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* Hesaplamali dusunme: hesaplama yoluyla sorunlara yaklasmanin yeni
bir yolu
— Soyutlama, ayristirma, modiilerlik, ...

* Veri bilimi: veri acisindan karmasik probleleri cozmek icin disiplinler
arasli bir yaklasim

— Makine 6grenimi, buyuk 6lcekli bilgi islem, anlamsal meta veriler, is akislari,...




Machine Learning and Data Analytics

|. Machine learning and data
analysis tasks

Il. Classification

—  Classification tasks
— Building a classifier
—  Evaluating a classifier

Ill. Pattern learning and clustering

—  Pattern detection
— Pattern learning and pattern discovery
—  Clustering

 K-means clustering

V. Causal discovery

— Correlation

— Causation

— Causal models
. Bayesian networks
. Markov networks

V. Simulation and modeling

VI. Practical use of machine
learning and data analysis



Machine Learning and Data Analytics

Makine 6grenimi ve veri analizi
gorevleri

Siniflandirma

— siniflandirma gorevleri
— Bir siniflandirici olusturma
— Bir siniflandiriciy1 degerlendirme

1. Oriintl 6grenme ve kiimeleme

|. Desen algilama
1. Orintl 6grenme ve desen kesfi
lll. Kimeleme: K-kimeleme

V. Causal discovery

— Korelasyon

— Nedensellik

— nedensel modeller
. Bayesian networks
. Markov networks

V. Simulation and modeling

VI. Practical use of machine
learning and data analysis



Different Data Analysis Tasks

 Her gbrev tird, ihtiyac duyduklari veri tarleri ve trettikleri ¢ikti turleri ile
karakterize edilir.

 Her gbrev turu farkli algoritmalar kullanir

e Classification * Pattern detection
— Yeni bir 6rnek icin bir kategori (yani — Zamansal veya uzamsal verilerdeki
bir sinif) atanur. dazenlilikleri (yani kaliplar) tanimlanir.
e Clustering * Simulation
— Bir dizi 6rnekle kiimeler (yani — Toplanan gozlemlere benzer veriler
gruplar) olusturulur. uretebilen matematiksel formulleri

tanimlanir.



Learning Approaches

Supervised Learning Unsupervised Learning
e Egitim verileri, 6grenme * Egitim verilerine, 6grenme
sistemine yardimci olacak sistemine yardimci olmak icin

bilgilerle aciklanir herhangi bir ek bilgi eklenmez.



Programlara “Kara Kutular” Olarak Bakin

Yazilimi kullanmak icin karmasik matematik ve
programlamayi anlamaniz gerekmez

Bu nedenle yazilima genellikle “kara kutu”
diyoruz.

Dogru kullanabilmek icin sadece girdileri ve
ciktilari ve programin islevini anlamaniz gerekir.

Fonksiyon Olarak Programlar: Girisler, Cikislar ve
Parametreler

Fonksiyonlarin Bilesimi Olarak Is Akis|
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Classification



Topics

1. Classification tasks
2. Building a classifier
3. Evaluating a classifier




Classifying Mushrooms
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MUSHROOMS

* Hangi mantarlar yenilebilir, yani zehirli degil?
* Soldaki kitap, yenilebilir, zehirli veya

bilinmeyen olarak tanimlanan bircok mantar

taruna listeler.

e Kitapta listelenmeyen yeni bir tir mantar

verildiginde yenilebilir mi?
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Classifying Iris Plants

* Iris ciceklerinin farkl sepal ve petal
sekilleri vardir:
— iris setosairis
— Versicolor
— Iris Virginica
* Her tlrden cok sayida 6rnek
gosterildigini varsayalim.
* Yeni bir iris cicegi verildiginde, tlru
nedir?




1. CLASSIFICATION TASKS



Classification Tasks

Verilen:
— Bir dizi sinif
— Her sinifin 6rnekleri (6rnekler)

Uretmek: Yeni bir 6érnek verildiginde sinifini belirleyecegi bir yéntem (diger adiyla model)
Ornekler, bir dizi 6zellik veya nitelik ve bunlarin degerleri olarak tanimlanir.

Ornegin ait oldugu sinifa “etiket” adi da verilir.

Giris, "etiketli 6rnekler" kiimesidir

. &iTarget
education QO :non-Target
AN I o o »~ :model
doctorate degree A A | o O
master degree A A AN \\ o o o o
bachelor degree A o o A\ O (@] o o
college .& A O & j & O o
11th grade A | © o o
chidren | A A A A A/ o o o ©
—
12 18 24 30 36 42 48 54 60 66 72 age
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Classification Tasks

 Verilen: Bir dizi etiketli ornek

* Generate: Yeni bir 6rnek
verildiginde sinifini varsayacagi
bir yontem (diger adiyla
model)
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Using a Decision Tree

ves| Sepalle <5.45 [ Kok dugimdeki tim orneklerin kimesiyle
baslayin
Sepal Wi >= 2.8 Sepal.Le <615 * KUmeyi en iyi bolen dzniteligi secin ve alt
AN /! N dugimler olusturun
(setosa) (versicol) Sepal.Wi>=3.1 (virginic)

* Ornegin, alt kimelere daha esit sekilde

o ",
o Ty
",

—L AN .  Bir digiim ayni sinifta tim drneklere sahip
(setosa) (wversicol ) v . NV
T oldugunda, onu bir yaprak dugim yapin

&
-
&

 Tum dugumler ayrilana kadar yineleyin

Duglmler: nitelik tabanli kararlar
Dallar: niteliklerin alternatif degerleri

Yapraklar: her yaprak bir siniftirYeni bir 6rnek verildiginde, 6zniteliklerine gore
agacta bir yol alin

Bir yapraga ulasildiginda, 6rnege atanan sinif budur.



Bulasma

Training instances
(training set)

Test instances
(test set)

When training and test sets overlap
— this should NEVER happen
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About Classification Tasks

* Siniflar ayrik olmalidir, yani her 6rnek yalnizca bir sinifa aittir
* Yalnizca iki sinif varsa, siniflandirma goérevleri “ikili”dir.

e Siniflandirma yontemi nadiren mikemmel olacaktir, yeni 6rneklerin
siniflandirilmasinda hatalar yapacaktir.



2. BUILDING A CLASSIFIER



What is a Modeler?

* Daha 6nce gormedigi ornekler hakkinda tahminlerde
bulunabilmesiicin drneklerden genellemeye yonelik
matematiksel/algoritmik bir yaklasim ciktisina model

denir.

Types of Modelers/Models:

Logistic regression

Naive Bayes classifiers

Support vector machines (SVMs)
Decision trees

Random forests

Kernel methods

Genetic algorithms

Neural networks
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Decision Tree
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e 1

Logistic Regression
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Decision Tree _ Multinomial Logit
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SVM (Gaussian kernel)

ision Tree

Dec

Random Forest

Neural Network
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Decision Tree

SVM #2 (much overfitted)

SVM #1 (much generalized)
- - ]

- 8
- -
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Decision Tree SVM # 1 (much generalized)
- - g l - - -
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What Modeler to Choose?

Logistic regression * Veri b|I|mC|Ier|, farkl

Naive Bayes classifiers parametrelere sahip farkli
S t t hi SVM . .

upport vector machines (SVMs) modelleyiciler dener ve
Random forests eldeki veriler igin hangisinin
Kernel methods en iyi sonucu verdigini

Genetic algorithms (GAs) bulmak icin dogrulugu
Neural networks: perceptrons kontrol eder

Decision trees



ModelerA

\

Topluluklar (Ensembles)

ModelerB

ModelerC

=

CombinationFunction

Bir topluluk yontemi, ayni gorevi yapan birkac
algoritma kullanir ve sonugclarini birlestirir.”

— Topluluk 6grenimi”

— Bir kombinasyon islevi sonuclari birlestirir
Cogunluk oyu: her algoritma bir oy alir

— Agirlikli oylama: her algoritmanin oyu bir agirliga sahiptir
— Diger karmasik kombinasyon fonksiyonlari
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Classifier 1 = Decision boundary Classifier 2 < Decision boundary 2
A F N

Feature 2

-

Feature 2

Classifier 3 < Decision boundary 3
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3. EVALUATING A CLASSIFIER
Bir Siniflandiriciy1 Degerlendirmek



Classification Accuracy

* Dogruluk: dogru siniflandirmalarin ytzdesi

Dogru siniflandirilmis toplam test 6rnegi

Accuracy =
Toplam test 6rnegi sayisi
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Evaluating a Classifier:
What Affects the Performance

Gorevin karmasiklig
— Cok miktarda 6zellik (ylksek boyutluluk)
— Ozellik(ler) cok az kez gériintyor (seyrek veri)

Karmasik bir siniflandirma goérevi icin birkac érnek
Ornekler icin eksik 6zellik degerleri

Ornekler icin 6znitelik degerlerindeki hatalar
Egitim orneklerinin etiketlerindeki hatalar
Siniflarda 6érneklerin esit olmayan kullanilabilirligi



ASIrl uyum gosterme

verileriyle cok iyi sonuc¢ vermeyebilir.

* Bir model, verilerle cok dogru uyulu oldugunda egitim verilerine fazla uyar ve yeni test

Training Data

R ArTarget
education O :non-Target
FaN I o o ~~ model
doctorate degree A A0 o O
master degree A A A AN \\ Oo o o
bachelor degree A o o A\O o o o Model 1
college A o
A A A l'e A O o
11th grade | o ©
chigron | A A A A A/ o o o ©
P
12 18 24 30 36 42 48 54 60 66 T2 age
. A.Target
education O :non-Target
PAN \ o o » :model
doctorate degree A A ; o (@]
master degree Lo A A &[ Oo o o
bachelor degree A A~ 0 —-’/—\@ o o o
college AN —_—_ 90/ : R
11th grade ! O o
children A A A A A ‘o o o ©
| —
12 18 24 30 36 42 48 54 60 66 72 age

Test Data
. \ Target
education | O :non-Target
" :model
doctorate degree A l'
master degree & A \ o o
bachelor degree A PaN o o o ©O
A A A loYe)
college (o] o
A\ @
11th grade A A P (@] o
children A / o
-
12 18 24 30 36 42 48 54 60 66 72 age
. A:Target
education O :non-Target
" -model
doctorate degree & ;
master degree & A f o o
bachelor degree A /Z - "‘: (_\G\ © o O
college A —_— o _UCF -\ O
/_\ ""*--..g-'
11th grade A A ¢ (@ o
children A { o
i
12 18 24 30 36 42 48 54 60 66 72 age
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Tumevarim

 Timevarim, gecmiste gorilen ornekler hakkinda genel kurallar cikarmayi
gerektirir.

— Tumdengelimle zithk: gecmiste gorduklerimizin mantikh bir sonucu olan seyleri
cikarsama

e Siniflandiricilar timevarim kullanir: hedef siniflar hakkinda genel kurallar
olustururlar.

— Kurallar, yeni veriler hakkinda tahminler yapmak icin kullanilir
— Bu tahminler yanlis olabilir




When Facing a Classification Task

* Hangi ozellikleri secmeli Hangi siniflari secilmeli
— Farklh 6zellikleri tanimlama denenir — Kabul edilebilir / zehirli mi?

— Bazi problemler icin yuzlerce, belki de binlerce — Kabul edilebilir / zehirli / bilinmiyor mu?
6zellik mamkun olabilir.

Kac etiketli 6rnek

— Bazen ozellikler dogrudan gozlemlenemez (yani sl el meralkalil

“gizli” degiskenler vardir)

Hangi modelleyici secilir

— Farkh olanlari denemek daha iyi



Part Il: Classification

Summary of Major Concepts

Instances, features, values * Training and test sets

Classes, disjoint classes e Evaluation

Labels, binary tasks — Accuracy, confusion matrix, precision

Learning & recall

— Decision trees — N-fold cross validation

— Modeler — Overfitting

— Ensembles, combination function * About the data

« Majority vote, weighted vote — High dimensionality

Induction — Sparse data
— Continuous/discrete values
— Latent variables




PART Ill:
Pattern Learning and Clustering



Pattern Learning and Clustering

1. Desen algilama
2. Oriintu 6grenme ve desen kesfi
3. Kimeleme




1. PATTERN DETECTION



Network Patterns

Strength of ties

Central entities

Patterns of activity over time

Subgroups

38



Spatial Patterns
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Temporal Patterns

Event
Sources
Detected
Situations
=1
_/,., Patterns
PL % % * P2 B x x *
x % * *x % % %
@ * (&) v SN
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Detecting Patterns in a Text String

 ababababab
 abcabcabcabc

e abccccececccabeccabceccceccecccecccabecabecc



A Pattern Language

* ababababab
— (ab)*

* abcabcabcabc
— (abc)*

* abcccccccabeccabecccccccccabeabcecc
—((ab)(c)*)*

42



Detecting Patterns in Streaming Data

e (ab)*x*

— Abababthsrthwababyertueyrtyertheabsgd
* abcabcabcabc

— abcabcrgkskhgsnrhnabcabcabcabcerjgjsrn
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Concept Drift

* Over time, the data source changes and the concepts that were
learned in the past have now changed

44



2. PATTERN LEARNING AND PATTERN DISCOVERY



Pattern Detection vs Pattern Learning

Pattern Detection

* |Inputs:

— Data

— A set of patterns
* Qutput:

— Matches of the patterns to
the data

Pattern
Learning

* |Inputs:

— Data annotated with a set of
patterns

* Qutput:

— A set of patterns that appear in
the data with some frequency

46




Pattern Detection vs Pattern Learning

Pattern Learning

* |Inputs:
— Data annotated with a set of
patterns
* Qutput:

— A set of patterns that appear
in the data with some
frequency

Pattern Discovery

* Inputs:
— Data

* Qutput:

— A set of patterns that appear in
the data with some frequency

47




3. CLUSTERING



Clustering

* Find patterns based on features of instances
* Given:
— A set of instances (datapoints), with feature values
* Feature vectors
— A target number of clusters (k)
* Find:
— The “best” assignment of instances (datapoints) to
clusters

e “Best”: satisfies some optimization criteria
* “clusters” represent similar instances

49



K-Means Clustering Algorithm

@ e

User specifies a target number of clusters
(k)
Place randomly k cluster centers

For each datapoint, attach it to the nearest
cluster center

For each center, find the centroid of all the
datapoints attached to it

Turn the centroids into cluster centers

Repeat until the sum of all the datapoint
distances to the cluster centers is
minimized

T




K-Means Clustering (1)



K-Means Clustering (2)



K-Means Clustering (3)
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K-Means Clustering (4)



K-Means Clustering (5)
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K-Means Clustering (6)



Clustering Methods

K-Means clustering
— Centroid-based

Hierarchical clustering - gﬁ
— Attach datapoints to root points o .
Density-based methods oe

— Clusters contain a minimal - ¥
number of datapoints ) . » &
-.--r- i:-"'

: i 35 Y

)



Part Ill: Pattern Learning and Clustering

Summary of Topics Covered

BowoN e

Pattern detection
Pattern learning
Pattern discovery

. Clustering




Part II: Pattern Learning and Clustering

Summary of Major Concepts

Supervised learning, unsupervised
learning, semi-supervised learning

Patterns

— Pattern language
Streaming data
Concept drift

Pattern detection, pattern
learning, pattern discovery

* Clustering
— Feature vectors
* Algorithms:

— K-means: cluster centers,
centroids

59




PART IV:
Causal Discovery



Today’s Topics

1. Correlation and causation

2. Causal models
— Bayesian networks
— Markov networks




1. CORRELATION AND CAUSATION



Correlation

 Two variables are correlated e Examples:
(associated) when their values — When people buy chips they
are not independent are very likely to buy beer
— Probabilistically speaking — When people have yellow

fingers, they are very likely to
smoke




Predictive Variables

 Some variables are predictive variables
because they are correlated with other
target independent variables

— Smoking and coughing are predictive
variables for respiratory disease

 BUT: Do predictive variables indicate the
causes?

64



Cause and Effect

e Avariable vl is a cause for variable v2
if changing vl changes v2

— Smoking is a cause for respiratory
disease

* Avariable v3 is an effect of variable v2
if changing v3 does not change v1

— Cough is an effect of respiratory
disease

65



Latent Variables

DNA Carbon
damage monoxide

Latent variables are variables that cannot
be directly observed, only inferred through
a model

— Eg DNA damage
— Eg Carbon monoxide inhalation

Latent variables can be hard to identify,
even harder to learn automatically from
data

66



Correlation vs Causation

Correlation

Causation

* Knowledge of v1 provides information
for v2

— Eg: yellow fingers, cough, smoking,
lung cancer
* (Can use any data collected (ie, by

simple observation) and do statistical
analysis

* Requires being able to collect specific data that
helps show causality (ie, do experiments)

— Randomized controlled trial
* Select 1000 people, split evenly
— 500 (control)
» Eg forced to smoke
— 500 (treatment)
» Eg forced not to smoke
* Collect data

* Association persists only when causal

relation
67




2. CAUSAL MODELS



(Probabilistic) Graphical Model

* Graph that captures
dependencies among variables

— Nodes are variables
— Links indicate dependencies

— Probabilities that represent
how the dependencies work




Graphical Models

Bayesian Networks

Markov Networks

* Graph links have a direction

e Cycles not allowed

* Graph links do not have direction

e Cycles are allowed

Shiskin> GG

CAsthma > < Cough >

70




SPRINKLER
RAIM T F
F 0.4 0.6
T 0.01 0.99

Bayesian Networks

RAIN
T =

0.2 0.8

GRASS WET
SPRIMNKLER RAIN| T F
F F 0.0 1.0
F T 0.8 0.2
T F 0.9 0.1
T T 0.99 0.01

* A Bayesian network is a graph

— Directed edges show how
variables influence others
* No cycles allowed

— Conditional probability
distribution (tables or functions)
show the probability of the value
of a variable given the values of
its parent variables

— Avariable is only dependent on

its parent variables, not on its



SPRINKLER
RAIM T F
F 0.4 0.6
T 0.01 0.99

Bayesian Inference

RAIN

0.2 0.8

GRASS WET
SPRIMNKLER RAIN| T F
F F 0.0 1.0
F T 0.8 0.2
T F 0.9 0.1
T T 0.99 0.01

Bayesian inference is used to reason over a
Bayesian network to determine the
probabilities of some variables given some
observed variables

— Eg: Given that the grass is wet, what is
the probability that it is raining?

72



Markov Networks

A Markov network is an undirected
graphical model that includes a potential
function for each clique of interconnected

nodes

Smoking Cancer P (S,C)
False False 4.5
False True 4.5
True False 2.7

True True 4.5
73



Causal Models

* A causal model is a Bayesian network where all the relationships among variables
are causal

e Causal models represent how independent variables have an effect on dependent
variables

* Causal reasoning uses the probabilities in the causal model to make inferences
about the value of variables given the values of others

— Eg: Given that the grass is wet, what is the probability that it rained?



Learning Causal Models

Parameter Learning

Structure Learning

* Learning the parameters
(probabilities) of the model

e Learning the structure of the
model

— Usually more challenging
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Part IV: Causal Discovery

Summary of Topics Covered

1. Correlation and causation

2. Causal models
— Bayesian networks
— Markov networks




Part IV: Causal Discovery

Summary of Major Concepts

Predictive variables

Cause and effect

Latent variables
Correlation vs causation
Randomized Control Trials

* Probabilistic graphical models
* Bayesian networks
 Markov networks

e (Causal models

* Parameter learning

e Structure learning
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PART V:
Simulation and Modeling



Simulation

Simulation is an approach to data analysis that uses a mathematical or formal model of a
phenomenon to run different scenarios to make predictions

— Eg By simulating people in a city and where they drive every day, we can analyze
scenarios where there is a flu epidemic and predict people’s behavior changes

Simulation models can be improved to make predictions that correspond to the
observed data

From a Workflow Sketch to a Computational Workflow
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Example: Landscape Evolution

1. Trees tip over, creating a downslope H
flux of regolith proportional to slope
2. Proportionality constant is
a function of tree type

6. downslope flux of
regolith depends
upon trees tipping
over

3. Tree type is a function
of moisture availability

5. Regolith thickness depends
upon downslope flux of regolith 4. Moisture availability depends

\ ‘ 7 upon regolith thickness



Workflow Sketch

Data
preparation

Feature
extraction

s

Models of how water
mixes with air
(“reaeration”) and
what chemical
reactions occur
(“metabolism”)

I Water Quality Sensors ] | CDEC sensors

{local) {government) (government)
Resample Hourly > < Clean
(Pa W Day) [ Weather conditions l

I' integrated Hourly Data (by Day) 'I

Owens-Gibbs Model

O’'Connor-Dobbins Model

Churchill Model

Compute Reaeration
Parameters

Dataset

Data Preparation L SEASITIOn Rate P ey .
Compute Mehbolism—g
Data Processing

[ Net Daily Metabo“sm J




PART VI:
Practical Use of Machine Learning and Data
Analysis



RECAP:
Different Data Analysis Tasks

* Classification * Causal modeling
— Assign a label (ie, a class) for a new instance — Learn causal (probabilistic)
given many labeled instances dependencies among variables
* Clustering * Simulation modeling
— Form clusters (ie, groups) with a set of — Define mathematical formulas
instances that can generate data that is
* Pattern learning/detection close to observations collected

— Learn patterns (i.e., regularities) in data
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RECAP:
Different Data Analysis Tasks

Classificati i '
assitication * Each type of task is characterized

Clustering by the kinds of data they require
Pattern learning and the kinds of output they
Causal modeling generate

Simulation modeling e Each type of task uses different

algorithms
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When Facing a Learning Task

Supervised, unsupervised, or semi-supervised:

cost of labels

Setting up the learning task

— Classification: What classes to choose
— Clustering: How many target clusters
— Causality: What observables

What data is available

— Collecting data

— Buying data

What features to choose
— Try defining different features

— For some problems, hundreds and maybe
thousands of features may be possible

— Sometimes the features are not directly
observable (ie, there are “latent”
variables)

What learning method
— Better to try different ones
Scalability: processing time
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