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MIDOCEAN
CLASSIFICATION

»»Classification is the process of dividing up
objects so that each is assigned to one of a
number of mutually exclusive and exhaustive
categories known as classes.

s*Examples:

* Buying a product.
* Having a disease.
* Stock price.
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MIDOCEAN
MUTUALLY EXCLUSIVE CLASSES

‘*Mutually exclusive classes, in the context of
classification, refer to classes or categories that
do not overlap or have any elements in common.

*»|If two classes are mutually exclusive, it means
that an instance can only belong to one class and

cannot belong to multiple classes simultaneously.
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MIDOCEAN
EXHAUSTIVE CLASSES

**Exhaustive classes refer to a situation where all possible
categories or classes are considered and included in the
classification scheme.

It means that every instance or observation must be
assigned to one of the predefined categories without any

instance being left unclassified.
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MIDOCEAI\I
NAIVE BAYES CLASSIFICATION

**Naive Bayes is a classification algorithm that is
based on Bayes' theorem.

It is a simple yet effective probabilistic algorithm
widely used for text classification, spam filtering,
sentiment analysis, and other machine learning

tasks.
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MIDOCEAN
BASICS OF PROBABILITY THEORY

**Given a dataset that consists of n
iInstances.

**P(E) is the probability of an event E that
has occurred n(E) times, is calculated as
follows:

P(E|= e
n
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MIDOCEAN
CONDITIONAL AND JOINT PROBABILITY

n(A,B)

“*Conditional probability = P[A[B|= =

*Joint probability = P(A,B|=P(A|B|P|B]
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MIDOCEA
EXAMPLE

**Let’s have the shown dataset of
Alexandria train arrival time.

**Possible events (classes) are:
* E1 = cancelled =0.05
* E2 =very late 0.10
 E3 =late 0.15
* E4 =on-time 0.70

on time
day on time

ay : t | on time

on time
on time
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MIDOCEA
EXAMPLE

**How should we use probabilities to find P
the most likely classification for an mmer | b
unseen instance such as the one below?

very late
on time
) rv | on time
10TIIA on time
on time
on time
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UNIVERSITYll

THE EASY WAY

***Using only the frequency of
classes, we can expect that the
train will arrive on time.

v
weekday | spring none none | on time
weekday | winter none I on time

weekday | winter none | on time

saturday none
wockdny
holiday I
snday -
weckdny
wockday

. _ .

. .

**|s that satisfying?

weekday | summer
saturday | winter normal
weekday | summer

safurday
wookday
holiday
wockday
wookday

weekday | winter normal

midocean.edu.km



MIDOCEAI\I
CONDITIONAL PROBASBILITY

m-| class
||
e T
N

**What is the probability of
the train being on time if we
know that the season is
winter?

:
1]

= m
g |4

§ :
® .

£
Uq. |
=

naturdav | winter nor:rﬂal none | ]n

| er
eI
5 | 011
| e
.

2H
:
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MIDOCEAI\I
CONDITIONAL PROBASBILITY

**We can calculate this as the number of
times class = on time (A) and season =
winter (in the same instance),

R =

none none | on time

_ summer |[SHORTESHONG | on time
weekday | autumn |[SEGERSESHGNE | very late
SUIMINE m slight | on time

normal | none | on time

IMI vy Tt

s*Divide it by the number of times the
season is winter(B), which is 2/6 =
0.33. | ng cancellec

S

thh

[#2]

nlA,B)

P(A|B)= =5

=
Q
=

:
(1]

none

**P(class = on time | season = winter).

S
5
2
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MIDOCEAN
PRIOR PROBABILITY

**Probability that is estimated before
any other information is available is
called prior probability.
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MIDOCEAN
POSTERIOR PROBABILITY

**The probability that we can calculate for
the classification after we have obtained an
information is called posterior probability.
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MOST LIKELY CLASSIFICATION MIDOCEA
(SINGLE ATTRIBUTE)

**What is the most likely classification of an instance
given that rain = heavy?

**We calculate the posterior probability for each class and
select the highest probability.
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MOST LIKELY CLASSIFICATION MIDOCEA
(SINGLE ATTRIBUTE)

P(Class on t| me | ra | n = heavy) — 1/5 — O. 2 weekday | spring | none none | on time
weekday | winter none slight | on time
. weekday | winter none slight | on time

P(Class |ate | rain = heavy) - 1/5 - 0'2 weekday | winter high heavy | late
saturday | summer | normal | none | on time

P(CIaSS - very Iate I rain - heavy) - 2/5 = 0.4 weekday | autumn | normal | none | very late

holiday summer | high slight | on time

P(class = cancelled | rain = heavy) = 1/5 = 0.2 || n e o o on o

weekday | winter heavy | very late

weekday | summer | none slight | on time

**So we can conclude that the most likely saturday | spring | high | heavy | cancellod
7, 7] weekday | summer | high slight | on time
CIaSS IS ve ry Iate . saturday | winter normal | none | late
weekday | summer | high none | on time
weekday | winter normal | heavy | very late

saturday | autumn | high slight | on time
weekday | autumn | none heavy | on time

holiday spring normal | slight | on time
weekday | spring normal | none | on time

weekday | spring normal | slight | on time
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MIDOCEAI\I
NAIVE BAYES THEOREM

**The Naive Bayes algorithm gives us a way
of combining the prior probability and
conditional probabilities in a single formula,
which we can use to calculate the

probability of each of the possible
classifications in turn.
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MIDOCEAI\I
NAIVE BAYES THEOREM

**Having done this we choose the
classification with the largest value.

** The meaning of the word |”Naive” is that
the effect of the value of one attribute on

the probability of a given classification is

independent of the values of the other
attributes.
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NAIVE BAYES THEOREM

**Given that P(A,B)=P(A|B|P|(B]
P(B,A|=P(B|A|P(A]

s*Using symmetry rule P (A, B) =P (B, A)
Then P(B|A|P(A]=P(A|B|P(B]

**We can conclude with Baves theorem which is:

_P[A[B|P(B]

il P(A

Likelihood X Prior
Evidence

**i.e. Posterior=
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MIDOCEAI\I
NAIVE BAYES CLASSIFICATION

**Given a set of k mutually exclusive and
exhaustive classifications c,, c,, . . . ,C,,

“*Each class ¢ has prior probability P(c.), and

“*Given n attributes a,, a,, . . ., a, which for
a given instance have valuesv,, v,,..., Vv
respectively.

n
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MIDOCEAI\I
NAIVE BAYES CLASSIFICATION

“*The posterior probability of class c.
occurring for the specified instance can be
shown to be proportional to:

P(c;) x Pla; = vy and ag = vy ... and a,, = v,, | ¢;)
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NAIVE BAYES CLASSIFICATION

‘*Making the assumption that the attributes are
independent, the value of this expression can be
calculated using the product:

P(ci)xPlay = v1 | ¢;)xPlazg = vz | ¢;)x ... xPlan, = v, | ¢)

"’WhiCh IS Pl(c;) > HPIH_ = v, |rfr1-.-.—f ).

**We calculate this proauct tor each value of i
from 1 to k and choose the classification that has
the largest value.
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MIDOCEAN

class

weekd ay
weekday

saturday
weekday
holid ay
sunday

weekday high

wef:rk:::la},-'
weekday
saturday
weekd ay
holiday

weekd ay
weekday
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Classes

class = on
time

class = late

class = very
late

class = can-
celled

day =
weekday

9/14 — 0.64

/2 =05

3/3 = 1

0/1 =0

MIDOCEA

day =
saturday

2/14 =0.14

[/2=05

0/3=0

/T=1

day

sSeason

wind

Tain

class

weekday

spring

none

none

on time

day = sunday

/14 = 0.07

0/2

0/3=0

0/T=0

weekday

winter

none

slight

on time

day = holiday

2/14 =0.14

0/2

0/3=0

0/T=0

weekday

winter

none

slight

on time

season =
spring

1/11 = 0.20

0/2

0/3 =0

T/1=1

weekday

winter

high

heavy

late

saturday

suminer

normal

nomne

on time

seas0Il —
suminer

6/14 = 0.43

0/2

0/3=0

0/1=0

weekday

autumn

normal

none

very late

holiday

suminer

high

slight

on time

season =
auntumn

2/14 = 0.14

0/2

1/3 = 0.33

0/1=0

sunday

suminer

normal

none

on time

weekday

winter

high

heavy

very late

season =
winter

2714 = 0.14

272 =1

2/3 = 0.67

0/1=0

weekday

suminer

none

slight

on time

saturday

spring

high

heavy

cancelled

wind = none

5/14 = 0.36

72 =0

0/3 =0

0/1=0

weekday

suminer

high

slight

on time

wind = high

4/14 = 0.29

1/3 = 0.33

/1 =1

saturday

winter

normal

none

late

wind =
normal

5/14 = 0.36

0
1
1

= (.5
= ().]

2/3 = 0.67

0/T=0

weekday

suminer

high

none

on time

weekday

winter

normal

heavy

very late

raln = none

5/14 = 0.36

/3 = 0.33

0/1=0

saturday

autumn

high

slight

on time

rain = slight

8/1d =057

0/3=0

0/T=0

weekday

autumn

none

heavy

on time

rain =
heavy

1/14 = 0.07

2/3 = 0.67

1/1 =1

holiday

spring

normal

shight

on time

weekday

spring

normal

none

on time

Prior
Probability

14/20 =
0.70

3/20 =
0.15

1/20 = 0.05

weekday

spring

normal

slight

on time
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Cle

PREDICTED CLASS

“*What is the predicted class of oty T ;;
the following instance? R

none on time

.

v late

T
weekday | s , rmal | shght
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MIDOCEAN

PREDICTED CLASS

& class = on time reckiay | spring

weekday er - "“\1;"{1';1:.
* 0.70x0.64 x0.14 x0.29 x0.07 =0.0013 weekday

weekday g heavy

’:‘C|aSS = Iate saturday 1orma
weekday 10TMA.
e 0.10x0.50x%x1.00 x0.50 x 0.50=0.0125 -

ssclass = very late s e o
* 0.15x1.00x0.67x0.33x0.67=0.0222 weekday

h l:}]_ i (:]_ ay

sunday

s»*class = cancelled

7 orma ncme a.t.e
* 0.05 x 0.00 x 0.00 x 1.00 x 1.00 = 0.0000 .

**The largest value is for class = very late. ; Tt
spring

weekday

weekday
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MIDOCEAN
SEPARATE TRAINING AND TEST SETS

s Data is split into two parts called a training set and a
test set .

**Training set is used to construct a classifier.

**The classifier is then used to predict the classification for
the instances in the test set.

s Predictive accuracy of the classifier for the test set is p =
C/N. where C is the correctly classified cases and N is the
total number of test cases.

*»*This can be used as an estimate of classifier’s
performance on any unseen dataset.
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MIDOCEAN
PREDICTIVE ACCURACY

**To measure the efficiency of the classifier, predictive
classifier is commonly used:

Correctly classified instances

Accuracy =
Y Total number of test cases

s*Either by using hold-out set method or using k-fold cross
validation method.
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MIDOCEAN

PREDICTIVE ACCURACY

“¢* Accuracy measure may not be efficient in some
applications where classes are imbalanced.

s*Example:
* |In Credit card fraud detection, 99% of the instances

are classified as non-fraudulent, and only 1% are
classified as fraudulent.
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MIDOCEAN
CONFUSION MATRIX

**A confusion matrix is an N x
N matrix that describes the
classification errors in detail,
compared to the actual
classes.

“*N is the number of classes in ‘ Confusion Matrix | Target

the target attribute.  Positive | Negative
Positive Predictive

The following table displays a Positive|  a ‘ b e ‘ﬂf{ﬂbl
2x2 confusion matrix for two Model Negative Predictive

classes (Positive and Negative) Value ‘dﬂ”d]

Negative C ‘ d

 Sensitivity | Specificity

| al@at+c) | d/(b+d) Accuracy = (a+d)/(a+b+c+d)
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MIDOCEAN
CONFUSION MATRIX

'?Accu‘racy : The proportion of correct
classifications from the overall
number of cases.

+»*Positive Predictive Value or
Precision : the ﬁroportion of
positive cases that were correctly
Identified.

“*Negative Predictive Value : the
proportion of negative cases that
were correctly identified.

“*Sensitivity or Recall : the "
proportion of actual positive cases Positive
which are correctly identified. Model

s»*Specificity : the proportion of actual Negative C ‘ d
negative cases which are correctly — —
identified. Sensitivity | Specificity

- af(a+c) | d/(b+d)

‘ Target
‘ Positive ‘ Negative
a ‘ b Positive Predictive

‘ Confusion Matrix

Value

Negative Predictive
Value

Fﬂa+b}

‘[l,r‘{c +d)

Accuracy = (a+d)/(a+b+c+d)
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MIDOCEAN
PRECISION AND RECALL MEASURES

“*TP ( True Positive): The number
of correct classifications of the
positive examples

“*FN (False Negative): The
number of incorrect
classifications of the positive Model prediction

€Xam pIes. Predicted Positive Predicted Negative

**FP(False Positive):The number Actual State Actual positive P FN
of incorrect classifications of the Actual negative Ip N
negative examples.

**TN(True Negative): The number
of correct classifications of the
negative examples.
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MIDOCEAN
PRECISION AND RECALL MEASURES

TP TP

sion = ——— Il = ——
Precision TP ¥ FP Reca TP ¥ FN

**Precision: is the number of correctly classified —
positive examples divided by the total number Model prediction
of examples that are classified as positive. Predicted Positive Predicted Negative

<*Recall: is the number of correctly classified Actual State Actual positive P FN
positive examples divided by the total number Actual negative FP N
of actual positive examples in the test set.
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MIDOCEAN
F1-SCORE

**F1 score combines precision and recall into one
measure.

2pr
Fi==—
P+r

“*For F,-value to be large, both p and r must be large.
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Predictive accuracy
Confusion matrix

Precision and recall

F1 score
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