A

///y\\?//@

knowledge Discovery and
Data Mining from Big Data

Dr. Cahit Karakus



Data Mining



Veri Madenciligi

Otomatize edilmis veri toplama araclari ve yerlesik veri tabanlarinda, veri
ambarlarinda ve diger bilgi depolama alanlarinda depolanmis durumda olan
cok buyuk miktarda veri bulunmaktadir.

Ozellikle dijital medyada kaydedilen ve saklanan verinin boyutu olagan usti
bir sekilde artt1 ve git gide de artiyor. Yilda exabite(10718)’in Uzerinde veri
Uretilmektedir. Sabit bir depolama kapasitesi her 9 ayda bir ikiye katlaniyor.
Verinin icinde boguluyoruz ama bilgi (knowledge) icin can atiyoruz.

GUnumuzun en buyuk sorunu, insanlara alakasizlari gormezden gelmeyi, bir
seyleri bogulmadan once reddetmeyi bilmeyi 6gretmek. Clinku cok fazla
gercek, hic olmadigi kadar kotiduir. Cozim ise veri ambari (data warehousing)
ve veri madenciligi (data mining).



Bazi Buyuk Ver (Big Data) Ornekleri

Avrupa’da Very Long Baseline Interferomerty (VLBI) olarak adlandirilan ve radyo astronomide kullanilan bir gok
bilimsel interferometre var. VLBI astronomik bir radyo(sinyal) kaynagindan gelen sinyalleri, mesela quasar (galaksi
disindaki yildizimsi gok cisimleri), diinyadaki birden ¢cok radyo teleskop araciligiyla topluyor ve kaydediyor. VLBI'de
kullanilan toplam 16 teleskop var ve bu teleskoplarin her biri 1 Gigabit/saniye gibi son derece yiiksek hizda ve
boyutlarda veri Uretiyor. Bu verinin depolanmasi ve analiz edilmesi ne kadar buyulk bir problem degil mi?

AT&T her gun milyarlarca arama istegi isliyor. Bu o kadar cok veriye sebep oluyor ki bitln veriler depolanamiyor ve
depolanamadigl icin de analizler “akan veri”(streaming data) tizerinden yapilmak zorunda.

Alexa internet arsivinde 7 yillik veri bulunuyor ve bu verinin boyutu 500 Terabyte civarlarinda.
Google herglin 4 milyarin lizerinde arama istegini aliyor ve bu da bir stirti 100 Terabyte demek oluyor.
Internat Archive (www.archive.org) neredeyse 300 terabytle’lik veriye sahip.

Dinyadaki veritabanlarinda depolanan veri miktari her 20 ayda bir iki katina cikiyor. Diger bliyime oranlari ise
bundan daha fazla. Bu verilerden cok kiicuk bir miktari insanlar tarafindan inceleniyor. Bu ytuzden boylesine devasa
verilerden anlamlar ¢cikarmak icin Bilgi Kesfine (Knowledge Discovery) ihtiya¢ duyuluyor.

Verinin boyutu her 10 katina ¢iktiginda onu analiz etme bicimimizi tamamen yeniden sekillendirmek zorundayiz.
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Veri Madenciligi

* Veri madenciligi veri tabani sorgularindan (database query) farklidir. Geleneksel analizde, “X
Urtnunun satislari Kasim ayinda artti mi?”, “X Grtnunun satislan Y tGrintnde bir promosyondan

dolayi disti mu?” gibi analizler yaparken veri madenciliginde ise “X tGrtnlnln satisini belirleyen
faktorler nelerdir?” gibi daha karmasik ve sonuc¢ odakli analizler yapilarsiniz.

* |s diinyasinin anahtari, kimsenin bilmedigi bir seyi bilmektir.
* Anlamak, kaliplari algilamaktir.

Diyelim ki X kisisi Amazon.com’dan bir kitap aldi.
e Gorev: Bu kisiye almaya yatkin olabilecegi baska kitaplar da 6ner.

* Amazon kitap satin alimlari Gzerinden bir kimeleme (clustering) islemi yapiyor: “Advance in
Knowledge Discovery and Data Mining” kitabini alan musteriler ayrica “Data Mining: Practical

Machine Learning Tools and Techniques” kitabini da almaktadir. Oneri sistemleri son derece
basarilidir.



Veri Madenciligi Nedir?

Veri tabaninda bilgi kesfi (Knowledge Discovery in Databases-KDD) veri yigininda
usti kapali (sakh)

gecerli (bulunan oruntuler yeni veriler Uzerinde de gecerli olacak sekilde)

ozgun (beklenen degerlere kiyasla)

potansiyel olarak kullanish (basarili aksiyonlara neden olabilecek)

anlasilabilir (insanlar acisindan)

orlntulerin (pattern) bulunmasi ve tanimlanmasi olarak tanimlanabilecek, basit
olmayan bir sirectir.



Veri madenciligi, KDD’nin yalnizca bir adimidir.

Veri madenciligi icin bazi alternatif
terimler kullanilabilir:

Veritabanlarinda (KDD) bilgi kesfi
(madencilik),

Bilgi citkarma
Veri/kalip analizi
Veri arkeolojisi
Veri tarama

Bilgi toplama

s zekasi vb.

Veri madenciligi icin bazi
alternatif terimler kullanilabilir:

Knowledge discovery (mining)
in databases (KDD),

Knowledge extraction
Data/patterns analysis
Data archeology

Data dredging
nformation harvesting
Business intellingece, etc.




Knowledge Discovery in Databases (KDD) sureci:

Veri Madenciligi ve Bilgi Kesfi (Knowledge Discovery — KD) siireci bazi adimlardan olusur. Bu adimlar su sekilde
Ozetlenebilir:

Veri Temizligi (data cleaning): eksik degerlerin, glrultiliu(noisy) verinin ve tutarsiz(celiskili) verinin temizlenmesi
surecidir.

Veri Entegrasyonu (Data integration): Birden fazla veri kaynagindan alinan verilerin birlestirilmesi siirecidir.
Veri Secimi (data selection): Yapilacak olan analize uygun(alakali) verilerin secilmesi sirecidir.

Veri DOonlstmui (data transformation): Veriyi toplama (6rnegin glinliik satislari haftalik ya da aylik satislara
donustirme), veya genellestirme (sokagi sehire; yasi geng, orta, ve yasliya donlstirme) gibi islemler strecidir.
Veri Madenciligi (data mining): Elde edilen veriye akilli algoritmalar uygulayarak értintileri (patterns) kesfetme
surecidir.

Oriinti Degerlendirme (pattern evaluation): Elde edilen ériintiilerin degerlendirilmesi ve hipotezlerin gecerliliginin
test edilmesi surecidir.

Bilgi Sunumu (knowledge presentation): Bulunan bilgileri (knowledge) gorsellestirme (visualisation) ve sunum
(representation) tekniklerini kullanarak kullanicilara sunma siirecidir.



What is Data Mining?

e Buyuk verilerden ortuk, 6nceden bilinmeyen ve faydali bilgilerin
dnemsiz olmayan kesfi.
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Istatistik, Makine Ogrenmesi ve Veri Madenciligi

Istatistik daha cok teori odaklidir ve hipotezlerin test edilmesine (hypotheses testing) odaklanir.

Makine Ogrenmesi, daha deneyimseldir (heuristic) ve 6grenme performansini iyilestirmeye odaklanir.
Ayni zamanda robotik (robotics) ve gercek zamanl 6grenme (real-time learning) gibi alanlari da kapsar
ama bu alanlar veri madenciligi disindaki alanlaridir.

Veri madenciligi ve bilgi kesfi, teoriyi(istatistik) ve deneyimi(otomatik 6grenme) birlestirir ve bilgi kesfinin
blitiin strecleri olan veri temizligi, 6grenme, entegrasyon ve gorsellestirme alanlarini igerir.

statistik, Makine Ogrenmesi ve Veri Madenciligi kavramlari arasindaki sinirlar son derece belirsizdir.

Veri madenciligi bazen “ikincil veri analizi” olarak adlandirilir. Veri madenciliginde kullanilan
algoritmalarin cogu istatistikciler ve veri madencileri tarafindan ortaklasa kullanilir. Veri madenciligi
oriintu tespitini (pattern detection) hedeflerken istatistik bulunan ériintilerin gercekligini belirlemeyi
hedefler. Ornegin, ayni hastaliktan muzdarip olan insanlar kimesinin bulunmasi, fakat bu hastaligin
tamamen rastgele olup olmadiginin tespiti.



Cultures

e Databases:

— buyulk olcekli (ana bellek disi) verilere odaklanmak.

* Al (machine-learning):

— karmasik yontemlere, kiictik verilere odaklanma}

Al/
Machine

* Statistics: Learning

— Modellere odaklanmak (concentrate on models).
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Modeller ve Analitik Isleme

* Bir veritabani calisani icin veri madenciligi, buyuk
miktarda veriyi inceleyen sorgulamalardaki analitik
islemenin uc bir bicimidir.

— Sonug, sorgulamanin yanitidir.

* Bir istatistikci icin veri madenciligi, modellerin
ctkarimidir.
— Sonuc, modelin parametreleridir.



(Way too Simple)

Bir milyar sayi verildiginde, bir Veri Tabani Uzmani olan (DB) kisi ortalama ve standart
sapmalarini hesaplayacaktir.

Bir istatistikci, en iyi Gauss dagilimina milyar adet veriyi sigdirabilir ve bu dagilimin
ortalamasini ve standart sapmasini hesaplayip rapor edebilir.



Veri Madenciligi Gorevler;

Birliktelik kurali kesfi

Siniflandirma

Kimeleme

Oneri sistemleri:

Isbirligine dayali filtreleme

Baglanti analizi ve grafik madenciligi
Web reklamlarini yonetme



Oneri Sistemleri
e Netflix

— Movie recommendation

 Amazon

— Book recommendation



Baglanti Analizi ve Grafik madenciligi

* Sayfa Siralamasi
* Baglanti tahmini
* Topluluk algilama



Cevaplarin Anlamliligi

* Buyuk bir veri madenciligi riski, anlamsiz kaliplari
“kesfedeceksiniz”.

o |statistikciler buna Bonferroni ilkesi diyorlar:
(kabaca) ilgin¢ desenler icin veri miktarinizin
destekleyeceginden daha fazla yere bakarsaniz,
sacmalik bulmaniz kacinilmazdir.



1. Toplam Bilgi Farkindaligina (TIA:Total Information
Awareness ) buyuk bir itiraz o kadar cok belirsiz
baglanti ariyordu ki, sahte olan ve dolayisiyla
masumlarin mahremiyetini ihlal eden seyler
bulacagindan emindi.

2. Ren Paradoksu: Bilimsel arastirmanin nasil
vapilmayacaginin harika bir ornegi.



Uzaktan Insan Tanimlama (HumanID) projesi

Uzaktan Insan Tanimlama (HumanlD) projesi , "kuvvet korumasi", suc énleme ve "yurt giivenligi/savunma"
amaclariicin buyik mesafelerdeki insanlari tespit etmek, tanimak ve tanimlamak icin otomatik biyometrik
tanimlama teknolojileri gelistirildi . HumanID'nin hedefleri sunlardi:

150 metreye (500 ft) kadar olan nesneleri bulmak ve elde etmek icin algoritmalar gelistirilmesi.
Yiz ve yurlyls tanimayi 7/24 insan tanimlama sisteminde birlestirilmesi.

GOorunur goriuntileri kullanarak 150 metreye (500 ft) kadar uzanan bir insan tanimlama sistemi gelistirilmesi
ve gosterilmesi.

Genis gorus alani algilama ve dar gorus alani yuruyus siniflandirmasi icin distik gucla bir milimetre dalga
radar sistemi gelistirilmesi.

Uzaktan insan tanimlamasi icin videodan yuriuyus performansini karakterize edilmesi.
Cok spektral bir kizil6tesi ve gorinir yiz tanima sistemi gelistirilmesi.



Biyolojik Gozetim

Bio-Surveillance projesi, hayvan nobetcileri, davranissal gdstergeler ve teshis dncesi tibbi veriler gibi geleneksel
olmayan veri kaynaklarini izleyerek biyoterorizmi tahmin etmek ve yanit vermek icin tasarlanmistir . Mevcut
hastalik modellerinden yararlanarak, anormal saglk erken gostergelerini belirleyecek ve anormal saglik kosullari
icin en degerli erken gostergeleri belirlemek icin mevcut veri tabanlarini arastiracaktir.

Gozetim kapsami: Sanal, merkezilestirilmis, buyuk bir veri tabani" olarak gézetim kapsami, mulk kayitlarini, kredi
karti satin alimlarini, dergi aboneliklerini, web tarama gecmislerini, telefon kayitlarini, akademik notlari, banka
mevduatlarini, kumar gecmislerini, pasaport uygulamalarini, havayolu ve demiryolu biletlerini, ehliyetler, silah
ruhsatlari, otoyol gecis kayitlari, adli sicil kayitlari ve bosanma kayitlari.

Saglik ve biyolojik bilgiler TIA, ilac recetelerini, tibbi kayitlari, parmak izleri, ylrutyus, yuz ve iris verileri, ve DNA'yi
icermektedir.



The “TIA” Story

e Bazi kotu niyetli gruplarin ara sira otellerde kotuluk
vapmayi planlamak icin toplandiklarina inandigimizi
varsayalim.

* Ayni gun ayni otelde en az iki kez kalmis (ilgisiz) kisileri
bulmak istiyoruz.



The “TIA” Story

10° kisi izleniyor (1.000.000.000: Bir milyar kisi).

1000 glunde.

Bir kisi zamanin %1'inde bir otelde kalir. Bir kisi 1000 gtinde 10 gun otelde kaliyor.
Bir kisi 1/100 giin otelde kalyor.

Bir milyar kisi 1.000.000.000*1/100=10.000.000 giin otelde kaliyor.

Oteller 100 kisilik ise 10.000.000/100= 10~ hotels (100.000 hotels).

Herkes rastgele davranirsa (yani, kotu niyetli kimseler yok) veri madenciligi sipheli bir sey tespit edecek
mi?



The “TIA” Story

p ve g'nun belirli bir ginde ayni otelde olma olasiligi:
— (1/100) x (1/100) x (1/ 10° )= 10"

p ve g'nun iki gun kadar ayni otelde olma olasiligi:
— 5x10° x (102 x 10°) = 5x10°13.

— (Pairs of days is 5x10° )

Pairs of people:

— 5x10%7.

Expected number of “suspicious” pairs of people:
— 5x101/ x 5x1013 = 250,000.



Conclusion

* Diyelim ki ayni otelde kesinlikle iki kez kalan 10 cift
kotuluk var..

* Analistler, 10 gercek vakayi bulmak icin 250.010 adayi
elemek zorunda. Olmayacak. Ama duzeni nasil
lyilestirebiliriz?



Moral

* Bir otel ararken (6rnegin, “ayni otelde iki kez kalan iki
kisi”), otellerin o kadar cok olasiliga izin vermediginden
emin olun ki, rastgele veriler kesinlikle “ilgi cekici”
gercekler uretecektir



Rhine Paradox

Rhine Paradoksu bir bilimsel arastirmanin nasil yapilmamasi gerektiginin harika bir érnegi.

David Rhine bir parapsikologdu. 1950 yilinda bir hipotez gelistirdi ve hipotezi de suydu: Bazi insanlar
6. Hisse (Extra-Sensory Percetion-ESP) sahiptir. Bunu test etmek icin bir deney tasarladi ve deneklere
10 adet kartin arka yuzlerinde kirmizi mi yoksa mavi renk mi oldugunu tahmin etmelerini isted..
Deneyinin sonucunda gordu ki neredeyse her 1000 kisiden 1’i 6. hisse sahipti, cunkd 10 kartin
10’unun da rengini dogru bilmisti!

Daha sonra bu testi gecen insanlara 6. Hislerinin oldugunu sdyledi ve onlari tekrar test etmek icin
farkh bir deneye davet etti. Fakat bu sefer fark etti ki bu deneyde deneklerin neredeyse hepsi 6.
Hislerini kaybetmisti. Ve testi nasil mi sonuclandirdi?

“Insanlara 6. Hisleri oldugunu sdylememelisiniz; ciinkii bu 6. Hislerini kaybetmelerine neden oluyor.”

Peki gercekte ne oldu? Kirmizi veya mavi renklerden olusan 10 kartin tam olaram 1024(2/10)
kombinasyonu vardir. Bu ylzden her 1000 kisiden 1’inin 10 kartin rengini dogru tahmin etme olasilig
1000/1024 = 0.98 yani %98'dir! Sanirim daha fazla aciklamaya gerek yok



Rhine Paradox

Joseph Rhine, 1950'lerde bazi insanlarin Ekstra Duyusal Algiya (ESP) sahip oldugunu
varsayan bir parapsikologdu.Deneklerden kirmizi veya mavi olmak tzere 10 gizli kart
tahmin etmelerinin istendigi bir deney tasarladi (gibi bir sey).Neredeyse 1000'de 1'inin
ESP'ye sahip oldugunu kesfetti - 10'unu da dogru yapabildiler!

Bu insanlara ESP'leri oldugunu soyledi ve onlari ayni tipte baska bir test icin cagirdi.Ne
vazik ki, neredeyse hepsinin ESP'lerini kaybettigini kesfetti.Ne sonuca vardi?

Insanlara ESP sahibi olduklarini sdylememeniz gerektigi sonucuna vardi;
kaybetmelerine neden olur.

Bonferroni ilkesini anlamak, bir parapsikologdan biraz daha az aptal gériinmenize
yvardimci olacaktir.



Uygulamalar

Bankacilik: kredi/kredi karti onayi: Eski misterilere dayali olarak iyi musterileri tahmin edilmesi.
Musteri iliskileri yonetimi: Bir rakip icin ayrilma olasiligi yuksek olanlari belirlenmesi.

Hedefli pazarlama: Promosyonlara olasi yanit verenlerin belirlenmesi.

Dolandiricilik tespiti: Cevrimici bir olay akisindan dolandiricilik olaylarini tanimlanmasi.

Uretim: Siirec parametresi degistiginde diigmelerin otomatik olarak ayarlanmasi.

Tip: Hastalik sonucu, tedavilerin etkinligi. Hastanin hastalik gecmisinin analiz edilmesi: Hastalik
arasindaki iliskiyi bulunmasi.

Bilimsel veri analizi: Gen analizi

Web sitesi/magaza tasarimi ve tanitimi: Ziyaretcinin sayfalara yakinliginin bulunmasi ve diizenin
degistirilmesi.



Veri Madenciligi Uygulamalari

Pazar analizi ve yonetimi

. Hedef kitle secimi, musteri iliskileri yonetimi, pazar basket analizi, capraz satis, pazar segmentasyonu, vb.

. Ayni karakteristiklere sahip olan (6rnegin ilgi alani, gelir seviyesi, harcama aliskanliklari, vs.) muisterileri bulma ve kiimeleme
. Zaman boyunca musterilerin satin alma orintilerini (purchasing pattern) belirleme

Risk analizi ve yonetimi
. Tahminleme (forecasting), musteri tutumu (customer retention), kalite kontroli, rekabet analizi, kredi puanlama

Sahtekarlik tespiti ve yonetimi

Gegmiste gerceklestirilen sahtekarlik islemlerini kullanarak model gelistirme ve belirli davranislarda bulunan musterileri 6nceden
tahminleme.

. Araba sigortasi: sigorta parasi almak icin “sahte olarak” kaza yapan insanlarin tespiti
. Kara para aklama: stipheli para transferlerini tespit etme
. Telefon aramasi modeli: aramanin hedefi, stiresi, glinl, saati, vs. Beklenen normlardan sapan oruntulerin analizi.

. British Telecom’un basina bununla ilgili bir olay gelmis. Olayda, belirli kisilerden olusan bir takim grup surekli mobil telefonlarindan
grup icindeki kisileri arayarak birka¢ milyon dolarlik bir kacakgilik gerceklestirmisler. Mesela, hapisanedeki mahkumlardan biri
disaridaki bir arkadasina terk edilmis bir ev icin telefon hatti kurdurtuyor. Aramalar mahkumun 3 eyalet 6tedeki kiz arkadasina
yonlendiriliyor. Bu sayede telefon sirketi bunu 90 giin sonra fark edinceye kadar bedava telefon gériismesi yapiyorlar.
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Veri Madenciliginin Gorevler;

Birliktelik (association):
e Karsilikh iliski (correlation) ve nedensellik (causality)
 Cok boyutlu veya tek boyutlu birlikteliklerin tespit edilmesi.

Siniflandirma (classification) ve Tahminleme (prediction):

* Siniflari veya konseptleri tanlmlayan ve ayristiran modellerin(fonksiyonlari)
bulunmasi. Ornegm iklime gore Ulkeleri siniflandirma, kilometre basina yakit
tuketimine gore arabalari siniflandirma, vb.

Sunum: Karar agaci (decision tree), siniflandirma kurali, yapay sinir aglari (neural
network)

Tahminleme: Bazi bilinmeyen veya eksik olan sayisal verilerin tahminlenmesi.



Veri Madenciliginin Gorevleri

Asagidaki tablo bir “6gretici kiime” (training set) 6rnegini temsil ediyor. Bu veri Gzerinde karar agaci
siniflandirma algoritmasini uyguladigimizi distinelim.

Elde edecegimiz sonuc asagidaki gibi bir sonuc olacak. Yani asagidaki sonuclar diyor ki yas faktoru bilgisayar
alinmasindaki en 6nemli faktor. Yasi 31..40 arasinda olanlarin hepsi bilgisayar aliyor. Yasi 30°dan kuiclik olan
insanlar icin ikinci bir ayrim yapiliyor ve 6grenci olup olmadigi sorgulaniyor. Eger 6grenciyse bilgisayar
aliyor; 6grenci degilse bilgisayar almiyor. Yasi 40’tan buylk olan insanlar ise kredi derecelendirmelerine

gore ayrima ugratiliyor. Kredi derecesi mikemmel olanlar bilgisayar almazken normal diizeyde olanlar
bilgisayar aliyor.




Kime Analizi (Cluster analysis)

Siniflandirma’nin aksine kiime analizinde

kiimelerin etiketleri (
analizi genellikle sinif
tanimlanmasi icin kul

abel) bilinmiyor. Kiime
arin belirlenmesi ve

anthyor.

Kimeleme (clustering) islemi su prensip ile

calisiyor: bir sinif (class) icindeki benzerlikleri

maksimize et ve siniflar arasindaki benzerligi

minimize et.

..........



Aykirt Gozlem

Aykiri Gozlem (Outlier) Tespiti: Verinin genel davranisina uymayan orneklere
aykiri gozlem (outlier) adi veriliyor. Bunlar glirtlti (noise) veya istisna
(exception) olarak dustnulebilir; fakat sahtekarlik gibi nadir olaylarin
(aykiriliklarin) analizinde oldukca kullanishdirlar.

Trend, Sapma ve degisim (evrim, evolution) Analizi: regresyon analizi
(regression analysis)

Siralar1 oriinti madenciligi (sequential pattern mining), donemsellik analizi
Benzerlik tabanli analiz

Gorsellestirmenin Gucld: Tum islemler sonucu elde ettigimiz sonuclari
gorsellestirmemiz gerekmektedir.



Ongorult Modelleme: Siniflandirma



Examples of Classification Task

Tamor hucrelerinin iyi huylu veya kotu huylu olarak tahmin edilmesi

Proteinin ikincil yapilarini alfa sarmali, beta yapragi veya rastgele bobin olarak
siniflandirma

Proteinlerin tahmin etme islevleri
Kredi karti islemlerinin yasal veya hileli olarak siniflandiriimasi

Haberleri finans, hava durumu, eglence, spor vb. olarak kategorize etme
Siber uzaydaki davetsiz misafirleri belirleme



Commonly Used Classification Models

 Temel Siniflandiricilar
— Decision Tree based Methods
— Rule-based Methods
— Nearest-neighbor
— Neural Networks
— Naive Bayes and Bayesian Belief Networks
— Support Vector Machines

* Topluluk Siniflandiricilari
— Boosting, Bagging, Random Forests



Bir Siniflandirma Modeli Olusturmak Icin Genel Yaklasim

# years at i
i Level of Credit
Ulel - [=EmpleyEe Education present Worthy
address
1 Yes Undergrad 7 ?
Tid Employed Level of  oreaont. ol [l : e Graduate > :
ploy Education P Worthy 3 Yes High School 2 ?
address
1 Yes Graduate 5 Yes
2 Yes High School 2 No
3 No Undergrad 1 No
4 Yes High School 10 Yes
‘ Test \
Set

4

-earn =  Model

Classifler




Classification Model: Decision Tree

Model for predicting credit

ey worthiness
Class
Tid Embloved Level of #yreezresntat Credit No Yes
P Education N Worthy
address
Yes High School 2 No

{ High school,

No Undergrad 1 No Graduate Sdergrad }

Yes High School 10 Yes

A WNEPR

Yes Number of
ears

> 7 yrs < [ yrs

ves



Tid Employed
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Yes
Yes
No
Yes
Yes
No
Yes
Yes
Yes
No

Constructing a Decision Tree

Level of
Education

Graduate
High School
Undergrad
High School

Graduate
High School
Undergrad

Graduate
High School

Graduate

# years at
present
address

5

2

1
10

R A O WNN

Credit
Worthy

Yes

Key Computation

Employed

Yes No
Worthy: 4 Worthy: O
Not Worthy: 3 Not Worthy: 3
Graduate
Worthy: 2

Not Worthy: 2

Worthy  Not Worthy

High School/
Undergrad

Employed = Yes 4
Employed = No 0

3

3

Worthy: 2
Not Worthy: 4




Constructing a Decision Tree

# years at

Tid Employed LEEl o resent el
ploy Education P Worthy
: Level of #years at o iy address
Tid Employed | { cation apégfggé Worthy 1 Yes Graduate 5 Yes
1 Yes Graduate 5 Yes 2 Yes High School 2 No
> ves Hiah Sch I > NG pat Yes High School 10 Yes
5 . Ugriderc chc; A o Employed =| s Yes Graduate 2 No
. J Yes 7 Yes Undergrad 3 No
pat Yes High School 10 Yes g v = e . a v
es raduate es
5 Yes Graduate 2 No
o Yes High School 4 Yes
6 No High School 2 No 'g
7 Yes Undergrad 3 No
8 Yes Graduate 8 Yes _ Level of # years at
o Yes High School 4 Yes Ulel = playee Education g&g?gg;
10 No Graduate 1 No Employed = | 3 No Undergrad 1 No
No 6 No High School 2 No

10 No Graduate 1 No




Karar Agaci Tumevariminin Tasarim Konulari

 How should training records be split?

— Method for specifying test condition
 depending on attribute types

— Measure for evaluating the goodness of a test condition

* How should the splitting procedure stop?

— Stop splitting if all the records belong to the same class or have identical
attribute values

— Early termination



Karar Agaci Tumevariminin Tasarim Konulari

* Egitim kayitlari nasil bolinmelidir?
— Nitelik turlerine bagli olarak test kosulunu belirleme yontemi
— Bir test kosulunun iyiligini degerlendirmek icin élcl

* Bolme islemi nasil durdurulmali?

— Tum kayitlar ayni sinifa aitse veya ayni 6znitelik degerlerine sahipse
bolmeyi durdur

— Erken sonlandirma



En lyi B6lme Nasil Belirlenir

® Acgozlu yaklasim:Daha saf sinif dagilimina sahip
dagumler tercih edilir.

® Dugum Kkirliliginin bir olcisune ihtiyaciniz var:

CO: 5 CO0O: 9
Cl:5 Cl: 1
YUksek derecede kirlilik Dusuk Kirlilik derecesi

(Impurity)



Measure of Impurity: GINI

* Q@Gini Index for a given node t :

GINI(t) =1—>"[p(j DT

(NOTE: p( ] | t) is the relative frequency of class j at node t).

— Maximum (1 - 1/n_) when records are equally distributed among all classes,
implying least interesting information

— Minimum (0.0) when all records belong to one class, implying most
interesting information



Measure of Impurity: GINI

* Gini Index for a given node t :

GINI(t) =1—>"[p(j DT

(NOTE: p( ] | t) is the relative frequency of class j at node t).

— For 2-class problem (p, 1 — p):
* GINI=1-p2—(1-p)2=2p (1-p)

Cc1 o Cc1 1 Cc1 2 Cc1 3

c2 6 c2 5 c2 q c2 3

Gini=0.000 Gini=0.278 Gini=0.444 Gini=0.500




Computing Gini Index of a Single Node

GINI(t) =1—>"[p(j DT

P(C1)=0/6=0 P(C2)=6/6=1

Gini =1 - P(C1)2—-P(C2)2=1-0—-1=0

P(C1) = 1/6 P(C2) = 5/6

Gini = 1 — (1/6)2— (5/6)2 = 0.278

P(C1) = 2/6 P(C2) = 4/6

C1 (0
Cc2 6
C1 1
c2 5
C1 2
Cc2 4

Gini =1 - (2/6)?— (4/6)? = 0.444



Computing Gini Index for a Collection of Nodes

When a node p is split into k partitions (children)
<. n.
I -
GINI,; = > :—n GINI (i)

where, n. = number of records at child i,
n = number of records at parent node p.

Choose the attribute that minimizes weighted average Gini index of the children

Gini index is used in decision tree algorithms such as CART, SLIQ, SPRINT



Binary Attributes: Computing GINI Index

e Splits Into two partitions

e Effect of Weighing partitions:
— Larger and Purer Partitions are sought for.
| e

Gini(N1)
= 1 — (5/6)2— (1/6)2
= 0.278

Gini(N2)
= 1 — (2/6)2— (4/6)2
= 0.444

Yes NO
Node N1 Node N2
N1 || N2
C1 5 2
Cc2 1 4
Gini=0.361

Parent
C1 7
Cc2 5
Gini = 0.486

Weighted Gini of N1 N2
=6/12 *0.278 +

6/12 * 0.444
=0.361

Gain = 0.486 - 0.361 = 0.125



Continuous Attributes: Computing Gini Index

Use Binary Decisions based on one value
Several Choices for the splitting value

— Number of possible splitting values
= Number of distinct values

Each splitting value has a count matrix associated
with it
— Class counts in each of the partitions, A < v and
A>v
Simple method to choose best v

— For each v, scan the database to gather count
matrix and compute its Gini index

— Computationally Inefficient! Repetition of work.

D Gome  Mantal  Annual perauited
1 Yes Single 125K No
2 No Married 100K No
3 No Single 70K No
4 Yes Married 120K No
5 No Divorced |95K Yes
6 No Married 60K No
7 Yes Divorced |220K No
8 No Single 85K Yes
8] No Married 75K No
10 No Single 90K Yes

ﬂnnual

Qgg}gg ) <80 >80
Y W Yes 0 3

YeA\IO No 3 4



Decision Tree Based Classification

® Advantages:
— Inexpensive to construct
— Extremely fast at classifying unknown records
— Easy to interpret for small-sized trees
— Robust to noise (especially when methods to avoid overfitting are employed)
— Can easily handle redundant or irrelevant attributes (unless the attributes are interacting)

® Disadvantages:

— Space of possible decision trees is exponentially large. Greedy approaches are often
unable to find the best tree.

— Does not take into account interactions between attributes
— Each decision boundary involves only a single attribute
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Limitations of single attribute-based decision boundaries

Both positive (+) and
negative (0) classes
generated from skewed
Gaussians with centers at
(8,8) and (12,12)
respectively.




Asirt Uyum Modeli

Model Overfitting



Siniflandirma Hatalar!

* Training errors (apparent errors)
— Errors committed on the training set

e Test errors
— Errors committed on the test set

e Generalization errors

— Expected error of a model over random selection of records from same
distribution



Example Data Set

Two class problem

tances

INS

5200 |

+

* 5000 instances generated from a

Gaussian centered at (10,10)

« 200 noisy instances added

tances

INS

5200
 Generated from a uniform
distribution

o

10 % of the data used for

d 90% of the data

used for testing

ining an

tra



Increasing number of nodes in Decision Trees

0. %
—_— i
O3 [ Tradmn Errmor ]

0. ]

0.3

.=

F—

= 0.25




0.5

o445

.-

0.3

.=

0=

.=

0.1

0.1

0.0

Decision Tree with 4 nodes

=2 = F.O0B6752

=z = 13536453

Z == F.06752

=1 = 710813

1 == 710813

=1 = 15.5065

Decision Tree

2 »= 13536453

== 13.5065

20

=) o 1=+
=1 + o =D 4T
12 - f=r=" o OQ-OOC#—_'_
o L= o + (=]
- o o + &
+ &
%210 T =
= o + o ok o cf—%" :
oc:ri— k= -
o 4 o +]

20

fall
FHumber of HFode s

100

120

10

150



0.5

o445

.-

0.3

.=

0=

.=

0.1

0.1

0.0
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Which tree is better?
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Errar

—%— Train Error

* Test Error

Error

Model Overfitting

—%— Train Error

* Test Error

20

&0

|
a0
umker of Modes

Underfitting: when model is too simple, both training and test errors are large

Overfitting: when model is too complex, training error is small but test error is large

1
100

1
120 140

160



Error

Model Overfitting

—%— Train Error

e
0.6 Test Error _

_'_
Errar
[=]
iy
T
|

| 1 1
a 20 40 &0 a0 100 120 140 160
rumber of Modes

o 20 <40 60 oo 100 120 140
Mumber of Modes

Using twice the number of data instances
o If training data is under-representatlve, testing errors Increase and training errors decrease on

Increasing number of nodes

* Increasing the size of training data reduces the difference between training and testing errors
at a given number of nodes



Reasons for Model Overfitting

* Presence of Noise
* Lack of Representative Samples

* Multiple Comparison Procedure



Effect of Multiple Comparison Procedure

Consider the task of predicting whether stock
market will rise/fall in the next 10 trading days

Random guessing:
P(correct) = 0.5

Make 10 random guesses in a row:

[10] [10] [10]
a + 5 + 10
P(#correct = 8) = = 0.0547

210

Day 1 Up
Day 2 Down
Day 3 Down
Day 4 Up
Day 5 Down
Day 6 Down
Day 7 Up
Day 8 Up
Day 9 Up
Day 10 Down




Effect of Multiple Comparison Procedure

* Approach:
— Get 50 analysts
— Each analyst makes 10 random guesses

— Choose the analyst that makes the most number of correct
predictions

* Probability that at least one analyst makes at least 8

correct predictions
P#correct =8) =1— (1—0.0547)°° =0.9399



Effect of Multiple Comparison Procedure

Many algorithms employ the following greedy strategy:
— Initial model: M

— Alternative model: M =M U v, .
where y is a component to be added to the model (e.g., a test condition of

a decision tree)
— Keep M’ if improvement, A(M,M’) > a

Ogten times, y is chosen from a set of alternative components, I ={y,, v,, -..,
Tk

If many alternatives are available, one may inadvertently add irrelevant
components to the model, resulting in model overfitting



Effect of Multiple Comparison - Example

20
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Errar
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Use additional 100 noisy variables
generated from a uniform distribution along
with X and Y as attributes.

1 1 1 1 L
1 2 3 4 o =3 ¥
Fumber of Modes

Use 30% of the data for training and 70% of

_ Using only X and Y as attributes
the data for testing



Notes on Overfitting

e QOverfitting results in decision trees that are more complex
than necessary

* Training error does not provide a good estimate of how
well the tree will perform on previously unseen records

* Need ways for incorporating model complexity into model
development



Evaluating Performance of Classifier

* Model Selection

— Performed during model building

— Purpose is to ensure that model is not overly complex (to avoid
overfitting)

e Model Evaluation
— Performed after model has been constructed

— Purpose is to estimate performance of classifier on previously
unseen data (e.g., test set)



Methods for Classifier Evaluation

Holdout
— Reserve k% for training and (100-k)% for testing
Random subsampling
— Repeated holdout
Cross validation
— Partition data into k disjoint subsets
— k-fold: train on k-1 partitions, test on the remaining one
— Leave-one-out: k=n
Bootstrap
— Sampling with replacement

— .632 bootstrap: 1 b
ACCpoot = - > (0.632 < acc; + 0.368 < acc,)
=1



Nearest Neighbor Classifier



Nearest Neighbor Classifiers
* Basic idea:

— If it walks like a duck, quacks like a duck, then it’s probably a
duck .

Compute

= _— Distance
,\ \\ \\ \\‘
DY

T/Y:\—in- ;

Test Record

=3
/

Training . NI -~ Choose k of the

Records “nearest” records

T==a _———



Nearest-Neighbor Classifiers

Unknown record

e Requires three things
— The set of stored records

— Distance metric to compute distance between
records

— The value of k, the number of nearest
neighbors to retrieve

e To classify an unknown record:
— Compute distance to other training records
— ldentify k nearest neighbors

— Use class labels of nearest neighbors to
determine the class label of unknown record
(e.qg., by taking majority vote)



Nearest Neighbor Classification...
* Choosing the value of k:

— If k is too small, sensitive to noise points
— If k is too large, neighborhood may include points from other classes

T + _
+ = T T\t
+ + +
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Clustering



Clustering

* Finding groups of objects such that the objects in a group will be
similar (or related) to one another and different from (or unrelated

to) the objects in other groups

Intra-cluster
distances are
nirmized

Inter-cluster
distances are

g %=




Applications of Clustering

. Appllcatlons

Gene expression clustering

— Clustering of patients based on phenotypic and genotypic factors
for efficient disease diagnosis

— Market Segmentation
— Document Clustering

— Finding Eroups of driver behaviors based upon patterns of
automobile motions (normal, drunken, sleepy, rush hour driving,
etc)



Notion of a Cluster can be Ambiguous
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Similarity and Dissimilarity Measures

e Similarity measure
— Numerical measure of how alike two data objects are.
— Is higher when objects are more alike.
— Often falls in the range [0,1]
* Dissimilarity measure
— Numerical measure of how different are two data objects
— Lower when objects are more alike
— Minimum dissimilarity is often 0
— Upper limit varies

* Proximity refers to a similarity or dissimilarity



Euclidean Distance

e Euclidean Distance

dist(x, y) = i(xk — Y )°

Where n is the number of dimensions (attributes) and x, and y, are, respectively, the k"
attributes (components) or data objects x and y.

e Correlation

corr(x,y) =

> (4 — (Y — V)7

PICHEE L) AL

~ cov(X,Y)
~ std (x)std (y)




Types of Clusterings

A clustering is a set of clusters

Important distinction between hierarchical and partitional sets of
clusters

Partitional Clustering

— A division data objects into

non-overlapping subsets (clusters)
such that each data object is in

exactly one subset
|

o

pl p2 pP3 p4

Hierarchical clustering

— A set of nested clusters organized
as a hierarchical tree




Other Distinctions Between Sets of Clusters

Exclusive versus non-exclusive

— In non-exclusive clusterings, points may belong to multiple clusters.
— Can represent multiple classes or ‘border’ points

Fuzzy versus non-fuzzy

— In fuzzy clustering, a point belongs to every cluster with some weight between 0 and 1
— Weights must sumto 1
— Probabilistic clustering has similar characteristics

Partial versus complete
— In some cases, we only want to cluster some of the data

Heterogeneous versus homogeneous
— Clusters of widely different sizes, shapes, and densities



Clustering Algorithms

e K-means and its variants
* Hierarchical clustering

* Other types of clustering



K-means Clustering

Partitional clustering approach

Number of clusters, K, must be specified

Each cluster is associated with a (center point)

Each point is assigned to the cluster with the closest centroid
The basic algorithm is very simple

ook W N

: Select K points as the initial centroids.

: repeat

Form K clusters by assigning all points to the closest centroid.

Recompute the centroid of each cluster.

: until The centroids don’t change
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The centroid is (typically) the mean of the points in the cluster

K-means Clustering — Details

Initial centroids are often chosen randomly

‘Closeness’ is measured by Euclidean distance, cosine similarity,

Clusters produced vary from one run to another

correlation, etc

ComplexityisO(n *K*1*d)

n = number of points, K = number of clusters,
| = number of iterations, d = number of attributes



Evaluating K-means Clusters

 Most common measure is Sum of Squared Error (SSE)
— For each point, the error is the distance to the nearest cluster
— To get SSE, we square these errors and sum them

SSE = > > dist®(m;, x)

i::l_ XECi

* xis a data point in cluster C.and m; is the representative point for cluster C.

— Given two sets of clusters, we prefer the one with the smallest error

— One easy way to reduce SSE is to increase K, the number of clusters



Two different K-means Clusterings
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Limitations of K-means

* K-means has problems when clusters are of differing
— Sizes
— Densities
— Non-globular shapes

* K-means has problems when the data contains
outliers.



Differing Sizes

Limitations of K-means

K-means (3 Clusters)

Original Points



Limitations of K-means: Differing Density
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tations of K-means: Non-globular Shapes
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Hierarchical Clustering

* Produces a set of nested clusters organized
as a hierarchical tree

* Can be visualized as a dendrogram

— A tree like diagram that records the sequences of
merges or splits




Strengths of Hierarchical Clustering

* Do not have to assume any particular number of clusters

— Any desired number of clusters can be obtained by ‘cutting’ the
dendrogram at the proper level

* They may correspond to meaningful taxonomies

— Example in biological sciences (e.g., animal kingdom, phylogeny
reconstruction, ...)



Hierarchical Clustering

 Two main types of hierarchical clustering

— Agglomerative:
e Start with the points as individual clusters
» At each step, merge the closest pair of clusters until only one cluster (or k clusters) left

— Divisive:
e Start with one, all-inclusive cluster
* At each step, split a cluster until each cluster contains a point (or there are k clusters)

* Traditional hierarchical algorithms use a similarity or distance matrix
— Merge or split one cluster at a time



Agglomerative Clustering Algorithm

*  More popular hierarchical clustering technique

 Basic algorithm is straightforward
Compute the proximity matrix

Let each data point be a cluster
Repeat

Merge the two closest clusters
Update the proximity matrix

Until only a single cluster remains

Ok wh e

e Key operation is the computation of the proximity of two clusters

— Different approaches to defining the distance between clusters distinguish the
different algorithms



Starting Situation

e Start with clusters of individual points and a

matrix
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Intermediate Situation

* After some merging steps, we have some clusters
Cl C2 C3 C4 |C5

C1
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Intermediate Situation

 We want to merge the two closest clusters (C2 and C5) and update

the proximity matrix. ct leo | ca lca les
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After Merging

 The question is “How do we update the proximity rpzaJrix?”

C1l s C3 C4

C1l ?

@ C2UC5 [ DO I
C3 ?
c4 ?
@ Proximi%l\/latrix
i i

- N

[l e irl o1l

Pl p2 pP3 P4 P9 P10 pll pl2




How to Define Inter-Cluster Distance

pl p2 p3 p4d |p5
Similarity? pl
| : p2
p3
MIN -S;‘
MAX .
Group Average . Proximity Matrix

Distance Between Centroids

Other methods driven by an objective function
— Ward’s Method uses squared error




How to Define Inter-Cluster Similarity

p5

MIN

MAX
Group Average
Distance Between Centroids

Other methods driven by an objective function
— Ward’s Method uses squared error

Proximity Matrix




How to Define Inter-Cluster Similarity

MIN 05

MAX
Group Average
Distance Between Centroids

Other methods driven by an objective function
— Ward’'s Method uses squared error

Proximity Matrix




How to Define Inter-Cluster Similarity

p5

MIN p5

MAX
Group Average
Distance Between Centroids

Other methods driven by an objective function
— Ward’'s Method uses squared error

Proximity Matrix




How to Define Inter-Cluster Similarity

pl | p2 p3 p4

p5

MIN p5

MAX
Group Average
Distance Between Centroids

Other methods driven by an objective function
— Ward’'s Method uses squared error

Proximity Matrix




Other Types of Cluster Algorithms

 Hundreds of clustering algorithms

 Some clustering algorithms
— K-means
— Hierarchical

— Statistically based clustering algorithms
* Mixture model based clustering

— Fuzzy clustering
— Self-organizing Maps (SOM)
— Density-based (DBSCAN)

* Proper choice of algorithms depends on the type of clusters to be found, the
type of data, and the objective



Cluster Validity

For supervised classification we have a variety of measures to evaluate how
good our model is

— Accuracy, precision, recall

For cIuster anal\(‘5|s the analogous qpuestlon is how to evaluate the
“goodness” of the resulting clusters:

But “clusters are in the eye of the beholder”!

Then why do we want to evaluate them?
— To avoid finding patterns in noise
— To compare clustering algorithms
— To compare two sets of clusters
— To compare two clusters



Clusters found in Random Data
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Different Aspects of Cluster Validation

Distinguishing whether non-random structure actually exists in the data

Comparing the results of a cluster analysis to externally known results, e.g., to externally given
class labels

Evaluating how well the results of a cluster analysis fit the data without reference to external
information

Comparing the results of two different sets of cluster analyses to determine which is better

Determining the ‘correct’ number of clusters



Using Similarity Matrix for Cluster Validation

Order the similarity matrix with respect to cluster labels and
inspect visually.

0.9 ="
. —_
0.8 - = —
}”:y - .’-
0.7 - e ®© & ——
= ot SEF - e
0.6 - ® . wn | lL J
"§ | =
>0.5 s Eil £
0.4 e . F1EF
o gy v & —::
0-3 L. %k i&__;f-i&_f_- :?_ e vvw : v v - =
t_%f.- % v ’; K4 ] ] Bk lE I
deatr e - - - -
0.2 - = = H_EE 5N E=EEE
. g
N HE:H
ok ] - | o
(@] 0.2 0.4 0.6 0.8 1

Points



Points

Using Similarity Matrix for Cluster Validation

* Clusters in random data are not so crisp
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Using Similarity Matrix for Cluster Validation

e Clusters in random data are not so crisp
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Using Similarity Matrix for Cluster Validation

* Clusters in random data are not so crisp
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Measures of Cluster Validity

* Numerical measures that are applied to judge various aspects of cluster validity, are
classified into the following three types of indices.

— External Index: Used to measure the extent to which cluster labels match externally
supplied class labels.

* Entropy

— Internal Index: Used to measure the goodness of a clustering structure without respect
to external information.

e Sum of Squared Error (SSE)
— Relative Index: Used to compare two different clusterings or clusters.
e Often an external or internal index is used for this function, e.g., SSE or entropy



Clustering Microarray Data



Clustering Microarray Data

* Microarray analysis allows the monitoring of the activities of
many genes over many different conditions

« Data: Expression profiles of approximately 3606 genes of E Coli
are recorded for 30 experimental conditions

 SAM (Significance Analysis of Microarrays) package from
Stanford University is used for the analysis of the data and to

Genel
Gene2
Gene3
Gened
Geneb
Geneb
Gene’

identify the genes that are substantially differentially upregulated -

In the dataset — 17 such genes are identified for study purposes

 Hierarchical clustering is performed and plotted using TreeView
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Clustering Microarray Data...
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CLUTO for Clustering for Microarray Data

e CLUTO (Clustering Toolkit) George Karypis (UofM) CLUTO can also be used for
clustering microarray data
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Issues in Clustering Expression Data

Similarity uses all the conditions

— We are typically interested in sets of genes that are similar for a relatively
small set of conditions

Most clustering approaches assume that an object can only be in
one cluster

— A gene may belong to more than one functional group
— Thus, overlapping groups are needed

Can either use clustering that takes these factors into account or use
other techniques

— For example, association analysis



Clustering Packages

 Mathematical and Statistical Packages

— MATLAB
— SAS

— SPSS

— R



Association Analysis



Birliktelik kurali kesfi

Items

Bread, Coke, Milk Rules Discovered:

Beer., Bread {Milk} --> {Coke}

Beer, Coke, Diaper., Milk {Diaper, Milk} --> {Beer}

Beer, Bread., Diaper. Milk
Coke., Diaper, Milk

N[ da| W[N] =

Bes musterinin market alis veris listesi incelendiginde st
alan kola da aliyor. Bebek bezi ve stt alan bira da aliyor.



Association Analysis

* Bir dizi kayit verildiginde, kayittaki diger ogelerin olusumlarina dayali olarak bir
dgenin olusumunu tahmin edecek bagimlilik kurallarint bulunur.

TID Ty— Rules Discovered:

1 {Milk} --> {Coke} (s=0.6, c=0.75)

2 Beer, Bread

3 Beer, Coke, Diaper, Milk {Diaper, Milk} --> {Beer?}

4 Beer, Bread, Diaper, Milk (s=0.4, c=0.67)

= el Diaper, Milk # transactions that contain X and Y

Support,s = -
T otal transactions

. # transactions that contain X and Y
Confidence, c =

¢ Applications # transactions that contain X

Pazarlama ve Satis Promosyonu
— Slipermarket raf yonetimi

— Trafik paterni analizi (6rnegin, "58. Kavsaktaki yuksek sikisiklik, sola donus trafigi icin ylksek kaza
oranlari anlamina gelir" gibi kurallar)



Birliktelik Kurali Madenciligi Gorevi
( Association Rule Mining Task )

Given a set of transactions T, the goal of association rule mining is to find all rules
having

— support 2 minsup threshold

— confidence = minconf threshold

Brute-force approach: Two Steps
— Frequent Itemset Generation
* Generate all itemsets whose support > minsup
— Rule Generation

* Generate high confidence rules from each frequent itemset, where each rule is a binary
partitioning of a frequent itemset

Frequent itemset generation is computationally expensive



Efficient Pruning Strategy

If an itemset Is infreqijent, then
all of its supersets must also be

iInfrequent

Pruned
supersets

()

ol =
=3
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5 2
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Illustrating Apriori Principle

ltem Count Items (1-itemsets)
Bread 4
\
ML 4 Itemset Count__| Pairs (2-itemsets)
Seer = {Bread,Milk} 3
'aper
{Bread,Diaper} (No need to generate

N [Y

{Milk Diaper} candidates involving Coke
{Beer,Diaper} or Eggs)

Minimum Support = 3

/o

Triplets (3-itemsets)
If every subset is considered, Itemseot Count
6C1 + 6C2 + 6C3 = 41 {Bread Milk,Diaper} 3

With support-based pruning,
6+6+1=13




Assoclation Measures

Association measures evaluate the strength of an association pattern
— Support and confidence are the most commonly used

— The support, o(X), of an itemset X is the number of transactions that contain all the
items of the itemset

* Freguent itemsets have support > specified threshold
* Different types of itemset patterns are distinguished by a measure and a threshold

— The confidence of an association rule is given by
conf(X > Y)=c(XUY)/c(X)

e Estimate of the conditional probability of Y given X

Other measures can be more useful
— H-confidence
— |nterest



Usage Notes

A lot of slides are adopted from the presentations and documents published on internet by experts who
know the subject very well.

| would like to thank who prepared slides and documents.
Also, these slides are made publicly available on the web for anyone to use

If you choose to use them, | ask that you alert me of any mistakes which were made and allow me the
option of incorporating such changes (with an acknowledgment) in my set of slides.

Sincerely,
Dr. Cahit Karakus
cahitkarakus@gmail.com



