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The Progression of Analytics

How can we make
It happen?

What will
happen?

haixpen? nalytics
ham:tw? Analytics

Descriptive \0°
Analytics

Business Value

Reports = Correlations = Predictions < Recommendations

Souroe: Gamrer

Data Analytics Sophistication



Predictive Analytics

carried out in an attempt to
determine the outcome of an event
that might occur in the future.

the models wused for predictive
analytics have implicit dependencies
on the conditions under which the
past events occurred.
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textual
data
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analytics

predictive
analytics



Data Mining Techniques | 5ot

K-Means




CRISP-DM
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http: //mlwiki.org /index.php /CRISP-DM
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Classification

| Decision Tree |
Naive Bayes

Neural Network
Support Vector Machines (SVYM)

o— N
®— A
H— A
A— O

Association Rules

Apriori algorithm

Eclat algorithm

FP-growth algorithm

.............................

.............................

Clustering

| K-Means |
DBSCAN
EM Clustering using GMMs.
Agglomerative Hierarchical



http://dataminingtrend.com/2014/decision-tree-model/
http://dataminingtrend.com/2014/naive-bayes/
http://dataminingtrend.com/2014/neural-network-weka-meaning-part1/
http://dataminingtrend.com/2014/support-vector-machine-svm/
https://en.wikipedia.org/wiki/Association_rule_learning#Apriori_algorithm
https://en.wikipedia.org/wiki/Association_rule_learning#Eclat_algorithm
https://en.wikipedia.org/wiki/Association_rule_learning#FP-growth_algorithm

Classification

Decision Tree




Decision Tree

- daulsidnaula (decision tree) L‘tJumﬁmuunnauIm
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attributes)
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Decision Tree: Information Gain

(%
Y = v o 6

JUNBUNISEST decision tree A¥VINISATUIULADNLORNTUIRNUANUFUNUSAUAa d@U1 g9

A7 Information Gain @11150AUULAINAUNTST ATUETIN

Information Gain = Entropy(initial) - [P(c,) x Entropy(c,) + P(c,) x Entropy(c,) + ...]
e Entropy(c,) = -P(c,) log ,P(c,)

ez P(c,) An ANzl (probability) vas c,



Decision Tree: spam e-mail classification

I'm gonna be home soon and | don't

3 want to talk about this stuff anymore




Decision Tree: Information Gain

e wvee | pspam) - 5/10 = 0.5
1 spam P(normal) =5/10=0.5
2 spam Entropy (initial) = - [P(spam) x log, P(spam) + P(normal) x log, P(normal)]
5 spam
6 — Entropy(initial) = - [0.5 x log, (0.5) + 0.5 x log, (0.5)]
3 spam =-[05x(-1)+05x (-1)]

T3 ol | -1

4 normal
7 normal
9 normal
10 normal




Decision Tree: Information Gain

— P(normal) = 0/3 = 0.0
1 Y spam
— Entropy(Free = Y) =-[1.0 x log, (1.0) + 0.0 x log, (0.0)]
> Y spam = [1.0x0+00x 0]
6 Y spam | =0
2 N spam ]| P(spam) = 2/7 = 0.29
3 N normql _ P(normat) = 5/7 = 071
4 N ormal Entropy(Free = N) = -[0.29 x log,(0.29) + 0.71 x log, (0.71)]
= -[0.29 x (-1.79) + 0.71 x (-0.49) ]
7 N normal - 0.87
8 N spam
Information Gain (Free) = Entropy(initial) - [P (Free = Y) x Entropy(Free = Y)
9 N normal
+ P(Free = N) x Entropy(Free = N) ]
10 N normal

=1-[03x0+0.7 x 0.87]
= 0.39



d519latma (Classification model)

E

ID Free Won Cash Type
1 Y Y Y spam
Eow v v e
3 N N N normal
Wowon e
5 Y N N spam
ooy wn e
7 N N N normal
Wow v el
9 N N N normal
- N N N - classification model

http://dataminingtrend.com /2014 /data-mining-techniques/ensemble-model /



Clustering

K-means




Clustering
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Clustering

n1sdndeyaltreglundusig q aRpalinsInAIANUAGIEART (similarity) 15BATEEENNA
(distance) seniNavaYaLARZ (example)

W sAuIAsEaeadenly wu sreevnegadifiey (Euclidean distance) > o)
2 Y2072

C =01 — %)% + (y1 — ¥2)?

Py (pyy)



Clustering

lun139i1 Clustering 1n15789951909MMUA AD INUIUNAUNADINITUUL UTOINUIUATALNDS
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1. 19NTNUIUVIAFALHDT (K)

2. dudonyneusnas (centroid) TuanmusuIuAdanes
3. fvuslidoyaeglundanofilndian

q. ﬁmfsmmqmuéﬂmqLwiamé’amaﬂmi

5. Y9199 3 uag 4 91 MUNTLN centroid luiinisilasundas



Apply Model

Validation Model




| n1sUssanalyluma (Apply model)

ID Free Won

unseen dala

classification model

http://dataminingtrend.com/2014 /data-mining-techniques/ensemble-model /



| Validate Model




Self-consistency Test

- ld1eya training lun1amaaeuilss@ninineedlung

facebook.com/datacube.th
www.dataminingtrend.com

#5149
classnllcatlon model

classification model

v O

testing data

ID Type Predicted
1 spam spam

3 normal normal

prediction results
http://dataminingtrend.com /2014 /data-mining-techniques/cross-validation/



Split Test

(data)?

base | warehouse | mining

[
- wideayaeandu 2 16

+ training data @115LATWNINIAS LAY testing data AuTUNAADL

facebook.com/datacube.th
Free Won Cash Type www.dataminingtrend.com

Y Y Y  spam * #5719
classification model

........................

ID Free Won Cash Type
3 N N N  normal ;

testing data

classification model

v O

ID Type Predicted

3 normal normal

prediction results

http://dataminingtrend.com /2014 /data-mining-techniques/cross-validation/



Cross-validation

(data)?

base | warehouse | mining

- wiidayasantiu N 9a 1Wu N = 5 478 10

- daya N-1 gadmiuainiuma uay dayadounivaadmiunasay aurinau

ATU N
facebook.com/datacube.th
FAUN 1
www.dataminingtrend.com
ID Free ‘ Won ‘Cash Type
i N v Y GERE
classification model
8 N N N  normal

|ID‘ Free ‘ Won ‘Cash‘ Type ‘
1 Y Y Y  spam

testing dete daya ID 1 linasauluina e :
classification model

Vv o

‘ ID‘ Type ‘Predicted

1 spam spam

http://dataminingtrend.com /2014 /data-mining-techniques/cross-validation/ prediction results



Cross-validation

(data)?

base | warehouse | mining

- wiidayasantiu N 9a 1Wu N = 5 478 10

- daya N-1 gadmiuainiuma uay dayadounivaadmiunasay aurinau

ATU N
facebook.com/datacube.th
FAUN 2
www.dataminingtrend.com
f . ID Free Won Cash Type
1 Y Y Y spam a3
classification model
8 N N N  normal

ID Free ‘ Won ‘Cash Type

' N Y Y ; ;

P |
classification model

ID Type Predicted

http://dataminingtrend.com /2014 /data-mining-techniques/cross-validation/ prediction results



Cross-validation

(data)?

base | warehouse | mining

- wiidayasantiu N 9a 1Wu N = 5 478 10

- daya N-1 gadmiuainiuma uay dayadounivaadmiunasay aurinau
ATU N

facebook.com/datacube.th
www.dataminingtrend.com

|ID‘ Free ‘ Won ‘Cash‘ Type ‘
El‘i"l»‘l
->

— Y spam

B - B

ID‘ Free‘Won‘Cash‘ Type
3 N . N . N  normal

testing dete daya ID 3 linasauluina e :
classification model

Vv o

ID Type Predicted

3 normal normal

http://dataminingtrend.com /2014 /data-mining-techniques/cross-validation/ prediction results



Cross-validation

.+ FRLNY 5-fold cross-validation

training training training training training

................

testing testing testing

http://dataminingtrend.com /2014 /data-mining-techniques/cross-validation/
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il «new process> — RapidMiner Studio Educational 9.1.000 @ — x

File Edit Process View Connections Cloud 3Settings Extensions Help

IRIR=RE S B » - B Views | Design Resuilts Turbo Prep Auto Model 2| Allstudio v

Repository Process Parameters
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as Hide advanced parameters
q/ Change compatibility (9.1.000)
b [ Data Access (50) ~ Recommended Operators (1) b4

» [ Blending (77) Help

. * Retrieve 8% 12% | | [FH Select Attributes 82 6% | | [EZ SetRole 2% 5% VP Filter Examples st 4

= Process

RapidMiner Studio Core

b [ Predictive (61) Data Editor
w % Segmentation (14) EE=EEE SOc BEERE & Case sensitive  [# Synopsi
7 ] k-l'lil'l‘ﬂﬂf"ﬁ 5 M The root operator which is the outer most
operator of every process.

9 Get more operators from the
s Drag&Drop an Example Set from the repository or click ‘Load Example Set or "Create new Example Set to start. o intico




Rapid Miner Studio

Input Ports (inp)

example set (exa)

Retrieve customer-...

inp ‘ !ﬂ MF

training set (tra)

Output Ports (res)
Output (out)
model (mod)
example set (exa)

Fiter Examples

xa ? exa

Decision Tree

tra

mod

es

es



WO r kS h O p Decision tree

K-Means
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Modeling Process

1RUSZENSAIN
[P
Performance

Preprocessing ERMETEER Uszgnsildlaea nasauluaa

(cleansing) Modeling Apply model Validation




Workshop 1 Decision Tree

‘
Apply Model
Lab2

Lab3

Test Model

Validate Model



Workshop 2 K-means




