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ABSTRACT

The study on the “Web-based Media for e-Leamning on the Introduction to Data Mining”
emerges from the idea that Data Mining is the database system that is very useful for an
organization to make a decision related to data. However, there is no information about Data
Miming in Thai.

This study therefore aims to collect data about Data Mining in English and translate it
into Thai in order to put into the website to be the academic source of information for interested
persons. The on-line information is hoped to be useful for users to apply Data Mining to works
by him/herself.

The web-based media for e-Learning on the Introduction to Data Mining is created by
using Macromedia Dreamweaver MX 2004, Photoshop CS and supported by Microsoft Internet
Exptorer Version 5.0 or above.

The outline of this study can be divided into 2 parts: the introduction to Data Mining and
the type of learning method and technique of Data Mining. In order to make them understandable,

examples of how to use Data Mining are added.
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2. Supervised Learning
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2.2 Logistic Regression
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ﬂ Y] v A ¥ ' 1 1 A 4 2 od o ' ' =
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2
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inAiln Logistic Regression U Data Mining Wugminnldieulsdoyaveaduils
= v 1 Ay o £ oo '
output vomity 2 classTasdgaudsie  anunbezifhuildvndwwudalidwinie o5
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~
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. elﬂsil(ﬁ]
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oya input fand1708 1 class A 1(y = 0) uAdh p 2 0.5 vzdadoya input

dana1iegiu class 1 2(y = 1)
o 1 =;. o ar ' A p 3 kY & -]
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2.3 Predictive Regression
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mMsAnEuReTuANUFURUT T2 @0 5T 8T #0115 output (A1) 3@13; dependent
& o o ] = o a & &
variable: ) FuilududsinFountlasldaumsaldoulasvesdnlsdndnila ¥

~ 1 ar

1 4
[Fun1 #auds input (Au1)T8er72; independent variable: x) TavlunsaiiszHoisuiduls
a @ w o o ' [Y W . Jﬂ 3 ]
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[ ¥
SuniduassiunueNuduRuisenadmdsiaaedt idfuoanoy (Regression Line) Lag
Fd
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4
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[
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dothai 3 msadaunisoanssTaeldteyaninugevesdiedia 12 au dagnineglu

¥
class A139) A1l

no. height(m} class
1 1.6 short
2 1.9 medium
3 1.88 medium
4 1.7 short
5 1.85 medinm
6 1.6 short
7 1.7 short
g 1.8 medium
9 1.95 medium
10 1.9 medium
11 1.8 medium
12 1.75 medium
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A o 3 1w . & o . a9’ A o Ao
359 91ndayanu18auals input Ao 21T height tazdanals output An @17 class ¥

(15 class Y52 N0UAIY 2 class Ad short 1182 medium 811# short TAutlu 0 Az medium T

Wy ifluduials class uazy x Wudauals height 9214
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i 1
X height | 1.6
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Frerunsouaaadoyanugnes class 1ARagn 2




1.2

1 4
0.9
0.6
D4
0.2

class

16

L

L]

T T

1.8 1.9
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158 IUIUATAIE

X, ¥, X, x!
1.6 0 0 2.56
1.9 1 1.9 3.61
1.88 1 1.88 3.534
1.7 0 0 2.89
1.85 1 1.85 3.4225
1.6 0 0 2.56
1.7 0 0 2.89
1.8 1 1.8 3.24
1.95 i 1.95 3.803
1.9 1 1.9 3.61
1.8 1 1.8 3.24
1.75 1 1.75 3.063

12 12 12 12

D x=2143 | Yy, > xy, =14.83 x?=38.422

i=1 i=1i =1 i=1
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=1.786
b=y -bx
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58



59
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0.5=-5.734+3.584x
x=1.74

na1ife Silalinugatosndt 1.74 m e WdEms class i short

uazdilafianugannnimaniiiy 1.74 m 9: 18015 class 15 medium

2.4 Bayesian Inference
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e
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1. ﬂquqmﬂ"ﬂq’luu’lﬂglﬂu‘“i’jq class N § il"lﬂ‘]jﬂ‘liﬂgﬁ?lﬂﬂu
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o

frurudeyaranua
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3
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7=l

4. dwun P(C, | X)=P(X|C)P(C,) dwmiunn i

5. Saqadoya X Woglu class i 7 398 P(C, | X) qafiqe
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UM P(4, | C)) dmiuyn i uay j

nAX ={1,2, 2y 0e1d

P(4,=1|C) = % = 05
P4, =1|C,) = % = 0.33
1
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2
P(4,=2|C;) = 5 = 0.66
1
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2
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k ¥
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2.5 auldiandulo (Decision Tree)
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3. utedeyaveadanls/ Atribute panilugien
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»
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3 F 1.9 medium
4 F 1.88 medium
5 F 1.7 short
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11 F 1.8 medium
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14 F 1.8 medium
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2.2 Summarization
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Tasdayafezinndinszviivndudoyai i lduiangy (Ungrouped Data) na1nfle doyai
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2. MTIAMINIZ018 (Measure of Variability)
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Mean = =
8
(0+2+3+3+5+6+7+9)
8
= 4375
& a:d 1 1 - 1 o g
mmmﬂﬂﬂgﬂﬁ;ﬂuu 8 A7 PAIAED A Li’lutama AIUU
" w v e « d, . 8 10
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= ANNAVYDIAT 3 1AL S
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mdudsauuinasgu (s)

+/8.5532

2.9246
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2.3 NYUBIANUFUWUE (Association Rules)
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2. maanufenugumsimizvineniinnia (MBA)
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g: < o 4 ¥ . .
A15190 6 Han13 AT 1zHsoud | Tauls Apriori Algorithms

C, C, L,
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Source Code

#include <805110.h>

#include <8051 REG.h>

#define str1 "ON"

#define str2 "OFF"

register char ch,menu,a,b;

main(}
{
serinit(9600);
delay (50);
while(!(SCON & 0x01));
while(1)
{
printf "\t @@Intenet Remote Controller@@\n\n");
printf{"\tyt ===
printf{"\nl.)Read Switch StatusOn-Off");
printf{"\n2.)Change Switch StatusOn-Oft ");
printl{"\nwnPress Enter Number 1-2:..");
mainmenu();
i
!
checkbit()
{

printf{"\nSwitch 1 ==>"});
if(P1 & 0x04)

{
putstr{str2);
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clse

putstr{strl);
i
printfl"\nSwitch 2 =>");
ifiP1 & 0x08)

{
putstr{str2);
1
else
A
putstr(strl);
;

printf{"\nSwitch 3 ==>");
f{P1 & 0x10)

{
puistristr2});
}
else
{
putstr{stri);

}
printf{"nSwitch 4 ==>"};

ifl P1 & 0x20)

¢
putstr{str2),
;
else
{
putstr(stri);
4

print{{"\nSwitch 5 ==>");
iflP1 & 0x40)
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putstr(str2);

else

putstr(strl);
{
printf{"nSwitch 6 ==>");

if(Pl & 0x80)

{
putstr(str2);
H
else
{
putstr{strl);
}

printf{("\o\n\nPress Anykey To Main Menu.... );

getch{);
printf{*\n\n");

}
checkkey()
{
ch = getch();
switch {ch)
!
case '1"
{
printf("\n\n\n\tt 1 OK,Switch 1 's Change!!!

P1 ~=0x04;
break;
}

case "2":
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case '3";

case 'q":

case '5S"

case'6';

¢

printf{"\n\n\n\tE
P1 ~= 0x08;
break;

!

{

11 OK, Switch 2 's Change!!!

printf{"n\nin\\t
Pl ~=0x10;
break;

!

{

11 OK,Switch 3 's Changel!!!

printf{™n\n\nit\t
Pl ~=(0x20;
break;

t

{

I OK,Switch 4 's Change!!!

printfl"\n\n\n\tit
Pl *= 0x40;
break;

}

{

11 OK,Switch 5 's Change!!!

" OK,Switch 6 's Change!!!

printf{"n\n\n\\:
P1 “= 0xB0;
break;

}

default:

printf("\nPress Enter Number 1-6: ...");
checkkey(};

\m\n\n\n"Y;

An\n\n\n™);

\mninan");

An\n\n'n");

\nn\nin");
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}

mainmenu)

{

menu = getch();

switch (menu)

case'l";

case '2"

1
i

{
printf{Ma\n\n\i\t\t Read Switch StatusOn-Off");

printf"\nAit Anin");
checkbit();

break;

H

i
printf"\n\n\n\\ttChange Switch StatusOn-Off \n"};

printf{™"\e\ \n\n");
printf{"\nChoose Switch To Change Status -: \n"); ‘
printf{"\nSwitch 1 Press Number 1"},
print"\nSwitch 2 Press Number 2");
printf("\nSwitch 3 Press Number 3");
printfi™nSwitch 4 Press Number 4");
printf{("\nSwitch 5 Press Number 5";
printf{"\nSwitch 6 Press Number 6"),
printf{"\n\nPress Enter Number 1-6 : ...");
checkkey(),

break;

H

default:

I
1

printf™\nPress Enter Number 1-2 :...");
mainmenu();

h
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