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We are drowning in information but
starved for knowledge.

— John Nausbidlt —
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Data analysis / Pattern analysis,
Data archaeology,

Data dredging
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ge extraction,
ge Discovery in Databases
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Data Collection and Database Creation
(1960= and earlier)
W Primitive file processing

k
Database Management Systems
(19705 to early 1980s)
W Hierarchical and network database systems
W Relational database systems
B Data modeling: entity-relationship models, etc.
W Indexing and accessing methods
W Query languages: SOL, etc.
W User interfaces, forms, and reports
W Query processing and optimization
B Transactions, concurmency control, and recovery
B Onling transaction processing (OLTF)

v ¥
Advanced Database Systems Advanced Data Analysis
(mid-1980s to present) (late-1980s to present)
W Advanced data models: extended-relational, W Data warehouse and OLAP

object relational. deductive, etc.

B Managing complex data: spatial, temporal,
multimedia. sequence and structured,
scientific, engineering, moving objects, etc.

W [Data streams and cyber-physical data systems

B Web-based databases (XML, semantic web)

B Managing uncertain data and data cleaning

B Integration of heterogeneous sources

W Text database sysiems and integration with
information retrieval

W Extremely large data management

W Database system tuning and adaptive systems

B Advanced queries: ranking, skyline, etc.

B Cloud computing and paralle] data processing

W [ssues of data privacy and security

W Data mining and knowledge discovery:
classification, clustering, outlier analysis,
association and correlation, comparative
summary, discrimination analysis, pattern
discovery, trend and deviation analysis, etc.

W Mining complex types of data: streams,
sequence, text, spatial, temporal, multimeadia,
Web, networks, elc.

W Data mining applications: busingss, society,
retail. banking, telecommunications, science
and engineering, blogs, daily life. etc.

B Data mining and society: invisible data
mining, privacy-preserving data mining,
mining social and information networks,
recommender systems, etc.

Future Generation of Information Systems
{Present to future)
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Database aslselSsL
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customer  (cust_ID, name, address, age, occupation, annualincome, credit_information,

category, ...)
itern  (item_ID), brand, category, type, price, place_made, supplier, cost, ...)
employee  (emplID, name, category, group, salary, commission, ...)
branch  {(branch_ID, name, address, ...)
purchases  (trans_ID, cust_ID, empl_ID, date, time, method_paid, amount)
ttemis_sold  (trans_ID, item_ID, gty)
works_at  (emplID, branch_ID)
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customer  (cust_ID, name, address, age, occupation, annualincome, credit_information,

category, ...)
itern  (item_ID), brand, category, type, price, place_made, supplier, cost, ...)
employee  (emplID, name, category, group, salary, commission, ...)
branch  {(branch_ID, name, address, ...)
purchases  (trans_ID, cust_ID, empl_ID, date, time, method_paid, amount)
ttemis_sold  (trans_ID, item_ID, gty)
works_at  {emplID, branch_ID)
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Data source in Toronto | ;f —

Data source in Vancouver
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characterization and discrimmatlon
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mining of frequent patterns, associations,
and correlations
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classification and regression
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A 2-D plot of customer data with respect to customer locations in a city, showing three data
clusters.
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Statistics

Database systems

Data warehouse

Information
retrieval

TLLEE

Machine leaming Pattern recognition
/ Visualization
Data Mining
_ \
Algonthms
Applications High-performance

computing
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name age income loan_decision
Sandy Jones youth low risky
Bill Lee youth low nsky
Caroline Fox muddle_aged high sale
Rick Field  middle_aged low risky —
Susan Lake senior low safe Classification rules
Claire Phips senior medium safe
Joe Smith middle_aged high safe
IF age = youth THEN loan_decision = risky

IF income = high THEN loan_decision = safe
IF age = middle_aged AND income = low
THEN loan_decision = risky
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Test data
name age income loan_decision
Loan decision?
Juan Bello  senior low safe on

Sylvia Crest middle_aged low risky
Anne Yee  middle aged high  safe

risky
(b)
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Mike |Assistant Prof 3

Mary |Assistant Prof 4 yes
Bill Professor 2 yes
Jim Associate Prof 7 yes
Dave |Assistant Prof 6 no
Anne |Associate Prof 3 no

LIS

Classifier
(J)
/w

IF rank = ‘professor’
OR years > 6
THEN tenured = ‘yes’
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Tom Assistant Prof 2 no
Merlisa |Associate Prof 7 no
George |Professor 5 yes
Joseph |Assistant Prof 7 yes
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(Jeff, Professor, 4)
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Example 1
If S is a collection of 14 examples with 9 YES and 5 NO examples then

Entropy(S) = - (9/14) Log2 (9/14) - (5/14) Log2 (5/14) = 0.940

Notice entropy is O if all members of S belong to the same class (the data is
perfectly classified). The range of entropy is O ("perfectly classified") to 1
("totally random").

Gain(S, A) is information gain of example set S on attribute A is defined as

Gain(S, A) = Entropy(S) - Z ((|S,| / |S]) * Entropy(S,))
Where:

> Is each value v of all possible values of attribute A
S, = subset of S for which attribute A has value v

|S,| = number of elements in S,

IS| = number of elements in S
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Example 2

Suppose S is a set of 14 examples in which one of the attributes is
wind speed. The values of Wind can be Weak or Strong. The
classification of these 14 examples are 9 YES and 5 NO. For attribute
Wind, suppose there are 8 occurrences of Wind = Weak and 6
occurrences of Wind = Strong. For Wind = Weak, 6 of the examples
are YES and 2 are NO. For Wind = Strong, 3 are YES and 3 are NO.
Therefore

Gain(S,Wind)=Entropy(S)-(8/14)*Entropy(S,..,)-
(6/14)*Entropy(Son)

=0.940 - (8/14)*0.811 - (6/14)*1.00

=0.048

Entropy(S,,..) = - (6/8)*log2(6/8) - (2/8)*log2(2/8) = 0.811
Entropy(Sgeng) = - (3/6)*1092(3/6) - (3/6)*log2(3/6) = 1.00

For each attribute, the gain is calculated and the highest gain is used
In the decision node.
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Example of 1D3
Suppose we want ID3 to decide whether the weather Is amenable to

playing baseball. Over the course of 2 weeks, data is collected to help ID3
build a decision tree (see table 1).
The target classification is "should we play baseball?" which can be yes or
no.

The weather attributes are outlook, temperature, humidity, and wind
speed. They can have the following values:

outlook = { sunny, overcast, rain }

temperature = {hot, mild, cool }

humidity = { high, normal }

wind = {weak, strong }
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Day Outlook Temperature  Humidity Wind Play b
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes
D10 Rain Mild Normal Weak Yes
D11 Sunny Mild Normal Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes *

D14 Rain Mild High Strong No
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We need to find which attribute will be the root node in our decision
tree. The gain is calculated for all four attributes:

Gain(S, Outlook) = 0.246

Gain(S, Temperature) = 0.029

Gain(S, Humidity) = 0.151

Gain(S, Wind) = 0.048 (calculated in example 2)

Outlook attribute has the highest gain, therefore it is used as the
decision attribute in the root node.
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Since Outlook has three possible values, the root node has three branches
(sunny, overcast, rain). The next question Is "what attribute should be
tested at the Sunny branch node?" Since we=92ve used Outlook at the
root, we only decide on the remaining three attributes: Humidity,
Temperature, or Wind.

Saumy = 1D1, D2, D8, D9, D11} = 5 examples from table 1 with outlook =
sunny

Gain(Sq,nny, Humidity) = 0.970

Gain(Sgnn, Temperature) = 0.570 \
Gain(Sg,pny, Wind) = 0.019

Humidity has the highest gain; therefore, it is used as the decision node.

This process goes on until all data is classified perfectly or we run out of
attributes.
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Outlook
Sunmy Fain
/ Crercast
Humidity Wind
7N 7
High Mormal Strong VYieak

PO A

No Yes No Yes
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The final decision = tree

The decision tree can also be expressed in rule format:

F outlook = sunny AND humidity = high THEN playball = no
F outlook = rain AND humidity = high THEN playball = no

F outlook = rain AND wind = strong THEN playball = yes

F outlook = overcast THEN playball = yes

F outlook = rain AND wind = weak THEN playball = yes

D3 has been incorporated in a number of commercial rule-
Induction packages. Some specific applications include medical
diagnosis, credit risk assessment of loan applications, equipment
malfunctions by their cause, classification of soybean diseases,
and web search classification.
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Day Outlook Temp. Humidity |Wind Decision
1 Sunny 85 85 Weak No
2 Sunny 80 90 Strong No
3 Overcast 83 78 Weak Yes
4 Rain 70 96 Weak Yes
5 Rain 68 80 Weak Yes
6 Rain 65 70 Strong No
7 Overcast 64 65 Strong Yes
8 Sunny 72 95 Weak No
9 Sunny 69 70 Weak Yes
10 Rain 75 80 Weak Yes
11 Sunny 75 70 Strong Yes
12 Overcast 72 90 Strong Yes
13 Overcast 81 75 Weak Yes
14 Rain 71 80 Strong No
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We will do what we have done in |D3 example. Firstly, we
need to calculate global entropy. There are 14 examples; 9

Instances refer to yes decision, and 5 instances refer to no
decision.

Entropy(Decision) = > —p(l) . log,p(l) = — p(Yes) . log,p(Yes)
— p(No) . log,p(No) = —(9/14) . log,(9/14) — (5/14) . log,(5/14)
=0.940

In ID3 algorithm, we've calculated gains for each attribute.
Here, we need to calculate gain ratios instead of gains.
GainRatio(A) = Gain(A) / Splitinfo(A)

Splitinfo(A) = -> |Dj|/|D| x log,|Dj|/|D|



https://sefiks.com/2017/11/20/a-step-by-step-id3-decision-tree-example/
https://sefiks.com/2017/11/20/a-step-by-step-id3-decision-tree-example/
https://sefiks.com/2017/11/20/a-step-by-step-id3-decision-tree-example/
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Wind Attribute

Wind is a nominal attribute. Its possible values are weak and strong.
Gain(Decision, Wind) = Entropy(Decision) — > ( p(Decision|Wind) .
Entropy(Decision|Wind) )

Gain(Decision, Wind) = Entropy(Decision) — [ p(Decision|Wind=Weak) .
Entropy(Decision|Wind=Weak) ] + [ p(Decision|Wind=Strong) .
Entropy(Decision|Wind=Strong) ]

There are 8 weak wind instances. 2 of them are concluded as no, 6 of them are
concluded as yes.

Entropy(Decision|Wind=Weak) = — p(No) . log,p(No) — p(Yes) . log,p(Yes) = —
(2/8) . log,(2/8) — (6/8) . log,(6/8) = 0.811

Entropy(Decision|Wind=Strong) = — (3/6) . log,(3/6) — (3/6) . log,(3/6) = 1
Gain(Decision, Wind) = 0.940 — (8/14).(0.811) — (6/14).(1) = 0.940 — 0.463 — 0.428
=0.049

There are 8 decisions for weak wind, and 6 decisions for strong wind.
Splitinfo(Decision, Wind) = -(8/14).l0g,(8/14) — (6/14).l0g,(6/14) = 0.461 + 0.524 =
0.985

GainRatio(Decision, Wind) = Gain(Decision, Wind) / Splitinfo(Decision, Wirid)
=0.049/0.985 =0.049
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Outlook Attribute

Outlook is a nominal attribute, too. Its possible values are sunny, overcast and rain.
Gain(Decision, Outlook) = Entropy(Decision) — > ( p(Decision|Outlook) .
Entropy(Decision|Outlook) ) =

Gain(Decision, Outlook) = Entropy(Decision) — p(Decision|Outlook=Sunny) .
Entropy(Decision|Outlook=Sunny) — p(Decision|Outlook=Overcast) .
Entropy(Decision|Outlook=0Overcast) — p(Decision|Outlook=Rain) .
Entropy(Decision|Outlook=Rain)

There are 5 sunny instances. 3 of them are concluded as no, 2 of them are concluded as yes.
Entropy(Decision|Outlook=Sunny) = — p(No) . log,p(No) — p(Yes) . log,p(Yes) = -(3/5).109,(3/5)
— (2/5).l0g,(2/5) = 0.441 + 0.528 = 0.970

Entropy(Decision|Outlook=0Overcast) = — p(No) . log,p(No) — p(Yes) . log,p(Yes) = -
(0/4).109,(0/4) — (4/4).l09,(4/4) = 0

Notice that log,(0) is actually equal to -« but assume that it is equal to 0. Actually, lim (x->0)
x.log,(x) = 0. If you wonder the proof, please look at (his post.
Entropy(Decision|Outlook=Rain) = — p(No) . log,p(No) — p(Yes) . log,p(Yes) = -(2/5).l0g,(2/5) —
(3/5).109,(3/5) = 0.528 + 0.441 = 0.970

Gain(Decision, Outlook) = 0.940 — (5/14).(0.970) — (4/14).(0) — (5/14).(0.970) — (5/14).(0.970) =
0.246

There are 5 instances for sunny, 4 instances for overcast and 5 instances for rain
Splitinfo(Decision, Outlook) = -(5/14).log,(5/14) -(4/14).lo9,(4/14) -(5/14).l09,(5/14) = 1.577
GainRatio(Decision, Outlook) = Gain(Decision, Outlook)/Splitinfo(Decision, Outlook) =

N £ AN A Eme~—m N Arrrre



https://sefiks.com/2018/08/25/indeterminate-forms-and-lhospitals-rule-in-decision-trees/
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Humidity Attribute

As an exception, humidity is
a continuous attribute. We
need to convert continuous
values to nominal ones.
C4.5 proposes to perform
binary split based on a
threshold value. Threshold
should be a value which
offers maximum gain for that
attribute. Let’s focus on
humidity attribute. Firstly, we
need to sort humidity values
smallest to largest.

Day Humidity Decision
7 65 Yes
6 70 No
9 70 Yes
11 70 Yes
13 75 Yes
3 78 Yes
5 80 Yes
10 80 Yes
14 80 No
1 85 No
2 90 No
12 90 Yes
8 95 No
4 96 Yes
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Now, we need to iterate on all humidity values and separate dataset into two parts as
instances less than or equal to current value, and instances greater than the current value.
We would calculate the gain or gain ratio for every step. The value which maximizes the gain
would be the threshold.

Check 65 as a threshold for humidity

Entropy(Decision|Humidity<=65) = — p(No) . log,p(No) — p(Yes) . log,p(Yes) = -(0/1).log,(0/1)
—(1/1).log,(1/1) =0

Entropy(Decision|Humidity>65) = -(5/13).log,(5/13) — (8/13).l0g,(8/13) =0.530 + 0.431 =
0.961

Gain(Decision, Humidity<> 65) = 0.940 — (1/14).0 — (13/14).(0.961) = 0.048

* The statement above refers to that what would branch of decision tree be for less than or
equal to 65, and greater than 65. It does not refer to that humidity is not equal to 65!
Splitinfo(Decision, Humidity<> 65) = -(1/14).log,(1/14) -(13/14).log,(13/14) = 0.371
GainRatio(Decision, Humidity<> 65) = 0.126

Check 70 as a threshold for humidity

Entropy(Decision|Humidity<=70) = — (1/4).log,(1/4) — (3/4).log,(3/4) = 0.811
Entropy(Decision|Humidity>70) = — (4/10).log,(4/10) — (6/10).log,(6/10) = 0.970
Gain(Decision, Humidity<> 70) = 0.940 — (4/14).(0.811) — (10/14).(0.970) = 0.940 — 0.231 —
0.692 =0.014
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Splitinfo(Decision, Humidity<> 70) = -(4/14).log,(4/14) -
(10/14).log,(10/14) = 0.863

GainRatio(Decision, Humidity<> 70) = 0.016

Check 75 as a threshold for humidity
Entropy(Decision|Humidity<=75) = — (1/5).log,(1/5) — (4/5).l109,(4/5) =
0.721

Entropy(Decision|Humidity>75) = — (4/9).log,(4/9) — (5/9).log,(5/9) =
0.991

Gain(Decision, Humidity<> 75) = 0.940 — (5/14).(0.721) —
(9/14).(0.991) = 0.940 — 0.2575 — 0.637 = 0.045

Splitinfo(Decision, Humidity<> 75) = -(5/14).log,(4/14) -
(9/14).10g,(10/14) = 0.940

GainRatio(Decision, Humidity<> 75) = 0.047

| think calculation demonstrations are enough. Now, | skip the
calculations and write only resullts.

ain(Decision, Humidity <> 78) =0.090, GainRatio(Decision, Humidity*
> 78) =0.090
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Gain(Decision, Humidity <> 80) = 0.101, GainRatio(Decision, Humidity <> 80) =
0.107

Gain(Decision, Humidity <> 85) = 0.024, GainRatio(Decision, Humidity <> 85) =
0.027

Gain(Decision, Humidity <> 90) = 0.010, GainRatio(Decision, Humidity <> 90) =
0.016

Gain(Decision, Humidity <> 95) = 0.048, GainRatio(Decision, Humidity <> 95) =
0.128

Here, | ignore the value 96 as threshold because humidity cannot be greater than
this value.

As seen, gain maximizes when threshold is equal to 80 for humidity. This
means that we need to compare other nominal attributes and comparison of
humidity to 80 to create a branch in our tree.

Let's summarize calculated gain and gain ratios. Outlook attribute comes with both
maximized gain and gain ratio. This means that we need to put outlook decision in
oot of decision tree.
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Attribute Gain GainRatio
Wind 0.049 0.049
Outlook 0.246 0.155
Humidity <> 80 0.101 0.107

After then, we would apply similar steps just like as ID3 and create
following decision tree. Outlook is put into root node. Now, we should
look decisions for different outlook types.
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Outlook = Sunny

We've split humidity for greater than 80, and less than or equal to 80.
Surprisingly, decisions would be no if humidity is greater than 80 when outlook
Is sunny. Similarly, decision would be yes if humidity is less than or equal to 80
for sunny outlook.

Day Outlook Temp. Hum. > 80 | Wind Decision
1 Sunny 85 Yes Weak No
2 Sunny 80 Yes Strong No
8 Sunny 72 Yes Weak No
9 Sunny 69 No Weak Yes
11 Sunny 75 No Strong Yes
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Outlook = Overcast

If outlook is overcast, then no matter temperature, humidity or wind are,
decision will always be yes.

Day Outlook | Temp. ;lg m. = Wind Decision
3 Overcast | 83 No Weak Yes
7 Overcast | 64 No Strong Yes
12 Overcast | 72 Yes Strong Yes
13 Overcast | 81 No Weak Yes
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Outlook = Rain

We've just filtered rain outlook instances. As seen, decision would be yes when
wind is weak, and it would be no if wind is strong.
Final form of decision table is demonstrated below.

Day Outlook | Temp. ;lg m. > Wind Decision
4 Rain 70 Yes Weak Yes
5 Rain 68 No Weak Yes
6 Rain 65 No Strong No
10 Rain 75 No Weak Yes
14 Rain 71 No Strong No
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Conclusion

So, C4.5 algorithm solves most of problems in ID3. The
algorithm uses gain ratios instead of gains. In this way, it
creates more generalized trees and not to fall into overfitting.
Moreover, the algorithm transforms continuous attributes to
nominal ones based on gain maximization and in this way it
can handle continuous data. Additionally, it can ignore
Instances including missing data and handle missing dataset.
On the other hand, both ID3 and C4.5 requires high CPU and
memory demand. Besides, most of authorities think decision
tree algorithms in data mining field instead of machine
learning.
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Day Outlook Temp. Humidity (Wind Golf Players
1 Sunny Hot High Weak 25
2 Sunny Hot High Strong 30
3 Overcast | Hot High Weak 46
4 Rain Mild High Weak 45
5 Rain Cool Normal Weak 52
6 Rain Cool Normal Strong 23
7 Overcast | Cool Normal Strong 43
8 Sunny Mild High Weak 35
9 Sunny Cool Normal Weak 38
10 Rain Mild Normal Weak 46
11 Sunny Mild Normal Strong 48
12 Overcast | Mild High Strong 52
13 Overcast | Hot Normal Weak 44
14 Rain Mild High Strong 30
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Standard deviation

Golf players = {25, 30, 46, 45, 52, 23, 43, 35, 38, 46, 48, 52, 44, 30}
Average of golf players =(25+30+46+45+52+23+43+35+38+46+48+52+44 + 3
)/14 = 39.78
Standard deviation of golf players = V[( (25 — 39.78)2 + (30 — 39.78)2 + (46 — 39.78)2 + ... + (30
39.78)2)/14] = 9.32

Day Outlook | Temp. Humidity = Wind Golf Players

1 Sunny Hot High Weak 25

2 Sunny Hot High Strong 30

8 Sunny Mild High Weak 35

9 Sunny Cool Normal | Weak 38

11 Sunny Mild Normal | Strong 48
Outlook

Outlook can be sunny, overcast and rain. We need to calculate

standard deviation of golf players for all of these outlook candidates.

116
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Golf players for sunny outlook = {25, 30, 35, 38, 48}
Average of golf players for sunny outlook = (25+30+35+38+48)/5 = 35.2
Standard deviation of golf players for sunny outlook = V(((25 — 35.2)2 + (30 — 35.2)2 +

...)5)=7.78 Overcast outlook
Day Outlook | Temp. Humidity | Wind Golf Players
3 Overcast  Hot High Weak 46
7 Overcast  Cool Normal | Strong 43
12 Overcast | Mild High Strong 52
13 Overcast  Hot Normal | Weak 44

Golf players for overcast outlook = {46, 43, 52, 44}

Average of golf players for overcast outlook = (46 + 43 + 52 + 44)/4 = 46.25
Standard deviation of golf players for overcast outlook = V(((46-46.25)2+(43-
46.25)%+...)= 3.49
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Day Outlook | Temp. Humidity = Wind Golf Players
4 Rain Mild High Weak 45
5 Rain Cool Normal | Weak 52
6 Rain Cool Normal | Strong 23
10 Rain Mild Normal | Weak 46
14 Rain Mild High Strong 30

Rainy outlook

Golf players for overcast outlook = {45, 52, 23, 46, 30}

Average of golf players for overcast outlook = (45+52+23+46+30)/5 = 39.2
Standard deviation of golf players for rainy outlook = V(((45 — 39.2)2+(52 —
39.2)%+...)/5)=10.87
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Summarizing standard deviations for the outlook feature

Outlook Stdev of Golf Players Instances
Overcast 3.49 4
Rain 10.87 5
Sunny 7.78 5

Weighted standard deviation for outlook = (4/14)x3.49 + (5/14)x10.87 + (5/14)x7.78 = 7.66
You might remember that we have calculated the global standard deviation of golf players
9.32 in previous steps. Standard deviation reduction is difference of the global standard
deviation and standard deviation for current feature. In this way, maximized standard
deviation reduction will be the decision node.

Standard deviation reduction for outlook = 9.32 — 7.66 = 1.66 119
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Temperature

Temperature can be hot, cool or mild. We will calculate standard deviations for those
candidates.

Hot temperature

Day Outlook | Temp. Humidity = Wind Golf Players
1 Sunny Hot High Weak 25
2 Sunny Hot High Strong 30
3 Overcast | Hot High Weak 46
13 Overcast  Hot Normal | Weak 44

Golf players for hot temperature = {25, 30, 46, 44}
Standard deviation of golf players for hot temperature = 8.95




Qw5 5 o 39 il (Sl

Cool temperature

Day Outlook | Temp. Humidity | Wind Golf Players
5 Rain Cool Normal | Weak 52
6 Rain Cool Normal | Strong 23
7 Overcast  Cool Normal | Strong 43
9 Sunny Cool Normal @ Weak 38

Golf players for cool temperature = {52, 23, 43, 38}
Standard deviation of golf players for cool temperature = 10.51
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Mild temperature

Day Outlook | Temp. Humidity = Wind Golf Players
4 Rain Mild High Weak 45
8 Sunny Mild High Weak 35
10 Rain Mild Normal | Weak 46
11 Sunny Mild Normal | Strong 48
12 Overcast | Mild High Strong 52
14 Rain Mild High Strong 30

Golf players for mild temperature = {45, 35, 46, 48, 52, 30}
Standard deviation of golf players for mild temperature = 7.65
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Summarizing standard deviations for temperature feature

Temperature Stdev of Golf Players Instances
Hot 8.95 4
Cool 10.51 4
Mild 7.65 6

Weighted standard deviation for temperature = (4/14)x8.95 + (4/14)x10.51 +

(6/14)x7.65 = 8.84
Standard deviation reduction for temperature = 9.32 — 8.84 = 0.47
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Humidity

Humidity is a binary class. It can either be normal or high.

High humidity
Day Outlook | Temp. Humidity @ Wind Golf Players
1 Sunny Hot High Weak 25
2 Sunny Hot High Strong 30
3 Overcast | Hot High Weak 46
4 Rain Mild High Weak 45
8 Sunny Mild High Weak 35
12 Overcast | Mild High Strong 52
14 Rain Mild High Strong 30

Golf players for high humidity = {25, 30, 46, 45, 35, 52, 30}
Standard deviation for golf players for high humidity = 9.36
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Normal humidity

Day Outlook | Temp. Humidity | Wind Golf Players
5 Rain Cool Normal | Weak 52
6 Rain Cool Normal | Strong 23
7 Overcast  Cool Normal | Strong 43
9 Sunny Cool Normal | Weak 38
10 Rain Mild Normal | Weak 46
11 Sunny Mild Normal | Strong 48
13 Overcast | Hot Normal | Weak 44

Golf players for normal humidity = {52, 23, 43, 38, 46, 48, 44}
Standard deviation for golf players for normal humidity = 8.73
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Summarizing standard deviations for humidity feature

Humidity Stdev of Golf Player Instances
High 9.36 7
Normal 8.73 7

Weighted standard deviation for humidity = (7/14)x9.36 + (7/14)x8.73 = 9.04
Standard deviation reduction for humidity = 9.32 — 9.04 = 0.27
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Wind
Wind is a binary class, too. It can either be Strong or Weak.
Strong Wind

Day Outlook | Temp. Humidity = Wind Golf Players

2 Sunny Hot High Strong 30

6 Rain Cool Normal | Strong 23

7 Overcast  Cool Normal | Strong 43

11 Sunny Mild Normal | Strong 48

12 Overcast | Mild High Strong 52

14 Rain Mild High Strong 30

Golf players for strong wind= {30, 23, 43, 48, 52, 30}
Standard deviation for golf players for strong wind = 10.59
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Weak Wind

1 Sunny Hot High Weak 25
3 Overcast | Hot High Weak 46
4 Rain Mild High Weak 45
5 Rain Cool Normal | Weak 52
8 Sunny Mild High Weak 35
9 Sunny Cool Normal | Weak 38
10 Rain Mild Normal | Weak 46
13 Overcast | Hot Normal | Weak 44

Golf players for weakk wind= {25, 46, 45, 52, 35, 38, 46, 44}
Standard deviation for golf players for weak wind = 7.87
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Summarizing standard deviations for wind feature

Wind Stdev of Golf Player Instances
Strong 10.59 6
Weak 7.87 8

Weighted standard deviation for wind = (6/14)x10.59 + (8/14)x7.87 = 9.03
Standard deviation reduction for wind = 9.32 — 9.03 = 0.29
So, we've calculated standard deviation reduction values for all features.

The winner is outlook because it has the highest score.
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Feature Standard Deviation Reduction
Outlook 1.66
Temperature 0.47
Humidity 0.27
Wind 0.29

WEe'll put outlook decision at the top of decision tree. Let’'s monitor the
new sub data sets for the candidate branches of outlook feature.




Sunny Outlook
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Day Outlook | Temp. Humidity | Wind Golf Players
1 Sunny Hot High Weak 25
2 Sunny Hot High Strong 30
8 Sunny Mild High Weak 35
9 Sunny Cool Normal Weak 38
11 Sunny Mild Normal Strong | 48

Golf players for sunny outlook = {25, 30, 35, 38, 48}
Standard deviation for sunny outlook = 7.78
Notice that we will use this standard deviation value as global

standard deviation for this sub data set.
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Sunny outlook and Hot Temperature

Day Outlook | Temp. Humidity | Wind Golf Players
1 Sunny Hot High Weak 25
2 Sunny Hot High Strong 30

Standard deviation for sunny outlook and hot temperature

=2.5

Sunny outlook and Cool Temperature

Day

Outlook

Temp.

Humidity

wind

Golf Players

9

Sunny

Cool

Normal

Weak

38

Standard deviation for sunny outlook and cool temperature = 0




Sunny outlook and Mild Temperature
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Day Outlook | Temp. Humidity | Wind Golf Players
8 Sunny Mild High Weak 35
11 Sunny Mild Normal Strong | 48
Standard deviation for sunny outlook and mild temperature = 6.5
Summary of standard deviations for temperature
feature when outlook is sunny
Temperature Stdev for Golf Players Instances
Hot 2.5 2
Cool 0 1
Mild 6.5 2

Weighted standard deviation for sunny outlook and temperature = (2/5)x2.5 + (1/5)x0 + (2/5)x6.5 = 3.6
Standard deviation reduction for sunny outlook and temperature = 7.78 — 3.6 = 4.18
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Sunny outlook and high humidity

Day Outlook | Temp. | Humidity | Wind Golf Players

1 Sunny Hot High Weak 25

2 Sunny Hot High Strong 30

8 Sunny Mild High Weak 35

Standard deviation for sunny outlook and high humidity =

4.08

Sunny outlook and normal humidity
Day Outlook | Temp. | Humidity @ Wind Golf Players
9 Sunny Cool Normal Weak 38
11 Sunny Mild Normal Strong 48

Standard deviation for sunny outlook and normal humidity = 5
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Summarizing standard deviations for humidity feature
when outlook is sunny

Humidity Stdev for Golf Players Instances
High 4.08 3
Normal 5.00 2

Weighted standard deviations for sunny outlook and
humidity = (3/5)x4.08 + (2/5)x5 = 4.45

Standard deviation reduction for sunny outlook and
humidity = 7.78 — 4.45 = 3.33

Sunny outlook and Strong Wind

Day Outlook | Temp. | Humidity @ Wind Golf Players
2 Sunny Hot High Strong 30
11 Sunny Mild Normal Strong 48

Standard deviation for sunny outlook and strong wind = 9
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Sunny outlook and Weak Wind

Day Outlook | Temp. | Humidity @ Wind Golf Players
1 Sunny Hot High Weak 25
8 Sunny Mild High Weak 35
9 Sunny Cool Normal Weak 38

Standard deviation for sunny outlook and weak wind = 5.56

Wind Stdev for Golf Players Instances
Strong 9 2
Weak 5.56 3

Weighted standard deviations for sunny outlook and wind = (2/5)x9 + (3/5)x5.56 = 6.93
Standard deviation reduction for sunny outlook and wind = 7.78 — 6.93 = 0.85
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We’ve calculated standard deviation reductions for sunny outlook. The winner is temperature.

Feature Standard Deviation Reduction
Temperature 4.18
Humidity 3.33
Wind 0.85
Pruning

Cool branch has one instance in its sub data set. We can say that if outlook is sunny and
temperature is cool, then there would be 38 golf players. But what about hot branch? There
are still 2 instances. Should we add another branch for weak wind and strong wind? No, we
should not. Because this causes over-fitting. We should terminate building branches, for
example if there are less than five instances in the sub data set. Or standard deviation of the
sub data set can be less than 5% of the entire data set. | prefer to apply the first one. | will
terminate the branch if there are less than 5 instances in the current sub data set. If this
termination condition is satisfied, then | will calculate the average of the sub data set. Thi
operation is called as pruning in decision tree trees. 17



Overcast outlook
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Overcast outlook branch has already 4 instances in the sub data set. We can terminate building branches for this
leaf. Final decision will be average of the following table for overcast outlook.

Day Outlook | Temp. | Humidity @ Wind Golf Players
3 ?"ercas Hot High Weak 46
7 tOvercas Cool Normal Strong 43
12 ?"ercas Mild High Strong 52
13 ?vercas Hot Normal Weak 44

If outlook is overcast, then there would be
(46+43+52+44)/4 = 46.25 golf players.
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Rainy Outlook

Day Outlook | Temp. | Humidity @ Wind Golf Players
4 Rain Mild High Weak 45
5 Rain Cool Normal Weak 52
6 Rain Cool Normal Strong 23
10 Rain Mild Normal Weak 46
14 Rain Mild High Strong 30

We need to find standard deviation reduction values for the rest of the features in same way for the sub data set above.
Standard deviation for rainy outlook = 10.87
Notice that we will use this value as global standard deviation for this branch in reduction step.
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Rainy outlook and temperature

Temperature Standard deviation for golf players instances
Cool 14.50 2
Mild 7.32 3

Weighted standard deviation for rainy outlook and temperature = (2/5)x14.50 +
(3/5)x7.32 = 10.19

Standard deviation reduction for rainy outlook and temperature = 10.87 — 10.19 =
0.67

Rainy outlook and humidity

Humidity Standard deviation for golf players instances
High 7.50 2
Normal 12.50 3

Weighted standard deviation for rainy outlook and humidity = (2/5)x7.50 + (3/5)x12.50 = 10.50
Standard deviation reduction for rainy outlook and humidity = 10.87 — 10.50 = 0.37
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Rainy outlook and wind

Wind Standard deviation for golf players | instances
Weak 3.09 3
Strong 3.5 2

Weighted standard deviation for rainy outlook and wind = (3/5)x3.09 + (2/5)x3.5 = 3.25
Standard deviation reduction for rainy outlook and wind = 10.87 — 3.25 = 7.62

Summarizing rainy outlook
As illustrated below, the winner is wind feature.

Feature Standard deviation reduction
Temperature 0.67
Humidity 0.37
Wind 7.62
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So, we have mentioned how to build decision trees for regression
problems. Even though, decision trees are powerful way to classify
problems, they can be adapted into regression problems as
mentioned. Regression trees tend to over-fit much more than
classification trees. Termination rule should be tuned carefully to avoid
over-fitting. Finally, lecture notes of Dr. Saed Sayad (University of
Toronto) quides me to create this content.



http://chem-eng.utoronto.ca/~datamining/Presentations/Decision_Trees.pdf
http://chem-eng.utoronto.ca/~datamining/dmc/decision_tree_reg.htm
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Day Outlook Temp. Humidity Wind Decision
1 Sunny Hot High Weak No
2 Sunny Hot High Strong No
3 Overcast Hot High Weak Yes
4 Rain Mild High Weak Yes
5 Rain Cool Normal Weak Yes
6 Rain Cool Normal Strong No
7 Overcast Cool Normal Strong Yes
8 Sunny Mild High Weak No
9 Sunny Cool Normal Weak Yes

10 Rain Mild Normal Weak Yes
11 Sunny Mild Normal Strong Yes
12 Overcast Mild High Strong Yes
13 Overcast Hot Normal Weak Yes
14 Rain Mild High Strong No
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Ginl Index

Gini index is a metric for classification tasks in CART. It stores sum of squared
probabilities of each class. We can formulate it as illustrated below.
Gini =1 — 2 (Pi) for i=1 to number of classes

Outlook

Outlook is a nominal feature. It can be sunny, overcast or rain. | will
summarize the final decisions for outlook feature.

Outlook Yes No Number of instances
Sunny 2 3 5
Overcast 4 0 4
Rain 3 2 5

Gini(Outlook=Sunny) = 1 — (2/5)?> - (3/5)?=1-0.16 — 0.36 = 0.48
Gini(Outlook=0Overcast) = 1 — (4/4)? — (0/4)2 =0

Gini(Outlook=Rain) =1 — (3/5)? — (2/5)?=1-0.36 — 0.16 = 0.48

Then, we will calculate weighted sum of gini indexes for outlook feature.
Gini(Outlook) = (5/14) x 0.48 + (4/14) x 0 + (5/14) x 0.48 = 0.171 + 0 +
0.171 =0.342
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Temperature

Similarly, temperature is a nominal feature and it could have 3
different values: Cool, Hot and Mild. Let's summarize decisions for
temperature feature.

Temperature Yes No Number of instances
Hot 2 2 4
Cool 3 1 4
Mild 4 2 6

Gini(Temp=Hot) =1 - (2/4)2 - (2/4)2 = 0.5

Gini(Temp=Cool) =1 - (3/4)2 - (1/4)2 =1 - 0.5625 — 0.0625 = 0.375
Gini(Temp=Mild) =1 - (4/6)2 — (2/6)2 =1 — 0.444 — 0.111 = 0.445
We'll calculate weighted sum of gini index for temperature feature
Gini(Temp) = (4/14) x 0.5 + (4/14) x 0.375 + (6/14) x 0.445 = 0.142 +
0.107 + 0.190 = 0.439

155
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Humidity

Humidity is a binary class feature. It can be high or
normal.

Humidity Yes No Number of instances
High 3 4 7

Normal 6 1 7

Gini(Humidity=High) =1 - (3/7)2 — (4/7)2=1 - 0.183 — 0.326 = 0.489
Gini(Humidity=Normal) =1 - (6/7)2 - (1/7)2=1-0.734 — 0.02 = 0.244
Weighted sum for humidity feature will be calculated next
Gini(Humidity) = (7/14) x 0.489 + (7/14) x 0.244 = 0.367
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Wind

Wind is a binary class similar to humidity. It can be weak
and strong

Wind Yes No Number of instances

Weak 6 2 8

Strong 3 3 6

Gini(Wind=Weak) = 1 — (6/8)2 — (2/8)2 =1 — 0.5625 — 0.062 = 0.375
Gini(Wind=Strong) =1 - (3/6)2 - (3/6)2=1-0.25-0.25=0.5
Gini(Wind) = (8/14) x 0.375 + (6/14) x 0.5 = 0.428
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Time to decide
We've calculated gini index values for each feature. The winner will

be outlook feature because Its cost is the lowest.

Feature Gini index
Outlook 0.342
Temperature 0.439
Humidity 0.367
Wind 0.428

WEe'll put outlook decision at the top of the tree.

You might realize that sub dataset in the overcast leaf has
only yes decisions. This means that overcast leaf is over.
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Sunny
Overcast
v 4
Day  .|Outlook ,Temp. . Humidity . Wind . |Decision . Day  ./Outicok . Temp. -|Humidity
1/Sunny Hot High Weak  |No 4/Rain Mild High
2|Sunny ‘Hot High Strong  |No 5/Rain Cool Normal
8Sunny  Mild  |High Weak  [No 6 Rain ‘Cool Normal
9lsunny  |Cool  |Normal  |Weak |Yes 10 Rain Mild |Normal
1/sunny  Mild  Normal  [Strong  |Yes | ~ 14/Rain Mild  |High
v
Day -|Outlook , Temp. . |Humidity .|Wind . Decision
3|Overcast  Hot High Weak Yes
7|0vercast  Cool Normal Strong  |Yes
12|Overcast  Mild High Strong  |Yes
13|Overcast  Hot Normal Weak Yes
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4"-“"” . Overcast "
No | 4 Rain ‘
No I 5/Rain .
No j 6/Rain
Yos j 10/Rain
Yos | 14/Rain
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We will apply same principles to those sub datasets in the following
steps.

Focus on the sub dataset for sunny outlook. We need to find the gini
Index scores for temperature, humidity and wind features respectively.

Day Outlook | Temp. | Humidity @ Wind Decision

1 Sunny Hot High Weak No
2 Sunny Hot High Strong | No
8 Sunny Mild High Weak No
9 Sunny Cool Normal Weak Yes

11 Sunny Mild Normal Strong  Yes
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Gini of temperature for sunny outlook

Temperature Yes No Number of instances
Hot 0 2 2
Cool 1 0 1
Mild 1 1 2

Gini(Outlook=Sunny and Temp.=Hot) = 1 — (0/2)? - (2/2)> =0
Gini(Outlook=Sunny and Temp.=Cool) =1 — (1/1)2 - (0/1)2=0
Gini(Outlook=Sunny and Temp.=Mild) = 1 — (1/2)> - (1/2)? =1 - 0.25
—0.25=0.5

Gini(Outlook=Sunny and Temp.) = (2/5)x0 + (1/5)x0 + (2/5)x0.5 = 0.2
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Gini of humidity for sunny outlook

Humidity Yes No Number of instances
High 0 3 3
Normal 2 0 2

Gini(Outlook=Sunny and Humidity=High) = 1 — (0/3)> - (3/3)? =0
Gini(Outlook=Sunny and Humidity=Normal) = 1 — (2/2)?> — (0/2)? =0
Gini(Outlook=Sunny and Humidity) = (3/5)x0 + (2/5)x0 =0

Gini of wind for sunny outlook

Wind Yes No Number of instances
Weak 1 2 3
Strong 1 1 2

Gini(Outlook=Sunny and Wind=Weak) = 1 — (1/3)? — (2/3)?> = 0.266
Gini(Outlook=Sunny and Wind=Strong) = 1- (1/2)? — (1/2)? = 0.2
Gini(Outlook=Sunny and Wind) = (3/5)x0.266 + (2/5)x0.2 = 0.466
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Decision for sunny outlook
We've calculated gini index scores for feature when outlook is sunny.

The winner is humidity because it has the lowest value.

Feature Gini index
Temperature 0.2
Humidity 0

Wind 0.466

We’'ll put humidity check at the extension of sunny outlook.

As seen, decision is always no for high humidity and sunny outlook. On
the other hand, decision will always be yes for normal humidity and sunny
outlook. This branch is over.



https://i2.wp.com/sefiks.com/wp-content/uploads/2018/08/cart-step-4.png?ssl=1
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Outlook

Humidity -
High Normal
! ' —— '
jOutionk: ip¥emp. ciltumidity pgwind._ciOachion £ Day .|Outlook ,|[Temp. .|Humidity , Wind . Decision
;Ssuunn:: e :::: ::,',; e | olsunny _ |Cool  |[Normal  |Weak  |Yes
‘ | :
8 Sunny Mild High Iweak  INo ‘ 11|Sunny Mild Normal Strong |Yes
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Outlook

Sunny

Overcast

Normal




Rain outlook

CART il Jlo

Day Outlook Temp. Humidity Wind Decision
4 Rain Mild High Weak Yes
5 Rain Cool Normal Weak Yes
6 Rain Cool Normal Strong No
10 Rain Mild Normal Weak Yes
14 Rain Mild High Strong No

We'll calculate gini index scores for temperature, humidity and wind

features when outlook is rain.
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Gini of temperature for rain outlook

Temperature Yes No Number of instances
Cool 1 1 2
Mild 2 1 3

Gini(Outlook=Rain and Temp.=Cool) = 1 — (1/2)> - (1/2)> = 0.5
Gini(Outlook=Rain and Temp.=Mild) = 1 — (2/3)? — (1/3)? = 0.444
Gini(Outlook=Rain and Temp.) = (2/5)x0.5 + (3/5)x0.444 = 0.466
Gini of humidity for rain outlook

Humidity Yes No Number of instances
High 1 1 2
Normal 2 1 3

Gini(Outlook=Rain and Humidity=High) = 1 — (1/2)?> - (1/2)2 = 0.5
Gini(Outlook=Rain and Humidity=Normal) = 1 — (2/3)? — (1/3)? = 0.444
Gini(Outlook=Rain and Humidity) = (2/5)x0.5 + (3/5)x0.444 = 0.466
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Gini of wind for rain outlook

Wind Yes No Number of instances
Weak 3 0 3
Strong 0 2 2

Gini(Outlook=Rain and Wind=Weak) = 1 — (3/3)2 - (0/3)2=0
Gini(Outlook=Rain and Wind=Strong) = 1 — (0/2)? — (2/2)? =0
Gini(Outlook=Rain and Wind) = (3/5)x0 + (2/5)x0 =0
Decision for rain outlook

The winner is wind feature for rain outlook because it has the minimum
gini index score in features.

Feature Gini index
Temperature 0.466
Humidity 0.466
Wind 0

Put the wind feature for rain outlook branch and monitor the
new sub data sets.
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Rain

Weak Strong
: y A D — v
.|Outlook .|Temp. . Hunidhv . |Wind xjmn = 0utl°°k - Temp. HUM‘dlty ;[Wind - Deds‘on
Rain Mild High Weak  Yes
Rain ool |Normal  |Weak  Yes 6/Rain Cool Normal No
Rain Mild Normal Weak Yes 14 |Rain Mild High No
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As seen, decision is always yes when wind is weak. On the other hand,
decision is always no if wind is strong. This means that this branch is
over.

So, decision tree building is over. We have built a decision tree by hand.
BTW, you might realize that we've created exactly the same tree in |02
example. This does not mean that ID3 and CART algorithms produce
same trees always. We are just lucky. Finally, | believe that CART is
easier than ID3 and C4.5, isn't it?



https://sefiks.com/2017/11/20/a-step-by-step-id3-decision-tree-example/
https://sefiks.com/2017/11/20/a-step-by-step-id3-decision-tree-example/
https://sefiks.com/2017/11/20/a-step-by-step-id3-decision-tree-example/
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Herein, random forest is a new algorithm derived from decision trees. Instead of
applying decision tree algorithm on all dataset, dataset would be seperated into
subsets and same decision tree algorithm would be applied to these subsets.
Decision would be made by the highest number of subset results.

» So, why traditional decision tree algorithm evolved into random forests?
Working on all dataset may cause to overfitting. In other words, it might
cause memorizing instead of learning. In this case, you would have high
accuracy on training set, but you would fail on newly instances.

» What’s more, random forests work on multiple and small datasets. Increasing
the dataset size would increase the learning time exponentially in decision
tree. So, you can parallelize the learning procedure in random forest. In this
way, learning time would last less than decision tree.

If decision tree algorithm were the wise / sage person of around you, then

random forests would be multiple smart people. Wise one might know every
domain but each smart person can be expert on different domains. Wise one
would most probably respond the correct answer but you might not always
have a opportunity to ask him. However, bringing smart people to gathers:
would most probably be acceptable.



https://en.wikipedia.org/wiki/Overfitting

wowo gEnsemble Classifier) ) 9 Wi dab
Boosting ¢gBagging

’ 3 (5148 g0 €3 gui 0 OB line 45 yebylodd
” \Srs,/‘-s\/

PINS 3B &) 45 0,410 392 9 pevad SACS 40
0319 lF1S 31 5148 gozxo 9 ) S BT 3

O gw( 0

1y 65 Sl Lo 15531 3 p1a o
DS 0 Pl

T G S o By ) e Ui 4
013 iyt Sug> i 9981 4 > (godld
43 50l slapn 55531 (o 31 pIUS g2 €3 gui o0
Yegarr/ (o S |y A S ouw
29 POl S o 5 oI 1S o5 (o0
ST 452581 5 3 oaliint b Wilgi o0 couled
Sl 03 39T 15 (515 (52 st 45' 1y SlaiD
e Sl S (lgs 4 9w Sl
W03 5 S Gusaib Slles plv!




Pale Juas

S v (b




(SN AwS ustw (SB Jlro (o j 99

G Sl 30 Jwo 9 (T (U1 9 Julrd ! &5 o Jguo (il @ >
O g~ 0 AR5 il b Sy 30 w Plo Sl



http://www.bigdata.ir/wp-content/uploads/2018/06/Actual_Predicted.png

(SO A s (S sl (w5 o

¢ glond (it ily St (it i 951 Gl o S Calid (S Lo e Syl (0 9 U
J 49 (s oo Sl & jlowd (i Giily (o (it ot 551 9 Sl i 4 Mo
T3 310 g i ilo (3 S ghu

e gIndo g il At Cobid Ldlg ylow 51 (True Positive-TP) @ cudo cuw 4o
S Gyl 1y colbo pid ouw

S99 SRS dlo (s s 40 Lo Ay A s slowt 51 (FP) : o G p96
il 5low

ol (ko 15 Cobid clo (i o Lot Wil A1 Sl jlow 51 (FN) 1 (iivo w400
VY

BN (sl 1y (onod o Lo (i o g Wil A1 Culbd jlows 51 (TN) & (R0 Caw yd
39 Lot Wil 320 (S0 caw 300 9 o Caw 100) Cw 306 3 4190 45 Sl 91 JT ol LI
S 0d Gl o1 Jos




(SN AW st (S Jlro (i y 99

e )b - cano - o
S 33 (S i Cumd (it ool JUho S 33 Gandund (3 w0 1 S8 o ¢ leo (ol ol >

s oold J5 &(TP+TN)

oSyl >

_ = TP+TN Sswys glageasis
(Accuracy) wad) = =
N I>asls dS
n=165 (e Cagio
==8lg
oo TN = 50 FP =10 60
=8lg
O FN=5 TP = 100 105
55 110



http://www.bigdata.ir/wp-content/uploads/2018/06/2018-06-16-1.png
http://www.bigdata.ir/wp-content/uploads/2018/06/confusion_matrix2.png

(SO A s (S sl (w5 o

Jobis 1, od1d 3 G170 curod S &5 98 Jlo 40 WS (0 ovalivo 45 olailon

o 39 g ardly 40 A5 (IlGT (rs o 031 awduid Cuw 38 (SO Sl (O g 0
! 95 33l (1D 0010 Pl i A ¢( 5 Jaw A b)) W1 A1 H1o SO ¢ o
LS (0 Awlono 1 3T ol YU Lo Juvo o3t ©88 89y (0 LRSI (w3l wl

\ev 400
cdy. —— -4
\10

63l (3 (2519 LS St Jiluo 31 (3Lt 139 ! (195 sl SO S0 (i
9 (oS T y50) Sl 00 5 B 1) ool 48 350 130 40 5LR031S o2 (992 !l WoT 45 jluws
.(}m, 0)’0) ‘) [ X'W dlwu 6‘&06'@ R



http://www.bigdata.ir/wp-content/uploads/2018/06/2018-06-16-2.png

(SO AwS st (S Jlro (i j 99

(0 o Wiao 301 4 T 31 320 90 Lgid &5 o1 519 (995 Lilo 3T Aigei 4130 WS (o5 >
(R oS Al 1) il 31531 9 301 (G110 31 31 oS Slgiiin (1052 39531) (Foro ! 55>
Cwdino 309149 899 (3T (0,5 pME! Culo 1y 51 4iged 51 Juro

o 41909 9 (TN = 998) 3 315 o 0318 st Cuw 38 (a0 41909 19A bo Jowo 1l >
b St 31 0 GOlgnint o 59531 80 (G55 Jg0 8 @b (31 k9 (TP=0) o3 ) W5 o

444+

33l yBasuins (sl (s 3lpiiaas (20 Cuds = = +,44A

\##!



http://www.bigdata.ir/wp-content/uploads/2018/06/2018-06-16-3.png

(SO AW st (S Jlro (i y 99

&5 ol Awd 3B (5 g0l Slund 410 (amo Lglai g d 0010 (Ho g9 Jolriol & (ol S >
Q) 1 plo o0 L VU 1y (S5 SO oo 9 diwd & Biloio Jowo S 8 g0 sl

ol (G i (5 lgiind S o 85I (T 515 g CB Liiminw 8150 5§ 399 5 )Lme
S K90 J5 @ v Sl cuo ‘sbawé‘é#ﬁw‘ﬁdahn&fw‘)é
oo 3 303 S
Sl Caw 33 ( pOadiss 945 (51 3laxs TP
~ TP4FN

(Recall) (silg>;L = :
Cagka badlg Ggas (sl I8

oW (Sl Cuo (o 40 &F ! (I Wgod Jol Cumo I:é‘, S Vg0 J5 Sl 2o g
(FN). oot oo (Wl (Ao douw 330 Lot wif oé,a o 45 I dg0d o(TP) W

09 359 (Sl 1 (o 43909 Zud (392) Sl yoo ..sélemae 09 Sl 19> 3b A

15T 02100 g ol (50lghinn Jio (3990 ey &5 (Sl Jh0 il 3 o 01390 - i
oS 3y 1) 4 pily (o



http://www.bigdata.ir/wp-content/uploads/2018/06/2018-06-16-4.png

(SO AwS st (S Jlro (i j 99

(e S 41903 O3 il g ¢ (Precision)cewe pb 4l (55599 o (192 30 jJlao JUS 0 >
S Cuko (9l w0 B oS (50 W 325 95 © 390 &) O PASH Canio (S 909 J5' 43 o S 9
iy 435 15 3 00 1 ol

Caio S )3 (pOaduis Ggas gl 3las
" TP+FP

(Precision) casue =
ko (paauiss 4igas (sl JS slax



http://www.bigdata.ir/wp-content/uploads/2018/06/2018-06-16-5.png

(SO A s S slaro (w5 o

Cowd 4 Gt S w55 i 5151 slere 99 31 5 (S 5 5 slare il S
093 W9 yeuwlio g9 (I (o Jod (w g 99 S 4 ylamo T 9 35 403 ¢ 59

S1 2 it i HR 50 H SHo 1y w0 g G195 3 Hlaxo 99 (T gae (il el )51
S35 g0 il (ST b 9) 2510 Sl SFlg3 b g Wb Como &5 b >
&85 815 005 (95 0 309 Wb (SOl i ) o &5 (590 50 39 N> S BB
b 9 Sigo s (miilo jf cily 58 o5 dus 4 Joloso a5 w219 sl S W 5 g A (!

LS (o0 00t gy Joo 8

H = n B n
et Ll

z; > () for alls.



http://www.bigdata.ir/wp-content/uploads/2018/06/mean.png

(SO AwS st (S Jlro (i j 99

& b (oF1-Score pb b1y como g (195 31 yInao 99 (5199 (9031 (b (! P
Th il gl 398 Joo g9 @b

. Y : Precision+Recall
-Score = =Y X
W + ‘ Precision+Recall

Recall Precision

e A (il a0 (S U il S g (5008 1o 99 31 (S 51 (Jg0 0 (1 50 >

S 0 k0 o gotnst Cono g g5 3l Jlxo 30 92 091 MBI Jao b g S oY SO0
SUS Cuow &) (Sle Ao (3 Ly Wl ool 9 0 S0 o 50 S 590 4O g Wd
e A il (| S99 9) )3 S008 i b 90 2 1 g 39 walgS Jalowo ¢ 5 oS
O35 W LS 2> S Cwow 4

193



http://www.bigdata.ir/wp-content/uploads/2018/06/2018-06-16-6.png

(SO i (S yJlro (w9

Pl b 009 slow (T 4 4255 b &5 W30 LS | B o (o JWit 909 4y Joo >
) madlg> w1y ad (O

1L ol slow 0955 30 Cugas 4 Jloint o 38 ulwl g3 1y Jloia| 31 @383 Jlog0d 51 >
9999 low St 6y juw 313.909 (3T 39 A5 o 5 (50 39 0OLw 319905 A3 oS o 5 ol
Ao lad 1y et SO 0 gt Il Jloio ! (S5 309 519909

0 0102 03 04 05 06 0.7 08 09 1



http://www.bigdata.ir/wp-content/uploads/2018/07/1-HxNvqTl-Pd63niUIbrD4pg.jpeg

(SO A s (S sl (w5 o

2957 98 1 g el pllu alad 4135 8 590 skl cily o, 805 5 bo Joo (5295 51
g3 99 3l (S99 1 Lol w90 g3 slow oS s (il +,F (WL bo Juw
3 1 il Il O i 3 99 iy A5’ i’ (3t o 9 09 Cantdd U ¢ o, ) S8 Wio ek
PR TRSY ) FRA JONC IS [N AV RgP-Y SRNCTUIN | N | PR PR W TR, ) RS SRV,
IRl (0 Jo CB3 g0 Sl ¢ yof (3 45 9 305 0 g6 AR 939 slow Jloi>!
Ogw Jolbo alai! ulis (gl g il

0 0102 03 04 0p 06 0.7 08 09 1

All -ve € > All +ve
Cut off



http://www.bigdata.ir/wp-content/uploads/2018/07/1-qLjMtrdG3qIcuNBALvsYQA.jpeg

(SO A s (S slro (w5 o

el | G o oo 5008 Tl giv 43 A Yol5' (2819 slgllio 4O g+ 0 dus Al (3l ot D

False) wi widlod 0818 Lauduii ylow Ui &5 Cunl (01 31 1S3l K, 0,3 4l >
Il oLl & &5 il (631 B Ly b Ky (20 40 Al g) o wuw 4oL (Positive -
(False Negative). hiwo cw yob (W1 ovb 0018 o

R il Ab1S (5 oS S gt Wb e g 3099 Bad g0 (il il @S o Jo 4> 2 >
oad Pl 15 L0310 (SIS (S gt Cantlad b ol g0



http://www.bigdata.ir/wp-content/uploads/2018/07/1-Bwhr9ots47akHbrgssKXrA.jpeg

(SN A s (S sl (w5 o

Sl 5T gk (992 Sl (0G0 0add (S0 S 3O el AL T gt b el Aol o 40 LS >
Sensitivity (Recall) jlao g8 coud wd g5 sllas iz 1 9 oo W19 s sals' b s 391

L (o0 RS ) O 590 41, Specificity g

Actual

Positives(1) Negetves(s)
Positives(1)
57| (TP | FP
L
0
& ....| \FN TN

=

P
TP + FN

Recall =



http://www.bigdata.ir/wp-content/uploads/2018/07/1-aLUZ01GaLPwGDI24jb-uUA.png

(SO A s (S sl (w5 o

Mé) ‘5#?'9 ublﬂd )‘ )m WS 0 ulw (wlm?) SenSIthty ulﬁb b @‘?}b )L&D >
il G 90 45 9T o it 3108 5 3 ilish 6y ylowt Aol IS 49 o |3 (o
Lt a5 T + Wil o 4l ylow o 38 41 45 3leiT) o ylow Plod &mu.\m.\u
31 (& i SRS (i Wl Y Lo Jovo Cawlud 45 ol (31 Lo Bud o (Wilou 0810 yauduid pilu
COliad ((Sho dwd b)) Il o1 31 o1 99 14 pggdo cpod Specificity jlwo .S Il 1y ol ylow
(10018 Lyandiid w38 ipflw o1 31 IS 115 il L2819 01 31 31 385 Wi (ks MRS 0

Actual
Positives(1) Negeilves(0)
E Positives{1) TP @
©
D
E Negatives(D) FN J_Nj
Specificity = TN

TN + FP



http://www.bigdata.ir/wp-content/uploads/2018/07/1-mPEFI9HFEF7GKH5HYQRDzA.png

(SN AW st (S Jlro (o j 99

Q) (TN) (hro caw 38 i ylow 45 581 31 4l o >

g wilonds 0013 i Il 45 116 T) il o1 31 S
Specificity «(wilouww o 8 jlow L &5 lgT

% RS0 JuSid 1y Jowo
Plod 45’ o) gui o0 42 i S b ¢S’ P! Lo

oo Cumlud (iay 318 bl g3 (w15 ool ylow

ENE ylows o 1l 1,91 31 (531 3 51 o Lo Gl

Mol wWdlg> b bo Specificity (i 85 pdles

BL o5 6oy sT Yo g YU 1y T 0o 51 uSally >
g youdiid w30 1y pdlu 31 31 plod (S il

A Wl coluit 43 o 15 53L 3 osf ybows Lot 319

cawlua> 9 YU Jowo Specificity a9 5 mddlg>

G150 915 JSb 4 LT (! gk b ol g3 o5 T

i y et 93 SPECficity g Cumlud Gl Cumd Hlo

"

199



http://www.bigdata.ir/wp-content/uploads/2018/07/1-ceB9hobuBUjnPpRKedA-VA.png

(SO A s S sl (w5 o

WS o el L iy oo b 550 90 2 33lio g i 00! 13903 (Y 3 ailan) whgd Al (Sl >
;oS 0 00! Specificity slgw | 31 Specificity sl @



http://www.bigdata.ir/wp-content/uploads/2018/07/1-4Ar_wBQ_xWrFUqwwQGV-8A.png

(SO A s (S slaro (w5 o

ROC - Receiver Operating j18g05 (3T 4345 dgw o0 Job> (5 319903 (e 5 (1 b
. o5 o0 ROC o b g Characteristics



http://www.bigdata.ir/wp-content/uploads/2018/07/1-QqZzGJwzYxnHWZ_axq6ynA.png

(SO A s (S sl (w5 o

o3 (0 313 B3y 43 Joho 418 B3 g (TSI oo e s 51 >
MARI oD (0 sl 1y (Cumto Awd (51 p3) (swdiwd slbs Wl s & 9 ) —Specificity »
Q&5 o FPR jlao o1 4 pdli 81 81 JS' a9 wilouds 0810 ausuid ylows 45 (odlw o1 1
TN O gui 0
IN + FP
TN
IN + FP

IN + FP - 1IN
IN + FP

FP
IN + FP

Zﬁsébé‘sc J.“w ‘)Y Y 1] TPRM - 9O ‘Slbbé‘é .\.,I,Szﬁ ROC )‘0903 gL 36
O 0 Juswid 19 X yg20 (FPR) i cunio (5l20010 (ol 9 tas> wJ o

Specificity =

1 — Specificity =1 —

| — Specificity =

1 — Specificity =



http://www.bigdata.ir/wp-content/uploads/2018/07/1-SrIUJMxUoVwUnt0o5873HQ.png

(SO Awd i (S slro (w5 o

% T X 590 g il S0P S A )T Y 5920 45 393 Adgd 33 uwlin (5318 905 Ao i (I U
Tl S8 P yho 4 ¢y sl wd g oyl e

TP
V" Rate

FP Rate



http://www.bigdata.ir/wp-content/uploads/2018/07/1-_zX3IqCjILnCPArbnl7Tqg.png

(SO A s (S sl (w5 o

1090 W93 g1 ) S e gt Lo 519 903 ¢ 2319 L3S 0 Lo

Rate

FP Rate



http://www.bigdata.ir/wp-content/uploads/2018/07/1-VALQEC3Qvw635L7dBGEugw.png

SO i (S Jlro (w9

Qwd g9 41y LRl (500l Yol &5 (I iy (SOl LI &) S 13T ST 45 >
: ol adtino HolS' Jono 9 gugd ¢( 533 318 903) oS pansitl v g ylowd

TP
Rate

FP Rate




SO i (S Jlro (w9

Al ) (o 92wl Jowo 40 § a0 las owidd i g ) JSW @ (5519 909 Sl Lidao
ol 08 3 Jos Jo pd Holai

TP
Rate

FP Rate




SO AW i (S Lo (w4 99
ROC)'@’N (oW § 033’3 >

&5 &l (Ioo chisand Il T iuci g slowt giT i 45 3 o g1 93 WS 2 38 cJlio lgie & >
TN g o0 ol 39 ) SINST (pad iy gdd S U jo0 3 Alwd S auid AlT v 511

Threshold TP FP TN FN
0.0 50 50 0 0
0.1 438 47 3 2
0.2 47 40 9 4
0.3 45 31 16 3
0.4 44 23 22 11
0.5 42 16 29 13
0.6 36 12 34 18
0.7 30 11 38 21
0.8 20 4 43 33
0.9 12 3 45 40
1.0 0 0 S50 >0
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threshold recall precision f1 tpr fpr
0.0 1 0.5 0.06666/7 1 1
0.1 0.96 0.505265 0.662069 0.96 0.94
0.2 0.921569 0.54023 0681159 0921569 0.816327
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0.4 0.8 0.656716 0.721311 0.8 0511111
0.5 0.763636 0.7/24138 0.743363 0.763636 0.355556
0.6 0.666667 0.7/5 0.705882 0.666667 0.26087
0.7 0588235 0./31707 0.652174 0.588235 0.22449
0.8 0.377358 0.833333 0.519481 0.377358 0.0851064
0.9 0.230769 0.8 0.358209 0.230769 0.0625
1.0 0 ) ) O 0
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