Chapter 1: Getting Started with R and Machine Learning
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M2.r3 22 23 24
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Ml.rl 17 1% 21
Ml.r2 23 25 27
Ml.x3 25 31 33
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Ml.cl Ml.c2 M1.c3
Ml.rl 1e 34 54
Ml.x2 T& 100 126
M1l.r3 154 14 216
M1.rd 250 286 324
M1.xr5 3c4 406 450

MZ.rl MZ2.rZ2 MZ.r3 MZ2.r4 MZ.r5

MZ2.cl la 15 22 23 28
M2 .2 17 20 23 26 25
MZ2.c=3 18 21 24 27 30

MZ.rl MZ.r2 MZ2.r3 M2Z.r4 M2Z.r5
M1l.rl 104 122 140 158 176
M1l.r2 257 302 347 352 437
Ml.xr3 410 482 354 626 6948
M1l.r4 563 662 Tl 860 559
M1.xr5 716 g42 Se8 1094 1220
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[1] 5

real.name =superheroc.nams franchise

Bruce Wayne
Clark Eent
Slade Wilson
Tony Stark
Steve Rogers

Batman
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'data.frame": 5 ocbs. of 5 wariakles:

5 real.name : Factor w/ 5 levels "Bruce Wayne",..: 1 2 3 5 4
% superhero.name: Factor w/ 5 levels "Batman", "Capt. America™,..: 1 5 3 4 2
S franchise : Factor w/ 2 levels "DC","Marvel™: 1 1 1 2 2
S team : Factor w/ 3 levels "Avengers","JLa",..: 2 2 3 1 1
5 origin.year : num 1535 1538 1580 1563 1541
[1] "real.nam=" "superhero.name" "franchise" "team" "origin.year"
mpg oyl di=sp hp drat wt gsec w2 am gear carb
Mazda RX4 21.0 & 160 110 3.50 2.620 l6.46 0 1 4 4
Mazda RX4 Wag 21.0 & 160 110 3.%0 2.875 17.02 0 1 4 4
Datsun 710 22.8 4 108 93 3.85 2.320 18.61 1 1 4 1
Hornet 4 Driwve 21.4 & 258 110 3.08 2.215 15.44 1 O 3 1
Hornet Sportabout 18.7 8 360 175 3.15 3.440 17.02 0 O 3 2
Valiant 18.1 & 2253 103 2.7¢ 2.4c0 20.22 1 O 3 1
real .name superhero.name franchise team origin.year
2 Clark Eent Superman DC JLL 1538
3 5lade Wilson Deathstroke DC Suicide Squad 1580
4 Tony Stark Iron Man Marwvel Lvengers 1963
real .name superhero.name
2 Clark Eent Superman
3 S8lade Wilson Deathstroke
4 Tony Stark Iron Man

real .name superherc.name franchise
1 Bruce Wayne Batman DC
2 Clark Eent Superman DC

real .nams superhero.name franchise
3 8lade Wilson Deathstroke jales
4 Tony Stark Iron Man Marvel
5 Steve Rogers Capt. Lmerica Marvel



id name alias
1 emp001 Harwvey Dent TwoFace
2 emp003 Dick Grayson Nightwing
3 emp007 James Bond Zgent 007

id name alias id location speciality
1 emp001 Harvey Dent TwoFace empl0l Gotham City Split Per=ona
2 empl03 Dick Grayson Nightwing empl03 Gotham City Expert Acrobat
3 emp007 James Bond Rgent 007 emp007 London Gadget Master

id name alia= location zpeciality
1 emp001 Harvey Dent TwoFace Gotham City Split Pers=ona
2 emp003 Dick Grayson Nightwing Gotham City Expert Zcrobat

3 empl07 James Bond Agent 007 London Gadget Master
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(1] » 2 2 4 53 & 7T 8 9 10

51z
[1] 0.3063285 0.3210605 0.2126607 0.4323474 0.7352608

[6] 0.3211845 0.4266556 0.3350231 0.8402687 0.2214472

$13
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Chapter 2: Let's Help Machines Learn

(a) Perceptron after 1= iteration

(b) Perceptron after 507 iteration

(c) Perceptron after 757 iteration

(d) Perceptron after 807 iteration
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Call:
Tm{formula

60 65 70

height

weight ~ height)

Coefficients:
(Intercept)
-143.227

hedght
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SepaT.Lethh Sepal.width Petal.Length Petal.width

Species
1 5.1 3.5 1.4 0.2 Iris-setosa
2 4.9 3.0 1.4 0.2 Iris-setosa
3 4.7 3.2 1.3 0.2 Iris-setosa
4 4.6 3.1 1.5 0.2 Iris-setosa
5 5.0 3.6 1.4 0.2 Iris-setosa
& 5.4 3.9 1.7 0.4 Iris-setosa
"data.frame': 150 obs. of 5 wariables:
% Sepal.Length: num 5.1 4.9 4.7 4.6 5 5.4 4.6 5 4.4 4.9
% Sepal.width num 3.5 3 3.2 3.1 3.6 3.9 3.4 3.4 2.9 3.1
$ Petal.Length: num 1.4 1.4 1.3 1.5 1.4 1.7 1.4 1.5 1.4 1.5 ...
$ Petal.width num 0.2 0.2 0.2 0.2 0.2 0.4 0,3 0.2 0.2 0.1 ...
% Species Factor w/ 3 lewels "Iris-setosa', 1111111111..
Sepal.Length Sepal.width Fetal.Length Fetal.width Species
Min. 14,300 Min. 12,000 Min. :1.000  Min. 10,100 Iris-zetosza 150
1st Qu.:5.100 1st Qu.:2.800 1st Qu.:1.600 1st Qu.:0.300 Iris-versicolor:s0
Median :5.800 Median :3.000 Median :4.350 Median :1.300 Iris-wirginica :50
Mean ;5,843 Mean ;3,054 Mean :3.759 Mean ;1,199
3rd Qu. 6400 Ird Qu.:3.300 3rd Qu.:5.100 Ird Qu.:1.800
Max. $7.900 Max. 4400 Max. &.900 Max. 2.500
289 factor(Species)
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1.04 - & # o
et o
0.24 e 0000 o
1.0 15 20 25 3.0 35 Pmﬂl.:;:g(h 45 50 55 6.0 B4 70
Sepal.Length Sepal.width Fetal.Length Fetal.width
Min. ;0. 0000 Min. (0., 0000 Min. (0,000 Min. (0, 00000
1st Qu.:0.2222 1st Qu.:0.3333 1st Qu.:0.1017 1st Qu.:0.08333
Median :0.4167  Median :0.4167 Median :0.5678  Median :0.50000
Mean 10,4287 Mean 10,4392 Mean (0. 4676 Meaan (0.45778
Ird Qu.:0.5833 Ird Qu.:0.5417 Ird Qu.:0.6949 Ird Qu.:0.70833
Max. :1.0000 Max. :1.0000 Max. :1.0000 Max. 1.00000



(1]

(5]

(9]
(13]
(17]
(21]
(23]
[29]
[33]
[37]

Levels:

Iris-setosa Iris-wversicolor

50

Iris-setosa
Iris-setosa
Iris-setosa
Iris-versicolor
Iris-versicolor
Iris-versicolor
Iris-virginica
Iris-wversicolor
Iriz-wirginica
Iriz-wirginica

Cell cContents

il
/ Row Total |
S ool Total |
Takle Total |

Total observations in Table:

iris.testLabels

Iris-setosa
Iris-setosa
Iris-setosa
Iris-versicolor
Iris-versicolor
Iris-versicolor
Iris-virginica
Iris-virginica
Iriz-virginica
Iriz-virginica

Iris-setosa Iris-wersicolor

40

50

Iris-setosa
Iris-setosa
Iris-setosa
Iris-wversicolor
Iris-wversicolor
Iris-wversicolor
Iris-virginica
Iris-virginica
Iriz-wirginica
Iriz-wirginica
Irizs-virginica

Iris-wvirginica

50

Iris-setosa
Iris-setosa
Iris-setosa
Iris-versicolor
Iris-versicolor
Iris-versicolor
Iris-virginica
Iris-virginica
Iriz-wirginica
Iriz-wirginica

iris_model

Iris-setosa | Iris-versicolor | Iris—wirginica | Row Total |
————————————————— T L B s
12 | o 0 1z |
1.000 | 0.000 | 0.000 | 0,300 |
1.000 | 0.000 | 0.000 | |
0,300 | 0. 000 | 0,000 | |
————————————————— e

o 12 | a 1z
0.000 | 1.000 | 0.000 | 0.300 |
0. 000 | 0,923 | 0,000 | |
0.o00 | 0.300 | 0,000 | |
————————————————— el B

o 1 15 | 16
0. 000 | 0,062 | 0,938 | 0,400 |
0.o00 | 0.077 | 1.000 | |
0.000 | 0.025 | 0.375 | |
————————————————— el B B e
12 | 13 | 15 | 40 |
0.300 | 0.325 | 0.375 | |

| | |
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0.9554818 1.002312



y= _f’(wlxl twx festwn +b) = j'(wa+b)
X, =x+1/2

v=+Lwhenx, >x +1/2
—lotherwise

y=b,+bx
residual, = y, = ¥,

Sum of Squares of residual =SS ( residual, )

n

SS(residual,) =Y (y,- 7 )2

i=1

Euclidean — distance(p, q)= Z(qi - D, )2

T = {z‘l,iz,...,in}
and7 ¢,
x—min(x)

X

new

max(x)—min(x)
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Set of n observations: {xI yXyyee X, }
Set S of partitions: S = {Sl,S2 ...S,;}

Objectiveis to minimize the with —in cluster sum of squares :

argmin, ¥ 3 [| X — 4 |

x=1 xg8§;



Chapter 3: Predicting Customer Shopping Trends with Market Basket

Analysis
A B C D
1 beer diapers bread
2 diapers eggs
3 diapers beer
4 beer diapers eggs
5 beer diapers
6 diapers milk
7 milk bread
8 diapers beer milk bread
9 beer diapers milk
s(is,) =—LU5)

cozmt(z;l. 15:)

6

5
S515)
(s, —1s,) _W;TL;’)S)
c(1s, —>1s,)= f(jSTZ“;’)



R = TR B SRR T N R

A
Items
milk

bread
butter

beer
wine

diapers

milk
bread
butter
beesr
wine
diapers

L(JS_—>15_‘,):S

X

S (1S, 0y UIS,

S(1s,U1s,)
(15,)xS(18,)

dinpers} )

S (IS{beer'} ) X3 ([S{‘mp s} )

6+9
(6+9)x(8+9)
B C D E
milk bread butter beer
10000 8758 5241 300
2758 9562 2805 a2y
5241 2865 11753 310
300 427 310 12985
215 322 a7y 10115
753 353 114 9173
milk bread butter bkeer
10000 87358 2241 300
8738 9562 8865 427
5241 B88e5 11753 310
300 427 310 12585 10
215 322 447 10113 7
753 353 114 9173

F G
wine diapers

215 753
322 353
447 114

10115 9173
7825 228
228 18105

215
322
4477
115
825
228

wine diapers

753
353
114
5173
228
18105



Products Contingency Mosaic Plot

milk

beer

wne
diapers

=

E
[e—
[

k=1

@

=
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—

diapers

.
&
E
o

[ ]

whole milk other wegetables rolls/buns soda yogurt
whole milk 2513 736 3537 354 331
other wegetakbles 736 1503 419 322 427
roll=/buns 237 419 180% 377 338
aoda 254 322 377 1715 2659
yogqurt 231 427 328 265 1372
whole milk other vegetables rolls/buns soda yogurt
whole milk 0.25551601 0.07483477 0.05663447 0.04006101 0.05602440
other wegetables 0.074B83477 0.1934%263 0.0426025%5 0.03274021 0.04341637
rolls/buns 0.03663447 0.0426025%5 0.183534%3 0.03833249 0.03436706
soda 0.04006101 0.03274021 0.03833249 0.17437722 0.02735130
yogurt 0.05602440 0.04341637 0.03436706 0.02735130 0.135%50178
whole milk other wegetables rolls/buns soda yogurt
whole milk N& 1.5136341 1.205032 0.8%91124 1.571735
other vegetables 1.5136341 N 1.157047 0.59703476 1.608457
rolls/buns 1.2050318 1.1570465 NA 1.1551242 1.335363
soda 0.89591124 0.5703476 1.155124 N2 1.124368
vogurt 1.5717351 1.6084566 1.339%363 1.1243678 NZ&
Ttem Association Matrix
{beer, bread} {beer, diapers} {beer, milk} {bread, diapers} {bread, milk} {diapers, milk}
{beer, diapers, bread} 1 1 NA 1 NA& NA
{diapers, eggs} NA& NA NA NZ& NA& NA
[diapers, beer} NA 1 NA NA NA NA
{beer, diapers, eggs} NZ& 1 NA NZ& NZ& NA
{beer, diapers} NA& 1 NA NA NA& NA
{diapers, milk} NA& NA NA NZ& NA& 1
[milk, bread} NA NA NA NA 1 NA
{diapers, beer, milk, bread} 1 1 1 1 1 1
{beer, diapers, milk} NA& 1 1 NA NA& 1



ltemset Frequency Support

1 {beer, diapers} 3] 66.67
2 {diapers, milk} 3 33.33
3 {beer, bread} 2 2222
4 {beer, milk} 2 23 39
2 {bread, diapers} i 2222
&  {bread, milk} 2 2220
[temset Frequency Support
1 {beer, bread, diapers} 2 22 22
2 {beer, diapers, milk} 2 2222
whole milk other vegetables rolls/buns soda yogurt
2513 1503 1809 1715 1372
bottled water zroot wegetakles tropical fruit shopping bags sausage
1087 1072 1032 969 524
5 .
& & & 2> & A & R &
& & & & S & & & & &
@‘0@ 4@96{0 @‘éﬂ | G&@ﬁ 46‘?% @Q\& Q"’@q s



lhs=s rhs support confidence lift
1 {honey} => {whole milk} 0.001118454 0.7333333 2.87000%9
2 {tidbits} => {rolls/bun=} 0.001220132 0.5217351 2.836542
3 {cocoa drinks} =» {whole milk} 0.001321810 0.5%05%051 2.312611
4 {pudding powder} => {whole milk} 0.001321810 0.5652174 2.2120&2
5 {cooking choceolate} => {whole milk} 0.001321810 0.5200000 2.035057
lhs rhs= support confidence 1lift
1132 {rice,sugar} =»> {whole milk} 0.001220132 1 3.5913645
258 {canned fish,hygiene articles} => {whole milk} 0.001118454 1 3.5913645%
1487 {root wegetables,butter,rice} =»> {whole milk} 0.00101&6777 1 3.5913645
1646 {root wegetables,whipped/sour cream, flour} => {whole milk} 0.001728521 1 3.513645
1670 {butter,soft cheese,domestic eggs} =»> {whole milk} 0.00101&6777 1 3.5913645
lhs rhs support confidence 1lift
53 {Instant food products,soda} =¥ {hamburger meat} 0.001220132 0.6315378% 18.95365
37 {soda, popcorn} => {salty =nack} 0.001220132 0.631578% 16.65%775
444 {flour,baking powder} => {sugar} 0.001016777 0.5555556 16.40807
327 {ham, processed cheese} => [white bread} 0.001531876 0.8333333 15.04545
330 {processed cheese,domestic eggs} => {white bread} 0.001118454 0.5238055 12.443c4
lhs rhs support confidence lift
12 {coffee,misc. beverages} => {=odal}l 0.00101&777 0.7652308 4.411303
37 {sausage,bottled water,bottled beer} => {soda} 0.001118454 0.7333333 4.205442
29 [sausage,white bread, shopping bags} =» {soda} 0.001016777 0.6666667 3.8231295
34 {rolls/buns,bottled water, chocolate} => {=3oda}l 0.001321810 0.6500000 3.727551
13 {pastry,misc. beverages} =» {=oda}l 0.001220132 0.6315785% 3.821512
1lhs= rhs support confidence 1ift
8 {vogurt, sugar} =» {whole milk} 0.0032660357 0.525%4118 2.071%32
2 {sugar} => {whole milk} 0.01504825%7 0.4444444 1.7359400
7 {yogurt,sugar} => {other wvegetables} 0.002846%75 0.4117647 2.128064
4 [yogurt} => {whole milk} 0.056024403 0.40160353 1.371733
1 {sugar} => [other wegetables} 0.010777834 0.3183183 1.64511S




Chapter 4: Building a Product Recommendation System

Dell Inspiron | Mac Book Air| Acer Aspire | Alienware MX101 | Mac Book Pro| Dell Vostro
User1 7 5 2 7 4 1
User2 4 ? 3 7 1 4
User 3 3 ? ? 5 4 3
-_— ZH'F:\' &) (u"u')(,:f'i 7’_;1 )
pm’ = r;t + r
Toen | s(u,u')]
(2]
!
S (Ll_, u )
1 !
X //’ "—’_—__\"x \\\
IR T
A \‘\\ \\\\ A ”If II’I
T e
A ‘\‘ ,,” Type T (Triangles)
A B = -

Bty

S(u,v) =t v

2
]H

|2|

r,

|2
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L= I I = N T R S U

r
Vg =Yy ta

oe:

2
i

Wik

=Yy +2ae1.jx,.k — ﬁykj

iPhone.4 iPhone.5s Mexus.5
497 409 1.00
1.06 0.99 403
0.87 0.80 .97
1.13 1.06 3.97
497 409 1.00
1.06 1.00 3.97
1.01 0.9% .58
4.04 4.06 1.00
iPhone.4
iPhone.35
Mexus.s
Moto. X
Moto.G
MNexus.6
One.Plus.One
(a) Actual Ratings
iPhone.4
iPhone.55
Nexus.5
Moto.X
Moto.G
MNexus.&
One.Plus.One
(a) Actual Ratings

One.Plus.0One

Moto. X Moto.G Nexus.6

341 1.01 205

5.58 420 474

543 414 464

5.53 414 4.69

341 1.00 2.05%

5.51 414 468

498 3.73 4.22

3.39 1.00 2.04
5 iPhone.5s 4.99
5 iPhone.4 4.97
1 Moto. X 3.41
0 Nexus.6 2.05
0 Moto.G 1.01
0 MNexus.5 1.00
1 One.Plus.One 0.99

(b} Predicted Ratings

1 iPhone.4 0.87
0 iPhone.5s 0.80
4 Mexus.5 3.87
0 Moto. X 5.43
0 Moto.G 4.14
4 Nexus.6 4.64
5 | One.Plus.One 432

(b) Predicted Ratings

0.99
438
432
431
0.99
432
3.88
0.99



Users (Rows)
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UserlD
ulooos
ulooos
ulooos
ulooos
ulooos
ulooos

Product
prod_5
prod_7
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prod_13
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prod_16G

Ratings

e

ltems (Columns)

Dimensions: 6 x 10
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Users (Rows)

Frequency

5000 10000 15000 20000
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Histogram of Product Count Distribution

150 200 250 300

Frequency

100

0 50
%
;

Number of Products

RMSE MSE MAE
1.1628422 1.3522021 0.9099283

RMSE MSE MAE
User Based CF 1.162842 1.352202 0.9099283
Item Based CF 1.221485 1.492025 0.9324538

1. = k,if user has rated theitem; where k =1ton

0, otherwise

NcU

R=UxP’ (we take transpose of Pas P’ for matrix multiplication)

where, Ri = |Ui>< ‘P|

X = iU‘ x K matrix
Y= iP|xK matrix

E:Z(zi,,pj,f;)eSeu

K 2
= Z(u,, Pt ) es [I;J — Zxr“"hJ
P



Chapter 5: Credit Risk Detection and Prediction - Descriptive Analytics

credit.rating account.balance credit.duration.months previous.credit.payment.status

1 1 1 18 4
2 1 5 4
3 1 2 12 2
4 1 1 12 4
L 1 1 12 4
6 1 1 10 4
credit.purpose credit.amount savings employment.duration installment.rate
1 2 1043 1 2 4
2 0 2793 3 2
3 9 841 2 4 2
4 0 2122 1 3 3
s 0 2171 1 3 4
3 0 2241 1 2 1
marital.status guarantor residence.duration current.assets age other.credits
1 2 1 4 2 21 3
2 3 1 2 1 36 3
3 2 1 4 1 23 3
4 3 1 2 1 3% 3
5 3 1 4 2 38 1
€ 3 1 3 1 48 3
apartment.type bank.credits occupation dependents telephone foreign.worker
1 1 1 3 1 1 1
2 1 3 1 1
3 1 1 2 1 1 1
4 1 2 2 2 1 2
5 2 2 2 1 1 2
3 1 2 2 2 1 2
'data.frame’: 1000 cbs. of 21 variables:
$ credit.rating :dint 11 11111111...
¢ account.balance :int 1121111142 ...
% credit.duration.months : int 18 9 12 12 12 10 8 & 18 24 ...
¢ previous.credit.payment.status: int 4 4 2 4 4 4 4 4 4 2 ...
$ credit.purpose :int 2050000033 ...
% credit.amount : int 1045 27%% 841 2122 2171 2241 33%8..
$ savings :int 11 21111113...
$ employment.duration :int 2 3 43 3224211 ...
% installment.rate :int 42234112 41...
% marital.status :int 2323333322 ...
¢ guarantor :int 1111111111 ...
% residence.duration :int 4 2 4 2 4 3 4 4 4 4 ..
¢ current.assets :dnt 21 11211134...
$ age : int 21 36 23 39 38 48 39 40 65 23 ...
% other.credits :int 3333133333 ...
$ apartment.type :int 1111212221 ...
% bank.credits :int 1212222121 ...
$ occupation :dnt 3322222211 ...
$ dependents :dint 1212121211 ...
¢ telephone :int 1111111111 ...
$ foreign.worker :int 1112222211 ...
'data.frame': 1000 obs. of 21 variables:
$ credit.rating : Factor w/ 2 levels 222 ...
$ account.balance : Factor w/ 4 levels 1111142 ...
$ credit.duration.months : int 18 9 12 12 12
$ previous.credit.payment.status: Factor w/ 5 levels 55235555553 ...
$ credit.purpose : Fastor w/ 10 levels "0","1","2","3",..: 3191111144 ...
$ credit.amount : int 1045 2799 B41 2122 2171 2241 3398 1361 1098 3758 ...
$ savings : Factor w/ 5 levels 11211111183 ...
$ employment.duration : Factor w/ 5 levels 2323322211 ...
$ installment.rate : Factor w/ 4 levels 23411241 ...
$ marital.status : Factor w/ 4 levels 23333322...
$ guarantor : Factor w/ 3 levels 111111 ...
$ residence.duration : Factor w/ 4 levels 42434444 ...
$ current.assets : Factor w/ 4 levels : 1121113
$ age : int 21 36 23 39 38 48 35 40 65 23 ...
$ other.credits : Factor w/ 3 levels 33133333...
$ apartment.type : Factor w/ 3 levels 11212221...
$ bank.credits : Factor w/ 4 levels 12122221
$ occupation : Factor w/ 4 levels 33222222
$ dependents : Factor w/ 2 levels 121211 ...
$ telephone : Factor w/ 2 levels 111111 ...
$ foreign.worker : Factor w/ 2 levels 222211 ...




credit.rating Frequency Proportion E 400
=1
2 1 700 0.7 2
1 0 300 0.3
200
04
0 1
creditrating
400
200
accountbalance Frequency Proportion
4 4 304 0.394 E
S 200
1 274 0.274 E
2 2 269 0.269
3 a 63 0.083 1004
0-
1 2 3 4
account.balance
| indep.var
dep.var | 1] 2] 2 | Row Total |
| | | | |
o 135 | 105 | 60 | 300 |
| 0.5 | 0.4 | 0.1 | |
| | | | | Contingency table plot
1] 139 | 164 | 397 | 700 |
| 0.5 | 0.6 | 0.5 | 1 0 1
| | | | |
Column Total | 274 | 269 | 457 | 1000 |
| 0.3 | 0.3 | 0.5 | |
| | | | | T
&
=
Statistics for 211 Table Factors &
2
Pearzon's Chi-squared test
chi*2 = 120.8438 d.f. = 2 p = 5.742621e-27

Fisher's Exact Test for Count Data dep.var

Zlternative hypothesis: two.sided
p = 3.400743e-28

Min. 1stQu. Median Mean 3rd Gu. Max.
credit duration.months 4 12 18 209 24 T2
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previous.credit.payment.status Frequency Proportion

=T T R S ]

credit.duration.months

530
293
88
49
40

0.530
0293
0088
0.049
0.040

density

credit.duration. manths

count

0.04 5

0027

0024

0.014

0.007

indep.var

40

creditrating

400

200 4

previous.credit payment.status



1000

Total Chservations in Table

indep.var

Column Total

el

credit.purpose Frequency Proportion

0.280
0.234
0.181

280
234
181
103

97

200

unoa

0.103
0.087
0.050
0.022
0.012
0.012

1007

50
22
12
12

0

0.008

credit.purpose

indep.var

Column Total

Max.

15t Qu. Median Mean 3rd Qu.
18400

credit amount 250

2320 3270 3970

1370
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|
dep.var | 1] 2| 3| 4 | row Total |
————————————— By
0| 34 | 62 | 45 | 159 | 300 |
| 0.2 | 0.3 | 0.3 | 0.3 | |
————————————— [y O US|
1| 102 | 169 | 112 | 317 | 700 |
| 0.8 | 0.7 | 0.7 | 0.7 | |
————————————— SR OOy RSy
column Total | 136 | 231 | 157 | 476 | 1000 |
| 0.1 | 0.2 | 0.2 | | I
————————————— SRy Oy Oy Rt P
statistics for all Table Factors
Pearson’s Chi-squared test
chis2 = 5.5 d.f. = 3 p = 0.14
Fisher's Exact Test for Count Data
Alternative hypothesis: two.sided
p = 0.15
| indep.var
dep.var | 1] 2| 2 | Row Total |
————————————— L B e
0 | 129 | 146 | 25 | 300 |
| 0.4 | 0.3 | 0.3 | |
————————————— e R B |
1] 231 | 402 | 67 | 700 |
| 0.6 | 0.7 | 0.7 | I
————————————— R R B |
Column Total | 360 | 548 | 52 | 1000 |
| 0.4 | 0.5 | 0.1 | I
————————————— e R B B
Fisher's Exact Test for Count Data Pearson's Chi-sguared test
data: credit.rating and residence.duration | data: credit.rating and residence.duration
p-value = 0.9 X-squared = 0.7, df = 3, p-value = 0.5
alternative hypothesis: two.sided

Min. 1stQu. Median Mean 3rd Qu. Max.
age 19 27 33 355 42 75
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Chapter 6: Credit Risk Detection and Prediction - Predictive Analytics

Actual Labels
Predicted Labels 0 1
] 22 20
1 18 40

Specificity (TNR): 22 /40=0.55
Sensitivity (TPR): 40/ 60 = 0.67
Precision (PPV]: 40 /58 = 0.69
MPV: 22 /42 =0.52
FPR (1-Specificity): 18 /40 = 0.45
FNR (1- Sensitivity): 20/ 60 =0.33
Accuracy: 62/ 100 =0.62
F1 5core: 80,/ 118 = 0.68

“A
0.8
B
- A - Perfect Model
TPR B - Good Model
oal c C - Average\Baseline Model
[ |- Area under curve
0.2

Recursive feature selection
Outer resampling method: Cross—Validated (20 fold)
Resampling performance over subset size:

Variables Rccuracy Eappa AccuracySD KappaSD Selected

1 0.71€7 0.0000 0.01565 0.0000
2 0.7584 0.2832 0.06599 0.2042
3 0.7485 0.2467 0.06253 0.2006
4 0.7551 0.3538 0.07602 0.1877
5 0.7838 0.4382 0.07132 0.1712
€ 0.78€S 0.4237 0.06066 ©0.1551
7 0.77€8 0.3515 0.04241 0.1220
8 0.7868 0.4047 0.03559 0.1163
S 0.7801 0.39%7 0.054%8 0.1517
10 0.786S% 0.4170 0.05725 0.1665 -
20 0.7567 0.2858 0.05634 0.1856

The top 5 variables (out of 10):
account.balance, eredit.duration.months, savings, previous.credit.payment.status, credit.amount



Call:

glm (formula = formula.init, family = "binomial", data = train.data)

Deviance Residuals:
Min 19 Median

-2.65351 -0.5141 0.3187 0.6335

Coefficients:

{(Intercept)

account.balancel2
account.balance3
credit.duration.months
previous.credit.payment.status2
previous.credit.payment.status3

ag Max

2.1838

Estimate Std. Error z wvalue

0.156837
0.246170
1.678654
—-0.545377
0.588709
1.225405

1.073803 0.146
0.251234 0.845
0.258253 S5.628
0.153737 -3.547
0.4208e3 1.399
0.431435 2.840

Confusion Matrix and Statistics

Refere
Prediction 0
0 &2

1 68 2

nce

1

Pr(>|z]|)
0.B883876
0.357%63
1.82e-08 *¥
0.000389 +¥
0.1e1869
0.0043507 **

Accuracy : 0.7175
95% cI : (0.6706, 0.7611)
Mo Information Rate : 0.675
P-Value [Ace > NIR] : 0.03788
Eappa : 0.3252
Mcnemar's Test P-Value : 0.03845
Sensitivity : 0.8333
Specificity : 0.4769
Pos Pred Value : 0.7679%
Neg Pred Value : 0.573%4
Prevalence : 0.6730
Detection Rate : 0.5625
Detection Prevalence : 0.7325
Balanced Accuracy : 0.6551
'Positive' Class : 1
| | | |
scx::}u t balance
it purpns54
. E!Egl% dulEtI:}I‘ItIT{:}{%?I
previous.oredi pa)ml:—nsas{'_Fnusg
rE'SIdEI'I durstl:}ng
::I it purposed
“’mEa e e
|nstE|IIrn|:—nt rEm:—j
nglgl woTkers —.—0
Empl:}\,.'msnpgu.rstl:m -
dit. amount ———*
:IEpEﬂ::IenEu: =
apartment. 5 =
. 4t 3 Ea rtm E{Itt LIE— —.4'
prEwnus'Err? Il:igm£ gurs?i:}ng —
tE ephoned =
cument. 855l =
residence. duratipnd =
&ﬁm ?% —
|nsts||m§n|t rstE,?,\ _.—"
it —
=
Empl:}},mEnt ::IurElIl:}ng}
—
%a"m'; 2%?5.5 —
|nsta||_|rnEnt IEIE;;. e
lESldl:—nbcE ::I(uratdzl}n,?,\ ;‘ | | | |
a 1 2 3 4 ]

Importance




Confusion Matrix and Statistics

08

True positive rate
04

0.0

Prediction 1
0 35 16
1 95 254
Accuracy : 0.7225
G5% CI (0.6758, 0.7658)
Ho Information Rate : 0.675
P-Value [Rcc > NIR] : 0.02302
KRappa : 0.2452
Mcnemar's Test P-Value : 1.327e-13
Sensitivity 0.5407
Specificity 0.2692
Pos Pred Value : 0.7278
Neg Pred Value 0.6863
Prevalence : 0.6730
Detection Rate : 0.86350
Detection Prevalence : 0.8725
Balanced Accuracy : 0.8050
‘Positive' Class : 1
LR ROC Curve LR Precision/Recall Curve
=
-
o
CF)_ —
s ©
R —
o
@ Lo ]
a @ -
Lo ]
AUC: 074 —
(o]
I“'H-_ —
Len]
l I l l l l I l

02 04 06 08 10 02 04 06 08 10

False positive rate Recall

/"" : Separating
Y Hyperplane

Support Vectors



Ccall:
avm(formula = formula.init, data = train.data, kernel =

Parameters:
8VM-Type: C-classification
SVM-Fernel: radial
cost: 100
gamma: 1

Number of Support Vectors: &00

{ 430 170 )

Number of Classes: 2

Levels:
o1

Confusion Matrix and Statistics

Referance
Prediction 1] 1

[~ ]
oo
=]

130 270

Accuracy : 0.875
85% CI : (0.626

No Information Rate : 0.675

P-Value [fce > NIR] : 0.5238

Fappa : 0
Mcnemar'=s Test P-Value : <2e-16
Sensitivity 1.000
Specificity 0.000
Pos Pred Value 0.875
Neg Fred Value : NaN
Prevalence 0.675
Detection Rate 0.675
Detection Prevalence 1.000
Balanced Accuracy 0.500

(=

"Positive' Class

"radial"™,

7
v

207)

cost = 100,

sccount.balance

oredit. duration.months

previous. credit. payment.status

savings
sge
current. sssets
employment.duraticn
oredit. amount
installment.rate
marital status ————*
bank.oedits ——
telephone ——*
other.oedits ———————————*
residence. duration ———*
foreign.wotker @
spartmenttype —————————————————*
guarantor ————#
dependents ———————————*
ocoupation ————————#

oredit. purpose —*

0.70

gamma = 1)



Confusion Matrix and Statistics

Referance
Prediction 0 1
0 4% 53
1 81 217
Accuracy : 0.665
95% CI : (0.el64, 0.7111)
No Informaticn Rate : 0.675
P=Value [Acc > NIR] : 0.68620
Rappa 0.1913

Mcnemar's Test P-Value : 0.015%&8

Sensitivity : 0.8037
Specificity : 0.3769

Pos Pred Value : 0.7282

Neg Pred Value : 0.4804
Prevalence : 0.6750
Detection Rate : 0.5425
Detection Prevalence : 0.7430
Balanced Accuracy : 0.35903

"Posaitive' Class : 1

Parameter tuning of ‘svm':

— =zampling method: 10-fold cro=s= validation

— best parameters:

cost gamma
10 0.23
— best performance: 0.22

0.28
027
0.26
0.25
0.24
023
022

20 40 60 80 100
cost



True positive rate

04 08

0.0

Reference

Frediction 0 1
D 53 3B
1 77 232

Accuracy

95% CI

No Information Rate
P-Value [ARcc > NIR]

Eappa
Mcnemar's Teat P-Value

Sensitivity
Bpecificity

SVM ROC Curve

c
— 2
B2
=]
— z
o
_ AUC: 0.69
T T T T
00 02 04 06 08 10
False positive rate
Reference
Prediction X0 X1
X0 52 33
X1 78 237
Accuracy @
55% CI

No Information Rate
P-Value [Ace > NIR]

Eappa
Mcnemar's Test P-Value

Sensitivity :
Apecificity :

0.T125

(0.6654, 0.7564)
0.675

0.0596851

0.2893
0.0003548

0.8593
0.4077

SVM Precision/Recall Curve

1.00

0.85
|

0.70
|

| | 1 1
02 04 06 08 10

Recall

0.7225

(D.6758, 0.7658)
0.875

0.02302

0.3052
2.963e-05

0.8778
0.4000



SVM ROC Curve

Precision

AUC: 0.74

True positive rate
04

0.0

|
0.0 04 0.8

False positive rate

Refarence

Accuracy

95% CI

No Information Rate
BE—Value [Acc > NIR]
Eappa
Menemar's Test P-TValue
Sensitivity
Specificity

SWM Precision/Recall Curve

1.00

0.85
|

070
|

I B |
02 04 06 08 10

Recall

0.6773
(0.6293,
0.&75
0.4812
0.114%
1.406e-13
0.9183
0.1765

0.7231)

account.balance3

oredit. ::Iurstl n.months

t.amount

i
previous.credit. pE}I‘nEI‘It status3

23V Ngs I —

EH.IITEI'It SSG

eymentsahis
previous.credit. p }mEm st us.:
accauntbalancs;

resldencE guratl :}Eﬁ
tele hﬁ}_ln =
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ation?
L oeditp
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Empl:}}m:—nt furé}tmn
dependen
occupation
residence.durationd
apartment.type
P CCCUp arf'g ﬁ
residence. ::Iuratmn;

T T
20 30

Importance



Reference
Pradiction 1] 1
0 100 121
i1 30 149

Accuracy : 0.6225

95% C©I : (0.573, 0.6702)

Mo Information Rate : 0.675
P—Value [Acc > NIR] : 0.5384
Fappa : 0.2718
Mcnemar's Test P-Value @ 2.405e-13

S=nsitivity : 0.5519
Specificity : 0.7692

Befarence
Prediction 0 1
0 23 22
1 107 248
Aecuracy = 0.8775
95% CI : (0.629%3, 0.7231)
No Information Rate : 0.675
P-Value [Acc > WIR] : 0.4812
Fappa : 0.1149
Mcnemar's Test P=Value : 1.406==13
Sensitivity : 0.3183
Specificity : 0.1769

n= &00

node), =plit, n, los=, yval, (yprob)
* denotes terminal node

1) root &00 180.00000 O (0.7000000 0.2000000)
2) account.balance=1,2 322 76.18605 0 (0.81%4536 0.1805064) *
3) account.balance=3 278 74.11765 1 (0.41&65513 0.5834487) *

account.balance=1,2

0
430/600

1
30/278

0
182/322




True positive rate

04 0.8

0.0

OT ROC Curve

AUC:0.88

| | | |
00 02 04 06 08

False positive rate

1.0

No.

Confusion matrix:

O 1l class.error
0 61 109 0.64117647
1 33 357 0.07674415%5
Reference
Prediction 0 1
0 47 24
1 83 246
Accuracy
95% CI

No Information Rate
P-valu= [A=c > NIR]
Fappa

Mcecnemar®s Test P-Value
Sensitivity
Specificity

Reference
Prediction 0 1
0 55 42
1 75 228
kocuracy
55% CI
No Information Rate
[Ace > NIR]
Fappa
Mcoemar's Test P-Value

F-Values

S:nsitithy

Frecision

Bpecificity :

OT Precision/Recall Curve
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|
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Recall

of variables tried at each =split: 4
CO0B estimate of

error rate: 2Z3.67%

0.7325
(0.6863,
0.&75
.007434
.a309
.058e-08
.9111
.3615

0.7753)

o o Moo

0.7075
(0.6602,
0.675
090176
.2864
.003092
8444
.4231
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True positive rate

Parameter tuning of ‘randomForest’ :
— sampling method: 10-fold cross wvalidation

— best parameters:
node=ize mtry ntree
3 3 s00

— best performance: 0.215

REeference
Frediction 0 1
0 35 41
1 75 225

Accuracy : 0.71
95& 0T : (0.6628, 0.754)

No Information Rate 0.€75
P=Valus [Acec > NIR] 0.073747
Fappa : 0.291
Mcnemar's Tezt P-Value : 0.002184
Sensitivity : 0.8481
Specifieity : 0.4231
RF ROC Curve o RF Precision/Recall Curve
- =]
o | 7/ -
o 7 E g |
- =] L= |
E —
= _| z O
o ALC: 0.7 —
=
o =
o T T 1 = T T 1
0.0 04 08 02 06 1.0
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Chapter 7: Social Media Analysis - Analyzing Twitter Data

President Obama

From the Obama family to yours, Merry
Christmas! And a special thank you to all
our men and women in uniform this
holiday season.
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Selig visits Kings have 5 oon | Holder: DOJ to White House seeks
i many playoff [eW comract: 1 | respond to head off
: ‘appropriately’ to showdown with
judges' questions judges over health-
about health care law | care comments

scenarios

Celtics-Bulls
Preview

s en

Halder: DOJ to respond ‘appropristely” to judges”
questions about health care law

Deadly Somalia
suicide blast
caught on

camera

'Titanic' task

il

W Application Management

TwitterAnalysis_rmre

Details Settings Keys and Access Tokens Permissions

Twitter Analysis App for R Machine Learning by Example Chapter 7-8

packtpub.com/big-data-and-business-intelligence/r-machine-learning-example

Organization Packt Publishing

QOrganization website hitps:/iwww_packipub.com

4 »
Application Settings

Your application’s Cc ey and Ise authentn

Access level Read and write (modify app permissions)



TwitterAnalysis_rmre Test OBt

Details Settings Keys and Access Tokens Pemmissions

Application Settings

consumer key (2pi key) [N
Consumer Secret (4P1 Secret)

Access Level Read and write (modify app pemmissions)
Owner Rghv_Bali
Cwner 1D 43312844

Application Actions

Regenerate Consumer Key and Secret Change App Pemmissions

Your Access Token

ﬂ.ccess Token _

Access Token Secret |

Access Level Read and write
Cwner Rghv_Bali
Cwner 1D 48319344

[1] "using browser bhased authentication”
Use a Jocal file to cache oauth access credentials between R sessions?

1: ves
2 MO

Selection:



Authorize TwitterAnalysis_rmre to

use your account?

Usemame or email

| [Password

U Remember me - Forgot password?

TwitterAnalysis_rmre
By Packt Publishing

v.packipub.com/big-data-and-
business-intelligencel/r-machine-learning-
example

W

Twitter Analysis App for R Machine
Learning by Example Chapter 7-8

This application will be able to:

« Read Tweets from your timeline.

« See who you follow, and follow new people.
+ Update your profile.

+ Post Tweets for you.

Will not be able to:

« Access your direct messages.
+ See your Twitter password.

€ — C [0 localhost1410/70auth_token=yDU0pgAAAAAAIFRG.

Authentication complete. Please close this page and return to R.

[r11]
[1] "jack: “xed@@ . xedg L00308K11TerMike Represents @Eerniesanders in Post-Debate Spin Room S8p
dtchfork  https:/At.co/60sdEhZ1EF"

[[2]1]
[1] "jack: The @nEA goes all-in for MLK Day tribute with impact /@USATODAY https://T.cCo/SF06BQs
fuk"”

[[3]1]
[1] "jack: %"The time s always right to do what's right." https: 1. covofIveLpyg"”



> # get tweet attributes
= tweets[[1]]%0etClass()
rReference Class "status":

Class fields:

Mame : Text favorited favoritecount replyTosn created truncated replyTosiD id
Cclass: character Togical numer i< character POSIXCT Togical character character
Mame: replyToUID  sSTatussource SCreenMame  retweeTCount isretweet retweeted Tongitude Jatitude
Class: character character character numeric Togical Togical character character
Mamea: urls
Class: data.frame

Class Methods:

"setUr1s", "getRetweets", "getRefclass", "geturls", "setTruncated", "setText", "getReplyTosSID", “getText", "export”,
"setCreated", "setFavoriteCount', "getcreated", "initialize", "callsuper", "getRetweeters", "initFields", "getclass",
"setReplyTouIn", "dimport", “"setLatitude", "setIsRetweet", "getFavoriteCount', “getRetweetCount', "getIsRetweet', "setId",
"setsScreenMame"”, “getLatitude", "getsScreenname", "toDataFrameg#twitterobj”, "setRetweetCount", "setReplyTosID", "getId”,
"getReplyToUID", "setFavorited", "getRetweeted", "getFavorited", "toDataFrame", "setStatusSource", "setReplyTosn', "copy',
"usingMethods", "setRetweeted", "field", ".objectrParent”, "getTruncated", "untrace", "trace", "setLongitude",
"getlLongitude", "getStatussource", ".objectPackage", "getReplyTosN", "show"

reference superclasses:
"twitterohj", "enwrefclass"

> # QET retweets COURT

> tweets[[1]]%retweetCount
[1] 21

> # get favourite count

> tweets[[1]]4Favoritecount
[1] 47

TD L Itweet all the time!
TDE: | rarely tweet,

T T

tareet
all
titne
rarely

=al—|—]—
— O D

> whichCapply(twtrTermbocMatrix,l,sum)==30]

amp check credit
66 297 406
dailymoio et healthy
425 710 806
inspire keap Tess
ool 062 1005
Tifecoach Took motiwvationguotes
1014 1042 1182
newyearsresolutioninwords notebkblogairy one
1225 1246 1281
positivity swagger

1417 1807



> (freguentTerms<-FindrFregrerms (twtrTermpocmatrix, lowfrag = 1000

[1]
[4]
(7]
[10]
[13]
[16]
[12]
[22]
[25]
[28]
[31]
[34]
[37]
[40]
[43]
[46]
[49]
[52]
[55]
[58]
[61]
[64]
[67]
[7o]
[73]
[76]
[79]
[82]
[85]
[88]
[91]
[54]
[97]
[1oo0]
[103]
[1o6]

"adopt”
"avac"
"broaden”
"can"
"check"
"daide"
"danisnotonfire"”
"des"
"dont"
"faith"
"First"
"ger”
"goals"

" gym”
"health"
"help"
"include”
"interesting”
"Just”
"language"
"les"

"Tike"
"mizhacollins”
"motiwvation”
"nead"
"newyearsresolutioninwords"
"nous "
"positivity”
"que”
"started"
"swagger"”
"tips"

"yt

"yos"

"weak"

"win'

"alreach™
"hecome"
"husiness"
"cest"
"cradit"
"dailymaojo”
"day"
"diet"
"elected”
"Femticdey”
"fitness"
"give"”
"going"”
"habit"
"healthy"
"hope"
"infographic”
"January™
"keep"”
"learn”
"less"
"Took"
"mom "

"motivationquotes”

"networking”
"noellhernard"
"one"

"post”
"sTight Ty
"srill”
"things"
"today"
"rweet "

"y
"wellcrafted”
"work "

amp

"hook "

"call"
"changa"
"crochet”
"dailyquote”
"decided"
"digitalwomen”
"end"”

"Find"
"fForward"
"goal”

"golf"

“happy ™
"healthyTiving”
"horizons"
"inspire”
"Join"
"keeping”
"learning”
"lifecoach”
"make"
"mosalingua”
"narechh"
"newyear"
"notebkblogairy”
"personaldevelopment”
"presidentig”
"start”
"success”
"time"
"trillionaire”
"wiat
"weareshapr”
Uwi1T"
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> head(subsetCtrendingTweets. df$text, grepl("trillionaire”  trendingTweets. dfftext) J,n=1)
[1] "rT @mishacollins: my #ResolutionsFor20l6: 1-call my mom more. 2-Tearn to crochet. 3-Become the first
trillionaire. 4-Get elected President.ig)”

Misha Collins {@mishacollins - 1 Jan 2016
my #ResolutionsFor2016: 1-call my mom more. 2-learn to crochet. 3-
Become the first trillionaire. 4-Get elected President. What are yours?

$fitness
Tossweight getfit warkout blogsretweet fredericksburg fridayfeeling
0.39 0.34 0.34 0.32 0.32 0.32
fxhbyg Thloggers =so0lluswellness yogavideos meditation
.32 0.32 0.32 0.32 0.26

Iosswelght
wiorkout-

getfit-
yogavideos:
sollusweliness-

Ibloggers:

Terms

=
a
S|
i

fxbg-
fridayfeeling-
fredericksburg-
blogsrebwest-

meditation-

0.2
Associations

=
=1
=1
=



Retweet Count
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"A topic is a recurring pattern of co-
occurring words." now we know what we've
been talking about today. #dhtopic



00

Topic 1
"Tike, lettuce, experiment, force, microgravity, now"

Topic 2

"flawers, earth, get, helping, mars, astrotimpeakes”

Topic 3

"guestions, get, asknasa, astrotimpeake, countermeasures, effects”
Topic 4

"aboard, conducting, earth, ewven, httpstcoxptaxswy, leds"

Topic §

"earth, good, read, youre, astrokimiva, astrokjell”

Topic &

"astrokjell, cygnus, ready, capture, csaasc, astrotimpeake"

Topic 7

"stationcdrkelly, heres, sciearthnet, astronauts, aboard, astronicole”
Topic 8

"read, learn, many, astrotim, want, gardening”

IdaTerms[firstTopic]

. aboard, conducting, earth, even, hittpstcoxptaxswy, leds

. astrokjell, cygnus, ready, capture, csaasc, astrotimpeake
earth, good, read, youre, astrokimiya, astrokjell

Dﬂowers‘ earth, get, helping, mars, astroimpeakes

D like, lettuce, experiment, force, microgravity, now

[ questions, get, asknasa, astrotimpeake, countermeastres, effects

’—‘read‘ leam, many, astrotim, want, gardening

D stationcdrkelly, heres, sciearthnet, astronauts, aboard, astronicole

Now 15 Dec01 Dec 15 Jan 01 Jan 15
t



Chapter 8: Sentiment Analysis of Twitter Data

Term Frequency Term Frequency
Twitter 3 I 3
internet 2 is 1
text 1 social 1
is 1 netwark 2

W e s aw t hl e y el 1l ow dolg

PRP VBD DT JJ NN
NP NP
S

Extract Tweets

Transform &

Tokenize Tweets
Score Tweets Aggregate Visualize/Analyze
Load Polar

Words
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search
- T
g 100 - % . Number10gow
g ... 2 [ emonoia
= POTUS
0-
180-
100- a
5
c
50- w
0- 0 0 0 0
-3 0 3 [
sentiScore
polarity id  tweet_date search quiusername tweet text
4 12 Mon May 11 03:22:20 UTC 2009 obama  mandanicole  how can you not love Obama? he makes jokes about himself,
2 13 Mon May 11 03:32:42 UTC 2009 obama  jpeb Check this video out -- President Obama at the White House Correspondents' Dinner hittp: /it ly/IMRUR

0 14 Mon May 11 03:32:48 UTC 2009 obama  kylesellers @Karoli | firmly believe that Obama/Pelosi have ZERC desire to be civil. It's a charade and a slogan, but they want to destroy

= prop.table(tabledtweets[,1]00

negative positive
0.4930362 0, 3060638
= prop.tableftable(tweets [indexes, 1100

negative positive
0.4%920035 0, 5079565
= prop.tableftable(tweets[-indexes, 1100

negative positive
0.4953271 0.5046720
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confusion matrix and statistics
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True positive rate

1.0

08
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0.0

Confusion Matrix and statistics

7
47

0.8131

rReference
Prediction negative positive
negative 40
positive 13
LCCUFAcy
GL% CI

Mo Information Rate
P—value [Acc > NIR]

kKappa
Mcrnemar's Test P-value

sensitivity
specificity

Fos Pred wvalue

Meg Pred value
Frevalence

Cetection Rate
Cetection Prevalence

Balanced Accuracy :

"Positive’ Class
SVM ROC Curve
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<
dataset-1

dataset-2

Weak
Learner 1

Weak
Learner 2

Training
Dataset

Weak
Learnern

Given:(x,»),....(x,., )wherex, e X, y, e Y ={-1,+1}
Initialize D, (i) =1/m
Fort=1,...,T:

» Train base learner using distribution D,

—

«Getbaseclassifiers : X - R

«Choosea, e R

« Update :

D (i)exp(—aryl.h, (x, ))
Z

where Z, isa normalization factor (chosen so that D, willbea distribution)

T+l

Dr+1(i):

f

Output the final classifier :

E(#) =Sign[,2:afhf (x)]



confusion Matrix and statistics

reference
prediction negative positive
negative 40 10
positive 13 44

Accuracy @ 0.785
95% CI : (0.6951, 0.8586)
Mo Information Rate @ 0.5047
P-value [Acc > WIR] : 2.128e-09

Kappa @ 0.5698
Mcnemar's Test P-value @ 0.6767

Sensitivity : 0.5148
Speciticity @ 0.7347

Pos Pred value : 0.771%

Meg Pred value @ 0.8000
Prevalence : 0.5047

Detection Rate @ 0.4112
Detection Prevalence : 0.5327
Balanced Accuracy : 0.7848

'Positive’ Class @ positive

Fold 1 out of Sample Accuracy = 1
Fold 2 out of sample accuracy = 0.9344262
Fold 3 out of Sample Accuracy = 1
Fold 4 out of sample accuracy = 0.9310345
Fold 5 out of Sample Accuracy = 1
Fold & out of sample accuracy = 0.9591837
Fold 7 out of Sample Accuracy = 1
Fold 8 out of sample aAccuracy = 1
Fold 9 out of Sample Accuracy = 1
Fold 10 out of sample Accuracy = 0.9649123

[[11]
[1] 1.0000000 0.9344262 1.0000000 ©.9310345 1.0000000 0.9591837 1.0000000 1.0000000 1.0000000
[10] 0.9649123

fmeanAccuracy
[1] 0.9789557

Fold 1 out of sSample Accuracy = 1
Fold 2 out of sample accuracy = 0.9344262
Fold 3 out of sample Accuracy =1
Fold 4 out of sSample aAccuracy = 0.9310345
Fold 5 out of Sample Accuracy = 1
Fold & out of sSample Accuracy = 0.9591837
Fold 7 out of sample Accuracy =1
Fold 8 out of sample Accuracy =1
Fold 9 out of Sample Accuracy = 1
1

Fold
[[111
[1] 1.0000000 0.9344262 1.0000000 0.9310345 1.0000000 0.9591837 1.0000000 1.0000000 1.0000000
[10] 0.9649123

0 out of sample Accuracy = 0.9649123

fmeanacouracy
[1] 0.9789557

tfidf (t,d,D)=1f (t,d).idf (t,D)



tfifd (Twitter ) = tf (Twitter, Document A).idf ( Twitter, Document Set D)
=3X0.3010=0.9030



