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-0.6x10g2(0.60)-0.40%10g2(0.40)

## [1] 0.9709506

curve (-x*x1log2(x)-(1-x)*log2(1-x), "red", "p", "Entropy", 4
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1.4.2.2 HHZER. EEMEMFAN OIS ERYE R TS EeA 2.
df = readxl::read_xlsx("r-ml-data/watermelon.xlsx")

calEntropy = function(Y) { # itHEELE ¥ R4 THARMH

p = table(Y) / length(Y)

- sum(p * log2(p))

}

HD <- calEntropy(df$#F /)

HD

## [1] 0.9975025

library(purrr)

calCondEntropy = function(A, Y) {

#UTERIE A AU TERLE v WERLHN H(YIA)
p = table(A) / length(A)

H = tapply(Y, A, calEntropy)

sum(p * H)



HDA = map_dbl(df[2:7],calCondEntropy, V= df$#f /L)
knitr: :kable (HDA)

X

{3 0.8893774
R 0.8548276
M 0.8567211
oy 0.6169106
JrER 0.7083438
il 0.9914561

gDA = HD - HDA
knitr::kable(gDA)

X

% 0.1081252
M 0.1426750
EiFE 0.1407814
ZrF 0.3805919
B3 0.2891588
fiE  0.0060465

1.4.3 LDA }i¥:

LDA is a supervised classification technique that is considered a part of crafting competitive machine

learning models.

The original technique was developed in the year 1936 by Ronald A. Fisher and was named Linear Discrim-
inant or Fisher’s Discriminant Analysis. The original Linear Discriminant was described as a two-class
technique. The multi-class version was later generalized by C.R Rao as Multiple Discriminant Analysis.

They are all simply referred to as the Linear Discriminant Analysis.

The goal of LDA is to project the feature from a high dimension to a lower-dimensional space so that avoid

the dimension catastrophe and also reduce resources and dimensional costs.

1.4.3.1 ZEEREEEAR (dimension reduction) FEZHHILT, FHIEZRILHZSAAAETURTTIL
EBATT AT LARREARAT R AL i PSR SR B BT T S O P, (ELSE B EAPAE— M, ROy — ORI 2
FRFAEAT S A TSR, ABBRA 1255 PR SE PR X B a O AL B RE T o IR St e B T 24 8 2 il
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library (MASS)
rm( 1s0)

data<-read.csv("/Users/a182501/Desktop/ A = t/data-mining/read_csv-1lda.csv",

FATERERT LAE H DU Srie /e LDA J7iH
condata<-datal[1:20,1:4]

grpdata<-data[1:20,5]

( lda(condata,grpdata, c(1,1,1)/3))

## Call:
## lda(condata, grpdata, prior = c(1, 1, 1)/3)
##

## Prior probabilities of groups:

## 1 2 3
## 0.3333333 0.3333333 0.3333333
##

## Group means:

## V1 V2 V3 V4
## 1 81.7000 16.56667 12.616667 47211.33
## 2 75.8375 13.96250 8.725000 17285.62
## 3 67.1500 11.70000 7.966667 T7747.50
##

## Coefficients of linear discriminants:
## LD1 LD2

## V1 2.401160e-01 1.597322e-01

## V2 2.175421e-01 3.708095e-01

## V3 2.397799e-01 -4.139835e-01

## V4 6.483192e-05 -5.180125e-05

##

## Proportion of trace:

## LD1 LD2

## 0.9659 0.0341

ins<-data[21:22,1:4]
pred<-predict(con.sol,ins)
predall<-predict(con.sol,data[1:22,1:4])
df<-cbind(predall$class,predall$x)
df<-as.data.frame(df)
df$Vi<-as.factor(df$vi)
geplot ( df)+

geom_point (aes(x=LD1,y=LD2, V1))

FALSE,

TRUE
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1.4.4.2 XRFFEMEIE PR XTSRRI, RATERERIE T RS R T
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PRAIE 3R RIS 21 o
library(mlr3verse)
library(readr)
dat = read_csv("r-ml-data/mushrooms.csv") %>%
mutate(across(everything(), as.factor))
#glimpse(dat)
#summary (dat)
# Gl @5
task = as_task_classif(dat, "type")
task

## <TaskClassif:dat> (8124 x 22)
## *x Target: type

## * Properties: twoclass

## * Features (21):

## - fct (21): bruises, cap_color, cap_shape, cap_surface,

## gill_attachment, gill_color, gill_size, gill_spacing, habitat,
## odor, population, ring_number, ring_type, spore_print_color,

## stalk_color_above_ring, stalk_color_below_ring, stalk_root,

## stalk_shape, stalk_surface_above_ring, stalk_surface_below_ring,
## veil_color

1.4.5 KNN

WP AR 3L br RN TOARIC I R0 53 28 5 EA TR AU H A FRIC BT AE A 2R o Gt 2 4 b A DU
FENL—DEARIL A TTEG PR B RE, GEE TS S 2 TR () BE B A BR A — M B AT FH )2 Rk
I (Buclidean distance)o #### 4% k k & —MESE, HEHER 2% SR I ZREUR Rz G
HRWEGZR, Wit @ hZE-T7 Z81# (bias-variance trade-off) %R — M W7 E1ES k AEURE
FEARIEITARAN B AR TFRER T2, HpRITHa &M, k REMEEE, s s
AFIVREFEANIRTFEI EI R . ARG RER (R N 1Y), \EXT M DTG AT ZH T
N x M s,

1.4.5.1 fgtE¥d BTG ELEDEWIEN (azy learning) 8% Wilh~~JHARESET, M2 T
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library(tidyverse)

library(mlr3verse)

dat = readxl::read_xlsx("r-ml-data/Knowledge.xlsx")
dat$UNS = as.factor(dat$UNS)# K H 4% B 7 £ 7
knitr: :kable(head(dat))

1.4.5.3 {RELSCH

STG SCG STR LPR PEG UNS

0.00 0.00 0.00 0.00 0.00 Very Low
0.08 0.08 0.10 0.24 0.90 High
0.06 0.06 0.056 025 033 Low

0.10 0.10 0.15 0.65 0.30 Middle
0.08 0.08 0.08 098 024 Low

0.09 0.15 0.40 0.10 0.66 Middle

task = as_task_classif(dat, "UNS")
task

## <TaskClassif:dat> (403 x 6)
## * Target: UNS
## * Properties: multiclass

## *x Features (5):

# - dbl (5): LPR, PEG, SCG, STG, STR

knn = lrn("classif.kknn", "prob",
"rectangular", FALSE)

knn

## <LearnerClassifKKNN:classif.kknn>

## * Model: -

## * Parameters: k=7, kernel=rectangular, scale=FALSE

## * Packages: mlr3, mlr3learners, kknn

## * Predict Types: response, [prob]

## * Feature Types: logical, integer, numeric, factor, ordered

## * Properties: multiclass, twoclass

10
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1.4.6 SVM Ji
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X
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Principle of Support Vector Machines

(SVM)
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_SsR_ | ssE

T SST ~ SST

FHH# R TEAL—D FIEE H BT RS T AR A GE JT o - X0 28R, 82
error rate FHFTPEAL

R2

n

1
te = — . U.
ErrorRate - g (y; £ 9;)

i—1
H4E MSE F errorrate [RIAZATLAAH, SLbr BAGEX TP EE R 9 v REME AV e FRATA AN
[ R T 402600 ABF54 ER (19735 B T RSB % , ErrorRate = L5 (y; #9;) = +n=1
EIREHNAE TR, R TE AE 22 B BRSO R U TR B L B .

1.5.2 “HRMEHEEH R

1.5.2.1 #ERHE (Accuracy) FrAMTEINIERT (IERMEE) B HERYHE.

1.5.2.2 {R¥FEHFE (Confusion Matrix) XfF—> 02K [RIL, FUMEERS SLhrah R PPTAL G 4B K
— A PIFE DL R B THITRYE R

1.5.2.3 F§f3 (Precision) RS FATHEEE RN F R, EFRHOZ BN ER AT 20
FEEIERYIEREAR . A AT IESA IR RIRE T, — R ABIERTMOA IESE (TP), 75— Fml 2 L ki
ML (FP);
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1.5.2.4 F 184y (F-Score) F1 {ENAECEEIEELLUAELE, HBOGEGT, ¥ Precision 1 Recall
1 _ER N NS R TR, 24 F1 {E/NEF, True Positive FHXHEHN, 1 false FExJ#/>, B Precision ] Recall
FOAEAHEE BN, BP F1 X% Precision #1 Recall #5447 1 AL

1.5.2.5 ROC %k FEHRIUTGNRE, X HE S PIE R REERD IR k.

library("pROC")

## Type 'citation("pROC")' for a citation.

#i#
## Attaching package: 'pROC'

## The following objects are masked from 'package:stats':
##

## cov, smooth, var

data(aSAH)
head (aSAH)

## gos6 outcome gender age wfns s100b ndka

## 29 5 Good Female 42 1 0.13 3.01
## 30 5 Good Female 37 0.14 8.54
## 31 5 Good Female 42 1 0.10 8.09
## 32 5 Good Female 27 1 0.04 10.42
## 33 1 Poor Female 42 3 0.13 17.40
## 34 1 Poor Male 48 2 0.10 12.75
R<-roc(aSAH$outcome, aSAH$s100D, TRUE, ci=T, T

## Setting levels: control = Good, case = Poor

## Setting direction: controls < cases

R

#t

## Call:

## roc.default(response = aSAH$outcome, predictor = aSAH$s100b, smooth = TRUE, auc = T, ci = T)
##

## Data: aSAH$s100b in 72 controls (aSAH$outcome Good) < 41 cases (aSAH$outcome Poor).

## Smoothing: binormal

## Area under the curve: 0.74

## 95% CI: 0.633-0.8302 (2000 stratified bootstrap replicates)

plot(R)
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plot.roc(aSAH$outcome, aSAH$s100b,
TRUE, "thresholds")

## Setting levels: control = Good, case = Poor

## Setting direction: controls < cases
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