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1. Pengantar Analisis & Penambangan Data

1.1 Apa dan Mengapa Data Mining?

1.2 Peran Utama dan Metode Data Mining
1.3 Kategori dan Tipe Data

1.4 Analisis Data




| 1.1 Apa dan Mengapa Data Mining?




Manusia Memproduksi Data

Manusia memproduksi beragam
data yang jumlah dan ukurannya
sangat besar
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kilobyte (kB) 103

Datangnya Tsunami Data e e AN

gigabyte (GB) |10°

terabyte (TB) 1012

* Mobile Electronics market
petabyte (PB) [10'°

e 7B smartphone subscriptions in 2015 exabyte (EB)  |1018

zettabyte (ZB) |10%!

yottabyte (YB) |10%

* Web & Social Networks generates amount of data
* Google processes 100 PB per day, 3 million servers
* Facebook has 300 PB of user data per day
* Youtube has 1000PB video storage



Kebanjiran Data tapi Miskin Pengetahuan

We are drowning in data,
but starving for knowledge!

(John Naisbitt, Megatrends, 1988)




Mengubah Data Menjadi Pengetahuan

* Data harus kita olah menjadi
pengetahuan supaya bisa bermanfaat
bagi manusia

Knowledge

* Dengan pengetahuan
tersebut, manusia dapat:

* Melakukan estimasi dan prediksi “

apa yang terjadi di depan
* Melakukan analisis tentang asosiasi, korelasi dan
pengelompokan antar data dan atribut

* Membantu pengambilan keputusan dan
pembuatan kebijakan



Data - Informasi — Pengetahuan -

NIP TGL DATANG PULANG
1103 |02/12/2004 07:20 15:40
1142 |02/12/2004 07:45 15:33
1156 |02/12/2004 07:51 16:00
1173 |02/12/2004 08:00 15:15
1180 |02/12/2004 07:01 16:31
1183 |02/12/2004 07:49 17:00

Data Kehadiran Pegawai




Data - Informasi — Pengetahuan -

NIP Masuk Alpa Cuti Sakit Telat
1103 22

1142 18 2 2

1156 10 1 11

1173 12 5 5
1180 10 12

Informasi Akumulasi Bulanan Kehadiran Pegawai



Data - Informasi — Pengetahuan -

Senin Selasa Rabu Kamis Jumat

Terlambat 7 0 1 0 5
Pulang 0 1 1 1 8
Cepat

1zin 3 0 0 1 4
Alpa 1 0 2 0 2

Pola Kebiasaan Kehadiran Mingguan Pegawai



Data - Informasi — Pengetahuan -

penataan jam kerja karyawan khusus
untuk hari senin dan jumat

jam kerja:
* Hari Senin dimulai jam 10:00
e Hari Jumat diakhiri jam 14:00
* Sisa jam kerja dikompensasi ke hari lain



i Data - Informasi — Pengetahuan - Kebijakan

Kebijakan

Informasi




| Apaitu Data Mining?

Disiplin ilmu yang mempelajari metode untuk mengekstrak
pengetahuan atau menemukan pola dari suatu data yang besar



Terminologi dan Nama Lain Data Mining

 Disiplin ilmu yang mempelajari metode untuk .
mengekstrak pengetahuan atau menemukan pola dari
suatu data yang besar

e Ekstraksi dari data ke pengetahuan:
1. Data: fakta yang terekam dan tidak membawa arti

2. Idnformasi: Rekap, rangkuman, penjelasan dan statistik dari
ata

3. Pengetahuan: pola, rumus, aturan atau model yang
muncul dari data

* Nama lain data mining:
* Knowledge Discovery in Database (KDD)
Big data
Business intelligence
Knowledge extraction
Pattern analysis
Information harvesting

16
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Definisi Data Mining

* Melakukan ekstraksi untuk mendapatkan informasi penting yang

sifatnya implisit dan sebelumnya tidak diketahui, dari suatu data (witten
etal., 2011)

* Kegiatan yang meliputi pengumpulan, pemakaian data historis untuk
menemukan keteraturan, pola dan hubungan dalam set data
berukuran besar (santosa, 2007)

e Extraction of interesting (non-trivial, implicit, previously unknown and

potentially useful) patterns or knowledge from huge amount of data
(Han et al., 2011)



Contoh Data di Kampus

* Puluhan ribu data mahasiswa di kampus yang
diambil dari sistem informasi akademik

* Apakah pernah kita ubah menjadi pengetahuan
yang lebih bermanfaat? TIDAK!

e Seperti apa pengetahuan itu? Rumus, Pola, Aturan

Asal Lulus Tepat
Sekolah Waktu

10001 L SMAN 2 2.89

10002 P 27 SMA DK 4.0 3.2 3.8 3.7 Tidak
10003 P 24 SMAN 1 2.7 3.4 4.0 3.5 Tidak
10004 L 26.4  SMAN 3 3.2 2.7 3.6 3.4 Ya

11000 L 23.4 SMAN S5 3.3 2.8 3.1 3.2 Ya



Prediksi Kelulusan Mahasiswa

Asal Lulus Tepat
Sekolah Waktu
3.6 Ya

STATUS MAHASISW
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10001 L 28 SMAN2 33 289 29
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10004 L 264 SMAN3 32 27 36 34 Ya
11000 L 234 SMANS5 33 28 31 32 Ya
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Contoh Data di Komisi Pemilihan Umum

* Puluhan ribu data calon anggota legislatif di KPU

* Apakah pernah kita ubah menjadi pengetahuan
yvang lebih bermanfaat? TIDAK!

NAMA PARTAI _ ENIS SUARA SAH |DAERAH SUARA SAH ERPILIH
POLITIK NAMA CALON LEGESLATIF |KELAMIN KECAMATAN PARTAI PEMILIHAN ALEG ATAU TIDAK

HANURA TOTO SUKISNO,BSc LEBAKSIU 18578 TIDAK
HANURA EDI PURYANTO,SH L SLAW| 18578 1 943 TIDAK
PKB ELI RETNOWATI,SH P SLAW| 18578 1 1730 TIDAK
PKB SAHYUDIN L DUKUHWARU 18578 1 2508 YA
H.FAJAR SIGIT

GOLKAR KUSUMAJAYA,SH L SLAW| 18578 2 923 TIDAK
GOLKAR SUMIRAH P TARUB 18578 2 308 TIDAK
GOLKAR DARYOTO L TARUB 18578 2 54 TIDAK
PKS KHAPIP APRONI,S.Pdi L BOJONG 18578 3 1682 TIDAK
PKS ENDANG SUCI RAHAYU P JATINEGARA 18578 3 918 TIDAK

PDI-P KH.CHAFIDZ ISA MUFTI ,LC L SLAWI 18578 3 87 TIDAK



Prediksi Calon Legislatit DKI Jakarta

INAMA PARTAI _ ENIS SUARA SAH |DAERAH [SUARA SAH ERPILIH
POLITIK INAMA CALON LEGESLATIF |[KELAMIN KECAMATAN PARTAI PEMILIHAN ALEG ATAU TIDAK
HANURA TOTO SUKISNO,BSc L LEBAKSIU 18578 1 594 TIDAK
HANURA EDI PURYANTO,SH L SLAWI 18578 1 943 TIDAK
PKB ELI RETNOWATI,SH P SLAWI 18578 1 1730 TIDAK
PKB SAHYUDIN L DUKUHWARU 18578 1 2508 YA
H.FAJAR SIGIT
GOLKAR KUSUMAJAYA,SH L SLAWI 18578 2 923 TIDAK
GOLKAR SUMIRAH P TARUB 18578 2 308 TIDAK
GOLKAR DARYOTO L TARUB 18578 2 54 TIDAK
PKS KHAPIP APRONI,S.Pdi L BOJONG 18578 3 1682 TIDAK
PKS ENDANG SUCI RAHAYU P JATINEGARA 18578 3 918 TIDAK
PDI-P KH.CHAFIDZ ISA MUFTI ,LC L SLAWI 18578 3 87 TIDAK
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MEASUREMENT

VALIDATION OBJECTIVE
g "N\

Deteksi Pencucian Uang
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. e N
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Prediksi Kebakaran Hutan
T T S TP R P PP T

139.4 594.2 20.3
124.1 680.7 8.5

126.5 686.5 7
48.3 313.4 3.9
129.5 692.6 7
126.5 686.5 7

99.9 5133 13.2

| |svm [svm+GA
43 1,840

CEINIMENVAN 5.9 9,648

Epsilon (¢) e 5,615
LS 1391 1379

17.6
17.2
15.6
18
21.7
21.9
23.3

12

10

52

58
66
42
38
39
31

1.3
3.1
2.7
2.2
1.8
4.5

1,840

O O O O O O o

9,648

Gamma

«“@=SVM «@=SVM+GA

0

0
0.307485
0.357674
0.385262
0.438255

Epsilon



Il Profiling dan Prediksi Koruptor

Aktivitas Penindakan Prediksi dan klastering
calon tersangka koruptor

Asosiasi atribut

Data tersangka koruptor
e Data Pengetahuan

Data Prediksi pencucian uang

Estimasi jenis dan
jumlah tahun hukuman

Aktivitas Pencegahan

26



Pola Profil Tersangka Koruptor
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. Profiling dan Deteksi Kasus TK

Row No. status_kasus = wni_age wni_lastof .. | gender_name  wni_marital..  wni_local_p.. self_report_.. jenis_field
1 KASUS -183 3 Perempuan 5 3z PEA 3
2 KASUS =181 i} Perempuan 5 3z Yordania i}
3 KASLS -4 0 Perempuan 0 36 RRC i}
4 KASUS -3 0 Perempuan 0 33 Suriah ]
5 KASUS -1 0 Laki-laki 0 12 Libya 2
6 KASUS -1 0 Perempuan 0 a2 Libanon 6
7 KASUS 0 0 Laki-1aki 0 11 Jepang 2
g KASUS 0 i} Laki-laki 0 1 Jepang 5
9 KASUS 0 0 Laki-laki 0 1 Libya 2
10 KASUS 0 0 Laki-laki 0 11 Malaysia 3
11 KASUS 0 0 Laki-laki 0 11 Malaysia B
12 KASUS 0 0 Laki-laki 0 1 Yaman 2
13 KASUS 0 0 Laki-laki 0 12 Amerika Seri... 3

| wrl_tzsiot scucstion |

=0 - = 10 =11 - -3 -4 -5 - -7 - -
; i b } "
L TIDA K BCA SLE | TID K BA 300 | TIDA K BA BUE | | THDA K KA 23U - X 1
| wni_age [* | ?” || | | Jemis_meta | [ wni_age |
i
=11 =11 = 5500 = 5500 :-'."1535'."1_5:-3
4 e b k|
a&U3 | nei | |“"_# | TIDA K B 303 | L] |TIJ.IIKK.IIIUI|| KA

=1 =1 35 =58

¥ L |

I h |
TIDWA I KA 30| | KA SUS |Tm.umml||mm:|
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" Klasterisasi Tingkat Kemiskinan
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Pola Aturan Asosiasi dari Data Transaksi

ExampleSet (12 examples, 0 special attributes, 10 regular attributes)

Fow Mo Gula Kopi Agua Popok Sprei Sabun Sampo Kemeja Celana Boneka
1 1.0 1.0 0.0 0.0 0.0 1.0 1.0 0.0 0.0 0.0
2 0.0 1.0 0.0 1.0 1.0 0.0 0.0 10 1.0 1.0
1.0
[cena) RuT0 0250100 e 15 (033311 0001 | l .-

N

— o
Rue S 020/ 1200 AssociationRules

Rule 1 (0.333 / 0.800)

=t _ A=zsociation Rules

— — 7 ,. T~ [Aqua]l --> [Sabun] (confidence: 0.800)

7/ ) \ [Sprei] --» [Ropi] (confidence: 0.800)
[ARqua] --> [Fopi] (confidence: 0.800)
[Sabun, Fopi] --» [Gula] (confidence: 0.B00)

I/ { [Sabun, Gula] --> [Fopil] (confidence: 0.800)
.'\.\ I/ RU‘HE;DMHIMD) [Sprei] --» [Ropi, Gula] (confidence: 0.800)
\‘-\_\ ) [Gula, Sprei] --» [Fopi] (confidence: 0.B00)

= - [Sampo] --»> [Sabun] (confidence: 0.857)
R [Gula]l --> [Ropil (confidence: 0.857)
_-. u [Celana] ——> [Sabun] {confidence: 1.000)
i
: [Boneka] --> [Sabun] {(confidence: 1.000)
\ [Celana] --> [Sampo] (confidence: 1.000)
[ '-.___\\\\\ .. ! [Boneka] ——> [Sampo] (confidence: 1.000)
I \ R”Bwiﬂm”m) . [Sprei] --» [Gula] (confidence: 1.000)
I\'l ‘ ' [Popok] --> [Gula] ({(confidence: 1.000)
."II \ \ RuleQB(DZSﬂHﬂ'DD [Boneka] --> [Gula] (confidence: 1.000)
N ‘l'l."u,f : [Boneka] --> [Sprei] {confidence: 1.000)
| Rule 46 (0.25011.000) ) :
— m [Sampo, Gula] --»* [Sabun] (confidence: 1.000)
--______Ruleﬁ(ﬂzsﬂﬂ_ﬂﬂq | _ngaz(u,r} [Sabun, Sprei] --»> [Sampo] (confidence: 1.000)
\ ] [Sampo, Sprei] --> [Sabun] (confidence: 1.000)
. “‘x [Celana] --> [Sabun, Sampc] (confidence: 1.000}
\\‘ "’ 1 [Sabun, Celama] --»> [Sampc] (confidence: .000)

m [Boneka] --> [Sabun, Sampo] (confidence: 1.000)

[Sabun, Boneka] --> [Sampo] (confidence: 1.000)
[Sampo, Boneka] —-»> [Sabun] (confidence: 1.000)
[Sabun, Sprei] --»> [Gula] (confidence: 1.000)
[Sabun, Popok] —-> [Gula] (confidence: 1.000)
30 [Boneka] --> [Sabun, Gula] (confidence: 1.000)

1

1
[Sampo, Celama] —--»> [Sabun] (confidence: 1.000)

1

1




| Pola Aturan Asosiasi di Amazon.com

Systems Analysis and Design (Shelly Cashman Series) 11th Edition

by Scott Tilley + (Author), Harry J. Rosenblatt (Author)

wrordrryy v 28 customer reviews
Look inside ¥
Hardcover Other Sellers
$19.04 - $110.00 from $19.04
) Rent
() Buy used

Customers who bought this item also bought

MARKETING

Kottor | Armatrony

Systems Analysis

and Design
ELEVENTH EDITION

TILLEY | ROSENBLATT

=i

Principles of Marketing

ISBN-13: 978-1305494602
ISBN-10: 9781305494602

Operations and Supply

Why is ISBN important? ~ (17th Edition) Chain Management
» Philip T. Kotler » F. Robert Jacobs
Sell yours for a Gift Card 2 % & & @l 2 & & arxaridl
We'll buy it for up to $7.49 Hardcover Hardcover
Learn More $199.99 $154.60

‘ Trade in now ‘

Sponsored products related to this item

Have one to sell? ‘ Sell on Amazon ‘

) PMP Exam React Design Node.js
| Add to List ‘ Prep Simplified Patterns and Design
iy £ 10 o 2 Best Practices Patterns
share 7 1 W @ S
—
< PMP Exam Prep Simplified: ~ React Design Patterns and Node.js Design Patterns -
| Based on PMBOK® Guide Best Practices: Build easy Second Edition: Master
Sixth Edition to scale modular best practices to build
Andrew Ramdayal applications ... modular an...
*RAAE 28 Michele Bertoli Mario Casciaro
Paperback wRAALYS Get the best out of Node.js by
$36.09 vprime Paperback mastering its most powerful
$41.27 vprime components and patterns to

create modular and scalable
applications with ease

Wiy i iy 32
Paperback

31

Vue.js 2 Design
Patterns and
Best Practices

Vue.js 2 Design Patterns
and Best Practices: Build
enterprise-ready, modular
Vue.s...

Paul Halliday

1.8 8 &
Paperback
$44.99 sprime

$19.04

$55.60

Node.js

Mastering Node.js -
Second Edition: Build
robust and scalable real-
time server-side...
Sandro Pasquali

Expert techniques for
building fast servers and
scalable, real-time network
applications with minimal
effort, rewritten for Node.js 8
and Node js 9.

o fr 17

Learning Bootstrap 4
e

Second

Learning Bootstrap 4 -

Second E

dition

Matt Lambert

1. 8.8 ¢

Paperback

$37.71

prime

Neural Network
Programming
ith C#

Hands-On Neural Network
Programming with C#: Add
powerful neural network
capabiliti...

Matt R. Cole

Just released

Paperback
$39.99 prime




From Stupid Apps to Smart Apps

p
Stupid
Applications

. * Sistem Informasi
Akademik

e Sistem Pencatatan
Pemilu

e Sistem Laporan
Kekayaan Pejabat

¢ Sistem Pencatatan
Kredit

/

Smart
Applications

@&

e Sistem Prediksi

Kelulusan Mahasiswa

e Sistem Prediksi Hasil

Pemilu

e Sistem Prediksi

Koruptor

e Sistem Penentu

o

Kelayakan Kredit

~




Revolusi Industri 4.0

INDUSTRY 1.0

Mechanization, steam Mas oh Cyber Physical Systems,
internet of things, networks

1784 1870 1969 TODAY



Perusahaan Pengolah Pengetahuan

* Uber - the world’s largest taxi company,
owns no vehicles

* Google - world’s largest
media/advertising company, creates no
content

* Alibaba - the most valuable retailer, has

no inventory T
* Airbnb - the world’s largest Qs s Loai
accommodation provider, owns noreal [——_<]
eState |Pn:/ztdeisor:1|NearDo_

$25

* Gojek - perusahaan angkutan umum,
tanpa memiliki kendaraan
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I. Data Mining Tasks and Roles
in General

Increasing potential
values to support
business decisions

End User

Decision
Making

Data Presentation
Visualization Techniques

Business Analyst

Data Mining
Information Discovery and Modeling

Data Scientist
Data Exploration

Statistical Summary, Metadata, and Description

Data Preprocessing, Data Integration, Data Warehouses DBA/

Data Sources DBE
Paper, Files, Web documents, Scientific experiments, Database Systems
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Data Mining Tasks and Roles
in Product Development

* Menganalisis data untuk dijadikan pola pengetahuan
(model/rule/formula/tree)

* Pola pengetahuan (model/rule/formula/tree)
dimasukkan ke dalam sistem (software)

* Sistem (software) menjadi cerdas dan bermanfaat
signifikan dalam meningkatkan value dan benefit
dari perusahaan/organisasi

* Dimana peran data scientist dalam perusahaan
pengembang teknologi (startup business atau
GAFAM)?

e Data Scientist? Software Engineer? Researcher? IT
Infrastructure Engineer?



Hubungan Data Mining dan Bidang Lain

a I

Statistics

="
G




Masalah-Masalah di Data Mining

1. Tremendous amount of data

» Algorithms must be highly scalable to handle such as tera-bytes
of data

2. High-dimensionality of data

* Micro-array may have tens of thousands of dimensions

3. High complexity of data

e Data streams and sensor data

* Time-series data, temporal data, sequence data

Structure data, graphs, social networks and multi-linked data
Heterogeneous databases and legacy databases

Spatial, spatiotemporal, multimedia, text and Web data
Software programs, scientific simulations

4. New and sophisticated applications
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1.2 Peran Utama dan Metode Data Mining




Peran Utama Data Mining

L 1. Estimasi

D

L 5. Asosiasi LZ. Forecasting

Data Mining Roles
(Larose, 2005)

\1

L 4. Klastering 3. Klasifikasi

4




1. Estimasi Waktu Pengiriman Pizza

______ Label

Jumlah Pesanan (P) | Jumlah Traffic Light (TL) m Waktu Tempuh (T)
1 3 3 16

3
2 1 7 4 20
3 2 4 6 18
4 4 6 8 36
1000 2 4 2 12

Pembelajaran dengan
Metode Estimasi (Regresi Linier)

Waktu Tempuh (T) = 0.48P + 0.23TL + 0.5]



Contoh: Estimasi Performansi CPU

* Example: 209 different computer configurations

Cycle time Main memory  Cache Channels Performance
(ns) (Kb) (Kb)
MYCT MMIN MMAX CACH CHMIN CHMAX PRP
125 256 6000 256 16 128 198
2 29 8000 32000 32 8 32 269
208 480 512 8000 32 0 0 67
209 480 1000 4000 0 0 0 45

* Linear regression function

PRP = -55.9 + 0.0489 MYCT + 0.0153 MMIN + 0.0056 MMAX
+ 0.6410 CACH - 0.2700 CHMIN + 1.480 CHMAX
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3.

4.

5.

Output/Pola/Model/Knowledge

Formula/Function (Rumus atau Fungsi Regresi)
* WAKTU TEMPUH = 0.48 + 0.6 JARAK + 0.34 LAMPU + 0.2 PESANAN

Decision Tree (Pohon Keputusan)

Korelasi dan Asosiasi

Rule (Aturan)
* |IFips3=2.8 THEN lulustepatwaktu

Cluster (Klaster)

Outlook

Wind Hurmidity

= false =1true = F7.A00= 77 .800

y 3 y

yes no no yes



2. Forecasting Harga Saham

Fow Mo,

[o= EE = RS SR % T % Ty

A e =
[0 B L IS N

Label

s G

Close
1286.570
1288.120
1289120
1285.330
1307 280
1309.930
1311 460
1311.280
1308110
1301.740
1305410
1309.720
1310610

Time Series

G-

Date
Apr 11, 2008
Apr12, 2006
Apr13, 2008
Apr 17, 2006
Apr18, 2008
Apr18, 2006
Apr 20, 2008
Apr 21, 2006
Apr 24, 2008
Apr 25, 2006
Apr 26, 2008
Apr 27, 2006
Apr 28, 2008

Cpen
1296 600
1286.570
1288120
1289120
1285330
1307.650
1309930
1311.460
1311.280
1308.110
1301.740
1305.410
1309720

High
1300.710
1290.930
1292.090
1292 450
1309.020
1310.390
1318160
1317.670
1311.280
1310.790
1310.970
1315
1316.040

Low
1282 960
1286.450
1283370
1280.740
1285330
1302790
1306380
1306.590
1303790
1299170
1301.740
1295570
1306160

Volume
223288000C
193810000C
189194000C
179465000C
259544000C
244731000C
251292000C
239263000C
211733000C
236638000C
250268000C
277201000C
241992000C

Pembelajaran dengan
Metode Forecasting (Neural Network)
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Dataset harga saham
dalam bentuk time
series (rentet waktu)



It Hiclcden 1 Ot

Pengetahuan berupa
Rumus Neural Network

Weights:

1.316

1.318

-1.157

-1.413

0.059 (Threshold)

— Close — prediction{Cloze)

1600

1,550
1,500
1,450
1,400
1,350
1,300

1,250

Prediction Plot

1,100
1,050
1,000
a50
a00
50
800

750

Fo0

&30

May-2006  Zep-2006  Jan-2007  May-2007  Sep-2007 Jan-2008  May-z2008  Sep-2008  Jan-2009  May-200%  Sep-Z00%  |an-2010  May-2010
Date



Forecasting Cuaca

Predictive Data Analytics Hfome  Demand Forecasling

Select Zone Forecast
Zone NYISO|F-Capitl Generate Forecast RS
! 4 RS | Map | sarelite ¥
~ - ) Y :
, > . Rés faunige
Sl w - . A
°) Quebec City N
1dbury @ =5 BROA . 140
o A ~
+ \
4 \ \ g «
Algonguin " . Ottawa- - Monlreal 20
Provincial Pavk N < /529 Sau
‘ MAINE
* ~ ° e Hytones
IMONT; ——- :;r::‘::n'dret Sands
Toronto / Potland PO it el Opdnlt:On =10, S dale
tississe ugad NEW
‘ HAMPEHIRE
Comparison
SACHURETTS
o Providenggy 0
il INECTICUT 2771 O
1 /¢ Rl
i PENNSYLVANIA J [ —NewXgrh
Pittsburgh ¥
| -o
! Philadelphia
1o
" MARYLAND; NEW JERSEY , Forecant
. ' a — NN VEIther
Washington worncl ProDur
O ADELAWARE o liaisss G0 A
IEST p
IGINIA nee |

4
The Gecrge Washinglon [ o0 |
and Jelferson Nationat.. Rlchgwnd \

‘ VIRGINIA & 0 L

Norfolka aVirginia Beach
9 Map deta @2015 Google. INEG!  Terma cf Use
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Exchange Rate Forecasting

Acast USD/IDR - Daily 22 Nov 2013

11931 — 1M NDFs
11710 Onshore USD/IDR

11489
11268
11047
10826
10605
10384
10163

9942

9721

9500
01/10/2012 18/02/2013 9712013




1| Inflation Rate Forecasting

5-year implied inflation rate vs. actual

4.0
3.0
@
® 20
o
c
o
®
E 1.0
0.0
-1.0
Jan-02 Jan-04 Jan-06 Jan-08 Jan-10 Jan-12
—— 5-year breakeven rate = Trailing 5-year annualized inflation rate

*Source: Bloomberg
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3. Klasifikasi Kelulusan Mahasiswa

Label
Asal Lulus Tepat
Sekolah Waktu
10001 L SMAN 2 2.89
10002 P 27 SMA DK 4.0 3.2 3.8 3.7 Tidak
10003 P 24 SMAN 1 2.7 3.4 4.0 3.5 Tidak
10004 L 26.4 SMAN 3 3.2 2.7 3.6 3.4 Ya
11000 L 23.4 SMANS5 3.3 2.8 3.1 3.2 Ya

Pembelajaran dengan
Metode Klasifikasi ((4.5)



Pengetahuan Berupa Pohon Keputusan

|: STATUS MAHASISWA :|

= BEKERJA = MAHASISWA
|IPs 2 f‘ PS5 |
2580 = 2.5580 = 2380 = 2350
- P "
TEPAT | |TERLAMBAT P54 |J‘_IF'S 3)

= 1..5;'."5 = 1.975 = 2.270 = 2.270
b v )

TEPAT | | TERLAMBAT (unuR| TEPAT

] % ,

= 23.50(= 23.500

y

TERLAMBAT TEPAT

50




Contoh: Rekomendasi Main Golf

. | t- Outlook Temperature Humidity Windy Play

nput: sunny hot high false no
sunny hot high true no
Overcast hot high false Ves
Rainy mild high false Ves
Rainy Cool normal false Ves
Rainy Ccool normal true no
Overcast cool normal true Ves
sunny mild high false no
sunny Ccool normal false Ves
Rainy mild normal false Ves
sunny mild normal true Ves
Overcast mild high true Ves
Overcast hot normal false Ves
Rainy mild high true no

e Output (Rules):

If outlook = sunny and humidity = high then play = no
If outlook = rainy and windy = true then play = no

If outlook = overcast then play = yes

If humidity = normal then play = yes

If none of the above then play = yes
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Contoh: Rekomendasi Main Golf

e Qutput (Tree):

Cutlook
= overcast = rain = SUnny
— ¥ SN
""’— | Wind Humiclity
= false = true T A00= TV .00
I | p bl
Ves no no Ves




Contoh: Rekomendasi Contact Lens

* [nput:

Age

young
young
young
young
young
young
young
young
pre-presbyopic
pre-presbyopic
pre-presbyopic
pre-presbyopic
pre-presbyopic
pre-presbyopic

Spectacle
Prescription

myope
myope
myope
myope
hypermetrope
hypermetrope
hypermetrope
hypermetrope
myope
myope
myope
myope
hypermetrope
hypermetrope

Astigmatism

no
no
yes
yes
no
no
ves
yes
no
no
yes
ves
no
no

53

Tear Production

Rate

reduced
normal
reduced
normal
reduced
normal
reduced
normal
reduced
normal
reduced
normal
reduced
normal

Recommended
Lenses

none
soft
none
hard
none
soft
none
hard
none
soft
none
hard
none
soft




Contoh: Rekomendasi Contact Lens

* Qutput/Model (Tree):

|atear-prm:l-rate |

= narmal = reduced
i 4 \ none
|E|5tigmati5m | -
= no = Y¥es
I A 5
|agn.=: | |spectacle-prescrip |
= pre-pre preshys young = hypernm= myope
E_ Y A N
soft none soft none hard
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4. Klastering Bunga Iris

Dataset Tanpa Label

Fow Mo. id al az ald ad
1 id_1 5.100 3.500 1.400 0.200
2 id_2 4.900 3 1.400 0.200
3 id_3 4. 700 3.200 1.300 0.200
4 id_4 4.600 3.100 1.500 0.200
5 id_5 5 3.600 1.400 0.200
G id_6G 5.400 3.900 1.700 0.400
7 id_7 4 600 3.400 1.400 0.300
8 id_3 5 3.400 1.500 0.200
g id_9 4.400 2.900 1.400 0.200
10 id_10 4.900 3.100 1.500 0.100
11 id_11 5.400 3.700 1.500 0.200

Pembelajaran dengan
Metode Klastering (K-Means)

v
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Pengetahuan (Model) Berupa Klaster

cluster® cluster_0 @ cluster_1 @ cluster_2




i Klastering Jenis Pelanggan



| Poverty Rate Clustering

N

e B

v
‘e

&

’X 500

N kM

= L

%

g
P
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2 o

'v-"
L

1
o

4

T
w

P % :‘..‘

Boston Charlotte

4

Buffalo ’
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Hartford ‘
Indianapolis Wil
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‘ Tampa .
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5. Aturan Asosiasi Pembelian Barang

ExampleSet (12 examples, 0 special attributes, 10 regular attributes)

Fow Mo. Gula Kopi Agua Fopok Sprei =abun Sampo Kemeja Celana Boneka

1 1.0 1.0 0.0 0.0 0.0 1.0 1.0 0.0 0.0 0.0
2 0.0 1.0 0.0 1.0 1.0 0.0 0.0 1.0 1.0 1.0
3 0.0 0.0 0.0 1.0 1.0 0.0 0.0 0.0 0.0 1.0
4 1.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
5 0.0 0.0 1.0 1.0 0.0 0.0 1.0 0.0 0.0 0.0
i 1.0 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0
[ 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 1.0 1.0
3 0.0 0.0 1.0 1.0 1.0 1.0 1.0 1.0 0.0 0.0

1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 0.0
10 0.0 0.0 1.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0
11 1.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
12 0.0 0.0 0.0 0.0 1.0 1.0 1.0 0.0 0.0 0.0

Pembelajaran dengan
Metode Asosiasi (FP-Growth)
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Pengetahuan Berupa Aturan Asosiasi

| Rule 10 (0250 1.000) |
—

|'(:e|am]_ .
T
o '-:‘:; . | Rule 28 (0250 / 1.000) [< —
/ e — \ ’_/---"’ | / | yd
|Ru|e12(ﬂ.25lﬂ.'1.{mﬂ} | [Rule 21 (0.250/1.000) | "'——-_________'_'"::-"_L—“':_'____——-""'-- o .y oV
\ T — T :ﬂ\Sabun| I ~ ll
-I"\ J I A7 N, I'- B T /! i // I|
Il‘l\u \e‘l II \\ IIII H‘\ f’JI// I|
\ [ e A N\ = gs
- \ AssociationRules

[ Rule 15 (0.333 /1.000) |
T

4 i |
\ -'::II "II _— /, ¥ .'I \ \
\\ | Rule & (0.500 / 0.857) / ."I ) I"-. Association Rules
'\_\ |:I W R”*“‘?;P-zs'“ 1“”": o \ [Aqua] ——> [Sabun] (confidence: 0.800)
\ |'| / ..»-’/ ;’j i/ f wd \ TT——h Rule 5 (0.333 / 0.800} [Sprei] --> [Ropi] (confidence: 0.800)
1\\ . p J_J_,-/"/ __," Rule 31 (0.250 / 1.000) %w:: :-_--_-:___\_‘\, [Aqua] --> [Ropi] (confidence: 0.800)
gl /,/ = — Rule 65 (0.250 7 1.000) 3T U ) — = Gula [Sabun, Fopi] --= [Gule_l] I:confj_.dence: 0.800)
|Sampn = A === X Sy k 7 \ [Sabun, Gula] —-»> [Fopi] (confidence: 0.800)
.000) fule 81 (0.250 /1.000) ) = // | ‘\ [Sprei] --> [Fopi, Gula] (confidence: 0.800)
[ ILEE LI L | (ﬂ-_ZS’D”-_DDﬂ) = s ,' [Gula, Sprei] —-> [Ropi] (confidence: 0.800)
Il -..\ Y \r___ .:x.’ A\ / I [Sampo] --> [Sabun] (confidence: 0.857)
I| \ W - Pl ¢ 5;‘:,-\‘\ [Gula]l --> [Ropil (confidence: 0.857)
f \ T‘%}-}l m BE ,ff H%::‘:‘:‘\\ [Celana] ——> [Sabun] {(confidence: 1.000)
I|I AR |. EEM(D'HH'TM 5 \ ‘+ [Boneka] --> [Sabun] {(confidence: 1.000)
I,-' \—R‘Rubﬁ(ﬂ.%ﬂﬁ.l}l}n) |\ AL [Celana] --> [Sampo] (confidence: 1.000)
| R 5 wRub;{ﬂEﬁﬂHﬂDﬂ} o, “ﬂ_ [Boneka] --> [Sampo] (confidence: 1.000)
II-'I \ \\4 . 7 - [Sprei] --> [Gula] (confidence: 1.000)
."II Rule 46 (0.250/ 1.000) JRUFB'I_‘:;'(U_-EFJ'Efﬂ_ “’f--._ [Popok] --> [Gula] (confidence: 1.000)
{ Rule 45 (0.250/ 1. Bnnelm}_ - — [Boneka] --> [Gula] ({(confidence: 1.000)
! e —F = Rule 52 (0.250 /1.000) [Boneka] ——> [Sprei] (confidence: 1.000)
|Ru|e13(ﬂ.25ﬂ!1.lfﬂ;)| : [Sampo, Gula] --»* [Sabun] (confidence: 1.000)
[Sabun, Sprei] --»> [Sampo] (confidence: 1.000)
[Sampo, Sprei] --> [Sabun] (confidence: 1.000)
- [Celana] --> [Sabun, Sampo] (confidence: 1.000)
,_.---""-r [Sabun, Celana] --»> [Sampc] (confidence: 1.000)
[ Rule 17 (0.250 / 1.000) | [Sampo, Celana] --> [Sabun] (confidence: 1.000)
[Boneka] --> [Sabun, Sampo] (confidence: 1.000)
[Sabun, Boneka] --> [Sampo] (confidence: 1.000)
[Sampo, Boneka] —-»> [Sabun] (confidence: 1.000)
(confidence: 1.000)
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Contoh Aturan Asosiasi

* Algoritma association rule (aturan asosiasi) adalah
algoritma yang menemukan atribut yang “muncul
bersamaan”

e Contoh, pada hari kamis malam, 1000 pelanggan
telah melakukan belanja di supermaket ABC, dimana:
e 200 orang membeli Sabun Mandi

* dari 200 orang yang membeli sabun mandi, 50 orangnya
membeli Fanta

e Jadi, association rule menjadi, “Jika membeli sabun
mandi, maka membeli Fanta”, dengan nilai support =
200/1000 = 20% dan nilai confidence = 50/200 = 25%

* Algoritma association rule diantaranya adalah: A
priori algorithm, FP-Growth algorithm, GRI algorithm



Aturan Asosiasi di Amazon.com

Frequently Bought Together

LOOX INSIDE! Price for all three: $387.88
Fﬂll OMPUT 7

g:&m ”EG%N&:‘SI@Q | Add all three to Cart

: Add all three to Wish List |

Some of these items ship sooner than the others. Show details

This item: Software Engineering (10th Edition) by lan Sommervile Hardcover $169.67
Operating System Concepts by Abraham Silberschatz Hardcover $144.03

Computer Organization and Design, Fifth Edition: The Hardware/Software Interface (The Morgan Kaufmann ... by David A. Patterson Paperback $74.18

Gustomers Who Bought This Iltem Also Bought

e G AR R o TING AemmAv
LANGUAGE n
PRAGMATICS

Michael L. Saomt

Wasts §. Humphrey

e ¥, Duestel Lisng
PSP(sm): A Self- Computer Networking: A Computer Organization Programming Language Operating Systems: Introduction to Java Software Engineering (9th
Improvement Process for Top-Down Approach (6th and Design, Fifth Edition Pragmatics, Third Edition Internals and Design Programming, Edition)
Software Engineers Edition) The Hardware/Software Michael L. Scott Principles (8th Edition) Comprehensive Version lan Sommerville
Watts S. Humphrey » James F. Kurose David A. Patterson Wik Wiy 24 » Wiliam Stallings (9th Edition) Wk &7y 29
wRERT 12 W W WY 131 wWlrdr vy 42 Paperback RRRARYE 10 Y. Daniel Liang Hardcover
Hardcover Hardcover Paperback $60.54 Prime Hardcover ) 6 & & gRd:v] $140.10 Prime
$46.41 Prime $127.42 Prime $74.18 Prime $141.29 Wrime Paperback
———y T

E‘ﬂﬁ“ ST Programming UML pistiien
SYSTEM o N Languages THIRD EpITION

A By GUse 0 per STy o i

Showmore
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Kategorisasi Algoritma Data Mining

Supervised semi-  (Unsupervised

Supervised

Learning Learning Learning

Association based Learning



1. Supervised Learning

* Pembelajaran dengan guru, data set memiliki
target/label/class

* Sebagian besar algoritma data mining
(estimation, prediction/forecasting,
classification) adalah supervised learning

e Algoritma melakukan proses belajar
berdasarkan nilai dari variabel target yang
terasosiasi dengan nilai dari variable prediktor



Dataset dengan Class

Attribute/Feature/Dimension Class/Label/Target

‘1“5
"1 SS=~

=" / S ~~“~-~~ I

Sepal &=~ Sapaw' Peiah  ~~-Reial v

Length (cm)  Width {cm)  Length (em)  Width (ecm)  Type
1 5.1 3.5 1.4 0.2 Ins setosa
2 4.9 3.0 1.4 0.2 Ins setosa
3 4.7 3.2 1.3 0.2 Ins setosa
4 4.6 3.1 1.5 0.2 Ins setosa
5 5.0 3.6 1.4 0.2 Ins setosa
A “\\
51 7.0 3.2 4.7 1.4 Iris versicolor,
h2 6.4 3.2 4.5 1.5 Ins versicolor \N om | nal
53 6.9 3.1 4.9 1.5 Ins versicolor
54 5.5 23 4.0 1.3 Iris versicolor
55 6.5 2.8 4.6 15 "~ s versicolor
“~\\
101 6.3 3.3 6.0 2.5 Iris virginica
102 5.8 2.7 5.1 1.9 Iris virgirnica

7.1 3.0 5.9 2.1 Ins virgimnica N ume ri k
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2. Unsupervised Learning

* Algoritma data mining mencari pola dari
semua variable (atribut)

* VVariable (atribut) yang menjadi
target/label/class tidak ditentukan (tidak ada)

* Algoritma clustering adalah algoritma
unsupervised learning



Dataset tanpa Class

Attribute/Feature/Dimension

Sepal &=~ sapaw' Peiah  ~Paial
Length (cm)  Width {em) Length (em)  Width (cm)

1 5.1 3.5 1.4 0.2
2 4.9 3.0 1.4 0.2
3 4.7 3.2 1.3 0.2
4 4.6 3.1 1.5 0.2
o 2.0 3.6 1.4 0.2
51 7.0 3.2 4.7 1.4
52 6.4 3.2 4.5 1.5
53 6.9 3.1 4.9 1.5
54 5.5 2.3 4.0 1.3
55 6.5 28 4.6 1.5
101 6.3 3.3 6.0 2.0
102 5.8 2.7 5.1 1.9

7.1
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3. Semi-Supervised Learning

* Semi-supervised learning
adalah metode data minir
yang menggunakan data
dengan label dan tidak o
berlabel sekaligus dalam O
proses pembelajarannya O

¢ Data ya ng memlhkl kEIaS P Positive example  — = = — Decision boundary without unlabeled examples
digunakan untuk E Negative example
membentuk model () Unlabeled example
(pengetahuan), data tanpa
label digunakan untuk
membuat batasan antara
kelas

Decision boundary with unlabeled examples
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Contoh Penerapan Data Mining

* Penentuan kelayakan kredit pemilihan rumah di bank

* Penentuan pasokan listrik PLN untuk wilayah Jakarta

* Prediksi profile tersangka koruptor dari data pengadilan
* Perkiraan harga saham dan tingkat inflasi

* Analisis pola belanja pelanggan

* Memisahkan minyak mentah dan gas alam

* Penentuan pola pelanggan yang loyal pada perusahaan
operator telepon

* Deteksi pencucian uang dari transaksi perbankan
* Deteksi serangan (intrusion) pada suatu jaringan



1| 1.3 Kategori dan Tipe Data




Kategorisasi Data

Dataset adalah input utama dalam data mining: baris = objek, kolom = atribut.

Dataset: tabel dua dimensi

[»] Kota Waktu Temperatur
1 Bandung 19:45 17°C
2 Surabaya 19:45 34°C

\ 4 \ 4

Baris: objects / samples / instances / records

Kolom: attributes / dimensions / features

v

\

-

Intinya: Sebelum memilih metode data mining, pahami dulu bentuk dataset dan atributnya.

N [ N N
. . . . Multivari
a Univariate a Bivariate ° ate
Distribusi data Distribusi data Distribusi data
melibatkan satu melibatkan dua melibatkan
atribut saja. atribut. banyak atribut.
J J J




Data Terstruktur dan Tidak Terstruktur

Data tidak terstruktur perlu diolah agar siap menjadi dataset tabular.

-

° Terstruktur

Format standar, struktur jelas, urutan
tetap, mudah diakses. Umumnya
tersimpan sebagai tabel pada basis data
relasional.

ID Kota Waktu Temp.

1 Bandung 19:45 17°C

2 Surabaya 19:45 34°C

~

J

-

-

G Tidak Terstruktur

Tidak memiliki format baku. Contohnya
teks, video, gambar, audio, atau
unggahan media sosial.

139492 Malam ini, Bandung dingin
banget.

154239 Buset, panas sekali Surabaya
malam ini.

~

J

-

° Konversi

Temu kembali informasi atau NLP dapat
membantu mengekstrak atribut dari
teks bebas menjadi tabel.

139492 Bandung 19:45 Dingin

154239 Surabaya 19:45 Panas

G

Intinya: Data mining biasanya membutuhkan input berbentuk dataset: data tidak terstruktur perlu diekstraksi dulu menjadi

atribut.




1 Dataset (Himpunan Data)

Attribute/Feature/Dimension

ny
EAANSSL Y Class/Label/Target
/ \ S Sso \
b | A ~a S\

Sepal Sepal Petal Petal |

Length (ecm) Width (cm) Length (cm) Width (cm) Type
1 5.1 3.5 1.4 0.2 Ins setosa Rec.o rd/
2 4.9 3.0 1.4 0.2 Iris 581053 @dem = = ObjECt/
3 4.7 3.2 1.3 0.2 Iris setosa el _ _ Samp|e/
4 4.6 3.1 1.5 0.2 Ins setosa
5 5.0 3.6 1.4 0.2 Ins setosa Tu ple/
R Data
51 7.0 3.2 47 1.4 Iris versicoigr
52 6.4 3.2 4.5 1.5 Iris versicolo¥
53 6.9 31 49 1.5 Ins versicolor \
54 5.5 2.3 4.0 1.3 Iris versicolor \ Nomin a|
55 6.5 28 4.6 1.5 Ins versicolor
101 6.3 3.3 6.0 2.5 Iris virginica Numeri J"_
102 5.8 2.7 5.1 1.9 Ins virginica

3.0 5.0 2.1 Iris virginica




Tipe Data

I




Jenis Data dan Skala Pengukuran

Tujuan

Contoh

Bentukdata

! I ! Nominal

membedakan
kategori

namaunitkerja

Biro... Direktorat...
PusatRiset...

@ | 50

o
&) S | e’
; -25 -~
o) Ordinal o Interval |
mengurutkan membandingkan menghitun
kategori selisih g g
akreditasilab suhu danariset
20 100juta
30 200juta
40

Datakategorik Datanumerik:

Jenisdata menentukan caraanalisis dan visualisasi.



m

Ratio
(Mutlak)

Interval
(Jarak)

Ordinal
(Peringkat)

Nominal
(Label)

Data yang diperoleh dengan cara
pengukuran, dimana jarak dua titik
pada skala sudah diketahui
Mempunyai titik nol yang absolut

Data yang diperoleh dengan cara
pengukuran, dimana jarak dua titik
pada skala sudah diketahui

Tidak mempunyai titik nol yang

absolut

(*,/)

(+r')

Data yang diperoleh dengan cara
kategorisasi atau klasifikasi

Tetapi diantara data tersebut
terdapat hubungan atau berurutan

Data yang diperoleh dengan cara
kategorisasi atau klasifikasi
Menunjukkan beberapa object

yang berbeda

(<,>)

(= #)

Umur

Berat badan
Tinggi badan
Jumlah uang

Suhu 0°c-100°c,
Umur 20-30 tahun

Tingkat kepuasan
pelanggan (puas,
sedang, tidak puas)

Kode pos

Jenis kelamin
Nomer id karyawan
Nama kota

geometric mean,
harmonic mean,
percent variation

mean, standard
deviation,
Pearson's
correlation, t and
F tests

median,
percentiles, rank
correlation, run
tests, sign tests

mode, entropy,
contingency
correlation, y?
test



1 1.4 Analisis Data




Kenapa Analisis Data Penting?

* | Data belum otomatis menjadi informasi

e Analisis data membantu kita untuk:
Qv il  Melihat pola
 Membandingkan kondisi

C;J .  Menemukan masalah prioritas
Y- * Menjawab pertanyaan berbasis data

Analisis yang kurang tepat dapat @
menghasilkan jawaban yang keliru -




Apa ltu Analisis Data?

Analisis data adalah proses mengubahdata menjadi
informasi yang berguna untuk menjawab pertanyaan

Contoh:
Data publikasi tahunan
— dianalisis

— diperoleh informasi: — %“
tren publikasi, unit dengan kontribusi = ﬁ{é&—) =i

tertinggi, dan bidang riset yang
berkembang.




Analisis Statistik

1. Statistik Deskriptif

* Nilai mean (rata-rata), standar deviasi, varians, data
maksimal, data minimal, dsb

2. Statistik Inferensi

e Perkiraan dan estimasi
* Pengujian Hipotesis



Jenis Analisis Data

Deskriptif:

Apayangterjadi?
Berlaku untuk yang dianalisissaja

g B

©® ) Inferensia:
Apa kesimpulanumumnya? Menggunakansampel
untuk menarik kesimpulan tentang populasi.




efe[alel-) |

Analisis Deskriptif

AE T — Digunakan untuk menjawab:
Jl=acos J e Berapajumlahnya?
ol o ;  Mana yang paling tinggi/rendah?
:>LIHHHHH] » Kategori apa yang paling sering muncul?

 Bagaimana sebarannya?

: - 1 e Bagaimana trennya?
""" e Apakah ada nilai ekstrem?

Contoh:

e Unit mana yang memiiliki jumiah publikasi tertinggi?

o Kategori apa yang paling banyak muncul?

e Bagaimana tren permintaan layanan per bulan?



Statistik Ringkas

Frekuensi jumiah kemunculan
Persentase proporsi dari total
Mean rata-rata

Median nilai tengah

Modus paling sering muncul

Minimum-maksimum rentang terendah - tertinggi
Standar deviasi tingkat keragaman data

f_i—j " Pilih ukuran sesuai karakter data

cocok untuk kategorik
periu total pembanding

dipengaruhi nilai ekstrem

cocok untuk data miring/ada
pencilan

cocok untuk data kategorik
dapat dipengaruhi nilai ekstrem
periu dibaca bersama dg rata-rata




Membaca Distribusi Data Numerik

Pusat data
|

Untuk data numerik, perhatikan: 1
e Pusatdata: meanataumedian. M ‘ﬂ_h%

* Sebarandata: standardeviasi,

k Nilai )
rentang, IQR
* Bentukdistribusi: simetrisataumiring. .
* Pencilan: nilaiyang sangatberbeda. o S B
: : : Pencilan
— — .




Deskriptif untuk Perbandingan dan Tren

Bar chart 3 ‘ o

o

&
&(g}

Kategori A Kategori B Kategori C  Kategori D Kategori E

Grouped bar chart 3

Kategori A Kategori B Kategori C Kategori D

* Membandingkan beberapa kelompok
pada kategori yang sama

Perbandingan Kelompok

jumlah
publikasi per
pusat riset

rata-rata nilai
peserta per
kelas

jumlah layanan
per kategori

Kelompok 1
[ Kelompok 2
Kelompok 3

N (@

D

%

Tren Waktu h

Line chart ST
1 % @ jumlah
kegiatan per
bulan

€ tren publikasi
per tahun

@ jumlah

penggunaan
fasilitas per
triwulan

>
Cd

Jan Feb Mar Apr Mei Jun Jul Agu

* Mengamati perubahan atau tren

seiring waktu M‘Q j
N /@ZS



Memilih Grafik yang Tepat

Pilih grafik sesuai tujuan:

Tujuan Grafikyang cocok

Membandingkan kategori Barchart
Melihattren waktu Linechart

Melihat proporsisederhana Piechart

Melihat distribusidatanumerik Histogram/ boxplot
Melihat hubungan dua variabelnumerik Scatter plot

@ @ 0 0 @




Grafik yang Efektit

N Grafikyang baikharus
e Memilikijudulyangjelas
e Memilikilabelsumbu/kategori

e Menggunakan skalayang wajar

e Tidakmenyesatkan

e Fokuspadapesanutama




Analisis Inferensia

Analisis inferensia - Populasi W -

Menarik kesimpulan

%Rgﬁ

28 f

Hipotesis | Perbandingan |
/ | antarvariabel = hasil

kelompok

Menarik kesimpulan dari sampel ke populasi ‘
Menguji dugaan atau hipotesis
Membandingkan kelompok secara statistik

Melihat hubungan antarvariabel

Mengukur ketidakpastian hasil

Hubungan | Ketidakpastian |

\_

@ Apakah rata-rata nilai dua kelas berbeda?

e Apakah status akreditasi berhubungan dengan jenis fasilitas? vl

0 Apakah dana riset berkaitan dengan jumlah publikasi? @ |



C Populasi )

( Gomael )

@8&
222

\. J
gz
GrE

Istilah Dasar Inferensia

( Inferensia )

- : N : )
Ho H1
Tidak ada perbedaan / Ada perbedaan /
hubungan / efek hubungan / efek
e 7 Na 7
e ¥ N
p-value Confidence Interval / Cl
Bukti terhadap HO Rentang estimasi
Ketidakpastian hasil
2 U, "




Analisis Inferensia

¥

[ . Membandingkan kelompok }

¥

[@ Apa jenis datanya?

J

L

Kategorik }

2
[ Nimerik J [
[@ Ada berapa kelompok? J

v . v
i ~ Tkelompok vs @ '
{ nilai yang diketahui _ 2kelompok

—~ 1 - i
[@ Dua; kelompok J
¥

Uji t satu sampel/
Wllcoxon

}\ AA Independen | EL @ Berpasangan y
3 v
Z @ Ujutmdependen/ @ Ujltberpasangan/
Mann-Whltney W|lcoxon

b

1 3+kelompok |

N

¥

Menguiji prediksi
v
[@ Hubungan / Prediksi J
|
v v
[bﬁ Korelasi J [d Prediksi J
v v

Regresi linear (luaran
kontinu) / Regresi logistik
(luaran kategorik)

Pearson (normal) /
Spearman (tidak normal
atau ordinal)

> [G Data kategorik }
I

v v ¥
@ Buavariabel ‘ ") Satu vs proporsi yang
= ; diharapkan
l @ Chi-square / ‘ “ @ Binomial /
Fisher's Exact Uji z proporsi

— _1___ e h _l S

G

ANOVA / Kruskal-Wallis (independen) ATAU
ANOVA Pengukuran Berulang / Friedman (berpasangan)




Statistik Inferensi (Pengujian Hipotesis)

Non Parametrik

Dua sampel saling T Test Sign test

berhubungan Z Test Wilcoxon Signed-Rank
(Two Dependent samples) Mc Nemar Change test
Dua sampel tidak berhubungan T Test Mann-Whitney U test
(Two Independent samples) Z Test Moses Extreme reactions

Chi-Square test
Kolmogorov-Smirnov test
Walt-Wolfowitz runs

Beberapa sampel berhubungan Friedman test
(Several Dependent Samples) Kendall W test
Cochran’s Q
Beberapa sampel tidak Anova test (F test)  Kruskal-Wallis test
Berhubungan Chi-Square test

(Several Independent Samples) Median test



Metode Parametrik

* Metode parametrik dapat dilakukan jika beberapa
persyaratan dipenuhi, yaitu:

 Sampel yang dianalisis haruslah berasal dari populasi yang
berdistribusi normal

e Jumlah data cukup banyak
* Jenis data yang dianalisis adalah biasanya interval atau rasio



Metode Non Parametrik

* Metode ini dapat dipergunakan secara lebih luas,
karena tidak mengharuskan datanya berdistribusi
normal

* Dapat dipakai untuk data nominal dan ordinal sehingga
sangat berguna bagi para peneliti sosial untuk meneliti
perilaku konsumen, sikap manusia, dsb

* Cenderung lebih sederhana dibandingkan dengan metode
parametrik

* Selain keuntungannya, berikut kelemahan metode non
parametrik:

* Tidak adanya sistematika yang jelas seperti metode
parametrik

e Terlalu sederhana sehingga sering meragukan

* Memakai tabel-tabel yang lebih bervariasi dibandingkan
dengan tabel-tabel standar pada metode parametrik
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Interpretasi Statistik

* Ho = tidak ada perbedaan signifikan
* Ha = ada perbedaan signifikan

alpha=0.05
Bila p < 0.05, maka Ho ditolak

* Contoh: kasus p=0.03, maka dapat ditarik kesimpulan?



Interpretasi

@

[o Hasil analisis j 9 Interpretasi ; Le Kesimpulan
. : A

Temuan

bermakna |

Apa temuan utamanya?

Metode sesuai jenis data?

Relevan dengan

pertanyaan awal? Menjawab pertanyaan awal?
7

Kesimpulan akurat,
relevan, dan
berguna untuk

Keterbatasan data?

00000

7 Makna praktis? keputusan.
% / \_ )
( g
e Hindari kesalahan interpretasi

2 T @ Jangan g Perhatikan

‘: : =24, simpulkan < sampel dan

sebab-akibat :

@ N terlalu jauh h@ kualitas data

< ¥




1. 2. Proses Data Mining

2.1 Proses dan Tools Data Mining

2.2 Penerapan Proses Data Mining

2.3 Evaluasi Model Data Mining & Analisis Data
2.4 Proses Data Mining berbasis CRISP-DM

96




I 2.1 Proses dan Tools Data Mining




Proses Data Mining

A

1. Himpunan
Data

(Pahami dan
Persiapkan Data)

\
DATA PREPROCESSING
Data Cleaning
Data Integration
Data Reduction
Data Transformation

-6y =1 by

AV

Data Mining

(Pilih Metode
Sesuai Karakter Data)

4

MODELING

98

A

3. Pengetahuan

(Pahami Model dan
Pengetahuan yg Sesuai )

v

A 4
MODEL
Formula

Tree
Cluster
Rule
Correlation

4. Evaluation

(Analisis Model dan

Kinerja Metode)
\

\ 4
KINERJA
Akurasi

Tingkat Error
Jumlah Cluster

MODEL
Atribute/Faktor
Korelasi
Bobot




1. Himpunan Data (Dataset)

e Atribut adalah faktor atau parameter yang menyebabkan
class/label/target terjadi

e Jenis dataset ada dua: Private dan Public

* Private Dataset: data set dapat diambil dari organisasi
yvang kita jadikan obyek penelitian
 Bank, Rumah Sakit, Industri, Pabrik, Perusahaan Jasa, etc

* Public Dataset: data set dapat diambil dari repositori
pubik yang disepakati oleh para peneliti data mining
* UCI Repository (http://www.ics.uci.edu/~mlearn/MLRepository.html)
e ACM KDD Cup (http://www.sigkdd.org/kddcup/)
* PredictionlO (http://docs.prediction.io/datacollection/sample/)

* Trend penelitian data mining saat ini adalah menguiji
metode yang dikembangkan oleh peneliti dengan public
dataset, sehingga penelitian dapat bersifat: comparable,
repeatable dan verifiable
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Public Data Set (UCI Repository

About Citation Policy Donate a Data Set Contact

e r——

O Repositery ® Web

View ALL Data Sets

Browse Through: 360 Data Sets Table View List View
Data T Defauft Task ibute
_—— ata Types efault Tas -
Classification (262) Iypes
Regression (53] Cat ical
Clustering (54} ategarical,
Other (521 Multivariate Classification Integer, 4177 8 1995
YR Real
Attribute Type
Categorical (37) ;
Numerical (213) Multivariate Classification vategorical. | 48842 14 1096
Mixed (56) 8
I]at T:-.r _ = Categorical,
Multivariate (281) || Annealing Multivariate Classification Integer, 798 38
Univariate (1G] — Real
Sequential (36)
Time-Series (65) = Recommender-
Text (32] 'y | Anonymous Microsoft Web Data Syst Categorical (| 37711 294 1998
Domain-Theory (22) yslems
Other (21)
Area | egercal
= || e Arrhythmia Multivariate Classification Integer, 452 279 1995
Life Sciences (82) Real
Physical Sciences (43)
CS/Engineering (111) Aa Categarical,
Social Sciences (23) Artificial Characters Multivariate Classification Integer, 5000 7 1992
Business (21) Aal Real
Game (10)
MlaF: 5
i —% | Audiology (Original) Multivariate Classification Categorical || 226 1987
# Attributes )
1010 100 (162) “—'




1 Dataset (Himpunan Data)

Attribute/Feature/Dimension

ne
EAANSSL Y Class/Label/Target
4 \ S Sso \
b | A ~a S\

Sepal Sepal Petal Petal |

Length (ecm) Width (cm) Length (cm) Width (cm) Type
1 5.1 3.5 1.4 0.2 Iris setosa Rec.o rd/
2 4.9 3.0 1.4 0.2 iris setosa ObjECt/
3 4.7 3.2 1.3 0.2 Iris setosa gle—— SaM p|e /
4 4.6 3.1 1.5 0.2 Ins setosa
5 5.0 3.6 1.4 0.2 Ins setosa Tu ple/
R, Data
51 7.0 3.2 4.7 1.4 Iris vema'cafbf{
52 6.4 3.2 4.5 1.5 Ins versicolor L
53 6.9 3.1 4.9 1.5 Ins versicolor B\
54 5.5 2.3 4.0 1.3 Ins versicolor \ N o m i na I
55 6.5 28 4.6 1.5 lns versicolor
101 6.3 3.3 6.0 2.5 Iris virginica Numeri Jt
102 5.8 2.7 5.1 1.9 Ins virginica

3.0 5.0 2.1 Iris virginica
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2. Metode Data Mining

1. Estimation (Estimasi):
Linear Regression (LR), Neural Network (NN), Deep Learning (DL),
Support Vector Machine (SVM), Generalized Linear Model (GLM), etc

2. Forecasting (Prediksi/Peramalan):

Linear Regression (LR), Neural Network (NN), Deep Learning (DL),
Support Vector Machine (SVM), Generalized Linear Model (GLM), etc

3. Classification (Klasifikasi):
Decision Tree (CART, ID3, C4.5, Credal DT, Credal C4.5, Adaptative
Credal C4.5), Naive Bayes (NB), K-Nearest Neighbor (kNN), Linear
Discriminant Analysis (LDA), Logistic Regression (LogR), etc

4. Clustering (Klastering):
K-Means, K-Medoids, Self-Organizing Map (SOM), Fuzzy C-Means
(FCM), etc

5. Association (Asosiasi):
FP-Growth, A Priori, Coefficient of Correlation, Chi Square, etc
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3. Pengetahuan (Pola/Model)

1.

2.

3.

4.

5.

Formula/Function (Rumus atau Fungsi Regresi)
* WAKTU TEMPUH = 0.48 + 0.6 JARAK + 0.34 LAMPU + 0.2 PESANAN

Outlook

Decision Tree (Pohon Keputusan)

|., .

Tingkat Korelasi — i Ll

= false = true =77 .400= 77 .500

Rule (Aturan)
* |Fips3=2.8 THEN lulustepatwaktu

Cluster (Klaster) N




4. Evaluasi (Akurasi, Error, etc)

1. Estimation:
Error: Root Mean Square Error (RMSE), MSE, MAPE, etc

2. Prediction/Forecasting (Prediksi/Peramalan):
Error: Root Mean Square Error (RMSE) , MSE, MAPE, etc

3. Classification:

Confusion Matrix: Accuracy
ROC Curve: Area Under Curve (AUC)

4. Clustering:

Internal Evaluation: Davies—Bouldin index, Dunn index,
External Evaluation: Rand measure, F-measure, Jaccard index,
Fowlkes—Mallows index, Confusion matrix

5. Association:
Lift Charts: Lift Ratio
Precision and Recall (F-measure)
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Kriteria Evaluasi dan Validasi Model

1. Akurasi

e Ukuran dari seberapa baik model mengkorelasikan antara hasil
dengan atribut dalam data yang telah disediakan

* Terdapat berbagai model akurasi, tetapi semua model akurasi
tergantung pada data yang digunakan

2. Kehandalan

e Ukuran di mana model data mining diterapkan pada dataset
yang berbeda

* Model data mining dapat diandalkan jika menghasilkan pola
umum yang sama terlepas dari data testing yang disediakan

3. Kegunaan

* Mencakup berbagai metrik yang mengukur apakah model
tersebut memberikan informasi yang berguna

Keseimbangan diantaranya ketiganya diperlukan karena belum tentu model
yang akurat adalah handal, dan yang handal atau akurat belum tentu berguna
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Magic Quadrant for Data Science Platform

(Gartner, 2017)

FICO @

ABILITY TO EXECUTE

MathWorks @

Quest @
Alt

eryx
agoss@ @

AP @

Teradata @

_______
( 3
I I
1 RapdMiner | _ @ IBM
i e e
|
e !
@ Microsoft
@ H20ai @ Dataiku

@ Domino Data Lab

@ Alpine Data

COMPLETENESS OF VISION
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Magic Quadrant for Data Science Platform (Gartner, 2018)

o e e e ~
{ A
Alterye 1 :
. 1 @ KNIME
[ T :
- I
b RapidMiner I
Qe e e T L4
@ H20a
TIBCO Software
MathWorks
® @
Domino gy IBM
® Microsoft
@ SAP
. Databricks
Angoss
Anaconda [ ]
[
(W]
5
= @ Dataiku
e
(WN]
= @ Teradata
-
=
=
(2]
=y

COMPLETENESS OF VISION — As of January 2018 ® Gartner, Inc
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KNIME

 KNIME (Konstanz Information Miner)
adalah platform data mining untuk analisis,
pelaporan, dan integrasi data yang
termasuk perangkat lunak bebas dan
sumber terbuka

 KNIME mulai dikembangkan tahun 2004
oleh tim pengembang perangkat lunak dari
Universitas Konstanz, yang dipimpin oleh
Michael Berthold, yang awalnya digunakan
untuk penelitian di industri farmasi

* Mulai banyak digunakan orang sejak tahun
2006, dan setelah itu berkembang pesat
sehingga tahun 2017 masuk ke Magic
Quadrant for Data Science Platform
(Gartner Group)
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Platform

File Edit View MNode Help

]

-
| &l

), =)

A KNIMEExplo.. 22 = B
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@

Asg My-KNIME-Hub (re A
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™ Example Workflc v
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.‘l‘ Manipulation
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,[}Decision Tree Predictor
I

- Open source berlisensi AGPL (GNU Affero General
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Excel Reader (XLS)
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Quick Acces

Decision Tree Learner

This node induces a classification decision tree in
main memory. The target atiribute must be
nominal. The other atiributes used for decision
making can be either nominal or numerical.
Numeric splits are always binary (two outcomes),
dividing the domain in two partitions at a given
split point. Nominal splits can be either binary
(two outcomes) or they can have as many
outcomes as nominal values. In the case of a
binary split the nominal values are divided into
two subsets. The algorithm provides two quality
measures for split calculation; the gini index and
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methnd tn redurce the tree size and increase
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Rapidminer

* Pengembangan dimulai pada 2001 oleh Ralf
Klinkenberg, Ingo Mierswa, dan Simon Fischer di
Artificial Intelligence Unit dari University of
Dortmund, ditulis dalam bahasa Java

7 “ ;
\ /
S I

* Open source berlisensi AGPL (GNU Affero General
Public License) versi 3

* Meraih penghargaan sebagai software data mining
dan data analytics terbaik di berbagai lembaga
kajian, termasuk IDC, Gartner, KDnuggets, ds

aa




Rapidminer

— RapidMiner Studio Educational

<NEwW proc

Eile Edit

\ e

Repository

Process View Connections Seftings

> T -

Process

€» Import Data =v ) Process

~ P2 data
& Deals
o Deals-Testset inp
& Gorf
o Golf-Testset
& s
& Labor-Negotiations
H market-Data
A Polynomial
i Products

Operators
decisi X

= Modeling (8) A
- Predictive (8)
- Trees (8)
, Decision Tree

. Random Forest

Mradiant Dancte

Extensions Help
eWs Design Results
®» O
Retrieve Golf Decision Tree
f out D (] tra mod D
y
exa))
v D
wei D
v’

Zoom

Tree

Node Labels

Edge Labels

Turbo Prep 4 | Al Studio

Parameters

E iewHE |-

criterion

Decision Tree

gain_ratio v
maximal depth 10
res
apply pruning

confidence 0.1

apply prepruning

Tree (Decision Tree)

Outlook

OVercast rain sunny

yes

Wind Humidity

> 77.500 77.500
yes no no yes

false true
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Role Atribut Pada Rapidminer

1. Atribut: karakteristik atau fitur dari data
yang menggambarkan sebuah proses
atau situasi

* |D, atribut biasa

2. Atribut target: atribut yang menjadi
tujuan untuk diisi oleh proses data
mining
* Label, cluster, weight



Tipe Nilai Atribut pada Rapidminer

nominal: nilai secara kategori
binominal: nominal dua nilai
polynominal: nominal lebih dari dua nilai
numeric: nilai numerik secara umum
integer: bilangan bulat
. real: bilangan nyata

: teks bebas tanpa struktur
8. date time: tanggal dan waktu
9. date: hanya tanggal
10.time: hanya waktu

S N



Perspektif dan View

1. Perspektif Selamat Datang
(Welcome perspective)

2. Perspektif Desain
(Design perspective)

3. Perspektif Hasil
(Result perspective)

Eile

Edit Process Tools Miew Help

BEESy s~ pllE
(e =T TViEWS

Perspectives

Actions

New Open Recent open Open Template

Qnline Tutorial

Processes

INews

Recent Processes

Last

fLocalRepository/Prozesse/TestTestDeclareMissingvalue
NLocalRepositoryiProzesse/TestTestReplaceMissingvalue
NLocalRepositoryiProzesse/TestTestRename
NlLocalRepository/Prozesse/TestMetaTest
HlLocalRepositoryiProzesse/TestTestProzess
NLocalRepositoryTestProzess
Ngamplesiprocessesi0l_Learer/01_DecisionTree
HSamplesiprocessesi01_Learner12_AssociationRules

Are you interested in working
for Repich17 Then please have
alook ot our at

Whie just have released the for the final release of

Since the release of Rapidiner 5 Beta several weeks ago, & 1ot of work was done in order to
onlimize the. and fix bugs which hecame obvinus 0 the bheta version Thi

(i
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Perspektif Desain

* Perspektif dimana semua proses dibuat dan dikelola
* Pindah ke Perspektif Desain dengan Kilik: E @ Ci)

File Edit Process Tools ‘iew Help

SGEESY »APpllE VID

£ overview ~ Frocess 5% Parametars
.-t - EES-C 2w P i~
Process
inp res
- lagfile
| & Repositories g
£ Operators —
@-[e ey
] Process Control (34) ranciom seed
£ Utility (34)
] Repository Access (2) send mail
£ Import (24)
1 Export (17) encoding SYSTEM -
(2] Data Transformation {110
£ mMadeling (108)
(2 Evaluation (28)
& Help = Comment
=
Process
/% Prablems o Log Synopsis
& MoEmors The root operator which is the outer mast
- operatar of every process
Message Fixes Location

Description

Each process must contain exactly one
operator ofthis class, and it must be the

root operator of the process. This

operator provides a set of pararmeters that

are of global relevance to the process like

° S—
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View

Operator E: Operators | 8 Repc
Process Control -ﬁ? w

Untuk mengontrol aliran proses,

seperti loop atau conditional branch ';-] Pr!:'_':ESS Lontral {34)
Utility ) Uility (340

Untuk mengelompokkan subprocess, ] Repository Access (2)

juga macro dan logger L Import (243

Repository Access & ] Export (17

Untuk membaca dan menulis repositori @[] Digta Transformation (1109
Import | | & L) Modeling (108)

Untuk membaca data dari berbagai # [ Evaluation (28

format eksternal

Export
Untuk menulis data ke berbagai format eksternal

Data Transformation
Untuk transformasi data dan metadata

Modelling
Untuk proses data mining seperti klasifikasi, regresi, clustering, asosiasi, dll

Evaluation
Untuk mengukur kualitas dan perfomansi dari model
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Eile Edit Process Tools Wiew Help

}3 Owerview

i Operators |8 Repositories

g~ Je»
2] Process Control (34)

[ Utility (34)

(2] Repository Access (2)

£ Import (24)

(2] Export (17)

r:l Data Transfarmation (110)

] madeling (108)

(2] Evaluation (25)

.~ View Proses

TalEe® sa pliBTT®

(o Process HmL Parameters [

- - & @ roess - EHE I s> 8-
i process
inp res
Process View encocing =
ent

/2 Problems & Log Synopsis

g Mo Errors The root operator which is the auter 1
operator of every process.
Message Fixes Location

Description

Each process must contain exactly one
operator of this class, and it must be the
root operatar ofthe process. This
operator provides a set of parameters that
are of global relevance to the process like
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Read Excel

Select Attribu...

Set Role

E%out

=]

T

exa

{ exa

ori

=

Decision Tree

i
m 3
-1
oo
T

Read Excel (2)

E%om

=)

Apply Model
{] mad & lab
{ unl W  med

e

L




Operator dan Proses

* Proses data mining pada dasarnya adalah proses analisis yang
berisi alur kerja dari komponen data mining

 Komponen dari proses ini disebut operator, yang memiliki:

1. In P ut Decision Tree Backward Elimination
2. OutpUt tra rricd :J exa [B0 exa :j
3. Aksiyang dilakukan " e i att )
4. Parameter yang diperlukan wei ) per D)

e Sebuah operator bisa disambungkan melalui port masukan
(kiri) dan port keluaran (kanan)

* Indikator status dari operator:

* Lampu status: merah (tak tersambung), (lengkap tetapi belum
dijalankan), hijau (sudah behasil dijalankan)

* Segitiga warning: bila ada pesan status
* Breakpoint: bila ada breakpoint sebelum/sesudahnya
* Comment: bila ada komentar
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View Parameter

e Operator kadang memerlukan parameter untuk bisa
berfungsi

» Setelah operator dipilih di view Proses, parameternya
ditampilkan di view ini

=2 Parameters

= Process S BB R~
) o #) Nominal to Date
logwerbosity init v
attribute name [ ] hd
L
Ingﬂle || - date type date -
i =
resLitila || ot date farrmat :] *” =)
time Zane SYSTEM *
rahciotn seect 2001
locale Enalish (Linite... =
sehct mall never v
|| keen aid attribute
ghcoding =YaTEM v
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View Help dan View Comment

* View Help menampilkan deskripsi dari operator

* View Comment menampilkan komentar yang dapat
diedit terhadap operator

T3 RapidMiner@rapi-i-01 =N =
Eile Edit Process Tools View Help g HEIF:I : I::I:lmmer_lt
s = ’ B R
JTEES >2Aa PIE TS
A2 overview ~ Process = [E# Parameters
ot B -t OE I8 njn o xn- e :
I
7 Process
i i
‘‘‘‘‘‘‘‘‘‘ w
res
u
wr I SYNOPSIS
encading -

The roat operatarwhich is the outer most

operatar of every process.
Help &

Description

Each process must contain exactly one
operatar ofthis class, and it must be the
root operator of the process. This
operatar provides a set of parameters that
are of global relevance to the process like

eeeeeeeeeeee
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Mendesain Proses

Kumpulan dan rangkaian fungsi-fungsi (operator)
yang bisa disusun secara visual (visual programming)

Read Excel Select Attribu... Set Role
L% oLt :I I:: exd 5T exd ::I I:: exd 5] 2xd :I
0 ::ﬁ ari ::I ,.-_ﬂ' ari ‘_:I
O 8

Decision Tree

{: tra mod
Q exa

O

o WS

Apply Model

lab

i, W .

miod
(.}
unl @ miad

I

Read Excel (2)

L% out 8

&)




1| Menjalankan Proses

Proses dapat dijalankan dengan:

- Menekan tombol Play
« Memilih menu Process - Run

« Menekan kunci F11

Al




Melihat Hasil

Eile Edit Process Tools View Help

IEES »2aplill 2D

2 Result Overview |3 ExampleSet (Select Atributes)

(@) Meta Data View () Data View () Piotview () Annotations [F- -
ExampleSet (100 exarmples, 0 special attributes, 3 regular attributes) H-8
Role Name Type Statistics Range Missings
regular store_id norinal rote = Stare 10 (13), least= Star Store 01 (7), Stare 02 (8), Stare 0 0
regular produtt_category norninal rote = Tays (17), least= Clothing Books (14), Movies (15), Electran 0
regular total_price real avg=240.045 +- 180.504 [14.344;793.253] 0
o Log
Bea I System Monitor
Apr 21,2010 31 7:50 PMINFO: Na filenarme given for resuftfile, using steaut for lagging resuits! (A
Apr 21,2010 34 7:50 PMINFO: Loading initial data
Apr 1, 2010 34 7:50 PMINFO: Process starts
Apr 21,2010 34 7:50 PMINFO: Saving results
Apr 21,2010 31 7:50 PMINFO: Process finished successfully after 0 s
) [
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|ftear-prnd-rate |

= normal

¥

|f astigmatism |

= pre-p= presbyw= young

= yes

=Y

= reduced

b

|fspectacle-prescrip |

= hyperm= myope

¥ 4 b N
soft none soft none hard
| | | | | | | |

none




View Problems dan View Log

File Edit Process Tools View Help

TAalEY A pllB TZO

L overview  Process SR [E3 Parameters
! @ - - Beoess » - EHES-E D™ P % B~
& Process
. _eeemns A Prohlems o Log

£ Qperators |5 Repositories logtie
e - Je» e V2 Errors
%E;u‘iyeésa?untm\(ﬁd) .
i random s .
5 Fosian suoss Message Fixes
Import (24) send mal.
%Eﬁ:dg%,‘;%,gg)mmm mm@ Gausgsian Pracess cannot handle palynominal attributes. @4 Convert attributes to numerical. ':;-'
adeing
£ Fatuston 28) l@ Gaussian Process cannot handle polynaminal label. #) Choose among 4 availahle guick fikes... 'f;-'

@He

i Process

/1 Problems & Log Synopsis
T8 NoErors The toot operatorwhich is the outer most
operator of every process.
Message Fixes Lacation

Description

. Each process must contain exactly one

Problems & LOg VIeW operator of this class, and it must be the
root operatar of the process. This

operator provides a set of parameters that

are of global relevance to the process like £

/1% Problems o Log
H & A
Dec 16, 2009 11:18:483 AW IMFO: Saving results. [ A

Dec 16, 2009 11:18:43 AW IMFO: Process finished successfully after 2 s

Dec 16, 2009 11:19:33 AW [MFO: Ma filename given for result file, using stdaut far [odding results!

Dec 16, 2009 11:19:33 AW IMFO: Process starts

Dec 16, 2009 11:19:33 Ak IMFO: Loading initial data.

Dec 16, 2009 11:19:33 AW IMFO: Create Litt Chart Input example already has a predicted label which will be
used by this operator without re-applving the model...

Dec 16, 2009 11:19:38 AM SEVERE: Process failed: Ho data was deliverd at port Remember.store, v
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1| Instalasi dan Registrasi Lisensi Rapidminer

* Instal Rapidminer versi 9

* Registrasi account di rapidminer.com dan dapatkan lisensi
Educational Program untuk mengolah data tanpa batasan record

w  Connections Cloud |Seftings | Extensions

'! . ‘ ‘:} | — =k Manage Building Blocks...

©or »g Manage Licenses. .
Downloads Educational Program Shop —
Get the latest RapidMiner For Students, Teachers, Buy RapidMiner Studio Pro ﬁ' Ml Maﬂﬂ.g’; our |ﬂ;ta”ed license
products. Research and Personal license. -

learning.

| _ | E’Ereference .
=¥
: =

1is - vi, 4M8/18 3:

A

Personal INformation (zl questions are required) - Retri Heating0i
My Profile Wing fromis - w1,
Edit your contact and First name Romi Satria inp c out
profile information. -wl, #2116 10:1
— 2T fenene
Phone Number - 0815-8622-0080
£y
Which usage describes you best? O student
O Professor / Educator ed 0
() Data Science Competitor L L
@ personal Learning : S ¥ : s
0] 0 o)

Briefly describe what you will be using RapidMiner for

for self-learning

x Close |

’ Sync licenses from your account l_|g Enter License |

| have read and accept the end-user license agreement

I hereby confirm that | am eligible and that | agree to meet the requirements.
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i <new process> - RapidMiner Studio Free (uninitialized) 9.0.003 @ RSW-SPECTRE

File Edit Process View Connections Cloud Seftings Extensions Help

LA ][] [»]-/

Repository

x|

[ Omooom || = -]

» W Training Resources (connected)
» [ Samples

» s Community Samples (connectes)
» Hoe

» Il Local Repository (romis)

b Cloud Repository (sisconnected)

Operators

L

» "] Data Access (50)
» [ Blending (77)

» 7] Cleansing (25)
» 71 Modeling (143)
» [ Scoring (12)

» [ validation (29)

Process

Process

[)inp

Views m Results Turbo Prep Auto Model J
X La
Create a RapidMiner account @) rapidminer
You'l use your RapidMiner Account Type A

Account to access:

8 the Community forum

B8 the Extensions Marketplace
@’ free cloud storage

¥ product news and updates

@ product license information

() Commercial (e.g, business,
evaluation, not-for-profit)

® Educational (e.g., educator,
student)

Your first name

| |

Your last name
[ | ¥

{  Create my Account! |

Lalready b

Create a RapidMiner account

X

(D)) rapidminer

A ———————————————————
You'll use your RapidMiner

Account to access:

£ the Community forum

B the Extensions Marketplace
@ free cloud storage

¥ product news and updates

2 product license information

@ Educational (e.g., educator,
student)

Your first name
’ Romi Satria ’

Your last name
\Wahono ‘

Your email address
r 1 ¥

« Create my Account!

| already have an account or license key




| 2.2 Penerapan Proses Data Mining




Proses Data Mining

1. Himpunan
Data

(Pahami dan
Persiapkan Data)

A

\
DATA PREPROCESSING
Data Cleaning
Data Integration
Data Reduction
Data Transformation

-6y =1 by

AV

Data Mining

(Pilih Metode
Sesuai Karakter Data)

4

MODELING

[

e

P

A

3. Pengetahuan

(Pahami Model dan
Pengetahuan yg Sesuai )

v

A 4
MODEL
Formula

Tree
Cluster
Rule
Correlation

<

4. Evaluation

(Analisis Model dan
Kinerja Metode)

v

KINERJA
Akurasi
Tingkat Error
Jumlah Cluster

MODEL
Atribute/Faktor
Korelasi
Bobot




Latihan: Rekomendasi Main Golf

1. Lakukan training pada data golf (ambil dari repositories
rapidminer) dengan menggunakan algoritma decision

tree

2. Tampilkan himpunan data (dataset) dan pengetahuan
(model tree) yang terbentuk



DAILY APPS RESEARCH APPS

. Telegram RSWPublication Mendeley Desktop

(=] 9 E= oy

Microscft Edge Google Chrome Bizagi Madeler RapidMiner Studio

Adobe Photoshop
Notepad++ NetBeans |DE 8.1 Enterprise Architect  C56 (64 Bit)

G -_ wg pd x 3

Any.Do Musik Groove Core FTP LE Word 2016

B ® £

Kalkulator Camera360 Photos Publisher 2016 Drawboal

(] l CA\RSWLec... g - n ﬁ P romi-dm-0..

n (a
omi Satria Wahono
Miner GmbH

Leoading Social Media Exter

14:04
30-Nov-2016

wm Q) R IND
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Blank
Start with a blank process.

Direct Marketing

Predict response to campaigns and
increase the conversion rate of
Your campaign.

Market Basket Analysis

Find products frequently
purchased together and turn them
into rules for recommendations.

Price Risk Clustering

Cluster price developments using
¥-Means to unveil
price-risk-relationships.

(((AS))

a0

Churn Modeling

Predict which of your customers
will churn and why with an
optimized decision tree.

Credit Risk Modeling

Model credit default risk by training
an optimized Support Vector
Machine (SWM) model.

Predictive Maintenance

Model equipment failures to
schedule maintenance
pre-emptively.

Lift Chart

Create a lift chart to visualize the
improvement that 3 model
provides compared to guessing.




<new process> — RapidMiner Studio Educational 7.3.000 @ R5W-5URFACE

File Edit Process View Connections Cloud 3Settings
[
H

Repository

€ Add Data

w g data

H peals (1

a Deals-Testset (1

H colf 1

f colf-Testset 1

a Iris (w1

a Labor-Megotiations

f market-Data (1

a Polynomial 1.

Operators

Data Access (46)
Blending {77}
Cleansing (26)
Modeling (129)

- T v v v

Scoring (9)
Get more
operators
from the
Marketplace

Extensions
— — '*;, *| Views: Design Results C) Questions? v
Process Parameters
' Process 100% 2 0 L | @ @
P

logverbosity init ¥
logfile 1

inp res
resultfile i
random seed 2001 i
send mail never v |
encoding SYSTEM ¥ |

A"

:‘, Hide advanced parameters
+" Change compatibility (7.3.000)

Problems Help

T No problems found A

i Process

Hesﬁage Fixes - RapidMiner Studio Core
Synopsis
The root operator which is the outer
most operator of every process.

< > [ P R

Pa romi-.. %, < G ) ,:_-fﬁ




<new process™> — RapidMiner Studio Educational 7.3.000 @ RSW-5URFACE

File Edit Process View Connections Cloud 3Settings Extensions
[
' I

Repository

Il
4

€ Add Data

w g data
H peals (1
a Deals-Testset (1
H colf 1
f colf-Testset 1
a Iris (w1
a Labor-Megotiations
f market-Data (1
a Polynomial (v

Operators

Data Access (46)
Blending {77}
Cleansing (26)
Modeling (129)

- T v v v

Scoring (9)
Get more
operators
from the
Marketplace

Drag to move.

‘D [y ;.“- v | fiews: Design Results @ Questions? «
Process Parameters
® Process 100% /@ /@ /@ d a & E[ {* Retrieve Golf (Retrieve)
repository entry ples/data/iGolf 1

Retrieve Golf

inp C u:qut res
res
Problems Help
Fa
T No problems found .
Pad Retrieve
Message Fixes RapidMiner Studio Core
Tags: Load, Import, Read, Datasets,
Examples, Example Set, Table, Repository,
Data Access
Synopsis
< 5 | | This operator reads an object from the "

Pa romi-.. %, < G ) ,:_-fﬁ




<new process™> — RapidMiner Studio Educational 7.3.000 @ RSW-5URFACE

File Edit Process View Connections Cloud 3Settings Extensions

k |-
H v A C 'r“' * I iews: Design Results @ Questions? «
Result History ] ExampleSet (Retrieve Golf) y
E ExampleZet (14 examples, 1 special attribute, 4 regular attributes) Filter (14 / 14 examples). | all A =
- Row No. Play Outlook Temperature Humidity Wind M
ata
1 nao sunny a5 a5 false
2 no sunny a0 a0 frue
 —]
o Z 3 yes overcast a3 78 false
Statistics
4 yes rain 70 96 false
5 yes rain 68 a0 false
[— ] .
G no rain G5 70 frue
=@
Charts 7 yes overcast G4 65 frue
a nao SUnny 72 95 false
“ ] Ves SUnny G4 70 false
Advanced 10 yes rain 75 a0 false
Charts
11 yes sunny 758 70 frue
— 12 yes overcast T2 a0 frue
== 13 yes overcast a1 75 false

Annotations 14 no rain 71 a0 true

Pa romi-.. %, < G ) ,:_-fﬁ




<new process™> — RapidMiner Studio Educational 7.3.000 @ RSW-5URFACE

File Edit Process View Connections Cloud 3Settings Extensions
L .
H - = — P iews: Design Results @ Questions? «
Result History ] ExampleSet (Retrieve Golf) y
— Name F{ Type Missing Statistics Filter (5 /5 attributes): T~ =
E .
Data
Label o Least Meost
Play Mominal 0 24 no (9} yes (9)
[ — ] .
=53 .
Statistics e
Least Maost Values
Outlook Mominal 0 overcast (4) rain (5) rain (5), sunny
—]
=)
Chars Temperature Integer 0 64 85 r3.5M
fin 8 Average
” Humidity Integer 0 G5 06 80 286
Advanced
Charts Least Most Values
Wind Mominal 0 true (B) false (8) false (8). true (I
Annotations
L
< > r
A"

Showing attributes 1-5

Pa romi-.. ’ < G ) ,:_-fﬁ




<new process™> — RapidMiner Studio Educational 7.3.000 @ RSW-5URFACE

File Edit Process View Connections Cloud 3Settings Extensions
b .y 5
H i ‘D " "-‘r - || Vigws: Design Results C;D Qluestions? «
Repository Process Parameters
€ Add Data =~ ) Process 0% 0 P P [l & i
et
logverbosi init v |
« P2 data i g <
a Deals (v Retrieve Golf Decision Tree
- res logfile 1
3 Deals-Testset 1«1 inp c out tra rmod
a 1 ¢ exa res
Golf v - v v resultfile i
. res
< >
random seed 2001 i
Operators
decision t % send mail never v |
ecision tree
- FIreulclve &)
N encoding SYSTEM ¥ |G
= Trees (8) hd
. Decision Tree :: Hide advanced parameters
« Random Forest +/ Change compatibility (7.3.000)
. Gradient Booste
. D2
Problems Help
. Decision Stump
i T No problems found A
. Decision Tree (I i Process
. Decision Tree (i Message Fixes * RapidMiner Studio Core
. RandomTree |, )
< > Synopsis
Cet more The root operator which is the outer
operators most operator of every process.
from the
Marketplace < Y W

Plirs i b

14:08

IND

ham}

Pa romi-...

]

o

30-Mow-



<new process™> — RapidMiner Studio Educational 7.3.000 @ R5W-5URFACE

File Edit Process View Conneclions

b

Result History

W

Graph

Description

Annotations

H- © ¢ p - B

1 ExampleSet (Retrieve Golf)

Zoom

P p
Mode

B &
Tree

| Mode Labels

+| Edge Labels

Cloud Settings

Extensions
iews: Design Results
. Tree (Decision Tree)
| Outlook |
= gvercast =rain = sunny
L v b
YES - .
Wind Humid
o =
=false =true > T7.50i= T7.500

£ i

P 3 romi-... £ < DI

6 Questions? «

IND

30-Mow-



<new process™> — RapidMiner Studio Educational 7.3.000 @ RSW-5URFACE

File Edit

b

Result History

W

Graph

Description

Annotations

Process  View Conneclions

Cloud Settings Extensions

H L ‘T__ju .g; b L4 Design Results

[ | Views:

@ Questions? «

1 ExampleSet (Retrieve Golf) . Tree (Decision Tree)

y
Tree
e
Cutlook = overcast: ves {no=0, yes=4}
Cutlook = rain
| Wind = false: yes {no=0, ves=3}
| Wind = true: no {no=2, yves=0}
Cutlook = sunny
| Humidity > 77.500: no {no=3, wvesz=0}
| Humidity = 77.500: yes {no=0, wves=2}
L
r
W

P 3 romi-... £ < DI



Latihan: Penentuan Jenis Bunga Iris

1.

Lakukan training pada data Bunga Iris (ambil dari
repositories rapidminer) dengan menggunakan algoritma

decision tree

Tampilkan himpunan data (dataset) dan pengetahuan

(model tree) yang terbentuk

Retrieve

L

8]

aut [

Decision Tree

L
e

= 1.750

Iris-wirginica

Iriz-wirginica

|a:3|

= 2450
¥
| a4 |

= 1.750
<4

T

|a3 |

= 5350 = 5.350

= 4050

|a4 |

i
£

= 1580 = 1.550
i

Iriz-wversicolor | | Iris-virginica

= 2.450

= 4.950

-k

~ lIris-setosa

Iris-versicolor

| —

—_—




Latihan: Klastering Jenis Bunga Iris

Lakukan training pada data Bunga Iris (ambil dari
repositories rapidminer) dengan algoritma k-Means

. Tampilkan himpunan data (dataset) dan pengetahuan
(model tree) yang terbentuk

. Tampilkan grafik dari cluster yang terbentuk




Latihan: Penentuan Mine/Rock

1. Lakukan training pada data Sonar (ambil dari
repositories rapidminer) dengan menggunakan
algoritma decision tree (C4.5)

2. Tampilkan himpunan data (dataset) dan pengetahuan

(model tree) yang terbentuk
aritnge 11
w1171 £017
i
atibie_45 afribuia |
il ) 5036 =47 =004
— h | : h
Mina Mina
Retrieve Decision Tree — ke 3 st 10
@ aut [ { tra Y e 1
5 A ead » 01550 £ 0155 - 002 2002
o h | 4 :
Rrak atvibse B atvibue_ 52 L.
|
» (L7 £ 0.7 w (U= 0055
¥ e
Rack aiibude 51 Mina Rack

= 0012 = 0012



Data Profile dan Kinerja Marketing

1001

1002

P

Mana Atribut yang Layak jadi Class dan Tidak?

Progra
m Studi

Ul

UNDIP

Komuni
kasi

Inform
atika

Hasil
Penjualan

Produk A

2.9 26

Hasil
Penjualan
Produk B

Hasil

Penjual

an
100jt

50jt

Hasil
Penjualan
Layanan C

Status
Keluarg

d

Single O

menika 1

h

Hasil
Penjualan
Layanan D

Kota
Tinggal

Jakarta

Bekasi

Total Hasil
Penjualan

1001
1002

10
10

20
10

50

30
25

100jt
50jt



Data Profile dan Kinerja Marketing

Mana Atribut yang Layak jadi Class dan Tidak?

Tahun Total Hasil Total Total
Penjualan Pengeluaran | Keuntungan
Marketing

1990 100jt 98jt
1991 120jt 100 zth



Data Profil dan Kinerja Dosen

Progra Jumlah | Status Kota
m Studi Peneliti | Keluarg Tinggal
a
1001 L Ul Komuni 98% 21 3 Single  Baik Jakarta
kasi
1002 P UNDIP Inform 50% 26 4 menika Buruk Bekasi
atika h

Program Jumlah Jumlah Total
Studi Publikasi Publikasi Publikasi

Jurnal Konferensi | Penelitian

1001 L Ul Komunikasi 5 3 8
1002 P UNDIP Informatika 2 1 3



| 2.3 Evaluasi Model Data Mining




Proses Data Mining

[

[-t-J =1 Jmr

Rye N 'm )
| re=(24) { e[} - - e B
. g \

|

|

I

|

| _ _

| T w
i 1. Himpunan 2. Metode 3. Pengetahuan 4. Evaluation
: Data Data Mining

|

I (Pahami dan (Pilih Metode (Pahami Model dan (Analisis Model dan
I Persiapkan Data) Sesuai Karakter Data) Pengetahuan yg Sesuai ) Kinerja Metode)
(AN / A v X 4 A

|

| : : :

I ¥ A 4 v

: DATA PREPROCESSING MODELING MODEL KINERJA

I Data Cleaning Formula Akurasi

| Data Integration Tree Tingkat Error

I Data Reduction Cluster Jumlah Cluster

I : Rule

| Data Transformation Correlation MODEL

: Atribute/Faktor

l Korelasi

I Bobot

|



Evaluasi Kinerja Model Data Mining

1. Estimation:
Error: Root Mean Square Error (RMSE), MSE, MAPE, etc

2. Prediction/Forecasting (Prediksi/Peramalan):
*  Error: Root Mean Square Error (RMSE) , MSE, MAPE, etc

3. Classification:
*  Confusion Matrix: Accuracy
*  ROC Curve: Area Under Curve (AUC)

4. Clustering:
* Internal Evaluation: Davies—Bouldin index, Dunn index,

e  External Evaluation: Rand measure, F-measure, Jaccard index,
Fowlkes—Mallows index, Confusion matrix

5. Association:
e Lift Charts: Lift Ratio
Precision and Recall (F-measure)
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Evaluasi Model Data Mining

* Pembagian dataset, perbandingan 90:10 atau
30:20:
* Data Training
* Data Testing

* Data training untuk pembentukan model, dan
data testing digunakan untuk pengujian model

* Pemisahan data training dan testing
1. Data dipisahkan secara manual
2. Data dipisahkan otomatis dengan operator Split Data
3. Data dipisahkan otomatis dengan X Validation



Confusion Matrix =2 Accuracy

accuracy: 90.00%

true MACET frue LANCAR class precision

pred. MACET 53.,\ 4 [ ] 92.98%

pred. LANCAR 6 \\\ 37 86.05%
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class recall 30.83% N 90.24%
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* pred MACET- true MACET: Jimlah izla’;é yang diprediksi
macet dan kenyataannya macet (TP)

e pred LANCAR-true LANCAR: Jumlah dlata yang diprediksi
ancar dan kenyataannya'lancar (TN}

+ pred MACET-true LANCAR:Jumlahvdata yang diprediksi
macet tapi kenyataannya laneer (FP)

* pred LANCAR-true MACET: Junmiah data yang diprediksi
ancar tapi kenyataanya macet (FN)

TP + TN 53 + 37 90
Accuracy = — = 90%

TP+TN+FP+FN 53+37+4+6 100




Precision and Recall, and F-measures

* Precision: exactness — what % of tuples TP

that the classifier labeled as positive are precision = =50
actually positive

i
* Recall: completeness —what % of positive recall = =5 T EN
tuples did the classifier label as positive?
* Perfect scoreis 1.0
* Inverse relationship between precision & recall

2 X precision X recall

* F measure (F1 or F-score): harmonic F =

mean of precision and recall, precision + recall
* FR: weighted measure of preci i} o %S S mrosiaiont W 1
and recall Fg = \L ¥ 57) X pracision X recs

2 . .
* assigns R times as much weight 3% x precision + recall

to recall as to precision



| 2.4 Proses Data Mining berbasis
Metodologi CRISP-DM




Data Mining Standard Process

* Dunia industri yang beragam bidangnya
memerlukan proses yang standard yang mampu
mendukung penggunaan data mining untuk
menyelesaikan masalah bisnis

* Proses tersebut harus dapat digunakan di lintas
industry (cross-industry) dan netral secara bisnis,
tool dan aplikasi yang digunakan, serta mampu
menangani strategi pemecahan masalah bisnis
dengan menggunakan data mining

e Pada tahun 1996, lahirlah salah satu standard
proses di dunia data mining yang kemudian
disebut dengan: the Cross-Industry Standard
SBOOCOe)SS for Data Mining (CRISP-DM) (Chapman,



CRISP-DM

1. Business
Understanding

6. Deployment 2. Data

Understanding

3. Data
Preparation

5. Evaluation

4. Modeling



1. Business Understanding

* Enunciate the project objectives and requirements clearly in
terms of the business or research unit as a whole

* Translate these goals and restrictions into the formulation of
a data mining problem definition

* Prepare a preliminary strategy for achieving these objectives
* Desighing what you are going to build



2. Data Understanding

e Collect the data

* Use exploratory data analysis to familiarize yourself with the
data and discover initial insights

* Evaluate the quality of the data

* If desired, select interesting subsets that may contain
actionable patterns



3. Data Preparation

* Prepare from the initial raw data the final data set that is to
be used for all subsequent phases

* Select the cases and variables you want to analyze and that
are appropriate for your analysis

* Perform data cleaning, integration, reduction and
transformation, so it is ready for the modeling tools



4. Modeling

* Select and apply appropriate modeling techniques
* Calibrate model settings to optimize results

* Remember that often, several different techniques may be
used for the same data mining problem

* If necessary, loop back to the data preparation phase to
bring the form of the data into line with the specific
requirements of a particular data mining technique



5. Evaluation

* Evaluate the one or more models delivered in the modeling
phase for quality and effectiveness before deploying them for
use in the field

* Determine whether the model in fact achieves the objectives set
for it in the first phase

 Establish whether some important facet of the business or
research problem has not been accounted for sufficiently

* Come to a decision regarding use of the data mining results



6. Deployment

* Make use of the models created:
* model creation does not signify the completion of a project

* Example of a simple deployment:
* Generate a report

* Example of a more complex deployment:
* Implement a parallel data mining process in another department

* For businesses, the customer often carries out the
deployment based on your model
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i CRISP-DM: Detail Flow
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  Accuracy =     𝐓 𝐏 + 𝐓 𝐍  𝐓 𝐏 + 𝐓 𝐍 + 𝐅 𝐏 + 𝐅 𝐍 =   53 + 37  53 + 37 + 4 + 6 =   90  100 = 90 %

