',xlim=c(4,8)

3 , ylim=c(1.5,6)

40

3 kpe(iek ¢("setosa", "versicolor”,"virginica")

6 species_col<-c('blue’,'red', 'brown")

7 names(species_col)<-species

8 legend('topright',species,pch = 20,col=species_col)

10 library(mvtnorm) # References rmvnorn()

Console

R Ro22 o,
R is a collaborative project with many contributors.

Type 'contributors()' for more information and

"citation()' on how to cite R or R packages in publications,

Type 'demo()" for some demos, 'help()' for on-line help, or
'help.start()" for an HTML browser interface to help.
Type 'qQ)' to quit R.

>

So, let me start my R; in this. So, we will still we will work with the iris dataset. So, here [ am

going to first create a null plot. So, I we will just first see how the you know how the data

looks like.
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1 plot(NULL, pch=20, xlab='Sepal Lergth Prom Begon+ 10 | f )

2 , yleb="Sepal width", xlim=c(4,8)

3 , ylim=c(1.5,6)

4)

5 species<-c("setosa","versicolor","virginica")

6 kpecies_col<-c('blue’,"red", 'brown")

7 names(spacies_col)<-species

8 legend('topright',species,pch = 20,col=species_col)
9

10 library(mvtnorm) # References rimvnorn()

Rsapt ¢

Sepal width

R R4.22 - ~/Downloads Teacting/Regressionand Cassicaion NP'EL

> plot(NULL, pch=20, xlab='Sepal Length'

+ , ylab="Sepal width' xlim=c(4,8)

¥ , ylim=c(1.5,6)

+)

> species<-c("setosa","versicolor","virginica")
> species

[1] "setosa" "versicolor" "virginica"

>

Sepal Lengh

So, I am going to see the, on the x-axis, I am going to put sepal length. On the y-axis, I am
going to put sepal width. So, I am going to name the species. There are 3 kind of species are

there.
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1 plot(NULL, pch=20, xlab='Sepal Length' Prom Beon+ (0 | £

2 , ylob="Sepal width' xlim=c(4,8)

3 , ylim=c(1.5,6)

4)

5 species<-c("setosa","versicolor","virginica") 7 ¥ :smm
6 species_col<-c('blue’, 'red", 'brown") » vinginica
7 names(spacies_col)<-species

8 legend('topright',species,pch = 20,col=species_col) 1
9

10 Llibrary(mvtnorm) # References rivnorn()

91 o

Rsapt ¢

Sepal width

Consale Background Jobs
R R4.22 - ~/0ownlods Teahing/Regressionand Cassicaion NP

> species_col<-c('blue', 'red","brown") o
> species_col

[1] "blue" "red" "brown"
> names(species_col)<-species od
> species_col

setesa versicolor virginica
"blue" "red"  "brown" J
4 § 6 7 B

> legend('topright',species,pch = 20, col=species_col)
Sepal Lengh

>

And there species color I am going to assign blue, red and brown. And in the species color, |

am also giving the name setosa got blue, versicolor got red and virginica got brown.
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6 species_cal<-c('blue’,'red", 'brown") il  upde
7 names(species_col )<-species e Decton
1 . ' : . User bty
8 legend("topright",species,pch = 20, col=species_col) Mda AogafoMisOn 180
9 204 Anilss of Owrdisprses Dia 132
M A Tiesene s 312
10 library(mvtnorm) # References rmvnorm() bilboarer  Crate meracive Churtwiththe 03,1
. e Bilbour Uy
11 set.seed(17) bops Bitwise Operaions 107
2 o T ko g 10
13 ellipse <- function(s,t) {u<-c(s,t)-center; u %*% sigma.inv %*% u / - Hpen o Debplog s 341
14 ommom...HichPrfemince Commonkas 180
andGihub MarkcowsRenerng n
15 x0<-c(6.2,4) o Tol IO T3
11 (opleve) s Rseipt 2 Credendias
ok mr-yidetmeeacty for WL 120
Conol Tomieal - Background s -0 Wikges
R R4.22 - ~/Downloads Teaching/Regressionand Cassifcarion NF°EL/ OfcptinR  Diffrenta Evoution Optimization  10-11
L S . infute
> species_col<-c('blue', 'red', 'brown') TR 3
> species_col o s i 042

[1] "blue" ‘red" "bromn" o AV sy 025
> names(species_col)<-species s Bl Nt o s 030

> species_col o o it o139
X o
setosa versicolor virginica qent SinpleGitClientor & 191
| " " " " " oh ‘GitHub' 'API" 131
blue red brown M Geelized Hpaboic 163
N W : Dain v e
> legend('topright',species,pch = 20,col=species_col) gt G geCndeianon® 012 .
g St e nd i Nt ez 41
ot e s

And then, I am saying that legend put the legend on the top right. So, the setosa blue,
versicolor red, virginica got brown. You can try some other color, no problem. Now, I am
calling mvtnorm package. If you do not have the package, please install by, here you can go to

the package.
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%
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Tl [T Install to Library: 8 Raipt ¢ Credentials
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L S B infute
> species_col<-c('blue', 'red', 'brown') ) g e T
> species_col s ona 042
[1] "blue" ‘*red" "bromn" or AVt sy 025
> names(species_col)<-species e Gl Nt o s 030
> species_col oeepack Genenlized imatig Equtor 139
= Packse
setesa versicolor virginica L -
| " " " " " o ke
blue red brown o Genelid Wpsboic 163
S . . Diviuicn std s Secal st
> legend('topright',species,pch = 20,col=species_col) ot QlnglCudeas fom® 011
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Generalized Unear Models

Then install, and write this thing mvtnorm. Make sure your depend install dependencies

corrected and then install. That will work.
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13 ellipse <- function(s,t) {u<-c(s,t)-center; u %*% sigma.inv %*% u / L
14
15 X0<-c(6.2,4) -
16 fO<-rep(NA,3) a
17 names(f@)<-species ommowm

recentals

Rsapt ¢
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s Sy — Sptn Bl Opimizatan 10-11
> set.seed(17) devoals
> ellipse <- function(s,t) {u<-c(s,t)-center; u %*% sigma.inv %% u / dosnlt
2t or
> x0<-c(6.2,4) fonaweson
> X geepact
[1]6.24.0 e ; s

o it W 131

8 f@<‘f‘ED(NA,3) o Generalized Hyperboic s 163
> names(f0)<-species i D:rbynfmd\usme:"(;.m o

aimer i

s
Generlzed

iz
2z Unear Madels

I am cancelling it because I already have it here. Setting a seed here. This function, one line
function will help us to draw a ellipse or the contours of the Gaussian distribution. So, x
naught is the point for its sort of the 6.2 and 4, is the point I am we are going to use as a test
point. And then, I am going to create a f naught with the name species. So, f naught is going

to be my likelihood or function.
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18 ame | Deciin
5 v bty
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20- for(i in species){ W AniysdOwdpon 152
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21 X<-iris[irisSSpecies==i,c('Sepal.Length', 'Sepal.Width')] bilkoarder  Cratelnteracive Chatwiththe 03,1
i JanScip Biboa Uy
22 S<-cov(X stops s Operaions 104
23 mu<-apply(X, 2, mean) e e ok 106
24 p <- rmvnorm(1000, mean=mu, sigmo=S) @ Dipen e Deghplog Comamd 341
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[1]16.24.0 R et
> fd<-rep(NA,3) o sy o 042
> nanes(f0)<-species or A sy 025
> e GV s 030
ons
setosa versicolor virginica geepact 5:(muuzumqumm 139
gt SpleGiclnort 191
" NA NA NA oh ‘GitHub" 'API" 131
> species W GeenladHpebok 163
" " Rgs i Dt 1 s e s
[1] "setosa’ versicolor gtceds  Querygi Credertias fam R 0.1.2
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So, 11s in species. So, there are 3 species, for each species [ am going to work with.
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18 e | Do
User bty
19 anda Akogan forMsingDia 180
20- for(1 in species w00 Aniys o OurdspusesOia 132
21 X<-iris[irisSSpecies==i,c('Sepal.Length','Sepal.Width')] bilkoarer  Create neraaive Churtwithithe 03,1
~ e Bilbour Uy
22 S<-cov(X) biops B Operaions 107

brew Tenplting Famewok fo Repart 10-6

23 mu<-apply(X,2,mean)

24 p < rmvnorm(1000, mean-mu, signo=5) d il
25 center <~ apply(p, 2, mean) =
26 signa <- cov(p) !
\ rctosis Toos o damgng SH G 132
iy
Conoe Sadgound s -0 Wikges
R t“z.z /Downloads Teaching| Regression_and_CassficaionNP"EL/ OEcptink ‘“A";i'v:";"“ Ewllon Opimiation - 10-11
> iris dovools Tools o ke Dekpig R 245
X X . Packcesfsir
Sepal.Length Sepal.Width Petal.length Petal.Width  Species Gl g o 042
ki
1 5.1 3.5 1.4 0.2 setosa or A tneavsap by 025
s
2 4.9 3.0 1.4 0.2 setosa foniwesone sy Norcwih “orc Avescne 030
fens
3 4.7 3.2 1.3 0.2 setosa seepact iz i 139
”
4 4.6 31 1.5 0.2 setosa et SinpleGitClient or & 191
" Gt AP 131
5 5‘@ 3 ‘6 L4 0‘ Z setosa gy Generalized Hyperboic 163
§ 5:4 39 L7 9.4, |setosa hes oottt 112
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From the iris data set, from the iris data set, what I am going to do. Whenever, iris species
equal to the species name, then you just take the sepal length and sepal width that will be the
X, ok. And then, you compute the covariance matrix of these two column and the mean of

these two column.
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27 sigma.inv = solve(sigma, matrix(c(1,0,0,1),2,2))

28

29 fom‘.—[cmvnorm(xd,mean:mu,519ma = signa) :i?
30 512
31 n< 100 o

32 x<-seq(3,8,length.out=n)

33 y<seq(1.5,6,length.out=n)
34z < mapplyCellipse, as.vector(rep(x,n)), as.vector(outer(rep(d,n
35 contour(x,y,matrix(z,n,n), levels=c(1,3), col = species_col[i], a
36 , oints(X.och=20.col=species collil)

e meactyty for HIWL 12,0

Eoluion Opimizaton  10-11

Sepal.Length Sepal.Width Petal.length Petal.Width  Species downit sy dtomatc 042
1 5.1 3.5 1.4 0.2 setosa W A sy 025
2 4.9 3.0 1.4 0.2 setosa fonta 030
3 4.7 3.2 1.3 0.2 setosa seepack G 139
4 4.6 3.1 1.5 0.2 setosa o 191
5 5.0 3.6 1.4 0.2  setosa b -
6 5.4 3.9 1.7 0.4 setosa et o =
7 4.6 3.4 1.4 0.3 setosa dmres suiriaed 416
° ca 24 1c no it o o =

Now, given this mean and this covariance matrix, you simulate 1000 points and compute the
centre of the point and the covariance of the of those points, ok. And then, you calculate the
sigma inverse. So, that gives you a; then you use this mu and sigma to calculate the in call
that multivariate normal, density put it in the multi dmvnorm is the density of the multivariate

normal and plug it in.

This is the likelihood value of the multivariate density for x naught, x naught point, x naught
is the point at which we want to estimate. So, what is the likelihood for that point? Then, for
n equal to 100, we creating x axis, y axis, and we are saying that, ok, please draw in this line

we are 2, 3 lines we are drawing the contour for that particular species, ok.
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15 X0<-Cl0.¢,4)
16 f@<-rep(NA,3)
17 names(f@)<-species
18
19
20 For(i in species){e=a}
39 points(6.2,4,pch=20,col="black"')
40 prior.prob<-rep(1/3,3)
41 names(pricr.prob)<-species
42 Bayes.prob<-f@*prior.prob/sun(f@*prior.prob)
1;1} ‘Ii?\i:f nroh<-round(Raves .nroh. 3)
Contoh Temin + Bacgound ot
@ R422 - ~fDowiosts e Reresionrd Csshcaion e

> iris

Sepal.Length Sepal.Width Petal.length Petal.Width  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 31 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
o g n 24 1€ n2 cotaca

So, if let me just run this loop.

BB Cm Q20 sske s

U -
Ewionment Wstry  Comrectons Gt Tuorial =0
20 Pinotduise - V2038 - st +
R~ 7 il inionmen +

Values

0 Nared logi [1:3] NA.
species chr [1:3] "setosa" ..
specie.. chr [1:3] "blue
X0 num [1:2] 6.2 4
Functions

] s [Ees el

P Zegons 0 f 5.

Sepal width

Sepal Lenghh

§§‘
v
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40 prior.prob<-rep(1/3,3) Iy
41 names(pricr.prob)<-species
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Contoh Temin + Bacgound ot =03
@ R4.22 - /Downloads Teaching Regressionand Cassficaion NPTEL/ &
> iris
Sepal.Length Sepal.Width Petal.length Petal.Width  Species 7
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 “1
4 4.6 31 1.5 0.2 setosa
5 5.0 3.6 1.4 0.2 setosa T T T
6 5.4 39 1.7 0.4 setosa 4 § 6 4 8
7 4.6 3.4 1.4 0.3 setosa Sepal Lengh
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So, here is the viewer, plots. So, here is the plots.
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16 70<-rep(NA,3) = 2

17 names(f@)<-species

18

19| o + seom

20 for(i in species){e=s} ! i

39 points(6.2,4,pch=20,col="black")

40 prior.prob<-rep(1/3,3) w4

41 names(pricr,prob)<-species
42 Bayes. prob<-f0*prior.prob/sum(f@*prior.prob)

43 Raves.nroh<-round(Raves nroh.3) £

161 (TopLevel ¢ Reript 3 g *1
Consoe Teminal + BakgroundJobs =0 3

@ R422 oot e sion s, Cstfcsion VT 3

+  y<-seq(1.5,6,length.out=n) od
+ 2 <- mapply(ellipse, as.vector(rep(x,n)), as.vector(outer(rep(d,n),

Y, +0))

+  contour(x,y,matrix(z,n,n), levels=c(1,3), col = species_col[i], add o

=TRUE, Lty=1)
+ points(X,pch=20, col=species_col[i])
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4 § 6 7 ]
+}
SepalLenghh
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So, let me just run the points. So, these are the 3 points and 3.
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18
19
20 for(1 in species){=m}
39 points(6.2,4,pch=20, col="black") o p—
40 prior.prob<-rep(1/3,3) « versicolar
41 nanes(prior. prob)<-species i i
42 Bayes.prob<-f@*prior.prob/sun(f@*prior.prob)

43 Bayes.p?ai:omund(ﬂayes.probd) 7
44
45

a7

Consol Temiral  Backgy
fon ard_Cassfczion NF°EL/

R 1422 -ftowk o
> points(6.2,4,pch=20,col="black")
> prior.prob<-rep(1/3,3)
> prior.prob

[1] 0.3333333 09.3333333 0.3333333
> names(prior.prob)<-species

> prior.prob

setesa versicolor virginica
0.3333333 0.3333333 0.3333333 L L

>

Sepal Lengh

And then, here is the test point, here is the test point. You see this is the test point. Now, I am
going to give equal prior probability. I am not saying, so prior probability for this point
belong to setosa, versicolor or virginica is equal. I am not giving any special additional

preference to any point. So, the name prior of the, now I just add the names also, and then, I

am just computing the Bayes probability, ok.
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18
19
20 for(i in species){mm}

39 points(6.2,4,pch=20, col="black") o Py
40 prior.prob<-rep(1/3,3) « versicolor
41 names(prior. prob)<-species ko
42 Bayes.prob<-f@*prior.prob/sun(f@*prior.prob)

43 Bayes. probf-round(Bayes . prob,3) 1
4
45-

51

Consol Temiral - Backgy
R R4.22 - ~/bown

> prior.prob
setosa versicolor virginica
0.3333333 0.3333333 0.3333333
> Bayes.prob<-f@*prior.prob/sum(f@*prior.preb)
> Bayes.prob<-round(Bayes.prob,3)
> Bayes.prob
setesa versicolor virginica T T
0.861° 0029  0.110 8o e

Sepal Lengh

And rounding of the Bayes probability up to the 3 decimal process, so here. So, that means,
Bayes probability is 0.861. This point belongs to setosa with 80 percent probability to
versicolor with 0 point 2.9 percent or about 3 percent probability and 11percent probability

that it belongs to virginica. So, with a high probability we will say that most likely this point

belongs to setosa.
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49 Iris <- dota.frame(rbind(iris3[,,1], iris3[,,2], iris3[,,3]),

50 Sp = rep(c("setosa”, "versicolor","verginica"), m
51 © * selosa

1 « versicolor
52 set.seed(5571) + virgica
53 train <- sort(sample(1:150, 109,replace = F))
54 test <-Iris[-train, ] L

55 table(Iris$Sp[train])
56 mod <- 1da(Sp ~ ., Iris, prior = c(1,1,1)/3, subset = train)

ncconnardi rkmad +ack lrlnce

> Bayes.prob<-round(Bayes.prob,3) o
> Bayes.prob
setosa versicolor virginica
0.861 0.629 0.110 o
> library(MASS)
> Iris <- data.frame(rbind(iris3[,,1], iris3[,,2], iris3[,,3D),
+ Sp = rep(c("setosa", "versicolor", "verginica"), rep L S
0,3 4 § 6 7 ]
> Sepal Lengh

Now, we are going to do the, this is for one test point. So, I try to demonstrate how linear
discriminant analysis in theory, using one test point. But, most of the time you will see that

your data will have many test points and you have to run it like a typical ml setup, machine

learning setup.
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[ 1.b verginica
131 7.4 2.8 6.1 1.9 verginica

132 7.9 3.8 6.4 2.0 verginica

133 6.4 2.8 5.6 2.2 verginica @ + selosa
134 6.3 2.8 5.1 1.5 verginica ::ﬁ;‘:;‘:r
135 6.1 2.6 5.6 1.4 verginica

136 7.7 3.0 6.1 2.3 verginica w

137 6.3 3.4 5.6 2.4 verginica
138 6.4 31 5.5 1.8 verginica
139 6.0 3.0 4.8 1.8 verginica 1
140 6.9 31 5.4 2.1 verginica
141 6.7 3:1 5.6 2.4 verginica
142 6.9 31 5.1 2.3 verginica
143 5.8 2.7 5.1 1.9 verginica
144 6.8 3.2 5.9 2.3 verginica
145 6.7 3.3 5.7 2.5 verginica
146 6.7 3.0 5.2 2.3 verginica
147 6.3 2.5 5.0 1.9 verginica

Sepal width

148 6.5 3.0 5.2 2.0 verginica T T T T T
149 6.2 3.4 5.4 2.3 verginica ¢ & 8 1T 8
150 5.9 3.0 5.1 1.8 verginica I SepalLengh

So, I am going to take the iris dataset with; here is the iris dataset with all the 150 values, with
50 in each probability. And then, I am going to first Split the data into train and test, ok. Split

the data into train and test, ok.
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52 ## Split the data into train and test
53 set.seed(5571)

54 train <- sort(sample(1:150, 109,replace = F))

55 test <-Iris[-train, ] @ * selosa
56 table(Iris$Spltrain]) o
57 ### Fit LDA

58 mod <- lda(Sp ~ ., Iris, prior = c(1,1,1)/3, subset = train)
59 pred_class<-predict(mod,test )$class

60 res = cbind.data. frame(pred_class,Actual_class=test$Sp)
el

Consol Temiral  Background Jobs

fon_ard_Cassfczion NP EL

® R422 - ~/Domoat T ] i
> ## Split the date into train and test

> set.seed(5571)

> train <- sort(sample(1:150, 10@,replace = F))
> test <-Iris[-train, ]

> table(IrisSSp[train])

setosa verginica versicolor T T T
heat,.) 32 35 4 H 6 7 8
Sepal Lengih

> head(Iris)

So, I am just, I just played the data. Till the data table if you just say; so, basically in train data
there were 33 setosa, 32 virginica and 35 were versicolor. So, they are almost same. So, out of
150 samples, I have taken 100 random samples from the main data and those samples belongs
to train datasets. 100 samples belongs to and 50 samples belong to the test dataset. Here in

this, I am going to fit LDA, linear discriminant analysis. And I am saying that ok fit all the

models.
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52 ## Split the data into train and test
53 set.seed(5571)
54 train <- sort(sample(1:150, 100,replace = F))
55 test <-Iris[-train, ]
56 table(Iris$Sp[train])
57 ### Fit LDA
58 mod <- lda(Sp ~ ., Iris, prior = c(1,1,1)/3, subset = train)
59 pred_class<-predict(mod,test )$class
60 res = cbind.data. frame(pred_class,Actual_class=test$Sp)

A1 tahlalrac)
SE1 B Unid)
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@ R4.22 - ~/bownoadsTeachingRegressionand Cassicaion NP'EL

> head(Iris)

Bepal.L. Sepal.W. Petal.L. Petal .W. Sp
5.1 3.5 14 0.2 setosa
4.9 3.0 1.4 0.2 setosa
4.7 3.2 13 0.2 setosa
4.6 3.1 15 0.2 setosa
5.0 3.6 1.4 0.2 setosa
5.4 3.9 1.7 0.4 setosa

Voo Ul s W e

So, maybe I will just say head Iris.
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Sepal width

Ao Tegons 0 f

Sepal Lengh

%

* selosa
* versicolor
* virginica

]

o
ot

>l
NPTEL
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53 set,seed(5571) Proam Fogon- 10 | f 4.
54 train <- sort(sample(1:150, 100,replace = F))

55 test <-Iris[-train, ]

56 table(Iris$Sp[train]) .

1 * selosa
57 ### Fit LDA * versicolor
58 modl <~ lca(Sp ~ Sepal.L.-Petal.L. ki
59 , Iris, orior = c(1,1,1)/3, subset = train)

60 pred_classl<-predict(modl, test )Sclass
61 }res = cbind.data. frame(pred_class,Actual_class=test$Sp)
62 table(res)

611 B Uaitd) Rsapt ¢

Consolt Temiral - BackgroundJobs =0

Sepal width

R R4.22 - ~/Domoss et Reresion ard Cssicaion e
2 4.9 3.0 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa
4.6 3.1 15 0.2 setosa
5.0 3.6 1.4 0.2 setosa
5.4 3.9 1.7 0.4 setosa

modl <- 1da(Sp ~ Sepal.L.+Petal.l.
, Iris, prior = ¢(1,1,1)/3, subset = train) LI R S A
pred_classl<-predict(modl,test )$class

Sepal Lengh

VV A+ Voo e w

So, maybe first I will fit with length plus sepal width, maybe with petal length, ok with two
feature, essentially with two feature. This is my first model. And if we just run this then we

can do the same with the predictive class.
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53 set,seed(5571)

54 train <- sort(sample(1:150, 102,replace = F))

55 test <-Iris[-train, ]

56 table(Iris$Sp[train]) © « seosa

57 ### Fit LDA « versicolo
58 modl <- lda(Sp ~ Sepal.L.+Petal.L. .l
59 , Iris, orior = c¢(1,1,1)/3, subset = train)

60 pred_classl<-predict(modl,test )Sclass
61 confl = cbind.data.frame(pred_classl,Actual_class=test$Sp)
62 table(confl)

621 B i) Rsapt 2

Sepal width

S p——
> resl = cbind.data. frame(pred_classl,Actual_class=test$Sp)
> confl = cbind.data. frame(pred_classl,Actual_class=test$Sp)
> table(confl)

Actual _class
pred_classl setosa verginica versicolor

setoso 17 [} [}

verginica 0 16 0

versicolor [ 3 15 ¢ £
Sepal Lengh

>

And then this is the result 1. And this is the confusion matrix. Essentially, actually this is only
the confusion matrix. So, I would rather instead of result I would say it is a confusion matrix.
And let me just show you how the confusion matrix looks like, ok. There are two cases where
virginica; which were virginica that was classified as versicolor, ok. So, this is the linear

discriminant analysis with two feature.



(Refer Slide Time: 10:25)

Now, let me run the entire thing with maybe model 2. And what we can do; head train, [ am

sorry; Iris.
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, Iris, prior = c(1,1,1)/3, subset = train)

60 pred_classl<-predict(modl,test )Sclass

61 confl = cbind.data.frame(pred_classl,Actual _class=testiSp)

62 table(confl)

63
64 mod2 <- lda(Sp ~ Sepal.L.+Petal.L.
65 , Iris, prior = ¢(1,1,1)/3, subset = train)

66 pred_classl<-predict(modl,test JSclass
67 confl = cbind.data. frame(pred_classl,Actual_class=test$Sp)
68 table(confl)

65 B Unid)
Consols Temival - Background Jobs

R R422 /owirh T eion s Coison T,
> table(confl)

Actual _class
pred_classl setosa verginica versicolor

setoso 17 [ 9
verginica [ 16 0
versicolor [} 2 15

> head(train)
[11124567 1
> head(Iris)

S+
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59 , Iris, orior = ¢(1,1,1)/3, subset = train) LD TRl o

60 pred_classl<-predict(modl,test )Sclass

61 confl = cbind.data.frame(pred_classl,Actual_class=test$Sp)

62 table(confl) o S aia

63 + versiolor

64 mod2 <- lda(Sp ~ Sepal.L.+Petal.L. i

65 , Iris, prior = ¢(1,1,1)/3, subset = train) ol

66 pred_classl<-predict(modl,test JSclass
67 confl = cbind.data.frame(pred_classl,Actual_class=test$Sp)

68 table(confl) .
65 B Unid) Rt s \'g 1
Consls Tamisl - Badground ot =03

H
® Re22 ~/Downloads TeachingRegresion_andC Rsficaion NP/ 3
> head(Iris) o

Sepal.L. Sepal.W. Petal.L. Petal W. Sp
5.1 3.5 1.4 0.2 setosa
4.9 3.0 1.4 0.2 setosa
4.7 3.2 13 0.2 setosa
4.6 3.1 15 0.2 setosa
5.0 3.6 1.4 0.2 setoso
5.4 3.9 1.7 0.4 setosa

Voo W e

Sepal Lengh
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, Iris, prior = c(1,1,1)/3, subset = train) Azom Zegon- 0 f kD
60 pred_classl<-predict(modl,test )Sclass
61 confl = cbind.data.frame(pred_classl,Actual _class=test$Sp)
62 table(confl) o e
63 + versicolor
64 mod2 <~ lca(Sp ~ Seoal.L.-Petal.L.+Sepal .W.+Petal . W. —
65 , Iris, prior = ¢(1,1,1)/3, subset = train) o
66 pred_classi<-predict(modl,test )Sclass
67 confl = cbind.data.frame(pred_classl,Actual_class=test$Sp)
68 table(confl) c
631 B (Ustitd) Reript 2 ‘% *1
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1 5.1 3.5 1.4 0.2 setosa o
2 4.9 3.0 1.4 0.2 setosa
3 4.7 3.2 13 0.2 setosa
4 4.6 3.1 1.5 0.2 setosa o
5 5.0 3.6 1.4 0.2 setosa
6 5.4 3.9 1.7 0.4 setosa
> mod2 <- 1da(Sp ~ Sepal.L.+Petal.L.+Sepal.W.+Petal W. !
+ , Iris, prior = ¢(1,1,1)/3, subset = train) * # # ! i
> Sepal Lengh
(
- v{‘;)] 2

So, let me now just put the Sepal width and Petal width as well. So, all the features, all 4

features let me put, all the 4 features.
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60 pred_classl<-predict(modl,test )$class

61 confl = cbind.data.frame(pred_classl,Actual _class=test$Sp)

62 table(confl)

63 ©q * selosa

64 mod2 <- lda(Sp ~ Sepal.L.+Petal.L.+Sepal.W.+Petal.W. * versicolor
65 , Iris, prior = ¢(1,1,1)/3, subset - train) ki
66 pred_class2<-predict(mod2, test )éclass ol

67 conf2 = cbind.data. frame(pred_class2,Actual_class-test$Sp)
68 table(conf2)

69
R R422 /oo

> pred_class2<-predict(modZ, test )$class o
> conf2 = cbind.data, frame(pred_class2,Actual _class=test$Sp)
> table(conf2)

Actual _class o
pred_class2 setosc verginica versicolor
setoso 17 0 [}

verginica 0 18 0 T

versicolor [} o! 15 ¢ L

> Sepal Lengh

And let me do the prediction. And out of the sample prediction, remember that here is my test
data set to do the prediction, ok. And then this is the confusion matrix. So, let us run this
confusion matrix, now it is being corrected. So, when we put the more feature, naturally the

classification becomes better. So, and it is in the out of the sample classification it got better.

So, this shows that if you have more feature, more typically it helps you. But at the same
time, you have to be careful about the over fitting that if you put too many features too many
engineered features, it might, you might end up in a wrong place with lot of over fitting. That

means in your test accuracy and out of the sample accuracy. And in sample accuracy will be

very different.

At the same time, remember that you have to be this particular data set iris data set is actually

a very toy data set. Going forward we will try with more real life new days data set, new age



data set where it will be much much difficult to classify the target variable. With this, thank
you very much. Wish you a happy weekend. See you in the next week with new lecture, new

topic.

Thank you very much.



